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Introduction

We are excited to welcome attendees to the First BabyLM Workshop! This follows two years of the Ba-
byLM Challenge (now in its third iteration). The workshop will be co-located with the 2025 Conference
on Empirical Methods in Natural Language Processing on November 8, 2025 in Suzhou, China.

This year, the program includes an oral session for the winning shared task papers, two oral sessions
for the award-winning workshop papers, and a poster session for all accepted submissions. There is also
an introductory presentation from the organizers summarizing the challenge, this year’s winning sub-
missions, and trends across submissions. In addition, we have two invited talks—one from a language
modeling expert and another from a cognitive modeling expert.

We received 32 workshop submissions (many of which also included system submissions to the BabyLM
Challenge) and 12 direct challenge submissions. We are grateful to the challenge participants, whether in
the challenge or workshop tracks, for advancing the science of language modeling. The participants’ ef-
forts are essential to advancing the state of cognitively plausible and sample-efficient language modeling.

We also extend our thanks to the organizers of EMNLP for their significant efforts in sustaining a confe-
rence of its scale, and in providing an environment for the BabyLM community.

Finally, we thank our program committee members—Iargely sampled from the participants of the chal-
lenge—for commiitting their time to help us curate an excellent program.

—The BabyLM Organizing Committee: Lucas Charpentier, Leshem Choshen, Ryan Cotterell, Mu-

stafa Omer Gul, Michael Y. Hu, Jing Liu, Jaap Jumelet, Tal Linzen, Aaron Mueller, Candace Ross, Raj
Sanjay Shah, Alex Warstadt, Ethan Gotlieb Wilcox, Adina Williams
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Rethinking the Role of Text Complexity in Language Model Pretraining

Dan John Velasco® and Matthew Theodore Roque*
Samsung R&D Institute Philippines
{dj.velasco, roque.mt}@samsung.com

“Equal Contribution

Abstract

Improving pretraining data quality and size is
known to boost downstream performance, but
the role of text complexity—how hard a text is
to read—remains less explored. We reduce
surface-level complexity (shorter sentences,
simpler words, simpler structure) while keep-
ing core content approximately constant and
ask: (i) How does complexity affect language
modeling across model sizes? (ii) Can useful
representations be learned from simpler text
alone? (iii) How does pretraining text complex-
ity influence downstream language understand-
ing? We simplify human-written texts using a
large language model, pretrain causal models
(28M-500M) from scratch on original vs. sim-
plified data, and evaluate them in fine-tuning
and zero-shot setups. We find that perplexity
is sensitive to the interaction between model
capacity and text complexity—smaller mod-
els degrade far less on simpler texts—while
text complexity has little impact on fine-tuning
evaluations, with zero-shot evaluations indicat-
ing that simpler texts benefit performance on
linguistic knowledge tasks, whereas more com-
plex texts favor tasks requiring world knowl-
edge and entity tracking. Our findings suggest
that different types of data diversity affect trans-
fer and zero-shot performance differently, pro-
viding insight into tailoring data curation to
specific goals.

1 Introduction

Let’s compare two versions of text:

(A) As the sunset cast its warm orange glow over
Manila Bay, people relaxed on the sideline
benches, enjoying the peaceful view of the
sunset.

(B) The sunset gave Manila Bay a warm, orange
light. People sat on the benches and enjoyed
the view of the sunset.

1
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Figure 1: (Top) Perplexity (PPL) degrades faster for
models trained on fwedu_hw (human-written) than on
fwedu_simp (simplified) as model size decreases, sug-
gesting that smaller models handle lower-complexity
text more effectively. (Bottom) Average performance
across 7 language tasks remains similar across data se-
tups suggesting text complexity has limited impact on
general language understanding.

The two versions convey the same core mean-
ing, but one uses more nuanced, complex language,
whereas the other is simpler and less nuanced. This
can be likened to lossy compression, where version
(B) requires fewer bits to represent the information
in (A) but loses some nuance. It compresses by us-
ing common words and simpler sentence structures
while retaining the core information.
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What if our corpus is more like (B)? Can we
still learn useful representations by training solely
on simplified text with a simpler vocabulary and
sentence structure? To answer this, we manipu-
late surface-level complexity—shorter sentences,
simpler words, simpler structures—while keeping
the semantics close to constant, and measure down-
stream performance.

It is well-known that language models acquire
world knowledge during pretraining (Petroni et al.,
2019; Roberts et al., 2020; Zhang et al., 2021; Wei
et al., 2022), and transfer learning is more effective
when the pretraining corpus aligns with the target
task domain (Ruder and Plank, 2017; Gururangan
et al., 2020). For example, pretraining on medical-
related texts leads to better performance on medical
domain tasks than using finance-related texts. This
highlights that a model’s knowledge base strongly
affects downstream results. To isolate the effect
of text complexity, it’s essential to control for core
content. In this paper, we ask three core questions:

(1) How does text complexity affect language
modeling performance across models of vary-
ing capacity?

(2) Can we learn useful representations by train-
ing solely on simpler text, with simpler vocab-
ulary and sentence structure?

(3) How does the text complexity of pretraining
data affect downstream performance on lan-
guage understanding tasks?

We collected human-written texts and used a
Large Language Model (LLM) to produce sim-
plified versions while preserving core content.
Causal language models (28M-500M) were then
pretrained from scratch in two setups: on the origi-
nal texts and on their simplified counterparts. We
evaluated language understanding through fine-
tuning, and linguistic knowledge and common-
sense reasoning in zero-shot settings.

Our empirical evidence shows that reducing
surface-level complexity features does not signif-
icantly impact performance on general language
understanding tasks (Figure 1). These results sug-
gest that text complexity is not the primary driver
of performance; instead, knowledge coverage may
matter more. However, zero-shot evaluations (Ta-
ble 4 and 5) suggest that text simplicity can boost
performance in linguistic knowledge tasks, while
greater complexity tends to aid world knowledge
and entity tracking.

2 Related Work

Text complexity or readability. It refers to how
difficult a text is to understand (DuBay, 2004), in-
fluenced by linguistic factors such as word choice
(e.g., "utilize" vs. "use"), sentence structure (com-
plex vs. simple), and content type (academic vs.
children’s books) (Dale and Chall, 1948; Graesser
et al., 2004). Other factors such as the reader’s
knowledge affect readability (Ozuru et al., 2009).
In this work, we focus solely on linguistic aspects.

Common readability metrics—such as Flesch
Reading Ease (FRE) (Flesch, 1948), Dale-Chall
(Dale and Chall, 1948), and SMOG (Mc Laughlin,
1969)—use surface features like sentence length
and word complexity. These measures overlook
deeper dimensions such as coherence and style,
motivating machine learning and deep learning ap-
proaches (Hancke et al., 2012; Meng et al., 2020;
Imperial, 2021; Chatzipanagiotidis et al., 2021).
Recent work applies LLMs to readability estima-
tion (Trott and Riviere, 2024; Lee and Lee, 2023;
Rooein et al., 2024), achieving strong alignment
with human judgments even without fine-tuning.
However, LLM-based scoring is computationally
costly at corpus scale, so we use FRE to estimate
readability.

Text simplification (T'S). It aims to make text
easier to understand while preserving its content
(Agrawal and Carpuat, 2023; Alva-Manchego et al.,
2019; Truica et al., 2023). While simplified texts
tend to be shorter, this is not always the case (Shard-
low, 2014). This is different from Text Summariza-
tion, where the goal is to shorten the text even
if it changes the organization and content. Early
approaches used word substitution with lexicons
(Saggion and Hirst, 2017; Shardlow, 2014; Kriz
et al., 2018), while others framed TS as statis-
tical machine translation (SMT) (Wubben et al.,
2012; Scarton et al., 2018; Specia, 2010; Xu et al.,
2016). Subsequent work applied deep learning
encoder-decoder models (Zhang and Lapata, 2017;
Alva-Manchego et al., 2019; Agrawal and Carpuat,
2023), and recent studies explore LLMs (Trott and
Riviere, 2024; Imperial and Tayyar Madabushi,
2023; Farajidizaji et al., 2024; Padovani et al.,
2024). While some research targets specific grade
levels, we follow Trott and Riviere (2024) in sim-
plifying complex texts without grade constraints,
leveraging LL.Ms for this task.



Pretraining language models on simple texts.
Recent work has explored pretraining small lan-
guage models (SLMs) on simple texts. Huebner
et al. (2021) showed that models trained on child-
directed speech match larger models on probing
tasks. Eldan and Li (2023) found that SLMs trained
on synthetic short stories using only words famil-
iar to 3-4-year-olds can generate coherent, fluent
text. Other studies (Deshpande et al., 2023; Muck-
atira et al., 2024) reported that SLMs pretrained on
simplified language perform comparably to larger
models when problems are reformulated in simpler
terms. The BabyLM Challenge (Warstadt et al.,
2023; Hu et al., 2024) pretrains language models
on <100M words from child-directed and simpli-
fied texts, using provided or custom datasets within
the budget.

Pretraining dataset design. Large-scale pre-
training is a key driver of modern language model
performance (Brown et al., 2020; Kaplan et al.,
2020; Hoffmann et al., 2022). Dataset design
choices—domain composition, quality and toxicity
filtering, and collection date—affect performance
in ways that fine-tuning cannot fully correct (Long-
pre et al., 2024).

The work most related to ours, Agrawal and
Singh (2023), finds that models trained on more
complex text (e.g., Wikipedia) outperform those
trained on simpler text (e.g., children’s books),
with complexity measured by Flesch Reading Ease.
However, because they compare entirely different
corpora, complexity is confounded with other fac-
tors such as topic breadth, register, discourse struc-
ture, and domain diversity. We instead manipulate
complexity within the same source texts, preserv-
ing core content while varying only surface-level
features. This controlled setup isolates the effect
of textual complexity, complementing the broader
correlation observed by Agrawal and Singh (2023).

Although prior work reports positive results for
simple-text pretraining, no study has directly ex-
amined the impact of surface-level complexity at
larger scales (e.g., 2B tokens). Our experiments
address this gap, providing empirical evidence on
whether useful models can be trained solely on
simplified text.

3 Creating the Pretraining Datasets

3.1 Human-Written Corpus

We took a subset of FineWeb-Edu (Penedo et al.,
2024), a collection of high-quality English web

pages specifically optimized for educational con-
tent. This dataset is known for its permissive li-
cense! and its quality since it has gone through
rigorous processing such as filtering, deduplication,
and curation. The subset has 2 billion tokens?, de-
noted as fwedu_hw (short for FineWeb-Edu human-
written). The choice of dataset size is motivated
by Chinchilla Compute-Optimal guideline of 1:20
parameter-tokens ratio (Hoffmann et al., 2022) and
practical reasons (e.g. training under fixed compute
budget). While this size is not exactly compliant to
the Chinchilla guideline for the 124M, 256M and
500M models, it is at least Chinchilla Optimal for
the smaller models (e.g. 28M, 58M, 79M).

3.2 Simplified Corpus

We prompt Llama 3.1 8B (Grattafiori et al., 2024)
to transform fwedu_hw into simplified texts. For
efficient inference, we use the INTS8 quantized ver-
sion> of the model and vLLM (Kwon et al., 2023)
as our LLM serving system. We discuss more
about the prompt engineering and include the final
prompt in Appendix B.

We split the documents from fwedu_hw into
paragraphs*. Transformation is done at the para-
graph level because the model tends to summarize
rather than simplify if the input is a multi-paragraph
document. However, not all paragraphs are trans-
formed. This can happen under three conditions:
(1) when a paragraph is too short relative to its full
document (e.g. title, headers); (2) when a para-
graph is too long (e.g. tables, lists); or (3) when
the transformation is significantly shorter or longer
than the original text (e.g. incorrect simplifica-
tion). In all of these cases, we removed these para-
graphs from both datasets. This allows for more
control on text complexity of the datasets while con-
trolling for text content by keeping both datasets
perfectly parallel. On both datasets, the paragraphs
were not reconstructed back to document-level and
instead, pretraining is done at the paragraph-level.
We include a more detailed breakdown of these
conditions in Appendix C.

'ODC-By 1.0

2Token counts derived from Llama 2 tokenizer (Touvron
et al., 2023)

3Model accessed at:
https://huggingface.co/neuralmagic/Meta-Llama-3.
1-8B-Instruct-quantized.w8a8

*We use the term "paragraph” to refer to the smallest unit
of block of text in our data pipeline. It is not always the case
that the smallest unit is an actual paragraph. It can be a single
sentence, table, heading, author lists, or other text artifacts.


https://huggingface.co/neuralmagic/Meta-Llama-3.1-8B-Instruct-quantized.w8a8
https://huggingface.co/neuralmagic/Meta-Llama-3.1-8B-Instruct-quantized.w8a8

The final simplified corpus, denoted as
fwedu_simp (short for FineWeb-Edu simplified),
has around 1.71B tokens. To get a rough idea of
what the simplified texts look like, see the follow-
ing example:

Original: Your comment really helped
me feel better the most. I was sitting in
my office, feeling so bad that I didn’t
say how inappropriate and out of line his
comments were, and this helped.

Simplified: Your comment really helped
me feel better. I was feeling bad because
I didn’t speak up when someone made
inappropriate comments.

4 Experimental Setup

In our study, we investigate the effect of text
complexity on pretraining and downstream perfor-
mance of language models across varying model
capacity. We compare models trained on fwedu_hw
(human-written) with those trained on fwedu_simp
(simplified).

4.1 Model Architecture

Our model architecture is based on the design
choices of MobileLLM (Liu et al., 2024): deep-and-
thin architectures, SwiGLU activation (Shazeer,
2020), grouped-query attention (Ainslie et al.,
2023), and embeddings sharing (Press and Wollf,
2017). All models share the same set of architec-
tural details and hyperparameters as MobileLLM
except where explicitly varied. We removed em-
beddings sharing for the sole purpose of making the
results more generalizable to most contemporary
causal language models which do not use embed-
dings sharing. Architectural details are summa-
rized in Table 1.

4.2 Pretraining Configurations

All models are trained for one epoch on either
fwedu_hw or fwedu_simp. Both use the LLaMA-2
BPE tokenizer (Touvron et al., 2023) with a 32k
vocabulary. Training examples are individual para-
graphs, with no concatenation or sequence packing.

Inputs are right-padded to 512 tokens with the
EOS token (identical to BOS) and use a causal
attention mask. Each corpus is trained on indepen-
dently and remains perfectly parallel after filtering,
ensuring differences in model behavior stem solely
from surface-level complexity.

(ﬁgﬁfgxi) #Layer #Head #KV Emb Dim #Params
500M 40 18 6 1044  ~531M
256M 30 9 3 846 ~283M
124M 30 9 3 576 ~143M
79M 30 9 3 450 ~94M
58M 30 9 3 378 ~70M
28M 30 9 3 252 ~36M

Table 1: Model architecture configurations. Emb Dim is
the embedding size, Non-Emb refers to non-embedding
parameters, and #KV denotes key-value heads. The
number of layers and attention heads is fixed for models
up to 256M and increased for the S00M model. This
design maintains a consistent deep-and-thin architecture
while scaling parameter count.

Optimization uses AdamW (Loshchilov and Hut-
ter, 2019) with default hyperparameters, a peak
learning rate of 3e—4 (28M models) or 5e—4 (all
other models), linearly decayed, 5% warm-up, and
no dropout. Models with 28M-124M parameters
use an effective batch size of 256 (8 examples/GPU
x 8 GPUs x 4 gradient accumulation steps). Models
with 256M-500M parameters use 4 examples/GPU
with 8 accumulation steps to match the batch size.
Training is performed in FP16 mixed precision on
8x NVIDIA P100 GPUs; gradient checkpointing
is enabled only for the 500M model.

Validation is run on a held-out corpus slice after
300M tokens and at every subsequent doubling. Re-
sults are from the final checkpoint. Implementation
uses PyTorch and Hugging Face Transformers. All
runs fix the random seed to 42 for data shuffling
and initialization.

4.3 Fine-tuning Tasks

To assess the downstream impact of text com-
plexity during pretraining, we fine-tune our mod-
els on a suite of seven language understanding
tasks drawn from GLUE and SuperGLUE: BoolQ),
MNLI, MRPC, MultiRC, QQP, RTE, and WSC.
This set follows the evaluation configuration of the
BabyLM Challenge, and we use the same prepro-
cessed datasets provided in the BabyLLM evaluation
pipeline for both training and validation (Charpen-
tier et al., 2025).

All models are trained with an added classifi-
cation head. For tasks involving multiple input
sequences (e.g., premise-hypothesis or sentence
pairs), we concatenate the two sequences with
a separator token before feeding them into the
model. We perform two fine-tuning regimes for



each model-task pair: (1) full-model fine-tuning,
where all model parameters and the classification
head are updated; and (2) linear probing, where
only the classification head is updated.

Fine-tuning uses 8xP100 GPUs without gradi-
ent accumulation. Batch size is determined by
GPU memory constraints: for BoolQ and Mul-
tiRC we use 2 examples per GPU (effective batch
size of 16), and for all other tasks we use 8 ex-
amples per GPU (effective batch size of 64). For
each task, we perform a grid search over learning
rates le—4, 5e—>5, 2e—5, le—5, be—6 and training
epochs 1,2, 3,4, 5.

We use the same task metrics as the BabyLM
evaluations, namely: 3-class accuracy for MNLI;
binary accuracy for BoolQ, MultiRC, and WSC;
and F1-Score for MRPC and QQP. All experiments
are run with three random seeds; we report the
mean and standard deviation of the best-performing
configuration for each seed. Fine-tuning is per-
formed for all model sizes on all tasks under both
training regimes.

4.4 Zero-shot Tasks

To further evaluate the quality of representations,
we conduct zero-shot evaluations on eight multiple-
choice benchmarks, grouped into two categories:

Linguistic knowledge, entity tracking, and
world knowledge: BLiIMP (Warstadt et al., 2020)
and the BLiMP Supplement (as provided in the
BabyLM evaluation pipeline), probe syntactic and
morphological phenomena. Entity Tracking (Kim
and Schuster, 2023) and EWoK (Elements of
World Knowledge Ivanova et al., 2024), measure
a model’s ability to follow discourse entities and
recall factual knowledge. The models were evalu-
ated on these tasks using the BabyLLM evaluation
pipeline (Charpentier et al., 2025).

Commonsense reasoning: ARC-Easy and
ARC-Challenge (Clark et al., 2018), HellaSwag
(Zellers et al., 2019), and PIQA (Bisk et al.,
2020), require reasoning over everyday scenar-
ios and physical commonsense.  The mod-
els were evaluated on these tasks using the
Im-evaluation-harness (Gao et al., 2024).

All tasks are multiple-choice. For each evalu-
ation instance, we format the input according to
the benchmark’s specifications and score each can-
didate option by the sum of log-probabilities of
its tokens given the prompt. The option with the
highest score is selected as the model’s prediction.

We report accuracy for all zero-shot tasks. Evalu-

ation is deterministic, as predictions depend solely
on model likelihoods and not on sampling.

5 Results

We performed three independent runs with differ-
ent random seeds. For each run, we selected the
best result over our fixed hyperparameter grid, and
report the average of those three best scores. Ran-
dom seeds were fixed for full reproducibility.

5.1 Dataset Complexity Verification

Is the simplified corpus truly simpler? To answer,
we compute per-dataset and cross-dataset metrics
(Table 2) and analyzed their distributions (Figure 2).
The simplified corpus has fewer tokens, a smaller
vocabulary (Types), lower lexical diversity (Type-
Token Ratio), and reduced unpredictability (Uni-
gram Entropy)—all indicating lower text complex-
ity. Cross-dataset metrics show that 26.62% of
the data are more concise, 92% exhibits low to
medium lexical overlap (ROUGE-2), and 79% re-
tains at least 80% semantic similarity (Cosine Sim-
ilarity). These results suggest that the simplified
dataset differs in form while preserving core con-
tent.

Feature Simplified Human-written

PER-DATASET STATS

Total tokens 1.71B 2.00B
Total words 1.44B 1.57B
Types (unique words) 2.76M 5.23M
Type-token ratio (%) 0.19% 0.33%
Unigram entropy (bits) 9.87 10.58
CROSS-DATASET STATS

Compression (<80%) 26.62% —
Exact match 2.51% —
High lexical overlap 6.47% —
Medium lexical overlap 31.13% —
Low lexical overlap 61.75% —
Exact mismatch 1.56% —
Semantic Sim (>80%) 79.00% —

Table 2: Per-dataset and Cross-dataset statistics. Re-
duced per-dataset stats in Simplified indicate lower com-
plexity compared to Human-written. Lexical overlap
is measured using ROUGE-2 (R2), with the following
thresholds: exact match (R2 = 1), high (0.8 < R2 <
1), medium (0.4 < R2 < 0.8), low (0 < R2 < 0.4),
and exact mismatch (R2 = 0). Semantic Sim is com-
puted as cosine similarity of paragraph embeddings.
Cross-dataset stats suggest Simplified texts differ in
form but preserve core content.

Figure 2 compares the distributions of paired
metrics for fwedu_simp and fwedu_hw, labeled
as “Paired”. The first-row metrics are adapted
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Figure 2: Corpus Features distribution. First row shows metrics of fwedu_simp to fwedu_hw. Second row are
pairwise metrics except for Flesch Reading Ease (FRE) which only requires one input. The first row suggests
fwedu_simp is shorter, has more sentences, uses simpler structures, and more common words. The second row shows
that fwedu_simp is semantically similar to fwedu_hw, with low word-order overlap (low ROUGE-2), moderate
preservation of idea flow and structure (moderate ROUGE-L), and clearly higher FRE, indicating systematic
differences in readability. For visualization, we removed outliers, which account for only 2.9% of the data (see

Appendix F.2 for definition and examples of outliers).

from ASSET’s text complexity evaluation (Alva-
Manchego et al., 2020):

e Compression Level: ratio of character counts;
values < 1.0 indicate more concise texts.

¢ Sentence Splits: difference in sentence
counts; values > 0 indicate splitting of com-
plex sentences into simpler ones.

* Syntactic Complexity: ratio of maximum
dependency-tree depth; values < 1.0 indicate
shallower (simpler) sentence structures.

 Lexical Complexity: mean squared log-rank
of non-stopword tokens, based on the top
50k words in FastText embeddings® (Mikolov
et al., 2018); values < 1.0 indicate use of
more frequent words.

The second row of Figure 2 shows semantic sim-
ilarity, word overlap, and readability. We used
all-MinilM-L6-v2 to encode paragraph embed-
dings, optimized for tasks like sentence similarity
and clustering®. High scores near 1.0 indicate most

52 million word vectors trained on Common Crawl
(600B tokens), https://fasttext.cc/docs/en/
english-vectors.html

al1-MinilM-L6-v2 ranks 1st and 17th on the MTEB
leaderboard (Muennighoff et al., 2023) for <100M and <1B
parameter models.

simplified paragraphs retain the original meaning.

ROUGE was computed with the Evaluate tool
(Von Werra et al., 2022), scoring from O to 1.
ROUGE-2 measures exact bigram overlap, reflect-
ing local phrasing; most examples score 0-0.4, in-
dicating low lexical overlap. This confirms high
cosine similarity reflects shared meaning, not sur-
face form. ROUGE-L, measuring longest in-order
subsequences, shows more varied scores, suggest-
ing moderate structural similarity.

Readability was measured using Flesch Reading
Ease (FRE), which factors text length, word count,
and syllables. Higher FRE means simpler text: easy
(60+), fairly difficult (50-60), hard (<50) (Scott,
2024). fwedu_hw skews lower, fwedu_simp higher,
indicating systematic readability differences.

Together, these results show our simplified
dataset is simpler in form while preserving core
content. For examples, see Appendix D and E.

5.2 Main Comparison: Human-Written vs.
Simplified

5.2.1 Language-Modeling Performance

How does text complexity affect language mod-
eling performance across models of varying ca-
pacity? To answer this, we measured each model’s
perplexity degradation—defined as the absolute dif-


https://fasttext.cc/docs/en/english-vectors.html
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Model boolq mnli mrpc multirc qqp rte wsc Avg.
Majority Baseline 64.0 33.1 68.1 57.5 62.7 53.9 61.5 57.3
28M

from_scratch 66.9+0.8 360+05 704+10 59.0+03 713+03 583+21 655+2.1 6l1.1

fwedu_hw 699+£02 61.9+07 790+£17 59.1+£02 786+03 606+£2.6 625+47 674

fwedu_simp 693+0.6 61.8+02 782+15 588+0.2 788+02 600+20 63.1+£27 67.1
58M

from_scratch 675+0.7 377+12 708+£0.7 588+04 71.8+03 574+£29 649+10 613

fwedu_hw 69.6+£04 632+05 796+£15 585+03 79.6+0.1 602+14 643+1.8 679

fwedu_simp 69.6+0.1 63.6+02 779+£10 582+04 802+00 664+24 619+£55 683
79M

from_scratch 67.4+£0.8 38.7+03 70.0+£03 583+03 721+04 562+£37 655+10 612

fwedu_hw 699+03 640+03 795+£1.1 587+02 804+04 662+21 63.7+4.1 68.9

fwedu_simp 693+1.0 652+03 803+14 582+04 807+0.1 674+£25 60.7+£0.0 68.8
124M

from_scratch 68.0+0.8 395+14 708+0.7 583+05 719+0.1 574+42 655+2.1 61.6

fwedu_hw 70.7+£02 659+02 803+£14 592+00 80.7+02 655+32 60.1+1.0 68.9

fwedu_simp 703+£04 669+05 821+£07 588+03 81.2+0.1 67.6+x1.7 61.3+27 69.7
256M

from_scratch 68.0+0.7 405+09 71.0+£10 585+£0.7 721+02 576+10 652+13 6138

fwedu_hw 708+04 679+04 80.6+£20 59.1+02 814+02 660+£0.7 625+1.8 69.8

fwedu_simp 70.8+0.7 67.0+05 81710 58.6+04 815+0.1 708+0.7 613+2.1 703
500M

from_scratch 68.6+£03 39.6+04 724+£03 585+00 725+00 606+£2.0 65510 625

fwedu_hw 70.5+05 67.6+0.1 834+£10 588+02 821+00 715+£07 643+£3.1 712

fwedu_simp 70.1+£0.5 674+05 827+£07 587+03 81.6+0.1 71.8+1.1 63.1+£2.1 708

Table 3: Full fine-tuning performance on 7 NLU tasks. Average accuracy across tasks is reported over 3 runs.
The Avg. column reports mean accuracy over available tasks. Task metrics are as follows: 3-class accuracy
(MNLI), Binary Accuracy (BoolQ, MultiRC, WSC), and F1-Score (MRPC, QQP). Overall results shows minimal
performance difference across pretraining setups regardless of model size which suggests text complexity have

minimal impact on general language understanding tasks.

ference in perplexity between the 500M model and
smaller models. Figure 1 shows that models trained
on fwedu_hw degrade faster than those trained on
fwedu_simp as capacity decreases, with a sharp
drop for the 28M model on fwedu_hw. This inter-
action between model capacity and data complex-
ity suggests that future model design and selection
should account for the complexity of the training
data.

5.2.2 Fine-tuning Evaluation

The results of the full-model fine-tuning are sum-
marized in Table 3. To contextualize the impact
of pretraining, we include scores from the Major-
ity baseline and models fine-tuned from random
weights (from_scratch). Notably, MNLI shows
the greatest gain from pretraining. More broadly,
similar from_scratch performance across tasks
and model sizes suggests an upper bound im-
posed by the training data on this specific archi-
tecture—model scaling alone does not improve per-
formance. On MultiRC, all models perform only
slightly above the majority baseline, suggesting
failure to learn the task. We suspect this stems from
paragraph-level pretraining, which may lack sig-

nals for skills like coreference resolution which is
important to succeed in MultiRC. The same likely
applies to WSC.

Overall, fwedu_hw and fwedu_simp yield simi-
lar performance across model sizes in full-model
fine-tuning. This pattern holds under linear probing
as well (Table 6 in Appendix A), reinforcing the
observation. Full-model fine-tuning also confirms
the well-established trend that larger models per-
form better, regardless of data complexity. These
results suggest that text complexity is not the pri-
mary driver of performance; instead, knowledge
coverage may matter more.

5.2.3 Zero-shot Evaluation

Linguistic Knowledge, Entity Tracking, and
World Knowledge. Table 4 summarizes the zero-
shot performance on linguistic knowledge and en-
tity tracking benchmarks. BLiMP performance
improves with model size, with both setups per-
forming similarly overall, though fwedu_simp
has a clear edge on BLiMP-supplement. Entity
tracking performance varies widely with model
size; fwedu_hw often leads, while fwedu_simp sur-
passes random chance (20%) only from 79M on-



Model blimp blimp-supp ewok entity Model arc_e arc_chl hellaswag piqa
28M 28M

fwedu_hw 67.83 55.90 52.79 16.15 fwedu_hw 33.33 20.22 26.99 56.20

fwedu_simp  66.90 57.47 52.67 18.78 fwedu_simp 31.94 21.59 26.40 55.93
58M 58M

fwedu_hw 69.69 59.03 52.69  26.35 fwedu_hw 39.10 19.54 27.38 57.89

fwedu_simp  70.73 62.15 53.81 18.36 fwedu_simp 33.59 21.42 27.50 58.22
79M 79M

fwedu_hw 70.67 60.47 54.09  28.89 fwedu_hw 38.80 21.25 27.69 58.71

fwedu_simp  70.44 61.55 53.09 20.73 fwedu_simp 38.05 20.65 27.43 59.52
124M 124M

fwedu_hw 71.64 62.61 54.07  25.09 fwedu_hw 38.09 19.37 28.08 58.16

fwedu_simp  71.30 63.27 54.01 21.79 fwedu_simp 38.85 21.50 28.36 60.77
256M 256M

fwedu_hw 72.37 62.61 56.18  29.71 fwedu_hw 42.09 22.70 28.85 60.99

fwedu_simp  72.53 63.65 55.09 2258 fwedu_simp 38.80 20.82 28.94 61.10
500M 500M

fwedu_hw 72.23 61.85 56.72  20.81 fwedu_hw 40.99 21.25 28.30 58.16

fwedu_simp  72.60 63.79 54.85 22.05 fwedu_simp 33.96 18.43 27.52 57.99

Table 4: Zero-shot evaluations on grammatical knowl-
edge (blimp), world knowledge (ewok), and Entity
Tracking (entity) show consistent improvement with
model size. Both setups perform similarly on BLiMP,
fwedu_simp scores higher on BLiMP-supplement,
whereas fwedu_hw leads on Entity and slightly on
EWoK.

ward. EWoK performance improves consistently
with model size, with fwedu_hw often slightly out-
performing fwedu_simp.

Commonsense Reasoning. Table 5 summarizes
zero-shot performance on commonsense reason-
ing benchmarks. Performance generally improves
with increased model size, especially on ARC-
Easy and PIQA. ARC-Challenge remains diffi-
cult across all setups, with accuracies near ran-
dom chance (20%). This may be simply due
to the pretraining data not containing the knowl-
edge that ARC-Challenge is designed to test. On
ARC-Easy, fwedu_hw consistently outperforms
fwedu_simp, reaching a peak accuracy of 42.09%
at 256M—3 points higher than fwedu_simp. On
Hellaswag, both setups perform comparably across
model sizes. While for PIQA, fwedu_simp slightly
outperforms fwedu_hw consistently. Interestingly,
500M models perform worse than 256M models
across tasks. We suspect this is due to the limited
data size—2B tokens for fwedu_hw and 1.71B for
fwedu_simp—bottlenecking the larger models.

6 Discussion

In this section, we reflect on the broader implica-
tions of our findings for data curation and synthetic

Table 5: Zero-shot accuracy on commonsense reason-
ing benchmarks shows that ARC-Challenge (arc_chl)
remains near random chance (20%) across all setups.
All other tasks improve consistently with model size.
fwedu_hw performs best on ARC-Easy (arc_e), while
fwedu_simp slightly outperforms on PIQA. Both se-
tups perform similarly on HellaSwag. All 500M models
show a performance drop relative to 256M across tasks.

data generation. We frame these as conjectures
rather than definitive claims.

Our experiments controlled for lexical, syntac-
tic, semantic, and stylistic diversity, though these
do not exhaust the full space of variation. Ide-
ally, optimizing along multiple dimensions may
yield broader benefits, but practical constraints of-
ten force trade-offs. Our results provide empiri-
cal evidence on which outcomes, such as transfer
or zero-shot performance, are most sensitive to
particular forms of diversity. This can help guide
decisions when prioritizing which dimensions to
optimize.

Data curation. In data curation or pruning, prac-
titioners sometimes emphasize surface-level variety
(lexical or syntactic) as a proxy for diversity. Our
experiments suggest this can be misleading. We
find that reducing lexical and syntactic variation,
while preserving topical and knowledge coverage,
did not harm transfer performance but did impair
zero-shot generalization. This implies that curation
strategies should be designed with the intended use
case in mind: fine-tuned applications may toler-
ate reduced surface variation, whereas zero-shot
settings are more sensitive to it.



Synthetic data design. Generation-based syn-
thetic datasets often suffer from low-diversity out-
puts (Gandhi et al., 2024) and are vulnerable to
collapse effects (Shumailov et al., 2024; Guo et al.,
2024; Briesch et al., 2024), underscoring the need
for diversity-aware generation. Our findings in-
dicate that not all forms of diversity contribute
equally: different axes influence different out-
comes. A practical design strategy may be to priori-
tize broad topic and knowledge coverage first, then
deliberately introduce surface-level variety (e.g.,
controlled paraphrasing) to support zero-shot per-
formance if needed.

7 Conclusion

In this work, we investigate how text complexity af-
fects language model pretraining. Specifically, we
ask whether simplified language—while preserv-
ing core content—can lead to representations that
perform as well as those learned from more com-
plex, human-written text. We pretrained causal lan-
guage models of varying sizes (28M-500M parame-
ters) on both simplified and human-written corpora.
Our results show that simplifying surface-level fea-
tures does not significantly hurt downstream per-
formance on a range of language understanding
tasks. However, models trained on more complex
text show an advantage in zero-shot settings on
benchmarks requiring reasoning and knowledge of
the world—such as Entity Tracking, EWoK, and
ARC-Easy—while performing similarly on BLiMP,
HellaSwag, and PIQA. These findings highlight
that different types of data diversity affect transfer
and zero-shot performance differently, providing
insight into tailoring data curation to specific goals.

Limitations

Our study has several limitations. First, the LLM-
based simplification process is imperfect and may
introduce subtle inconsistencies in core content due
to hallucinations. Second, the 2B-token corpora are
relatively small by today’s pretraining standards,
potentially limiting model performance. Third,
our fine-tuning evaluation focuses on a narrow set
of classification and multiple-choice benchmarks,
which may not capture the full range of model ca-
pabilities, particularly in open-ended or generative
tasks. Fourth, our zero-shot evaluation may not
fully reflect the targeted capabilities, as it is con-
strained by limited training data and model capac-
ity. Fifth, we focus solely on causal language mod-

els, leaving open the possibility that different pat-
terns may emerge with encoder models like BERT.
Lastly, we did not conduct a per-phenomenon anal-
ysis of BLiMP, leaving open the possibility that
certain linguistic constructions are more sensitive
to simplification.
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Model boolq mnli mrpc multirc qqp rte wsc  Avg.
Baseline

majority 64.0 33.1 68.1 57.5 62.7 53.9 61.5 57.3
28M

fwedu_hw 65.1+£09 429+03 699+£0.7 572+£0.6 69.7+03 539+26 506+£57 585

fwedu_simp 657+£1.6 43.0+22 707+£1.0 548+05 69.8+02 560+£34 595+37 599
58M

fwedu_hw 644+05 452+05 694+£06 548+0.6 69.2+02 495+29 625+47 593

fwedu_simp 642+£05 456+03 692+£00 548+0.2 68.1+06 562+18 565+92 592
79M

fwedu_hw 66.0+£03 444+12 707+£08 559+£03 69.0+£05 553+£3.6 554+89 595

fwedu_simp 645+03 468+05 697+£10 558+1.6 685+02 532+14 57.1+£3.1 59.4
124M

fwedu_hw 645+02 452+04 705+£15 542+£0.7 699+06 505+£4.0 57.1+47 589

fwedu_simp 645+0.1 463+02 700+£03 548+04 703+08 53.0+33 57.1+£47 594
256M

fwedu_hw 65.1+0.1 483+05 697+£08 56.1+£09 688+02 558+17 607+£36 60.6

fwedu_simp 658+1.0 489+08 700+06 553+13 70.1+£02 572+£24 57.1+x36 606
500M

fwedu_hw 649+0.7 49.1+£0.7 707+05 56.0+09 70.1+£0.5 495+24 63.1+£27 605

fwedu_simp 650+£02 489+04 713+£1.0 560+£1.7 692+06 576+£67 595+6.8 61.1

Table 6: Linear Probe performance on 7 NLU tasks. Average accuracy across tasks is reported over 3 runs. The
Avg. column reports mean accuracy over available tasks. Overall results shows minimal performance differences
between pretraining setups across model sizes. This supports the Full fine-tuning findings (Table 3), suggesting that
text complexity has limited impact on general language understanding tasks.

A Linear Probing Results

B Text Simplification Prompt

The prompt engineering is done through trial-and-
error and judged by the authors according to the
following qualitative criteria:

* Does it use simpler words? By "simpler
words," we mean commonly used words.

* Does it convert compound or complex sen-
tences into simple sentences?

* Does it preserve the original content and orga-
nization of thoughts?

Once we found a prompt that can reliably do
all those things on a small sample, we used that
prompt to transform the whole corpus.

The final prompt is shown below:
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Role Description:

You are an experienced educator and linguist
specializing in simplifying complex
texts without losing any key information

or changing the content. Your focus is
to make texts more accessible and
readable for primary and secondary
school students, ensuring that the
essential information is preserved while
the language and structure are adapted
for easier comprehension.




Task Instructions:
1. Read the Following Text Carefully:

- Thoroughly understand the content,
context, and purpose of the text to
ensure all key information is
retained in the simplified version.

2. Simplify the Text for Primary/Secondary

School Students:

Rewrite the text to make it more
accessible and easier to understand.

- Use age-appropriate language and simpler

sentence structures.

- Maintain all key information and do not
omit any essential details.

Ensure that the original meaning and
intent of the text remain unchanged.

3. Preserve Key Information:
- Identify all essential points, facts,
and ideas in the original text.
- Ensure these elements are clearly
presented in the simplified version.

4. Avoid Adding Personal Opinions or
Interpretations:
- Do not introduce new information or
personal views.
- Focus solely on simplifying the original
content.

Simplification Guidelines:

Sentence Structure:

- Use simple or compound sentences.

- Break down long or complex sentences into
shorter ones.

- Ensure each sentence conveys a clear idea.

Vocabulary:

- Use common words familiar to primary and
secondary school students.

- Replace advanced or technical terms with
simpler synonyms or provide brief
explanations.

- Avoid jargon unless it is essential, and
explain it if used.

Clarity and Coherence:
- Organize the text logically with clear
paragraphs.
Use transitional words to connect ideas
smoothly.
- Ensure pronouns clearly refer to the
correct nouns to avoid confusion.
- Eliminate redundancies and unnecessary
repetitions.

Tone and Style:

- Maintain a neutral and informative tone.

- Avoid overly formal language.

- Write in the third person unless the text
requires otherwise.
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Output Format:

Provide the simplified text in clear, well-
organized paragraphs.

Do not include the original text in your
output.

Do not add any additional commentary or notes

Ensure the final output is free of
grammatical errors and is easy to read.

Output $<|eot_id|>$ right after the
simplified text.

Example Simplifications:
Example 1:

Original Text:

"Photosynthesis is the process by which green
plants and some other organisms use
sunlight to synthesize foods from carbon
dioxide and water. Photosynthesis in
plants generally involves the green
pigment chlorophyll and generates oxygen
as a byproduct.”

Simplified Text:
"Photosynthesis is how green plants make food
using sunlight, carbon dioxide, and
water. They use a green substance called
chlorophyll, and the process produces
oxygen.$<|eot_id|>$"

Example 2:

Original Text:

"Global warming refers to the long-term rise
in the average temperature of the Earth'
s climate system, an aspect of climate
change shown by temperature measurements
and by multiple effects of the warming

n

Simplified Text:

"Global warming means the Earth's average
temperature is increasing over a long
time. This is part of climate change and

is shown by temperature records and
various effects.$<|eot_id|>$"

Example 3:

Original Text:

"The mitochondrion, often referred to as the
powerhouse of the cell, is a double-
membrane-bound organelle found in most
eukaryotic organisms, responsible for
the biochemical processes of respiration

and energy production through the
generation of adenosine triphosphate (
ATP)."

Simplified Text:

"A mitochondrion is a part of most cells that
acts like a powerhouse. It has two
membranes and makes energy for the cell




by producing something called ATP.$<|
eot_id|[>$"

Text to Simplify:
<Insert Text Here>

Your Output:

C Skipping or Rejecting Simplification

We choose to tag as to_skip or to_reject the
simplification step under the following conditions:
(1) the paragraph is too short relative to its full
document; (2) the paragraph is too long; or (3)
the transformation is significantly shorter or longer
than the original text.

Condition (1) is based on two key observations.
First, some textual artifacts, like titles and author
names, don’t require simplification. Second, very
short inputs often trigger text completion instead
of simplification. For example, the input "MA-
HATMA GANDHI" generates a passage about
the person rather than a simplified version. To
handle such cases, we use heuristics to determine
whether a document or paragraph should be tagged
as to_skip. First, we apply a hard rule: a docu-
ment is tagged as to_skip if there is only one para-
graph or the minimum paragraph length is greater
than or equal to the standard deviation of paragraph
token counts within a document. Otherwise, each
paragraph in the document is evaluated based on
two criteria: it is tagged as to_skip if it contains
10 or fewer space-separated words or if its token
count falls below the quantile threshold of 0.15.
Meaning, paragraphs with token counts below the
15th percentile will be tagged as to_skip.

Condition (2) is based on the observation that
paragraphs exceeding 1,500 tokens tend to be struc-
tured texts like tables, name lists, or tables of con-
tents, which do not need simplification. To handle
such cases, we simply skip the paragraph if it ex-
ceeds 1,500 tokens. While quantile heuristics could
be used, we chose the simpler heuristic.

Condition (3) is motivated by two observations.
First, we observed that when asked to simplify a
long input, the model tends to summarize it, signif-
icantly shortening the text and losing its original
structure. Second, the model tends to append extra
text, such as explanations after the answer. To de-
tect cases where the output is too short or too long

relative to the source, we compute the paragraph
length ratio (output_length/source_length) and tag
as to_reject outputs with a ratio below 0.5 or
above 1.5 (i.e. a change of more than 50%).

For isolation of text complexity and to keep both
datasets perfectly aligned at the example level, all
examples tagged as to_skip or to_reject are re-
moved from both datasets.

D Examples from Human-written and
Simplified Data by Semantic Similarity

As shown in Table 2, 79% of datasets have seman-
tic similarity of greater than 80%. We show exam-
ples here of texts with varying semantic similarity
scores with their corresponding ROUGE-2 scores.
Examples of sematic similarity > 0.8:
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SEMANTIC SIMILARITY: 0.90, ROUGE-2: @.27;
fwedu_hw: important officials and well
known persons who visited the islands
wrote
fwedu_simp:important visitors to the
islands wrote
SEMANTIC SIMILARITY: ©.95, ROUGE-2: 0.41;
fwedu_hw:Also, the authors now expect to
apply their approach to other regions
. They have a lot of work to do.
After all, arid landscapes occupy
about 65 million square kilometers of
the earth's surface (this is almost
four areas of Russia).
fwedu_simp:The authors now plan to use
their method in other areas. They
have a lot of work ahead of them.
Arid landscapes cover almost 65
million square kilometers of the
Earth's surface, which is roughly
four times the size of Russia.
SEMANTIC SIMILARITY: .84, ROUGE-2: 0.24;
fwedu_hw:Users frequently ask "how big
should I make the pagefile?” There is
no single answer to this question
because it depends on the amount of
installed RAM and on how much virtual
memory that workload requires. If
there is no other information
available, the typical recommendation
of 1.5 times the installed RAM is a
good starting point. On server
systems, you typically want to have
sufficient RAM so that there is never
a shortage and so that the pagefile
is basically not used. On these
systems, it may serve no useful
purpose to maintain a really large
pagefile. On the other hand, if disk
space is plentiful, maintaining a
large pagefile (for example, 1.5
times the installed RAM) does not
cause a problem, and this also
eliminates the need to worry over how
large to make it.
fwedu_simp:The size of the pagefile
depends on how much RAM your computer
has and how much virtual memory your




work requires. A good starting point
is to make the pagefile 1.5 times
the size of your RAM. If you have a
server, you should have enough RAM so
that the pagefile is not used. In
this case, it might not be useful to
have a large pagefile. However, if
you have plenty of disk space, you
can make the pagefile 1.5 times the
size of your RAM without any problems

SEMANTIC SIMILARITY: ©.90, ROUGE-2: 0.19;
fwedu_hw:0n its face, the USDA's decision
to have participation in the NAIS be
voluntary seems to solve all of the
major concerns. Small and organic
farmers will be able to "opt out” of
participation in the NAIS if they
have objections to its methodology. [
FN203]
fwedu_simp:The USDA made the NAIS
voluntary. This means that small and
organic farmers can choose not to
participate if they don't agree with
how the NAIS works.
SEMANTIC SIMILARITY: 0.96, ROUGE-2: 0.43;
fwedu_hw:The ICD-11 includes a revised
definition for alcohol use disorders
(AUDs) and, more specifically, for
alcohol dependence and the "harmful
patterns of alcohol use.”
fwedu_simp:The ICD-11 has changed how it
defines alcohol use disorders (AUDs).
It now includes a new definition for
alcohol dependence and for when
alcohol use causes harm.
SEMANTIC SIMILARITY: 0.95, ROUGE-2: 0.75;
fwedu_hw:Feel free to check out more of
this website. Our goal is to provide
rebuttals to the bad science behind
young earth creationism, and honor
God by properly presenting His
creation.
fwedu_simp:0Our goal is to provide
rebuttals to the bad science behind
young earth creationism, and honor
God by properly presenting His
creation. You can find more
information on this website.
SEMANTIC SIMILARITY: @.82, ROUGE-2: 0.50;
fwedu_hw: separate trees you simply set
the CODEBASE attributes of each
applet
fwedu_simp:set the CODEBASE attribute of
each applet
SEMANTIC SIMILARITY: 0.93, ROUGE-2: 0.31;
fwedu_hw:Using samples taken from young
and old horses, which have similar
tendon properties to those of humans,
the researchers performed a range of
tests to profile the types,
quantities, and proportions of
proteins present in the tendon.
Ultimately, the team found marked
differences in the proteins in young
and old horses.
fwedu_simp:The researchers took samples
from young and old horses. They
wanted to know about the proteins in
the tendons of these horses. Tendons
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are similar in humans. The team did a
series of tests to see what proteins
were in the tendons. They found that
young and old horses have different

proteins in their tendons.

SEMANTIC SIMILARITY: .90, ROUGE-2: 0.80;
fwedu_hw:- Painful muscle cramps, spasms
or pain in the abdomen, arms and legs
fwedu_simp:- Muscle cramps, spasms, or
pain in the abdomen, arms, and legs
can be very painful.
SEMANTIC SIMILARITY: 0.84, ROUGE-2: 0.13;
fwedu_hw: "We also felt it important to
highlight where the use of the sea,
such as bottom material extraction,
aquaculture or wind energy, can be
allowed,” says Virtanen.
fwedu_simp: "We also think it's important
to mention where we can use the sea
in a good way, like taking sand or
gravel from the bottom, farming fish,
or making energy from wind," says

Virtanen.

SEMANTIC SIMILARITY: .94, ROUGE-2: 0.49;
fwedu_hw:ThinkProgress noted that many
states have refused to expand

Medicaid coverage offered through the
federal Affordable Care Act, thus

preventing around 1.2 million

Americans from receiving mental

health care, according to the

National Alliance on Mental Health.

fwedu_simp:ThinkProgress said that many
states have not expanded Medicaid,
which is a part of the Affordable

Care Act. This means about 1.2

million Americans cannot get mental

health care, according to the

National Alliance on Mental Health.

SEMANTIC SIMILARITY: .97, ROUGE-2: 0.61;
fwedu_hw:latent heat -- the energy needed
to melt solids or boil liquids. This
energy is somewhat similar to
chemical energy, since it is the
energy associated with breaking or
making molecular bonds, rather than
atomic bonds. The total energy (heat)
needed to melt a solid or boil a
liquid is just Q = mL, where m is the
mass of the liquid or solid, and L
is the latent heat factor (given in
either J or cal per kg) of melting or
boiling.
fwedu_simp:latent heat is the energy
needed to melt solids or boil liquids

. This energy is similar to chemical

energy because it involves breaking

or making molecular bonds. The total
energy needed to melt a solid or boil
a liquid is calculated by
multiplying the mass of the liquid or
solid by the latent heat factor.

SEMANTIC SIMILARITY: .93, ROUGE-2: 0.51;
fwedu_hw:The glare of publicity that

swirled about Yellow Thunder Camp
last September when the government
ordered its occupants to leave their
chosen spot has faded like the leaves
of autumn. The traditional but
transient tepees have been




supplemented with a geodesic dome.
The legal battle which will determine
the camp's future drags on in nearby
Rapid City.
fwedu_simp:The glare of publicity that
swirled around Yellow Thunder Camp
last September when the government
ordered its occupants to leave their
chosen spot has faded. The campers
have added a new, dome-shaped shelter
to their traditional tepees. The
legal fight about the camp's future
is still going on in Rapid City.
SEMANTIC SIMILARITY: 0.98, ROUGE-2: 0.74;
fwedu_hw:The U.S. Geological Survey's
National Wildlife Health Center
verified the disease in a little
brown bat found this month in North
Bend, about 30 miles east of Seattle.
fwedu_simp:The U.S. Geological Survey's
National Wildlife Health Center found
a disease in a little brown bat in
North Bend, which is about 30 miles
east of Seattle.
SEMANTIC SIMILARITY: @.94, ROUGE-2: 0.40;
fwedu_hw:Replacing native species with
non-native species does not
necessarily cause biotic
homogenization. If different
communities of non-native species
replace native species at cities
around the world then biotic
differentiation rather than
homogenization will have occurred.
However, there is no evidence that
this is happening. Many studies have
shown that the extirpation of native
species in urban environments and the
influx and non-native invasive
species is leading to global biotic
homogenization. For example a study
of urban bird populations from two
distant locations (Ohio and
California) found urban populations
to be much more similar to each other
than rural populations the same
distance apart (19). Similarly, a
study in Canada found that the
ecology of cities across the country
was becoming increasingly alike with
many of the same species found in
cities nationwide (14).
fwedu_simp:Biotic homogenization is when
different areas start to have the
same species. This can happen if non-
native species replace native species
in cities around the world. However,
this is not happening. Many studies
have shown that native species are
disappearing from cities and non-
native species are moving in. This is
causing biotic homogenization
worldwide. For example, a study found
that urban bird populations in Ohio
and California are much more alike
than bird populations in rural areas
that are the same distance apart.
Another study in Canada found that
cities across the country are
becoming more alike, with many of the

19

same species found in cities
everywhere.
SEMANTIC SIMILARITY: ©.91, ROUGE-2: 0.19;
fwedu_hw:An independent panel of
technical experts convened by the
American Chemical Society Green
Chemistry Institute formally judged
the 2017 submissions from among
scores of nominated technologies and
made recommendations to EPA for the
2017 winners. The 2017 awards event
will be held in conjunction with the
21st Annual Green Chemistry and
Engineering Conference.
fwedu_simp:An independent group of
experts looked at many technologies
and chose the best ones for the 2017
awards. They recommended these
winners to the EPA. The 2017 awards
ceremony will be held at the same
time as a conference on green
chemistry.
SEMANTIC SIMILARITY: ©.94, ROUGE-2: 0.38;
fwedu_hw:0nly $24.00 and a pair of high
boots was all it took for the first
property owner to purchase the land
where the now renowned Pioneer
Courthouse Square is located. The
block was the site for Portland's
first school. Shortly thereafter, it
became the Portland Hotel where it
served as a social center. The hotel
was demolished in 1951 to make room
for the automobile with installation
of a full city block of parking. Due
to progressive civic leadership in
the 1970's, Portland worked to
revitalize its downtown, including a
move away from the use of automobiles
and back toward mass transit. The
demolition of the parking garage and
creation of Pioneer Courthouse Square
remains a major landmark of this
effort.
fwedu_simp:0Only $24.00 and a pair of
boots was all it took for the first
person to buy the land where Pioneer
Courthouse Square is now. This block
was once home to Portland's first
school. Later, it became the Portland
Hotel, where people would meet and
socialize. The hotel was torn down in
1951 to make room for cars. In the
1970s, Portland's leaders decided to
make the city more people-friendly.
They wanted to reduce the use of cars
and increase the use of public
transportation. As part of this
effort, the parking garage was
removed, and Pioneer Courthouse
Square was created.
SEMANTIC SIMILARITY: ©.95, ROUGE-2: 0.39;
fwedu_hw:The wearing of gowns at formals
is compulsory at some colleges and
various other traditions are usually
observed, including grace said in
Latin or English. The wearing of
gowns may sometimes constitute the
only dress code; in other cases,
formal wear (for example, a lounge




suit for men or equivalent for women)
is required in addition to, or
instead of, the gown.

fwedu_simp:The wearing of gowns at
formals is required at some colleges
and some other traditions are
followed, like saying grace in Latin
or English. In some places, wearing a
gown is the only dress code, while
in others, you also need to wear
formal clothes (like a suit for men
or something similar for women) along
with the gown.

Examples of sematic similarity < 0.5:

SEMANTIC SIMILARITY: @.42, ROUGE-2: 0.04;
fwedu_hw:and wife, between teacher and
pupil, between friend and friend,
between employer and employee, and
between religious teacher and
disciple. It no longer means honoring
the gods which inhabit the six
different directions.
fwedu_simp:The concept of "reverence” has
changed over time. It used to mean
showing respect to gods in different
directions.
SEMANTIC SIMILARITY: ©.09, ROUGE-2: 0.00;
fwedu_hw:- Press Ctrl + 2 to add more
text boxes. Press Ctrl + shift + 2 to
adjust text box.
fwedu_simp: (Note: Please provide your
output in the format specified above,
ensuring it is free of grammatical
errors and easy to read.)
SEMANTIC SIMILARITY: @.38, ROUGE-2: 0.00;
fwedu_hw:his bark is worse than his bite,
he is bad-tempered but harmless
fwedu_simp:This person is grumpy, but he
won't hurt you.
SEMANTIC SIMILARITY: 0.44, ROUGE-2: 0.00;
fwedu_hw:said to have sworn, under duress
, that he
fwedu_simp:The person was forced to say
something, but he didn't really mean
it.
SEMANTIC SIMILARITY: @.42, ROUGE-2: 0.18;
fwedu_hw:Woolworth's sit-in-a photograph
that has become the image used in
history books and
fwedu_simp:Woolworth's sit-in was a
protest where African American
students sat at a lunch counter to
demand equal rights.
SEMANTIC SIMILARITY: @.48, ROUGE-2: 0.35;
fwedu_hw:Sadly, as Hentoff points out,
the American Civil Liberties Union
has remained silent on this latest
gross violation of our rights. So,
too, has most of the fifth estate.
fwedu_simp:The American Civil Liberties
Union has not spoken out against this
big mistake of our rights. Most of
the news media has also been quiet.
SEMANTIC SIMILARITY: @.35, ROUGE-2: 0.24;
fwedu_hw:and operated at 33 MHz and 20
MIPS. ...Many thanks to Robert B
Garner - who
fwedu_simp:The computer was made by Intel
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and operated at 33 million cycles
per second and 20 million
instructions per second.
SEMANTIC SIMILARITY: ©.41, ROUGE-2: 0.03;
fwedu_hw:3) Low investment costs of about
~90Q0Euro and a simple construction
with locally available materials. (
Costs were about 300 Euro in Kenya in
2004, but now with raising steel
prices costs increased...) .
fwedu_simp:The cost of building a simple
water filter is relatively low. It
costs about 900 Euro. The
construction is also simple and can
be made using materials that are
easily available locally.
SEMANTIC SIMILARITY: 0.48, ROUGE-2: 0.32;
fwedu_hw:you are near the surface of the
Earth, regardless of what the object
is
fwedu_simp:The surface of the Earth is
the outermost solid layer of our
planet.
SEMANTIC SIMILARITY: 0.36, ROUGE-2: 0.09;
fwedu_hw:upon his visage, rather than
pure devotion, such as one might
fwedu_simp:The person's face showed more
of a sense of duty than pure love.
SEMANTIC SIMILARITY: ©.14, ROUGE-2: 0.00;
fwedu_hw: - Genetic screens in human cells
using the CRISPR-Cas9 system.
Science 343, 80-84 (2014) , , &
fwedu_simp:Simplification of the text
should be provided in the format
specified above.
SEMANTIC SIMILARITY: .11, ROUGE-2: 0.00;
fwedu_hw:Strategies you implement are
usually defined as the tone of your
information. Here is the summary of
tone types:
fwedu_simp: (Note: Please provide your
output in the format specified above,
ensuring it is clear, well-organized
, and free of grammatical errors.)
SEMANTIC SIMILARITY: .08, ROUGE-2: 0.00;
fwedu_hw: - Mathematics - Knowledge of
arithmetic, algebra, geometry,
calculus, statistics, and their
applications.
fwedu_simp:Simplification of the text
should be done in the same format as
the examples provided.
SEMANTIC SIMILARITY: .14, ROUGE-2: 0.00;
fwedu_hw:Art. 304, consists of two
clauses, and each clause operates as
a proviso to Arts. 301 and 303.
fwedu_simp:The law has two parts. Each
part is connected to other laws.
SEMANTIC SIMILARITY: .17, ROUGE-2: 0.00;
fwedu_hw:See also: What is the meaning of
Jurisdiction, Lawyer, Court, Law,
State?
fwedu_simp:Simplification of the text
goes here.
SEMANTIC SIMILARITY: .43, ROUGE-2: 0.00;
fwedu_hw:as an art form, let alone to
caricature.34 De Bruycker is to Ghent
perhaps what the
fwedu_simp:Art is a way of expressing
oneself, but it's not just about




making something look funny or
different.

SEMANTIC SIMILARITY: @.44, ROUGE-2: 0.12;
fwedu_hw:Figure 5. Mass fluctuations and
collapse thresholds in cold dark

matter models. The horizontal dotted
lines show the value of the
extrapolated collapse overdensity
crit(z) at the indicated redshifts.
Also shown is the value of (M) for
the cosmological parameters given in
the text (solid curve), as well as (M
) for a power spectrum with a cutoff
below a mass M = 1.7 x 108 M (short-
dashed curve), or M = 1.7 x 1011 M (
long-dashed curve). The intersection
of the horizontal lines with the
other curves indicate, at each
redshift z, the mass scale (for each
model) at which a 1 - fluctuation is
just collapsing at z (see the
discussion in the text).
fwedu_simp:The diagram shows how the mass
of objects in the universe changes
over time. The horizontal lines show
the point at which a group of objects
would start to collapse under their
own gravity. The solid line shows how
the mass of objects changes in the
universe based on the given
information. The other lines show how
the mass of objects would change if
there were a limit to the size of
objects in the universe. The points
where the horizontal lines intersect
with the other lines show the mass of
objects at each point in time that
would just start to collapse.
SEMANTIC SIMILARITY: @.45, ROUGE-2: 0.00;
fwedu_hw:- Can you think of other cases
where a government has addressed its
previous wrongdoing?
fwedu_simp:- Yes, there are several
examples.
SEMANTIC SIMILARITY: 0.06, ROUGE-2: 0.00;
fwedu_hw:- Wages - A comparison of wages
between men and women, children and
adults.
fwedu_simp:Simplification of the text
should be provided in the format
specified above.

E Examples from Human-written and
Simplified Data by ROUGE-2

In Table 2, we used ROUGE-2 (R2) thresholds to
define the level of lexical overlap.
Examples of low lexical overlap (0 < R2 < 0.4):

ROUGE-2: 0.19;
fwedu_hw:An independent panel of

technical experts convened by the
American Chemical Society Green
Chemistry Institute formally judged
the 2017 submissions from among
scores of nominated technologies and
made recommendations to EPA for the
2017 winners. The 2017 awards event
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will be held in conjunction with the
21st Annual Green Chemistry and
Engineering Conference.
fwedu_simp:An independent group of
experts looked at many technologies
and chose the best ones for the 2017
awards. They recommended these
winners to the EPA. The 2017 awards
ceremony will be held at the same
time as a conference on green
chemistry.
ROUGE-2: 0.38;
fwedu_hw:0Only $24.00 and a pair of high
boots was all it took for the first
property owner to purchase the land
where the now renowned Pioneer
Courthouse Square is located. The
block was the site for Portland's
first school. Shortly thereafter, it
became the Portland Hotel where it
served as a social center. The hotel
was demolished in 1951 to make room
for the automobile with installation
of a full city block of parking. Due
to progressive civic leadership in
the 1970's, Portland worked to
revitalize its downtown, including a
move away from the use of automobiles
and back toward mass transit. The
demolition of the parking garage and
creation of Pioneer Courthouse Square
remains a major landmark of this
effort.
fwedu_simp:0Only $24.00 and a pair of
boots was all it took for the first
person to buy the land where Pioneer
Courthouse Square is now. This block
was once home to Portland's first
school. Later, it became the Portland
Hotel, where people would meet and
socialize. The hotel was torn down in
1951 to make room for cars. In the
1970s, Portland's leaders decided to
make the city more people-friendly.
They wanted to reduce the use of cars
and increase the use of public
transportation. As part of this
effort, the parking garage was
removed, and Pioneer Courthouse
Square was created.
ROUGE-2: 0.10;
fwedu_hw:- 2002 - 2011 is the ten years
preceding the ratings evaluation, and
fwedu_simp:- 2002 to 2011 was the time
before the ratings were checked.
ROUGE-2: @.39;
fwedu_hw:The wearing of gowns at formals
is compulsory at some colleges and
various other traditions are usually
observed, including grace said in
Latin or English. The wearing of
gowns may sometimes constitute the
only dress code; in other cases,
formal wear (for example, a lounge
suit for men or equivalent for women)
is required in addition to, or
instead of, the gown.
fwedu_simp:The wearing of gowns at
formals is required at some colleges
and some other traditions are




followed, like saying grace in Latin
or English. In some places, wearing a
gown is the only dress code, while
in others, you also need to wear
formal clothes (like a suit for men
or something similar for women) along
with the gown.

Examples of medium lexical overlap (0.4 <
R2 <0.8):

ROUGE-2: 0.68;
fwedu_hw:HDTV technology is estimated
that this will be the future of
television standards, so a senior
researcher in the field of systems
and management strategies Dr. Indu
Singh predicts that the world market
for HDTV would reach 250 billion
dollars per year (year 2010).
fwedu_simp:HDTV technology is expected to
be the future of television
standards. Dr. Indu Singh, a senior
researcher in the field of systems
and management strategies, predicts
that the world market for HDTV will
reach $250 billion per year by 2010.
ROUGE-2: 0.74;
fwedu_hw:Prophetically, he feels the need
to plead for ten years of life so
that:
fwedu_simp:Prophetically, he feels the
need to ask for ten more years of
life so that:
ROUGE-2: 0.47;
fwedu_hw:Most common palm species are
Elaeis guineensis and Borassus
aethiopium (rhun palm).
fwedu_simp:The two most common types of
palm trees are Elaeis guineensis and
Borassus aethiopium, also known as
the rhun palm.
ROUGE-2: 0.43;
fwedu_hw:The old man almost immediately
fell asleep; but the boy, Minokichi,
lay awake a long time, listening to
the awful wind, and the continual
slashing of the snow against the door
. The river was roaring; and the hut
swayed and creaked like a junk at sea
. It was a terrible storm; and the
air was every moment becoming colder;
and Minokichi shivered under his
rain-coat. But at last, in spite of
the cold, he too fell asleep.
fwedu_simp:The old man fell asleep right
away. But the boy, Minokichi, lay
awake for a long time. He listened to
the strong wind and the snow hitting
the door. The river was making a
loud noise, and the hut was swaying
and creaking like a boat at sea. It
was a very bad storm, and the air was
getting colder every minute.
Minokichi was shivering under his
raincoat. But eventually, despite the
cold, he fell asleep too.
ROUGE-2: 0.51;
fwedu_hw:The glare of publicity that
swirled about Yellow Thunder Camp

last September when the government
ordered its occupants to leave their
chosen spot has faded like the leaves
of autumn. The traditional but
transient tepees have been
supplemented with a geodesic dome.
The legal battle which will determine
the camp's future drags on in nearby
Rapid City.
fwedu_simp:The glare of publicity that
swirled around Yellow Thunder Camp
last September when the government
ordered its occupants to leave their
chosen spot has faded. The campers
have added a new, dome-shaped shelter
to their traditional tepees. The
legal fight about the camp's future
is still going on in Rapid City.
ROUGE-2: 0.41;
fwedu_hw:Also, the authors now expect to
apply their approach to other regions
. They have a lot of work to do.
After all, arid landscapes occupy
about 65 million square kilometers of
the earth's surface (this is almost
four areas of Russia).
fwedu_simp:The authors now plan to use
their method in other areas. They
have a lot of work ahead of them.
Arid landscapes cover almost 65
million square kilometers of the
Earth's surface, which is roughly
four times the size of Russia.
ROUGE-2: 0.75;
fwedu_hw:Feel free to check out more of
this website. Our goal is to provide
rebuttals to the bad science behind
young earth creationism, and honor
God by properly presenting His
creation.
fwedu_simp:Our goal is to provide
rebuttals to the bad science behind
young earth creationism, and honor
God by properly presenting His
creation. You can find more
information on this website.

Examples of high lexical overlap (0.8 < R2 <
1):
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ROUGE-2: 0.85;
fwedu_hw:That same year, the FDA and EPA
issued a recommendation that pregnant
women and young children eat no more
than two servings, or 12 ounces, of
salmon and other low-mercury fish
each week.
fwedu_simp:The FDA and EPA suggested that
pregnant women and young children
eat no more than two servings, or 12
ounces, of salmon and other low-
mercury fish each week.
ROUGE-2: 0.84;
fwedu_hw:With a little imagination, other
services could be provided as well.
fwedu_simp:With a little imagination,
other services could be provided too.
ROUGE-2: 0.82;
fwedu_hw:o Suggests questions to help
facilitate professional development




group discussions, especially among
peers

fwedu_simp:o Suggests questions to help
facilitate group discussions,
especially among peers

ROUGE-2: 0.90;

fwedu_hw: tendonitis. The flattened arch
pulls on calf muscles and keeps the
Achilles tendon under tight strain.
This constant mechanical stress on
the heel and tendon can cause
inflammation, pain and swelling

fwedu_simp:tendonitis. The flattened arch

pulls on calf muscles and keeps the

Achilles tendon under tight strain.
This constant stress on the heel and
tendon can cause pain and swelling.

Examples of exact match (R2 = 1):

ROUGE-2: 1.00;
fwedu_hw:- Does the modal not show a
coupon code? Then you can click
directly in the big blue button
VISIT Hidden24 VPN
fwedu_simp:- Does the modal not show a
coupon code? Then you can click
directly in the big blue button "
VISIT Hidden24 VPN"
ROUGE-2: 1.00;
fwedu_hw:- IVF through implanting
multiple embryos can be one way of
getting science to help with the
process
fwedu_simp:IVF through implanting
multiple embryos can be one way of
getting science to help with the
process.
ROUGE-2: 1.00;
fwedu_hw:For more information about the
program contact Stoughton at
435-259-7985 or email email@example.
com.
fwedu_simp:For more information about the
program, contact Stoughton at
435-259-7985 or email email@example.
com.
ROUGE-2: 1.00;
fwedu_hw:An earthworm's home, and the
dirt around it, can be called a
factory. This factory makes a special
kind of dirt called topsoil.
fwedu_simp:An earthworm's home and the
dirt around it can be called a
factory. This factory makes a special
kind of dirt called topsoil.
ROUGE-2: 1.00;
fwedu_hw:Tim Wilson will be speaking to
The New Zealand Initiative in:
fwedu_simp:Tim Wilson will be speaking to
The New Zealand Initiative in:
ROUGE-2: 1.00;
fwedu_hw: - extending far in width; broad:
deep lace; a deep border.
fwedu_simp:- extending far in width;
broad: deep lace; a deep border.

n

fwedu_hw:ensure that every medical issue
receives attention.
fwedu_simp:Medical issues should get
attention.
ROUGE-2: 0.00;
fwedu_hw:- Press Ctrl + 2 to add more
text boxes. Press Ctrl + shift + 2 to
adjust text box.
fwedu_simp: (Note: Please provide your
output in the format specified above,
ensuring it is free of grammatical
errors and easy to read.)
ROUGE-2: 0.00;
fwedu_hw: judicial decorum when expressing
himself on conservation matters.
fwedu_simp:The judge spoke about
conservation in a respectful and
proper way.
ROUGE-2: 0.00;
fwedu_hw:his bark is worse than his bite,
he is bad-tempered but harmless
fwedu_simp:This person is grumpy, but he
won't hurt you.
ROUGE-2: 0.00;
fwedu_hw:*An earlier version of this
article misstated the study's
benchmark for deficit reduction.
fwedu_simp:The article previously
mentioned the wrong target for
reducing the deficit.
ROUGE-2: 0.00;
fwedu_hw:said to have sworn, under duress
, that he
fwedu_simp:The person was forced to say
something, but he didn't really mean
it.
ROUGE-2: 0.00;
fwedu_hw:and resulted in considerable
damage.
fwedu_simp:The hurricane caused a lot of
damage.
ROUGE-2: 0.00;
fwedu_hw:- Thomas, B. 2009. Did Humans
Evolve from 'Ardi'? Acts & Facts. 38
(11): 8-9.
fwedu_simp:Simplified Text:
"Thomas wrote about a discovery called 'Ardi' in
2009. He asked if humans evolved from this
ancient creature.
ROUGE-2: 0.00;
fwedu_hw:Strategies you implement are
usually defined as the tone of your
information. Here is the summary of
tone types:
fwedu_simp: (Note: Please provide your
output in the format specified above,
ensuring it is clear, well-organized
, and free of grammatical error

Examples of exact mismatch (R2 = 0):

ROUGE-2: 0.00;

F Outliers

To improve visualizations, we clipped outliers
(Flesch Reading Ease) which only accounts for
3.85% (fwedu_hw) and 1.25% (fwedu_simp), and
also removed outliers (Sentence Split Difference,
Compression Level, Dependency Tree Depth Ra-




tio) which only accounts 2.91% as a whole. Total
examples for each dataset is 26,315,220. This sec-
tion defines, quantifies, and illustrates the outliers.

F.1 Outliers: Flesch Reading Ease

Flesch Reading Ease (FRE) is interpreted as 0 to
100 but the FRE formula does not enforce bound-
aries, for this reason we clip negative values to 0
and clip to 100 if FRE is beyond 100. Negative
FRE values can happen for dense paragraphs with
very long sentences (typically, complex sentences)
with long words. While FRE of greater than 100
can happen for paragraphs with very short sen-
tences with short words. The percentage of outliers
are as follows: 3.85% for fwedu_hw and 1.25% for
fwedu_simp examples.

Examples of outliers are provided below.

# fwedu_hw

FRE: 100.00; "Come out of her, my people, lest
you take part of her sins, lest you share in

FRE: 112.09; - Press Ctrl + 2 to add more text
boxes. Press Ctrl + shift + 2 to adjust text

box.

FRE: 102.53; Do you know the name of the bird

group you are looking for?

# fwedu_simp
FRE: 103.01; - 2002 to 2011 was the time before
the ratings were checked.

FRE: 103.70; - As these experts say, we need to
start
FRE: 103.65; The eastern part of the bridge

weighs over 3,800 tons. The western part
weighs over 1,000 tons.

#fwedu_hw
FRE: -15.65; Zambia started its accelerated
malaria control campaign in 2003 when
approximately 500,000 insecticide-treated
nets were distributed and artemisinin-based
combination therapy (ACT) started in seven
pilot districts through a grant from the UN-
backed Global Fund to fight AIDS,
Tuberculosis and Malaria.
-11.97; NASA Image: ISSQ15E13648 - View of
Expedition 15 astronaut and Flight Engineer,
Clayton Anderson, working with test samples
in the Human Research Facility - 2
Refrigerated Centrifuge for the Nutritional
Status Assessment experiment to help
understand human physiologic changes during
long-duration space flight.
-1.59; o Suggests questions to help
facilitate professional development group
discussions, especially among peers

FRE:

FRE:

# fwedu_simp

FRE: -53.65230769230766; Interconnectedness,
empowerment, cooperation, relationships,
partnership, flexibility, and diversity are
key to realizing opportunities and creating
sustainable systems. This includes nations,
organizations, and communities working
together effectively.

FRE: -18.44999999999996; Environmental engineers
with experience in project management,
regulatory compliance, environmental
compliance, and engineering design tend to
earn more, according to data from PayScale
(2017).
-8.098461538461521; Occupational therapists
help people do everyday activities by
giving them exercises and practice.

FRE:

F.2 Outliers: Sentence Split Difference,
Compression Level, Dependency Tree
Depth Ratio

For these metrics, we identified outliers by com-
puting the interquartile range (IQR). We compute
bounds as lower_bound = Q1 — 3 x IQR and
upper_bound = Q3 + 3 x IQR, where IQR =
Q3 — @1 and Q1 and Q3 stands for Quartile 1
and 3, respectively. Usually, 1.5 was used to com-
pute the bounds but we increased it to 3 to widen
the threshold and make the tagging of outliers less
aggressive. The percentage for each outlier type
are as follows: sentence split difference (0.93%),
compression level (0.42%), dependency tree depth
ratio (1.74%). Combined and without duplicates,
it accounts for 2.91% of data. We removed these
outliers for the visualization in Figure 2. We give
examples of outliers below.

Example of Compression Level outliers:
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Compression level: 1.84;
fwedu_hw:Reproduction - Ovoviviparous.
Embryos are ovophagous; smaller
siblings are consumed by larger
siblings. Litters range from 4 to 6
pups, and size at birth is 1.9 to 2.6
ft [60 to 80 cm].
fwedu_simp:Reproduction - Ovoviviparous.
This means that the mother gives
birth to live young, but they develop
inside eggs. The babies eat the eggs
they hatch from, and if there are
smaller siblings, the bigger ones
might eat them too. The litter size
is usually between 4 and 6 pups, and
they are born after about 1.9 to 2.6
feet [60 to 80 cm] long.

Compression level: 1.80;

fwedu_hw:- Centers for Disease Control
and Prevention. Update: respiratory
syncytial virus activity - United
States, 1998-1999 Season. MMWR Morb
Mortal Wkly Rep. 1999;48:1104-15.

fwedu_simp:Simplified Text:

"The Centers for Disease Control and Prevention
(CDC) reported on the respiratory syncytial
virus (RSV) activity in the United States
for the 1998-1999 season. RSV is a virus
that affects the respiratory system. The CDC

monitored RSV activity and reported the
findings in a weekly report.

Compression level: 2.48;




fwedu_hw:Koh, L.P. and Wilcove, D.S.
(2008) 'Is oil palm agriculture
really dest

fwedu_simp:Koh and Wilcove studied the
impact of o0il palm agriculture on the

environment. They found that oil
palm plantations can lead to
deforestation and habitat loss for
many species.
Compression level: 2.12;

fwedu_hw:LEEDS, A. Introduction. In:
WILBERT, J. (Ed.). The evolution of
horticultural systems in native south
America: causes and consequences - A

Symposium. Caracas: Sociedad de
Ciencias Naturales La Salle, 1961. p.
1-12. [ Links ]
fwedu_simp:The evolution of horticultural
systems in native South America is a
topic of great interest. This
symposium aims to explore the causes
and consequences of these changes.
The book you are reading is a
collection of papers presented at
this symposium. It covers various
aspects of horticulture in South
America, from the early days to the
present. The authors of these papers
are experts in their fields and have
contributed significantly to our
understanding of this subject.
Compression level: 1.81;

fwedu_hw:of the legion to carry out
special duties. Marius thus created a
fully

fwedu_simp:Marius created a special group
of soldiers within the Roman legion.
This group was responsible for
carrying out specific tasks.

Example of Dependency Tree Depth Ratio out-
liers:

Max Dependency Tree Depth Ratio: 1.83;

fwedu_hw:The wearing of gowns at formals
is compulsory at some colleges and
various other traditions are usually
observed, including grace said in
Latin or English. The wearing of
gowns may sometimes constitute the
only dress code; in other cases,
formal wear (for example, a lounge
suit for men or equivalent for women)
is required in addition to, or
instead of, the gown.

fwedu_simp:The wearing of gowns at
formals is required at some colleges
and some other traditions are
followed, like saying grace in Latin
or English. In some places, wearing a
gown is the only dress code, while
in others, you also need to wear
formal clothes (like a suit for men
or something similar for women) along
with the gown.

Max Dependency Tree Depth Ratio: 2.33;

fwedu_hw:- Press Ctrl + 2 to add more
text boxes. Press Ctrl + shift + 2 to
adjust text box.
fwedu_simp: (Note: Please provide your
output in the format specified above,
ensuring it is free of grammatical
errors and easy to read.)

Max Dependency Tree Depth Ratio: 2.00;

fwedu_hw:Reade, Julian. Assyrian
Sculpture. London: The British Museum
; and Cambridge, MA: Harvard
University Press, 1983, repr. 1994.

fwedu_simp:Julian Reade wrote a book
about Assyrian sculpture. It was
published by the British Museum in
London and Harvard University Press
in Cambridge, MA. The book was first
published in 1983 and then again in
1994.

Max Dependency Tree Depth Ratio: 1.80;

fwedu_hw: - Centers for Disease Control
and Prevention. Update: respiratory
syncytial virus activity - United
States, 1998-1999 Season. MMWR Morb
Mortal Wkly Rep. 1999;48:1104-15.

fwedu_simp:Simplified Text:

"The Centers for Disease Control and Prevention
(CDC) reported on the respiratory syncytial
virus (RSV) activity in the United States
for the 1998-1999 season. RSV is a virus
that affects the respiratory system. The CDC

monitored RSV activity and reported the
findings in a weekly report.

Max Dependency Tree Depth Ratio: 2.00;

fwedu_hw:Clarke disclosed no relevant
relationships with industry. Co-
authors disclosed multiple relevant
relationships with industry.

fwedu_simp:Clarke did not have any
relationships with companies that
could affect the study. The other
authors had relationships with
companies that could affect the study
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Example of Sentence Split Difference outliers:

sentence_splits_diff: 54.00;
fwedu_hw:1 cross-section anisotropically
etched groove in (100) silicon 2
schematic of reflux reactor 3
enlarged section of full-mask as laid
out on L-edit 4 full mask as laid
out on L-edit 5 enlarged section of
full-mask showing large springs as
laid out on L-edit 6 grid which lines
up with circles on alignment mask as
laid out on L-edit 7 alignment mask
as laid out on L-edit 8 enlarged
section of full mask showing
diaphragms as laid out on L-edit 9
two lines , one is obviously more
undercut than the other (mic.) 10
feature 'lines' after 4@ minutes of
etching in ecolite (SEM) 11 blown-up
view of feature 'lines' after 40 min.
etching in ecolite (SEM) 12 200\B5\m
diameter circle etched out to form
square (mic.) 13 200\B5\m diameter
circle which has been etched out to
form square (SEM) 14 400\B5\m
diameter circle which has been etched
out to form square (SEM) 15 silicon
dioxide capillary bridges (mic.) 16
square oxide feature etched away at
its convex corners (SEM) 17 square
oxide feature etched away at its
convex corners (SEM) 18 cluster of
etch holes in the oxide layer on back
side of the wafer (SEM) 19 pinholes
in boron-doped silicon channel under
capillaries (mic.) 20 silicon channel
etched under a broken-off cantilever
(mic.) 21 pitted silicon surface of
an incompletely -etched diaphragm (
SEM) 22 square of boron-doped Si
formed by etching a trough around it
(SEM) 23 blown-up view of the boron-
doped silicon square (SEM) 24
diaphragm etched through to boron-
doped rough side of wafer (mic.) 25
boron-doped silicon capillary bridges
(SEM) 26 blown-up view of free boron
-doped silicon bridge (SEM) 27
silicon dioxide capillary bridges (
SEM) 28 free boron-doped silicon
little spring (SEM) 29 free silicon-
dioxide cantilever (SEM) 30 boron-
doped silicon cantilevers showing
(111) crystal planes (SEM) 31 smooth
(polished side of wafer) boron-doped
silicon diaphragm (SEM)Literature
Cited
fwedu_simp:1. A groove was cut into a
silicon wafer in a special way so
that it would be etched differently
in different directions.

2. This is a picture of a special machine used
to make chemicals mix together in a certain
way.

3. This is a close-up of the full design for
making the silicon wafer, as seen on a
computer screen.

4. This is the full design for making the
silicon wafer, as seen on a computer screen.
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5. This is a close-up of the full design for
making the silicon wafer, showing the big
springs, as seen on a computer screen.

6. This is a grid that lines up with circles on
another design, as seen on a computer screen

7. This is the design for lining up the circles,

as seen on a computer screen.

8. This is a close-up of the full design for
making the silicon wafer, showing the
diaphragms, as seen on a computer screen.

9. These are two lines, one of which is more
worn away than the other.

10. This is a picture of lines that were etched
into the silicon wafer after 40 minutes of
etching.

11. This is a close-up of the lines that were
etched into the silicon wafer after 40
minutes of etching.

12. This is a circle that was etched out to form

a square.

13. This is a picture of a circle that was
etched out to form a square.

14. This is a picture of a circle that was
etched out to form a square.

15. These are small bridges made of silicon
dioxide.

16. This is a square feature that was etched
away at its corners.

17. This is a picture of a square feature that
was etched away at its corners.

18. These are small holes in the oxide layer on
the back of the wafer.

19. These are small holes in the silicon channel

under the capillaries.

20. This is a silicon channel that was etched
under a broken-off cantilever.

21. This is a pitted silicon surface of a
diaphragm that was not fully etched.

22. This is a square of boron-doped silicon that

was formed by etching a trough around it.

23. This is a close-up of the boron-doped
silicon square.

24. This is a diaphragm that was etched through
to the rough side of the wafer.

25. These are small bridges made of boron-doped
silicon.

26. This is a close-up of a free boron-doped
silicon bridge.

27. These are small bridges made of silicon
dioxide.

28. This is a small, free boron-doped silicon
spring.

29. This is a small, free silicon dioxide
cantilever.

30. These are boron-doped silicon cantilevers
that show the crystal planes.

31. This is a smooth, polished side of a boron-

doped silicon diaphragm.
sentence_splits_diff: 55.00;
fwedu_hw:55 new units: Huscarls (Spear),
Huscarls (Axe), Mounted Huscarls,
Berserkers, Well-Equipped Shieldwall
(Offensive), Shieldwall (Offensive),
Hirdsmen, Dismounted Hirdsmen, Picked
Irish Foot (Axe), Irish Foot (Axe),
Irish Kerns, (Dark Age) Armoured
Lancers, Dismounted Armoured Lancers,
(Dark Age) Lancers, Dismounted
Lancers, (Dark Age) Armoured Cavalry




(Light Spear), Dismounted Armoured
Cavalry, (Dark Age) Cavalry (Light
Spear), Dismounted Cavalry,
Crossbowmen, Light Crossbowmen,
Byzantine Kataphraktoi, Tagmatic
Lancers & Archers, Thematic Lancers &
Archers, Varangian Guard (Early),
Byzantine Skutatoi, Byzantine Raw
Skutatoi, Byzantine Massed Archers,
Byzantine Light Archers, Byzantine
Skutatoi & Archers, Raw Byzantine
Skutatoi & Archers, Light Horse
Archers (Pecheneg/Cuman), Horse
Archers (Pecheneg/Cuman), Muslim
Spearmen, Raw Muslim Spearmen,
Veteran Muslim Spearmen, 'Abid al-
shira, Muslim Irregular Foot,
Armoured Muslim Lancers (Superior),
Dismounted (Superior) Armoured Muslim
Lancers, Armoured Muslim Lancers (
Average), Dismounted (Average)
Armoured Muslim Lancers, Muslim
Lancers, Ghilman, Dismounted Ghilman,
Muslim Cavalry (Light Spear), Muslim
War Elephants, Muslim Light Horse (
Javelins), Muslim Light Foot Archers,
Muslim Light Javelinmen, Naffatun,
Veteran Dailami Foot, Dailami Foot,

. Dismounted

Superior Indian Lancers, Indian
Lancers.
fwedu_simp:1. Huscarls (Spear)

Huscarls (Axe)

Mounted Huscarls

Berserkers

Well-Equipped Shieldwall (Offensive)

Shieldwall (Offensive)

Hirdsmen

Dismounted Hirdsmen

Picked Irish Foot (Axe)

. Irish Foot (Axe)
. Irish Kerns

(Dark Age) Armoured Lancers

. Dismounted Armoured Lancers

Lancers
Lancers
Armoured Cavalry (Light Spear)

(Dark Age)

(Dark Age)

. Dismounted Armoured Cavalry

(Dark Age) Cavalry (Light Spear)

. Dismounted Cavalry

. Crossbowmen

. Light Crossbowmen

. Byzantine Kataphraktoi

. Tagmatic Lancers & Archers
. Thematic Lancers & Archers
. Varangian Guard (Early)

. Byzantine
. Byzantine
. Byzantine Massed Archers
. Byzantine
. Byzantine
. Raw Byzantine Skutatoi & Archers

. Light Horse Archers (Pecheneg/Cuman)
. Horse Archers (Pecheneg/Cuman)

. Muslim Spearmen

. Raw Muslim Spearmen

. Veteran Muslim Spearmen

Skutatoi
Raw Skutatoi

Light Archers
Skutatoi & Archers

'Abid al-shira

. Muslim Irregular Foot
. Armoured Muslim Lancers (Superior)
. Dismounted (Superior) Armoured Muslim
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Lancers
41. Armoured Muslim Lancers (Average)

42. Dismounted (Average) Armoured Muslim Lancers

43. Muslim Lancers

44. Ghilman

45. Dismounted Ghilman

46. Muslim Cavalry (Light Spear)
47. Muslim War Elephants

48. Muslim Light Horse (Javelins)
49. Muslim Light Foot Archers
50. Muslim Light Javelinmen

51. Naffatun

52. Veteran Dailami Foot

53. Dailami Foot

54. Superior Indian Lancers

55. Indian Lancers
sentence_splits_diff: 70.00;

fwedu_hw:No of Right Mag. the ascension

Declination of the Stars deg

"d o

" Stars 1 149 48 55 6 7 45 S 6 A new

Star, the Comet compared May 18

and

19 at night 22 151 25 27 6 52 25 6 A
Star of the Sextant, Comet compared

May 14, 15, 16, and 17 2 153 25
50 36 7 A new Star, Comet compa
May 17, 18, 19, and 20 3 153 33
12 52 8 A new Star, Comet compa

25 5
red
85
red

May 20, 21, 22, 23, and 24 27 153 35
49 3 10 3 6 A Star of the Sextant,
Comet compared June 3 4 153 42 34 4
28 35 10 A new Star, Comet compared
May 24, 25, 26, 27, and 28 5 153 42
34 521 5 10 A new Star, Comet
compared May 20 6 153 46 21 7 58 55 8
A new Star, Comet compared May 14 7
153 47 22 7 12 32 10 A new Star,
Comet compared May 14 8 153 57 40 8
19 29 10 A new Star, Comet compared
May 13 9 154 7 39 4 13 20 10 A new
Star, Comet compared May 30 10 154 47
30 12 21 11 7 A new Star, Comet
compared May 7 11 154 52 21 11 52 46
9 A new Star, Comet compared May 8 12
154 57 2 13 39 6 7 A new Star, Comet
compared May 6 1 156 8 56 15 5 53 6
A Star of the Hydra Phi2, Comet
compared May 5 13 156 8 15 11 1 27 7
A new Star, Comet compared May 9 2
156 43 56 15 37 38 5 Phi3 of the
Hydra, Comet compared May 5 14 156 58
8 19 36 31 9 A new Star, Comet
compared May 13 15 157 40 41 9 21 39
8 A new Star, Comet compared May 3 16
159 25 32 8 34 41 6 A new Star,
Comet compared May 12 17 159 26 5 25
31 55 7 A new Star, Comet compared
May 1 17.1 160 @ 28 25 36 24 9 A new
Star 18 322 3 15 20 52 19 8 A new
Star, Comet compared April 17 in the
Morning 19 322 25 3 20 41 56 7 A new
Star, Comet compared April 17 in the
Morning 49 323 25 38 17 12 5 3 Delta
of Capricorn, Comet estimated April
14 and 15 in the Morning 20 325 10 5
11 26 3 7 A new Star, Comet compared
April 7 and 8 in the Morning 21 326
12 50 9 42 @ 7 A new Star, Comet
compared April 6 in the Morning 30
327 41 29 7 40 52 6 A Star of
Aquarius, Comet compared April 1 in




10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.
21.

22.

23.

24.

the Morning 22 329 11 24 8 41 31 7 A
new Star, Comet compared April 2 in
the Morning 5 344 4 32 @ 48 @ N 6 A
of Pisces, Comet compared and
estimated February 14 23 348 33 20 1
7 28 8 A new Star, Comet compared
January 31 and February 1 8 348 38 36
@ 3 40 S 5 Kappa' of Pisces, Comet
compared February 3 and 4 24 348 49
10 @ 32 29 N 8 A new Star, Comet
compared February 1 25 349 40 54 1 1
14 8 A new Star, Comet compared
January 27 and 28 26 350 44 16 @ 50
56 10 A new Star, Comet compared
January 25 27 350 52 16 1 5 8 10 A
new Star, Comet compared January 23
16 351 @ 1 @ 44 48 6 A Star of Pisces
, Comet estimated January 25, 27, and
28 28 352 13 51 6 40 8 A new Star,
Comet compared January 21 and 22 18
352 26 6 @ 25 53 5 Lambda of Pisces,
Comet estimated January 21
fwedu_simp:1. 149 48 55 6 7 45 S A new

Star was seen on May 18 and 19 at
night.

. 153 25 27 6 52 25 6 A Star of the Sextant was

seen on May 14, 15, 16, and 17.

. 153 33 8 5 12 52 8 A new Star was seen on May

17, 18, 19, and 20.

. 153 35 49 3 10 3 6 A Star of the Sextant was

seen on June 3 and 4.

. 153 42 34 5 21 5 10 A new Star was seen on

May 24, 25, 26, 27, and 28.

. 153 46 21 7 58 55 8 A new Star was seen on

May 14.

. 153 47 22 7 12 32 10 A new Star was seen on
May 14.

. 153 57 40 8 19 29 10 A new Star was seen on
May 13.

. 154 7 39 4 13 20 10 A new Star was seen on
May 30.
154 47 30 12 21 11 7 A new Star was seen on
May 7.
154 52 21 11 52 46 9 A new Star was seen on
May 8.
154 57 2 13 39 6 7 A new Star was seen on
May 6.

156 8 56 15 5 53 6 A Star of the Hydra Phi2
was seen on May 5.

156 8 15 11 1 27 7 A new Star was seen on
May 9.

156 43 56 15 37 38 5 Phi3 of the Hydra was
seen on May 5.

156 58 8 19 36 31 9 A new Star was seen on
May 13.

157 40 41 9 21 39 8 A new Star was seen on
May 3.

159 25 32 8 34 41 6 A new Star was seen on
May 12.

159 26 5 25 31 55 7 A new Star was seen on
May 1.

160 @ 28 25 36 24 9 A new Star was seen.
322 3 15 20 52 19 8 A new Star was seen on
April 17 in the Morning.

322 25 38 17 12 5 3 Delta of Capricorn was
seen on April 14 and 15 in the Morning.
325 10 5 11 26 3 7 A new Star was seen on
April 7 and 8 in the Morning.

326 12 50 9 42 @ 7 A new Star was seen on
April 6 in the Morning.

25.

26.

27.

28.

29.

30.

31.

32.

83,

34.

35.

36.

327 41 29 7 40 52 6 A Star of Aquarius was
seen on April 1 in the Morning.

329 11 24 8 41 31 7 A new Star was seen on
April 2 in the Morning.

344 4 32 @ 48 @ N A of Pisces was seen and
estimated on February 14.

348 33 20 1 7 28 8 A new Star was seen on
January 31 and February 1.

348 38 36 @ 3 40 S Kappa' of Pisces was seen
on February 3 and 4.

348 49 10 @ 32 29 N A new Star was seen on
February 1.

349 40 54 1 1 14 8 A new Star was seen on
January 27 and 28.

350 44 16 @ 50 56 10 A new Star was seen on
January 25.

350 52 16 1 5 8 10 A new Star was seen on
January 23.

351 @ 1 @ 44 48 6 A Star of Pisces was seen
and estimated on January 25, 27, and 28.

352 13 51 6 40 8 A new Star was seen on
January 21.

352 26 6 @ 25 53 5 Lambda of Pisces was seen
and estimated on January 21.
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Contrastive Decoding for Synthetic Data Generation
in Low-Resource Language Modeling
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Abstract

Large language models (LLMs) are trained on
huge amounts of textual data, and concerns
have been raised that the limits of such data
may soon be reached. A potential solution is to
train on synthetic data sampled from LLMs. In
this work, we build on this idea and investigate
the benefits of contrastive decoding for gener-
ating synthetic corpora. In a controlled setting,
we experiment with sampling corpora using the
relative difference between a GOOD and BAD
model trained on the same original corpus of
100 million words. By amplifying the signal
from a model that has better performance, we
create a synthetic corpus and mix it with the
original training data. Our findings show that
training on a mixture of synthesized and real
data improves performance on the language
modeling objective and a range of downstream
tasks. In particular, we see that training with a
mix of synthetic data from contrastive decoding
benefits tasks that require more reasoning skills,
while synthetic data from traditional sampling
helps more on tasks dependent on surface-level
linguistic capabilities.

) https://github.com/janulm/
CD-for-Synthetic-Data-Generation

1 Introduction

Large language models (LLMs) require enormous
amounts of text to achieve strong performance
(Kaplan et al., 2020; Hoffmann et al., 2022). For
the largest models, it has even been claimed that
current training regimes already consume the
vast majority of publicly available text on the
internet (Villalobos et al., 2024; Dubey et al.,
2024). The BabyLM Challenge (Charpentier
et al., 2025) emphasizes this point by asking what
can be learned under a strict budget of 100M
words, prioritizing data efficiency over raw scale,
mimicking the far more efficient language learning
capabilities of humans. Furthermore, not all
training data is equally beneficial (Eldan and Li,
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Original Corpus
Baseline Models
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Model Model
Contrastive Vanilla
Synthetic Corpus ~ Synthetic Corpus
Contrastive Vanilla
Synthetic Models Synthetic Models

Figure 1: Our synthetic data generation and training
pipeline: Start by training baseline LMs on a “real”
corpus (TinyBabyLM: human-written text + TinyS-
tories). The GOOD model is the best checkpoint;
the BAD model is a weaker variant, e.g., an earlier
checkpoint. We generate synthetic corpora via (i)
contrastive decoding (CD), and (ii) non-contrastive
ancestral (vanilla) sampling. We then train new models
on a mixture of the original and synthetic corpora. We
find that contrastive models improve the most over
the BASELINE in evaluations on reasoning-oriented
benchmarks, such as entity tracking.

2023; Gunasekar et al., 2023). The question thus
arises: How can we get more high-quality data in
a constrained setting? One proposed solution is to
generate synthetic data using existing pre-trained
models, thereby expanding the available corpus
without collecting more human-written text (Wang
et al., 2023; Eldan and L1, 2023; Gunasekar et al.,
2023; Abdin et al., 2024).

Generating synthetic data is non-trivial, however.
The quality of synthetic text may be hindered by
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noise, factual errors, or stylistic artifacts (Lin et al.,
2022; Huang et al., 2025). Models may also repli-
cate or even amplify biases from their training data
(Gallegos et al., 2024; Bender et al., 2021), and
generated text may diverge from the target distri-
bution, leading to potential degradation in down-
stream performance or model collapse (Dohmatob
et al., 2025; Gerstgrasser et al., 2024; Shumailov
et al., 2024). Moreover, producing high-quality
synthetic data is particularly difficult because lan-
guage models often hallucinate facts or repeat mem-
orized content from their original training corpus
(Bender et al., 2021; Lin et al., 2022).

This work explores the use of contrastive decod-
ing (CD) (Li et al., 2023) to generate synthetic data
in a controlled setting. CD is a decoding strategy
that takes advantage of the differences between a
GOOD model and a BAD model to produce more
coherent and informative text. In prior work, CD
has been largely restricted to improving the quality
of responses generated for inference-time tasks
(Li et al., 2023; O’Brien and Lewis, 2023; Chang
et al., 2024). In contrast, we use CD to synthesize
corpora to train new models from scratch. Our goal
is to know whether these inference-time benefits of
CD translate into gains when generating synthetic
data for training language models.

The high-level experimental approach is illus-
trated in Figure 1 and goes as follows.

1. Start with an original corpus (100M tokens,

BabyLLM setting (Charpentier et al., 2025)).

Train BASELINE models (100M-parameter
models based on the Llama 2 architecture
(Touvron et al., 2023)) on the original corpus.

Generate synthetic corpora (100M tokens
each) using CD and standard sampling.

Train models on the original and synthetic
corpora.

Evaluate models on downstream tasks and
compare to BASELINE.

We find that synthetic data improves perfor-
mance on the language-modeling objective and
downstream tasks. Moreover, tasks that emphasize
reasoning benefit most from CD-generated data,
whereas tasks emphasizing linguistic compe-
tence gain more from standard (non-contrastive)
sampling.
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2 Synthetic Data Generation for
Pre-training Language Models

Recent work shows that curated, high-quality
synthetic corpora can substantially boost data
efficiency for small or low-resource LMs (Eldan
and Li, 2023). Carefully constructed “textbook’-
style corpora improve generalization (Gunasekar
et al., 2023), and iterative pipelines that generate,
critique, and revise synthetic content have been
shown to boost reasoning-oriented capabilities
(Abdin et al., 2024). Domain-targeted corpora can
be especially effective: TinyStories demonstrates
that fully synthetic, child-directed narratives
enable 1-10M-parameter models to produce
multi-paragraph coherent and grammatical text
(Eldan and Li, 2023). For instruction following,
Self-Instruct bootstraps instruction-response pairs
from a seed set, leading to gains without additional
human annotation (Wang et al., 2023). These
results collectively suggest that synthetic data can
significantly increase downstream performance.

However, naive reuse of model-generated text
across generations can severly harm performance,
resulting in “model collapse” (Shumailov et al.,
2024; Gerstgrasser et al., 2024; Dohmatob
et al., 2025). Empirically, careful filtering,
diversification, and sustained mixing with real
data mitigate such risks while preserving gains
(Gerstgrasser et al., 2024). In this work, we
explore an orthogonal axis: decoding-control for
synthetic corpora. Specifically, we study whether
CD can produce higher-signal synthetic corpora for
pre-training under a tight data budget, compared
to non contrastive approaches.

3 Contrastive Decoding

Language-models. Following Cotterell et al.
(2024), let 3 be a set of tokens we call the vo-
cabulary, the Kleene closure ¥* be the set of all
strings built from 3, if p is a probability distribu-
tion over X* we say it is a language model. Then,
p(x; | ;) represents the model’s next-token prob-
ability, i.e., the probability that the next token is z;
given the preceding context & ; S 0Ty ... Ti_q.

Contrastive Decoding We now describe the CD
approach in detail. Let pg be a GOOD (better
performing) language model, and pg be a BAD
(worse performing) language model. Following Li
et al. (2023), we define Vieaq as the set of likely



tokens under pg:

Vhead (T<i) & {z; €3 : (D)

pc (x| £<;) > amaxpg (w | <)}
wWEY

Where « is a scalar hyper-parameter. The con-
trastive score CD for z; € Viead (T <;) is then de-
fined as follows:

logpa (2; | £<;) — Aogpp (z; | <),

where contrast strength is controlled by a
scalar A\. Further, if x; ¢ Vhead (<;) then
CD (z; | ®<;) € — inf. Typically, the contrastive
scores CD (- | & ;) are treated as logits giving rise
to a new probability distribution over 3 from which
we can decode the next token.

Background and variants. CD biases genera-
tion toward tokens preferred by a stronger GOOD
model while down-weighting those preferred by a
weaker BAD model, under the plausibility mask
Vhead (Li et al., 2023). Empirically, CD reduces
repetition and topic drift in open-ended genera-
tion and, without additional training, improves
reasoning-focused decoding compared to greedy or
nucleus (top-p) sampling (Li et al., 2023; O’Brien
and Lewis, 2023).

Several works adapt CD to lower its compute
and memory cost or to strengthen specific capa-
bilities. Phan et al. (2024) replace an explicit bad
model with a distilled proxy (e.g., via dropout or
quantization), retaining most of CD’s gains while
reducing memory. In retrieval or context-heavy set-
tings, Zhao et al. (2024) integrate CD with adver-
sarial negatives so that decoding remains grounded
in relevant passages. These methods focus on eval-
uating the CD-like inference performance, rather
than on generating pre-training corpora.

Relation to synthetic-data generation. A re-
lated approach is STEER, which performs con-
trastive expert guidance by subtracting a base
model from a fine-tuned domain expert and com-
bining it with negative prompting to generate syn-
thetic corpora for downstream fine-tuning (O’Neill
et al., 2023). In contrast, we use CD with a general
GOOD/BAD pair trained on the same base corpus
and treat CD as a data generator for pre-training:
we synthesize full corpora and then train new mod-
els from scratch on mixtures of real and synthetic
text. This lets us test whether CD’s inference-time

benefits translate into better pre-training signals,
and how they compare to vanilla sampling under a
fixed data budget.

4 Training on Synthetic Data

Given the success of CD in generating higher scor-
ing text for evaluations, we ask whether it can also
be employed to generate higher-quality text for pre-
training. This section describes our procedure for
generating synthetic corpora using CD and training
models on them.

4.1 Synthetic Corpus Generation

General Procedure. To ensure independence
from the training data, following (Wang et al.,
2023) we generate synthetic corpora from prefix
seeds that are held out from all training and eval-
uation data. The prefix seeds are evenly sampled
across the four data sources to preserve balance,
we describe this in more detail in Section 5.1. For
each prefix seed, we fix the first 20 tokens as a con-
text prefix, and then we sample continuations from
the target model. To ensure sufficient diversity and
corpus size, we produce eight completions of up to
400 tokens per seed. To sample each next token,
we use the decoding strategies described below. Us-
ing ~30.4K generation seeds we produce approxi-
mately 100M tokens for each decoding strategy.

Decoding Strategies. We mainly compare two
decoding settings that differ only in how candidate
tokens are scored before sampling. Let Vyead (<)
be the set of a-likely tokens of the GOOD distribu-
tion pg as defined in Eq. (1); If Vyead(T<;) is ap-
plied, tokens outside V}eqaq are assigned score —oo
(Li et al., 2023). Let the contrastive score CD(x; |
;) be as in Eq. (2). For CD we treat CD(- | <)
as a logit over Vyead(<;), i.e., we sample with
probabilities proportional to exp (CD(z; | ;).

1. NO-CONTRAST: Ancestral sampling from
pa (- | T<i).

2. CONTRASTIVE DECODING (CD): Ances-
tral sampling within Vyead(x<;) using logits
CD(z; | ;) (Eq. (2)), which promote tokens
preferred by pg over pp.

We also study the effect of truncating the sam-
pling support to further suppress low-probability
continuations as follows:

3. NO-CONTRAST + Vyeaq: Ancestral sampling
from pg (- | T<;) restricted to Viead(T<;)-



NO-CONTRAST + top-p: Ancestral sampling
from pg (- | ;) restricted to top-p selection
(Holtzman et al., 2020).

. NO-CONTRAST + top-k: Ancestral sampling
from pg (- | @ <;) restricted to top-k selection
(Fan et al., 2018).

CD with top-p: Ancestral sampling re-
stricted to the top-p after already restricting
to the Vhead (T <;) using logits CD(z; | ;)
(Eq. (2)).

CD with top-k: Ancestral sampling re-
stricted to the top-k after already restricting
to the Vhead (T <;) using logits CD(z; | ;)
(Eq. (2)).

We sweep k£ € {50,100,200} and p €
{0.90,0.95,0.97} and report effects on perfor-
mance in Section 6.4 and Table 4.

4.2 The BAD and GOOD Models

We consider three approaches to instantiate a BAD
model pp (details in Appendix A):

1) Smaller models that are 10x, 20x, 50x, and
100 smaller than the GOOD model, and, fol-
lowing (Li et al., 2023), selecting the check-
point with the best evaluation perplexity.

ii) Earlier checkpoints, e.g., if a GOOD check-
point is taken at step 2500, we test BAD check-
points at steps 2000, 1500, 1000 and 500.

iii) Attention dropout, where the BAD model
is the GOOD model, but run with attention
dropout rates {0.1,0.3,0.5,0.7} at inference
time (Phan et al., 2024).

Note on scale. Prior evaluations of CD use
billion-parameter GOOD models paired with much
smaller BAD models (e.g., OPT-13B vs. OPT-
125M; GPT-2-XL vs. GPT-2-small), and report that
performance improves as the GOOD-BAD scale
gap increases (Li et al., 2023, §7.1; Fig. 2). CD is
not limited to GOOD models that are several bil-
lion parameters or larger, e.g., as Li et al. (2023)
also show gains with GPT-2-XL (~1.5B). Howeyver,
the observed size-gap effect suggests that a strong
contrast may be harder to elicit at our ~100M-
parameter scale. Consistent with this, O’Brien
and Lewis (2023) find that smaller BAD models
help more than larger ones and that gains tend to

32

be stronger for larger GOOD models on reason-
ing tasks. We therefore investigate multiple BAD
model instantiations to identify how we can elicit a
sufficient contrastive signal at this scale (Li et al.,
2023; O’Brien and Lewis, 2023; Phan et al., 2024).

Hyperparameters. Following Li et al. (2023),
we use o = 0.1 for Vyeaq and the contrast strength
issetto A = 1.

The GOOD models. We describe how the better
models, pq, are selected in Section 5.2.

4.3 Training with Mixed Corpora

All models are trained from scratch to isolate the
effect of the synthetic corpora. For each decoding
method, we mix its 100M-token synthetic corpus
with the same 100M-token TinyBabyLLM corpus
(see Section 5.1) used for the baselines, while keep-
ing initialization seeds, training length, and opti-
mization hyperparameters identical to the baseline
runs. Batches contain 256 sequences of 1024 to-
kens with a fixed 70/30 mixture at the sequence
level (70% real, 30% synthetic) and are repeatedly
regrouped and re-tokenized to act as a data regular-
izer (see Section 5.2 and Appendix A).

We ablate the original/synthetic mixture and
report its effect on performance in Section 6.5.
Since initial testing indicated that the 70/30 mix-
ture achieved the strongest average performance
across tasks, we report results under this fixed ratio
in the main experiments.

S Experimental Details

5.1 TinyBabyLM Corpus

We start from the BabyLM 100M corpus and con-
struct a modified variant by replacing the CHILDES,
BNC and SWITCHBOARD portions with the syn-
thetic TinyStories (Eldan and Li, 2023). We add
a portion of TinyStories because Eldan and Li
(2023) show that their corpus, a constrained, child-
directed synthetic corpus enables very small mod-
els (1-10M parameters) to learn fluent, grammati-
cal multi-paragraph stories, making it a high-signal,
data-efficient addition for low-resource pretraining.
Concretely, we substitute ~39.7M words of TinyS-
tories for the removed words, yielding the follow-
ing composition: Gutenberg (27.4M), SimpleWiki
(14.9M), OpenSubtitles (17.7M) and TinyStories
(39.7M) (Eldan and Li, 2023; Gerlach and Font-
Clos, 2020; Lison and Tiedemann, 2016). We refer



to this modified corpus as ZinyBabyLM. The to-
tal amount of human-written+TinyStories text is
held at ~100M words; note that “words’ here de-
note whitespace-delimited tokens, so totals differ
from BPE token counts used during training (see
Section A). We partition TinyBabyLLM into three
disjoint splits: train (90.5M words), eval (8.9M
words), and seeds (600K words). The generation
seeds (a selection of ~30K paragraph start pre-
fixes) for synthetic generation are sampled exclu-
sively from the seeds split and are strictly disjoint
from all train and eval text. To maintain balance
across domains, the splits, seed, train and eval, are
distributed evenly across the four data sources.

5.2 Model Architecture & Training Setup

We use a decoder-only Transformer LLaMA-2
architecture with ~100M parameters (Touvron
et al.,, 2023): 12 layers, hidden size 768, 12
attention heads, MLP intermediate size 3072, and
a maximum context length of 1024 tokens. All
models are trained from scratch with the same
initialization scheme.

Tokenization is performed with a SentencePiece
BPE tokenizer (vocabulary size 32k) trained on the
TinyBabyLM corpus; the same tokenizer is used
for all experiments to ensure comparability (see
Appendix A for details).

Training uses a global batch of 256 sequences X
1024 tokens, AdamW with weight decay 0.1, and a
cosine learning-rate schedule: peak 1 x 1073, 150
warm-up steps, and decay to zero by step 8000. The
training duration is fixed to 8000 steps for every run
and checkpoints are saved every 500 steps. Each
experimental condition is repeated with n = 10
distinct random seeds.

Data pipeline (applies to all runs). Real and
synthetic corpora are stored as rows of text and, at
the start of training, are independently shuffled, tok-
enized, and split into fixed-length sequences. Sam-
pling proceeds until a corpus is exhausted, at which
point that corpus is reshuffled, and re-segmented
before resuming. This periodic resegmentation acts
as a regularizer and is applied identically to base-
line and mixed-data runs.

Good checkpoint selection. From each of the
n = 10 BASELINE seeds, we first select the saved
checkpoint with the lowest perplexity, forming the
candidate set X'. We then evaluate only X on the
full suite of tasks, convert scores to percentiles
within the task, average percentile across tasks, and
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choose as the GOOD model the checkpoint with
the highest average percentile.

5.3 Evaluation & Statistical Analysis

Benchmarks. We evaluate on the zero-shot
BabyLM evaluation suite! and report Perplexity
on the TinyBabyLM eval-split (see 5.1). The tasks
considered are:

L]

BLiMP: Benchmark of Linguistic Minimal Pairs
testing core English grammar linguistic compe-
tence (Warstadt et al., 2020).

BLiMP Supplement: BLiMP-style suite, ex-
tending to dialogue and question answering, fo-
cused on reasoning, syntax and semantics (Hu
et al., 2024; Warstadt et al., 2023).

EWoK: Checks for social/physical/world knowl-
edge and semantic understanding (Ivanova et al.,
2024).

Entity Tracking: Requires maintaining and
updating entity states across text to test memory
and state reasoning (Kim and Schuster, 2023).

* WUG: Evaluates morphology, evaluating on
adjective nominalization to estimate linguistic
generalization (Hofmann et al., 2025).

Reading: Compares model surprisal to hu-
man word-by-word reading times to assess
processing alignment (De Varda et al., 2023).

Eye-Tracking: Tests whether model predictabil-
ity tracks human eye-movement measures
during reading (De Varda et al., 2023).

The metric used for the Reading and Eye-
tracking tasks is the partial change (%) in the co-
efficient of determination, that is, the additional
proportion of variance explained. For the other
tasks, accuracy is used.

Per-task mean-max over checkpoints. For each
training method? m, benchmark task ¢, and initial-
ization seed s, we save checkpoints every 500 steps
and select the best checkpoint independently per
(m,t,s). Let Cp, + s denote the set of saved check-
points over the steps, and Sy, ¢ s(c) the task score
at checkpoint c. For higher-is-better tasks, we set

*

Cm,t,s

def
S arg max Sy s(c),
CEcmyf,,s

"https://github.com/babylm/evaluation-pipeline-2025
“Either BASELINE, or a pair of decoding strategy from 4.1
and bad model setting from 4.2


https://github.com/babylm/evaluation-pipeline-2025

Name ‘ Perplexity] BLiMP{ BLiMP Supp.t  Entity Trackingt EWoK? WUG?T Reading?  Eye Tracking?
GOOD 24.62 71.22 63.50 27.01 53.64 57.50 1.44 3.51
BASELINE | 24.46+0.10 71.03+0.27 64.10£0.60 27.82+1.18 53.1840.28 66.90+£2.47 1.76+£0.22 3.85+0.31

Table 1: Reference performance of the BASELINE (mean =+ s.e., n=10 independent runs; per-task mean—max
checkpointing per Section 5.3) versus the single fixed GOOD checkpoint. Because it is a single checkpoint chosen
once across seeds rather than per task, it can sit below the BASELINE mean on some tasks.

while for perplexity we take arg min. The selected
checkpoint ¢y, , . is then evaluated. This procedure
estimates the best attainable performance per task
under the fixed training budget and avoids coupling
to a single global checkpoint.

Paired bootstrap for statistical significance.
Evaluation of checkpoint cj, ; ¢ for task t yields
per-example outcomes ¥, ;s; for examples
1 1,...,N;. We use paired bootstrap with
B 1000 resamples to calculate confidence
intervals. For each (t,s) and bootstrap draw
b, sample the index-set I(") of size N, with
replacement from {1,..., N;} and apply the same
I® to all methods (pairing). We average out
uncertainty over the seeds:

=(b)

Ymit,s = N Z Ymit,si 3)
zel(b

= 4

mt |S‘ sez; m,t,s* ( )

As in (3), yfg?m is the mean for tasks with per-
example scalar scores (e.g., BLIMP, EWoK). For
metrics with task-specific aggregations (e.g., Per-
plexity or Reading), we substitute the appropriate
aggregation function and proceed identically. For a
comparison of two methods m; and ms, we form
the bootstrap difference distribution

(b) (b)

b
Alg ) - Mm1 t Mmz,

&)

We compute 95% confidence intervals via the
percentile method, Clgs = [pcty 5, pctgy 5] of
{Aib)}szl. A difference is deemed significant if
0 ¢ Clgs. We compute one-sided p-values in the
direction of the observed effect using the estimator
on the bootstrap differences {Agb)} {?21: for higher-
is-better tasks with A, > 0,

1422 AP <o}
- B+1

(6)

and if A; < 0 use > instead. For lower-is-better
metrics we swap the inequality accordingly.
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Aggregate reporting. For tables and figures, we

bold the best method per benchmark and mark sig-

nificant improvements/degradations relative to the

BASELINE. We report, for each method m and task

t, the bootstrap mean fi,,, ; and standard-error.
Om,t

Z[tmt, SEm,t = \/E

This analysis serves to estimate the maximum
achievable performance for each method, on each
task, given the training setup. Our aggregating
metric uARgrL 1S the mean relative performance,
across all tasks except Perplexity, vs. the BASE-
LINE—i.e., it is the average proportional change
given in percentages.

(N

,am,t

6 Results

6.1 BASELINE Performance

Table 1 summarizes the performance of our ref-
erence points, the GOOD and BASELINE results.
Recall that the BASELINE row reports the mean +
s.e. over n=10 independent runs under our per-task
bootstrapped mean—max evaluation (Section 5.3).
In contrast, the GOOD model is a single checkpoint
selected once, across seeds, using the selection pro-
cedure described in Section 5.2. As such GOOD
is broadly representative of a strong model but sits
slightly below the BASELINE mean on some tasks
(e.g., Perplexity, BLIMP Supplement) because it
cannot adapt per task. We use this fixed checkpoint
as the GOOD model in all subsequent synthetic
corpora and comparisons.

6.2 Contrastive vs. non-contrastive generation

Setup. Recall from Section 4.1 that we compare
the three generation settings for synthesizing the
100M-token corpora: (i) NO-CONTRAST, (ii) NO-
CONTRAST—Vygap, and (iii) CD . Among all
contrastive instantiations, using the early check-
point at 500 steps (CD-Early-500) emerged as
the strongest (see Section 6.3), and we use it as
our CD representative in this section. Results are
summarized in Table 2.



Name ‘ UAREL T ‘ Perplexity] ~ BLiMP{ BLiMP Supp.f  Entity Tracking? EWoK? WUGT Readingf  Eye Tracking?
Baseline - 24.46+0.10  71.03+0.27  64.1040.60 27.82+1.18 53.184£0.28  66.90+2.47  1.76+0.22 3.85+0.31
No-Contrast 2.96% 23.561+0.11"  72.09+0.17* 64.83+0.73 28.14+1.75 53.17£0.30  64.67+1.66* 1.91+0.25 4.31+0.33*
No-Contrast-V-Head | 0.66% 24.33+0.10*  71.67+0.24* 64.8610.74 25.47+1.40% 53.03+0.31  66.67+1.58  1.76+0.23  4.32+0.33*
CD-Early-500 4.90% 23.73£0.10*  71.724+0.19*  65.10+0.60* 30.38+0.65* 53.80+0.29* 70.554+2.32* 1.79+0.22 4.42+0.32*

Table 2: Task-by-task results for synthetic-data regimes. Entries are mean =+ s.e.; * denotes a significant difference
vs. BASELINE. CD-Early-500 attains the best overall yargr (+4.90%) and leads on BLiMP Supplement, Entity
Tracking, EWoK, WUG, and Eye Tracking, while NO-CONTRAST yields the lowest Perplexity, the best BLiMP and

Reading. Find relative change vs. BASELINE at Table 6

Aggregate performance. All synthetic regimes
beat BASELINE. CD delivers the strongest overall
gains (UAREL +4.90%), with the non-contrastive
variants lacking, see Table 2.

Language modeling (Perplexity). Perplexity
drops for every method. NO-CONTRAST attains
the lowest value (23.56), with CD close behind, so
non-contrastive sampling edges out CD slightly on
the LM objective, while CD still clearly improves
over BASELINE; see Table 2.

Metric CD vs NO-CONTRAST  Significance

+1.94pp
-0.7%
-0.5%
+0.4%
+7.3%
+1.2%
+8.2%
-6.2%
+2.5%

HARELCD — MARELNO-CONTRAST
Perplexity]

BLiMP?t

BLiMP Supp.t

Entity Tracking?

EWoK?t

WUG?T

Reading?t

Eye Tracking?

Table 3: Statistical significance and relative change of
CD-EARLY-500 vs. NO-CONTRAST by metric. En-
tries are percentage changes; for Perplexity ({), more
negative is better, while for all others (1), more pos-
itive is better. The “Significance” column reports
paired-bootstrap one-sided p-values per Section 5.3: *
p<0.05, ** p<0.01, *** p<0.001 (blank = not signif-
icant). puargr is shown as an absolute difference in
percentage points (pp).

Task-level pattern and head-to-head. CD per-
forms best on five tasks and shows significant gains
on five, notably on reasoning-/tracking-oriented
evaluations like BLIMP Supplement, Entity Track-
ing, and EWoK (see Table 2. In contrast, NO-
CONTRAST is best on three tasks with significant
effects on four, and it leads on core linguistic com-
petence with Perplexity and BLiMP. In direct statis-
tical comparisons (CD vs. NO-CONTRAST), as dis-
played in Table 3, NO-CONTRAST has a small but
significant edge on Perplexity and BLiMP, whereas
CD achieves significant, and generally larger, gains
on Entity Tracking, EWoK, and WUG. The remain-
ing tasks show no reliable difference.
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Is it the Viheaq mask or the contrastive log-
its? NO-CONTRAST—Vygap S€rves as a con-
trol that isolates the effect of restricting to the
a-head without any contrastive subtraction. If
head-masking alone explained CD’s gains, NO-
CONTRAST—Vyeap would mirror CD. It does not:
while NO-CONTRAST—Vygap modestly helps Per-
plexity (-0.51%) and Eye Tracking (+12.12%), it
significantly hurts Entity Tracking (—8.45%) and
yields small/neutral changes elsewhere (Table 2).
This suggest that the improvements are driven by
the contrastive logits and not the Vyeag constraint.

Takeaway. Mixing synthetic data consistently
helps. Among generation strategies, CD delivers
the strongest overall improvements and a clear ad-
vantage on reasoning-oriented benchmarks, while
NoO-CONTRAST remains best for the LM objec-
tive and BLiMP. The NO-CONTRAST—Vygap CON-
trol suggests that contrastive scoring, not head-
masking, is the key to CD’s benefits.

Name ‘ UAREL T ‘ Perplexity.

BASELINE | - | 24.46:£0.10

NO-CONTRAST 2.96% 23.56+0.11* (3.68%)
NO-CONTRAST-Top-k-200 | 3.65% 23.65+0.10* (3.29%)
CD-Small-20 3.55% 23.7340.14* (2.96%)
CD-Drop-0.7 3.29% 24.06+0.13* (1.65%)
CD-Early-500 4.90% 23.73+0.10* (2.98%)
CD-Early-500-Top-k-200 5.69% 23.77+0.10* (2.80%)

Table 4: Comparison of CD variants (early checkpoint,
smaller model, dropout) against non-contrastive base-
lines, including the best truncation configurations. The
best truncation for both regimes is Top-k=200; CD-
Early-500-Top-k-200 achieves the highest overall task
improvement at unchanged perplexity.

6.3 Searching for Effective CD Settings

We instantiate the amateur for contrastive decoding
using three settings (Section 4.2): (i) earlier check-
points, (ii) smaller models, and (iii) inference-time
attention dropout. We report the best setting from
each setting in Table 4 and the full results in Table 6
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Figure 2: Top-k and top-p truncation under ancestral
decoding. “Vanilla” denotes ancestral sampling from un-
modified logits after CD or NO-CONTRAST. On down-
stream tasks, k=200 is the strongest setting; perplexity
exhibits no single optimum. Full results in Table 6.

in the Appendix. While all CD versions give some
boost in performance, using an earlier checkpoint
gives the strongest signal.

6.4 Effect of truncation

Across both non-contrastive and contrastive gener-
ators, truncation yields at most modest gains, see
Figure 2 and Table 4, for the full sweep Table 6.
Benefits are largest for Top-k with £ = 200; nu-
cleus truncation is less reliable.

CD-EARLY-500-TOP-K-200 attains the best
aggregate improvement, increasing UAREL tO
5.69% (vs. 4.90% for CD-EARLY-500) at es-
sentially unchanged perplexity (23.77 vs. 23.73).
Slightly tighter truncation with CD—-EARLY-500-
Top-K—100 delivers the strongest Entity Tracking
(+19.02%) and the best EWoK (+1.44%), indicat-
ing that modest tail pruning can amplify the con-
trastive signal, with small trade-offs on Reading
Alignment and WUG.

For NO-CONTRAST, nucleus truncation
marginally improves perplexity but reduces
UAREL- In contrast, NO-CONTRAST-TOP-K-200
raises uARrgL to 3.65% while reducing perplexity.

Within our (limited) sweep, truncation can
provide additional headroom, especially for con-
trastive decoding. Light Top-k (k € [100,200])
appears to preserve diversity while reinforcing pref-
erences for higher-signal tokens.

36

uareL vs. BASELINE (%)

Perplexity A vs. BASELINE (%)

01 02 03

T T T
04 05 06 07 08
Synthetic data ratio
—@= LAREL —B - Perplexity A vs. BASELINE

Figure 3: Mixing ratio ablation for CD-generated syn-
thetic corpora (CD-Early-500), also see in Table 6. The
ratio indicates the fraction of synthetic data in train-
ing batches. uargr, is the mean relative improvement
over BASELINE across non-perplexity tasks; Perplex-
ity shows relative change vs. BASELINE;. A 30% mix
yields the best overall pargr (+4.90%), while 40% at-
tains the lowest perplexity (23.42).

6.5 Mixing Ratio Ablation

We analyze what proportion of the original and
CD-generated data is most beneficial by varying
their ratio. The results can be seen in Figure 3.
Note that all corpora were generated with the CD-
Early-500 setting. The full result are shown in the
Appendix in Table 6. A ratio of 30% synthetic
data performs best. Interestingly, similar ratios
have shown to perform well when including semi-
synthetic data in machine translation using back-
translations (Fadaee and Monz, 2018; Simonarson
et al., 2021).

7 Discussion

This work asks whether inference-time CD can be
repurposed as a corpus generator for improving
pre-training of language-models. Three findings
stand out.

Mixing synthetic data helps; CD helps most
where reasoning is required. Across the
BabyLM suite, adding any synthetic corpus to
TinyBabyLLM improves over the BASELINE trained
only on real text (Table 2). Among generators,
CD delivers the strongest aggregate gains (LAREL



+4.90% for standard sampling and +5.69% using
top-k) and the clearest advantages on reasoning-
and tracking-oriented tasks (BLiMP Supplement,
Entity Tracking, EWoK, WUG). By contrast, non-
contrastive sampling yields the lowest Perplexity
and leads on BLiMP, suggesting it better reinforces
core grammatical regularities. Together, these re-
sults support a practical division of labor: use CD
when downstream targets emphasize multi-step in-
ference, state maintenance, or world knowledge;
use vanilla sampling when the objective is to mini-
mize perplexity or to improve core grammaticality.
A combined approach could also be considered.

Contrastive scoring, not head masking, is
the key ingredient. The NO-CONTRAST—Vygap
control, which applies only the a-head mask from
the good model, does not replicate CD’s benefits
and can even hurt Entity Tracking. This indicates
that the subtraction against a worse model is doing
the heavy lifting. Intuitively, CD preserves high-
plausibility tokens while attenuating those over-
predicted by the amateur, reducing topical drift
and shallow heuristics that smaller or earlier check-
points tend to prefer effects that plausibly matter
most for reasoning-heavy benchmarks.

A practical amateur: earlier checkpoints are
a strong and simple choice. Among amateur
families, an earlier checkpoint of the same archi-
tecture (CD—EARLY-500) performs best in our
sweep (Table 6). This choice is attractive opera-
tionally: it requires no additional model training,
and produced a non-trivial contrast. Smaller-model
amateurs and dropout-only amateurs also work but
did not perform as well.

Broader implications. These results suggest that
inference-time guidance can be re-purposed into
corpus-level signal shaping: by subtracting the pref-
erences of a systematically weaker model, the gen-
erator appears to skew synthetic text toward trajec-
tories that contain constraints that more relevant
for reasoning tasks.

8 Limitations

Scale and budget. All experiments use ~100M-
parameter models, a fixed 8k-step budget, and an
English-only, curated TinyBabyLM corpus. Find-
ings may not transfer to larger scales, non-English
data, or web-scale pre-training.
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Amateur choice and hyperparameters. Al-
though multiple amateur families were explored,
the sweep is not exhaustive. The strongest setting
(EARLY-500) may depend on save frequency, opti-
mizer dynamics, or data order. We kept =0.1 and
A=1 fixed.

Compute and memory overhead. CD genera-
tion requires concurrent access to both expert and
amateur models at inference time, roughly dou-
bling activation memory and increasing genera-
tion latency. While dropout-based amateurs reduce
memory pressure, they did not consistently match
the early-checkpoint amateur in our setting.

Distributional narrowing. Head masking con-
strains support and can reduce lexical diversity;
while CD outperformed the head-only control, the
mask remains part of the procedure, which may
under-represent rare constructions. Effects on long-
tail generalization and stylistic diversity were not
directly measured.

Safety, bias, and factuality. No human eval-
uation of safety or factual correctness was con-
ducted, and no targeted bias audits were per-
formed. Although CD can downweight some
amateur-preferred artifacts, it may also amplify
biases present in the expert. More rigorous filter-
ing and auditing are needed for deployment-facing
settings.

Single iteration. We only consider a single itera-
tion of CD, in follow-up work we plan to consider
how repeated application of CD scales.
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Appendix
A  Model & Tokenizer Training Details

Model Details The architecture we use is a
LLaMA-2—-style decoder-only Transformer from
Touvron et al. (2023) with name=11ama-12-768:
12 layers, hidden size 768, 12 attention heads,
MLP intermediate size 3072, and maximum
context length 2048 tokens. All models use
dtype=float32 and the same tokenizer configu-
ration.

Tokenizer. We use a SentencePiece BPE tok-
enizer (vocabulary size 32,000) trained on the Tiny-
BabyLM corpus. Preprocessing follows Sentence-
Piece defaults, including Unicode normalization,
whitespace deduplication, and removal of control
characters. The identical tokenizer is used across
all experiments to ensure comparability.

Training Details, Data Mixing & Regrouping
Regularizer. Per-device batches contain 16 se-
quences of length 1,024 tokens; with 4 GPUs and
gradient accumulation of 4, the effective global
batch is 256 x 1,024 tokens.

For training with a (70% real, 30% synthetic)
mixture for each batch, the 256 sequences are sam-
pled from the original/synthetic corpus accordingly
to satisfy the required ratio at a sequence-ratio level.
To implement this mixture, the real and synthetic
corpora are stored as rows of text and, at the start
of training, each corpus is independently shuffied,
tokenized, and split into fixed-length sequences.
Sequences are then sampled until one corpus is
exhausted; the exhausted corpus is reshuffled, re-
tokenized, and re-split before sampling resumes.
This periodic resegmentation acts as a light regular-
izer by continually refreshing ordering and bound-
aries, and we apply the identical procedure in the
BASELINE runs for parity

We train with the causal language modeling ob-
jective (next-token prediction), minimizing token-
level cross-entropy (negative log-likelihood). Opti-
mization uses AdamW with 81 = 0.9, 85 = 0.999,
weight decay 0.1, and initial learning rate le—3.
The schedule is cosine with 150 warm-up steps, de-
caying to zero by step 8,000. All runs are executed
on a multi-GPU cluster with NVIDIA RTX 3090
or RTX 4090 GPUs.
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Table 5: Architectures used for the good and bad models.
All models share the same tokenizer and max position
embeddings (1024). The suffix in name (e.g., 5x, 10x)
indicates the intended scale relative to the expert.

Name

1lama-12-768 (GOOD)
1lama-10-512-5x
1lama-8-384-10x
1lama-6-256-20x
1lama-5-224-50x
1lama-4-192-100x

Layers Hidden Heads Intermediate Max pos

12 768 12 3072 1024
10 512 8 2048 1024

8 384 1536 1024
256 1024 1024
224 896 1024
192 768 1024

6
6 4
5 4
4 3

B Synthetic Generation Details

Framework and hardware. Synthetic text is
produced with a custom, PyTorch generation loop
designed for efficiency and flexibility. The loop
supports multi-GPU parallelization, per-token logit
transforms (for contrastive decoding), and caching.
All generation runs on the same multi-GPU
cluster used for training, typically 4x NVIDIA
RTX 3090/4090 GPUs.

C All Task Results

We give a comprehensive overview of model per-
formance in Table 6.



Name ‘ MAREL T ‘ Perplexity| BLiMP1 BLiMP Supp.t Entity Tracking?
BASELINE |- | 24.4620.10 71.03+0.27 64.100.60 27.82+1.18
No-Contrast-MR-0.3 296% | 23.56+£0.11* (3.68%)  72.09+0.17* (1.50%)  64.83+0.73 (1.15%)  28.14=1.75 (1.16%)
No-Contrast-Top-K-100-MR-0.3 | 249% | 23.81+0.11* (2.66%)  72.1240.26* (1.55%)  64.2240.69 (0.19%)  28.09+1.65 (0.98%)
No-Contrast-Top-K-200-MR-0.3 | 3.65% | 23.65+0.10" (3.29%)  71.78+0.21* (1.06%)  63.9840.69 (-0.19%)  26.96+1.23" (-3.08%)
No-Contrast-Top-K-50-MR-0.3 3.48% | 23.88+£0.10° (2.36%)  71.52+0.13* (0.69%) 64.45£0.83 (0.54%)  27.23:£1.64* (-2.13%)
No-Contrast-Top-P-90-MR-0.3 273% | 23.88+0.11* (2.37%)  71.96+0.14* (1.31%)  64.84+0.62 (1.16%)  26.1240.89* (-6.09%)
No-Contrast-Top-P-95-MR-0.3 233% | 23.74+0.12* (2.93%)  72.02+0.22* (1.40%) 64.50£0.63 (0.63%)  26.29+1.31* (-5.51%)
No-Contrast-Top-P-97-MR-0.3 2.11% | 23.61+0.10* (3.47%)  71.62+0.11* (0.83%)  64.33+£0.68 (0.36%)  27.29+1.48" (-1.91%)
No-Contrast-Top-V-Head-MR-0.3 | 0.66% | 24.33+0.10° (0.51%)  71.67+0.24* (0.91%)  64.864+0.74 (1.20%)  25.47+1.40" (-8.45%)
CD-Early-100-MR-0.3 242% | 24.02+0.11* (1.79%)  71.31£0.12* (0.40%)  63.54-0.63 (-0.87%)  26.19+1.51* (-5.87%)
CD-Early-1500-MR-0.3 426% | 24.04+0.14° (1.70%)  71.69+£0.26* (0.94%)  63.9240.57 (-0.28%)  27.78+1.19 (-0.15%)
CD-Early-2000-MR-0.3 206% | 24.28+0.16* (0.73%)  71.87+0.22* (1.19%)  63.82:£0.55 (-0.44%)  27.55-:1.47 (-0.98%)
CD-Drop-0.1-MR-0.3 -1.42% | 24.02+0.10° (1.78%)  71.55+0.20* (0.74%)  64.39+£0.60 (0.45%)  22.59-:0.93* (-18.80%)
CD-Drop-0.3-MR-0.3 0.99% | 24.09+0.19% (1.52%)  71.3940.14* (0.52%)  64.8640.64 (1.19%)  24.22+1.05* (-12.93%)
CD-Drop-0.5-MR-0.3 2.52% | 23.94+0.10* 2.11%)  71.80+0.28* (1.09%) 64.91£0.60 (1.27%)  28.72:1.00* (3.23%)
CD-Drop-0.7-MR-0.3 3.29% | 24.06+0.13* (1.65%)  71.79+0.31* (1.08%)  65.19+0.70 (1.71%)  28.91:£1.64* (3.91%)
CD-Small-100-MR-0.3 1.65% | 23.8140.14* (2.65%)  71.9740.27* (1.33%)  64.86+0.58 (1.19%)  29.59+1.14" (6.38%)
CD-Small-10-MR-0.3 3.66% | 23.86+£0.11* (2.44%)  71.95+0.22* (1.30%)  64.95+0.56 (1.33%)  27.68=1.21 (-0.49%)
CD-Small-20-MR-0.3 3.55% | 23.73+£0.14* 2.96%)  71.84+0.19* (1.15%)  64.09:£0.66 (-0.01%)  29.25-:1.32* (5.15%)
CD-Small-50-MR-0.3 230% | 23.73+£0.11* 2.97%)  71.97+0.23* (1.33%)  65.55-0.58" (2.27%)  29.28-:1.46" (5.26%)
CD-Small-5-MR-0.3 297% | 23.97+0.10* (1.99%)  71.46+0.11* (0.62%)  63.89+0.53 (-0.33%)  28.44+1.03* (2.25%)
CD-Early-500-MR-0.1 0.44% | 24.11£0.10* (1.42%)  72.114£0.21* (1.53%)  63.59+£0.49 (-0.79%)  27.22+1.16" (-2.17%)
CD-Early-500-MR-0.2 3.54% | 23.64+0.10* (3.36%)  72.49+0.18" (2.06%) 64.94+0.57 (1.31%)  31.25+1.12* (12.34%)
CD-Early-500-MR-0.3 490% | 23.7340.10° (2.98%)  71.7240.19* (0.98%)  65.10+0.60* (1.56%)  30.3840.65 (9.19%)
CD-Early-500-MR-0.4 3.54% | 23424013 (4.23%)  70.90+0.21 (-0.17%)  63.69+0.55 (-0.63%)  33.30-:0.84* (19.70%)
CD-Early-500-MR-0.5 1.82% | 23.64+0.16* (3.35%)  69.46:£0.20* (-2.21%) 62.84-£0.61* (-1.96%) 28.68-1.31* (3.09%)
CD-Early-500-MR-0.6 1.62% | 23.86:£0.09* (2.43%)  68.91:£0.21* (-2.98%) 62.30-£0.58" (-2.81%) 30.45-1.09* (9.47%)
CD-Early-500-MR-0.7 221% | 25.13£0.12* (-2.73%)  68.18£0.19* (-4.00%) 62.42+£0.67* (-2.62%) 31.01:£1.10* (11.48%)
CD-Early-500-MR-0.8 0.72% | 26.1440.11* (-6.86%)  67.4240.25* (-5.07%) 61.304+0.82* (-4.36%) 30.5740.60" (9.89%)
CD-Early-500-MR-0.9 1.16% | 30.0040.12* (-22.64%) 66.50+0.25* (-6.38%) 59.8640.79* (-6.62%) 31.76+1.11* (14.18%)
CD-Early-500-Top-K-100-MR-0.3 | 490% | 23.7940.12* (2.73%)  71.4940.18* (0.65%)  65.2940.80" (1.87%)  33.1140.62* (19.02%)
CD-Early-500-Top-K-200-MR-0.3 | 5.69% | 23.77+0.10° (2.80%)  71.874+0.35* (1.19%)  64.2340.59 (0.20%)  31.05+0.79* (11.61%)
CD-Early-500-Top-K-50-MR-0.3 | 4.64% | 23.90+0.12% (2.30%)  71.90£0.21* (1.23%)  64.74+0.68 (1.01%)  30.29+1.49" (8.89%)
CD-Early-500-Top-P-90-MR-0.3 | 491% | 23.74+0.10° (2.93%)  72.16+0.14* (1.60%)  64.6940.65 (0.92%)  30.43+1.07* (9.37%)
CD-Early-500-Top-P-95-MR-0.3 | 4.54% | 23.80+0.15* (2.69%)  71.36+0.27* (0.47%)  64.794+0.62 (1.09%)  32.56+0.74" (17.06%)
CD-Early-500-Top-P-97-MR-0.3 | 2.98% | 23.8640.13* 2.46%)  71.694+0.20* (0.94%)  64.54+0.56 (0.69%)  30.20-£0.92* (8.56%)
Name | pares T | EWoKt WUGTH Reading? Eye Tracking?
BASELINE | - 53.1840.28 66.90+2.47 1.76:£0.22 3.85+0.31
No-Contrast-MR-0.3 296% | 53.1740.30 (-0.01%) 64.67+1.66* (-3.34%) 1.9140.25 (8.34%)  4.31+0.33* (11.92%)
No-Contrast-Top-K-100-MR-0.3 | 2.49% | 53.434+0.32 (0.48%)  66.71£2.15 (-0.28%)  1.854+0.27 (4.65%)  4.2340.38 (9.86%)
No-Contrast-Top-K-200-MR-0.3 | 3.65% | 53.5240.32 (0.64%)  67.81+1.53 (1.36%)  1.96+0.26 (10.76%) 4.43+0.35* (15.01%)
No-Contrast-Top-K-50-MR-0.3 3.48% | 53.374+0.30 (0.37%) 67.38+1.82(0.71%)  1.9740.27 (11.83%) 4.33+0.36* (12.38%)
No-Contrast-Top-P-90-MR-0.3 2.73% | 53.36+0.27 (0.35%)  66.25+2.05 (-0.97%)  1.9440.23 (9.92%)  4.37+0.32* (13.44%)
No-Contrast-Top-P-95-MR-0.3 233% | 53.4140.32 (0.45%)  66.44+1.52 (-:0.69%)  1.9040.26 (7.51%)  4.33+0.35* (12.51%)
No-Contrast-Top-P-97-MR-0.3 2.11% | 53.2440.28 (0.12%)  66.00+1.63 (-1.35%)  1.8740.24 (6.20%)  4.26+0.32* (10.51%)
No-Contrast-Top-V-Head-MR-0.3 | 0.66% | 53.0340.31 (-0.27%) 66.67+1.58 (-0.35%)  1.76+0.23 (-0.54%) 4.32+0.33* (12.12%)
CD-Early-100-MR-0.3 242% | 53.1940.30 (0.03%)  66.83+1.58 (-0.10%)  1.8940.25 (7.02%)  4.48+0.34* (16.30%)
CD-Early-1500-MR-0.3 426% | 53.61+0.31 (0.81%)  67.89+2.26 (1.48%)  2.034+0.26 (14.95%) 4.32+0.34* (12.09%)
CD-Early-2000-MR-0.3 206% | 53.3040.29 (0.23%)  68.67+1.67 (2.64%)  1.80+0.24 (2.23%)  4.22+0.35 (9.55%)
CD-Drop-0.1-MR-0.3 -1.42% | 53.1140.29 (-0.12%)  65.3342.11 (-2.34%)  1.814+0.24 (2.80%)  4.14+0.32 (7.36%)
CD-Drop-0.3-MR-0.3 0.99% | 53.43+0.31 (0.48%)  67.28+1.37 (0.56%)  1.914+0.26 (8.15%)  4.20+0.33 (8.95%)
CD-Drop-0.5-MR-0.3 2.52% | 53.1740.33 (-0.00%) 68.28+1.74 (2.06%)  1.7540.24 (-0.72%) 4.2740.33 (10.74%)
CD-Drop-0.7-MR-0.3 329% | 53.6240.40 (0.83%)  66.80+1.72 (-0.15%)  1.904+0.35 (7.76%)  4.16+0.44 (7.92%)
CD-Small-100-MR-0.3 1.65% | 53.36+0.28 (0.34%)  66.20+1.61 (-1.05%)  1.684+0.21 (-4.65%) 4.16+0.31 (7.99%)
CD-Small-10-MR-0.3 3.66% | 53.50+0.32(0.61%) 68.80+£2.24 (2.84%)  1.9340.24 (9.12%)  4.27+0.31* (10.87%)
CD-Small-20-MR-0.3 3.55% | 53.4540.27 (0.50%)  69.05+2.53 (3.21%)  1.7940.22 (1.59%)  4.37+0.31* (13.29%)
CD-Small-50-MR-0.3 230% | 53.2940.28 (0.20%)  66.45+1.54 (-0.67%)  1.7840.23 (1.13%)  4.10+0.31 (6.54%)
CD-Small-5-MR-0.3 297% | 53.2340.30 (0.09%)  67.40+1.37 (0.75%)  1.8340.22 (3.74%)  4.38+0.32* (13.68%)
CD-Early-500-MR-0.1 -0.44% | 53.45+0.33 (0.51%)  66.10+1.44 (-120%)  1.6940.22 (-4.08%) 3.97+0.32 (3.09%)
CD-Early-500-MR-0.2 3.54% | 53.53+0.27 (0.66%)  66.35+1.48 (-0.82%)  1.7840.23 (0.79%)  4.18+0.31 (8.41%)
CD-Early-500-MR-0.3 490% | 53.80+0.29* (1.18%) 70.55+2.32* (5.46%)  1.7940.22 (1.30%)  4.42+0.32* (14.64%)
CD-Early-500-MR-0.4 3.54% | 53.4140.28 (0.44%)  66.50+1.87 (-0.60%)  1.7440.23 (-1.19%) 4.13+0.31 (7.27%)
CD-Early-500-MR-0.5 1.82% | 53.364+0.29 (0.34%)  67.00+1.76 (0.15%)  1.7740.22 (0.34%)  4.35+0.32 (12.98%)
CD-Early-500-MR-0.6 1.62% | 53.04+0.31 (-0.25%) 68.35+1.89 (2.17%)  1.6940.22 (-4.36%) 4.24+0.32 (10.10%)
CD-Early-500-MR-0.7 221% | 52.9140.28 (-0.50%) 64.75+1.85 (-321%)  1.8240.23 (2.95%)  4.29+0.34 (11.37%)
CD-Early-500-MR-0.8 0.72% | 52.7340.31 (-0.85%) 64.28+1.89* (-3.92%) 1.8040.24 (1.79%)  4.15+0.32 (7.59%)
CD-Early-500-MR-0.9 1.16% | 52.5740.31 (-1.13%)  65.06+1.23 (-2.76%)  1.7940.25 (1.35%)  4.22+0.34 (9.50%)
CD-Early-500-Top-K-100-MR-0.3 | 490% | 53.94+0.36" (1.44%) 67.4442.13 (0.80%)  1.73+0.26 (-2.20%)  4.34+0.35* (12.74%)
CD-Early-500-Top-K-200-MR-0.3 | 5.69% | 53.6140.31 (0.82%)  67.90+2.00 (1.49%)  1.92+0.25 (8.73%)  4.46+0.33* (15.78%)
CD-Early-500-Top-K-50-MR-0.3 | 4.64% | 53.47+0.32 (0.55%)  67.56+2.48 (0.99%)  1.93+0.26 (9.49%)  4.25+0.35 (10.30%)
CD-Early-500-Top-P-90-MR-0.3 | 4.91% | 53.6840.30 (0.94%)  68.35+1.44 (2.17%)  1.8540.23 (4.59%)  4.4240.33* (14.77%)
CD-Early-500-Top-P-95-MR-0.3 | 4.54% | 53.60+0.29 (0.80%)  65.78+1.99 (-1.68%)  1.8240.24 (2.86%)  4.2840.33 (11.14%)
CD-Early-500-Top-P-97-MR-0.3 | 2.98% | 53.63+0.30 (0.86%)  64.85+1.50 (-3.06%)  1.82+0.22 (3.06%)  4.23+0.31 (9.84%)

Table 6: Full sweep of all experiments. Naming scheme: NO-CONTRAST = ancestral sampling from pg; NO-
CONTRAST—Vypap = ancestral sampling restricted to the a-head Vyeaq(+) of pg; CD—EARLY-k = contrastive
decoding with the amateur pp taken as an earlier training checkpoint at step k; CD—SMALL—r = pp is a smaller
model (about rx fewer parameters than pg); CD-DROP—p = pp is pg run with attention dropout rate p at inference;
CD-SYNTH-RATIO—¢ = training mixture uses synthetic fraction g. G2500 denotes the fixed GOOD checkpoint
used for generation (selected at training step 2500). Other conventions follow the universal caption: means +
s.e.; * indicates significance vs. BASELINE; parentheses give relative change vs. BASELINE; yaARpL averages
non-perplexity tasks; Reading/Eye Tracking values are the % increase in variance explained after adding the LM

features.
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Abstract

We present MoE-MLA-RoPE, a novel archi-
tecture combination that combines Mixture
of Experts (MoE) with Multi-head Latent At-
tention (MLA) and Rotary Position Embed-
dings (RoPE) for efficient small language mod-
els. Our approach addresses the fundamental
trade-off between model capacity and computa-
tional efficiency through three key innovations:
(1) fine-grained expert routing with 64 micro-
experts and top-k selection, enabling flexible
specialization through (%) =~ 3.6 x 107 pos-
sible expert combinations; (2) shared expert
isolation that dedicates 2 always active experts
for common patterns while routing to 6 of 62
specialized experts; and (3) gradient-conflict-
free load balancing that maintains expert uti-
lization without interfering with primary loss
optimization.

Extensive experiments on models ranging from
17M to 202M parameters demonstrate that
MoE-MLA-RoPE with compression ratio r =
d/2 achieves 68% KV cache memory reduc-
tion and 3.2x inference speedup while main-
taining competitive perplexity (0.8% degrada-
tion). Compared to the parameters with 53.9M
parameters, MoE-MLA-RoPE improves the
validation loss by 6.9% over the vanilla trans-
formers while using 42% fewer active param-
eters per forward pass. FLOP-matched exper-
iments reveal even larger gains: 11.1% im-
provement with 3.2x inference acceleration.
Automated evaluation using GPT-4 as a judge
confirms quality improvements in generation,
with higher scores on coherence (8.1/10), cre-
ativity (7.9/10) and grammatical correctness
(8.2/10). Our results establish that architec-
tural synergy, not parameter scaling, defines
the efficiency frontier for resource-constrained
language model deployment.

1 Introduction

The deployment of language models in resource-
constrained environments, such as mobile devices,
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embedded systems, and edge computing platforms,
requires fundamental architectural innovations be-
yond the reduction of simple parameters (28). Al-
though large-scale models demonstrate remarkable
capabilities (1; 22), their computational and mem-
ory requirements prohibit deployment on billions
of devices around the world. Recent work on con-
strained domain modeling (6) reveals that mod-
els with fewer than 100M parameters can achieve
linguistic fluency when architectures are carefully
designed for efficiency.

This paper introduces MoE-MLA-RoPE, a novel
architecture that unifies three orthogonal efficiency
mechanisms: Mixture of Experts (MoE) (24; 8)
for sparse computation, Multi-head Latent Atten-
tion (MLA) (17) for memory-efficient attention,
and Rotary Position Embeddings (RoPE) (25) for
parameter-free position encoding. We demon-
strate that these techniques address complementary
bottlenecks: MoE reduces computational FLOPs
through conditional routing, MLA compresses
memory via low-rank key-value projections, and
ROPE eliminates position embedding parameters
while improving length generalization.

Our key insight is that expert specialization in
MOoE can compensate for information loss from
MLA’s compression, while MLA’s memory savings
enable deploying more experts within the same
memory budget. This creates a positive feedback
loop: more experts enable better specialization,
which in turn allows more aggressive compression
without quality degradation.

Contributions:

1. Architectural Innovation: We present the first
systematic integration of fine-grained MoE with
compressed attention mechanisms, demonstrat-
ing that their synergy creates a new Pareto fron-
tier for efficiency-quality trade-offs in small
models.
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2. Theoretical Analysis: We provide formal com-
plexity analysis and empirical validation show-
ing that MoE-MLA synergy yields multiplica-
tive rather than additive efficiency gains, with
expert specialization provably compensating for
compression-induced information loss under
mild assumptions.

Gradient-Conflict-Free Training: We suc-
cessfully adapt auxiliary-loss-free load balanc-
ing (12) to small-scale models, achieving bal-
anced expert utilization without the training in-
stabilities typically associated with auxiliary
losses.

Comprehensive Evaluation: Through ex-
tensive experiments on models from 17M
to 202M parameters, we establish consis-
tent improvements across multiple evaluation
paradigms: parameter-matched (6.9% improve-
ment), FLOP-matched (11.1% improvement)
and automated quality assessment using state-
of-the-art LLLMs as judges.

Open-Source Release: We will release all the
code, model checkpoints, and training recipes
to facilitate reproducible research in efficient
architectures.

2 Background and Related Work

2.1 Mixture of Experts

The MoE paradigm replaces monolithic feedfor-
ward networks with a collection of expert networks
€ ={E,...,En} and a learned routing function
G : R* — AN~ that assigns inputs to experts.

N

MoE(z) = (1)

where G(x) € AN~! denotes the probability
simplex over NV experts. Modern implementations
employ sparse top-k routing (24), activating only
k < N experts:

J GTopK

MOEsparse («T ) = Z
1€TopK(G(z),k) Z
(2)
This reduces computational complexity from
O<N Amoderdst ) to O(kdmodeldff +N dmodel)» where
the routing overhead becomes negligible for large

ds.

Fine-Grained Expert Design. DeepSeek-
MoE (4) introduced fine-grained segmentation,
replacing N experts of dimension dg with mN
experts of dimension dg/m, while activating mk
experts to preserve computational budget. This
exponentially increases routing flexibility: from
( ) to ( ) possible combinations.

Load Balancing Challenges. MOoE training faces
the fundamental challenge of balanced expert uti-
lization. Traditional approaches add auxiliary
losses (8):
»Ctota] = »Cprimary +a- »Cbalance (3)
However, these auxiliary terms introduce gradi-
ent conflicts. Recent work (12) proposes gradient-

free dynamic bias adjustment that modifies routing
logits without affecting gradients:
) C))

where fi(t) represents the fraction of tokens routed
to expert ¢ at step .

£
7O

logitsgtﬂ) = Wf:r + bgt) - (

2.2 Multi-Head Latent Attention

Standard multi-head attention (MHA) computes
attention weights between queries and keys:

Attention(Q, K, V') = softmax (QKT) V(%)
s Vi

For each head h, projections are computed as:

Qn=XW2, K,=XWK v,=xw)
(0)
MLA (17) introduces low-rank factorization for
keys and values:

K, =X Wik wl )
~—~—

cRAxr ERTXdk

V=X Wy WY
~—~ =~
cRdXr eRerk

(®)

During inference, only compressed representa-
tions O = XWX and C} = XW,'* are cached,
reducing memory from O(nHdy) to O(nHr)
when r < d..
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2.3 Rotary Position Embeddings

ROPE (25) encodes absolute positions through ro-
tation matrices applied to query-key pairs:

RoPE(zy,, m) = R m®m )

where Rg ,, is a block-diagonal rotation matrix
with learnable frequencies ©. This enables model-
ing relative positions through the inner product:

<R6,mQa R@,nk> = <Qa R@,n—mk> (10)

eliminating explicit position embeddings while
improving extrapolation to unseen sequence
lengths.

2.4 LLM-as-a-Judge Evaluation

Recent work has established the reliability of us-
ing large language models as automated evaluators
for generation quality (29; 2). GPT-4 in particu-
lar has shown strong correlation with human judg-
ments when provided with structured evaluation
criteria (16). This approach enables scalable and
reproducible evaluation while avoiding the cost and
variability of human annotation.

3 Method

3.1 Architecture Design

MoE-MLA-RoPE integrates MoE routing, latent
attention compression, and rotary position encod-
ing within a unified framework. Each transformer
block processes inputs through:

A = 2 4 MLA-RoPE(LayerNorm(z")))
(11)

2 = b 4 MoE(LayerNorm(h(¥))  (12)

where MLA-ROPE denotes our latent attention
with integrated rotary embeddings.

Fine-Grained MoE Configuration. Our archi-
tecture employs hierarchical expert design:
* Total experts: N = 64 fine-grained experts

Shared experts: N; = 2 always-active experts
for common patterns

Routed experts: N, = 62 specialized experts

Active selection: Top-k = 6 routing among spe-
cialized experts

Expert capacity: Each expert has %x standard
FFN capacity
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« Effective capacity: (N, +k) x 1 = 2x standard
FFN
This configuration provides (%) 3.6 x
107 possible expert combinations, enabling fine-
grained functional specialization.

~
~

Gradient-Free Load Balancing. We implement
auxiliary-loss-free balancing through dynamic bias
adjustment:

Algorithm 1 Gradient-Free Load Balancing

1: Initialize bias b; = 0 for all experts ¢
2: for each training step ¢ do
3 Compute routing logits: ¢; = (Wyx); + b;
4:  Route tokens using TopK(softmax(¢))
. ¢ _ tokenst t
5. Track expert loads: f; = ==oorerbert ?0?21)1? :
6:  Update bias: b; < b; — vy(f; — K)
7: end for

This approach maintains balanced utilization (co-
efficient of variation < 0.1) without gradient inter-
ference.

Latent Attention Integration. Our MLA im-
plementation shares compression matrices across
heads while maintaining head-specific reconstruc-
tion:

CK = XwWhe e R™"  (shared across heads)

(13)
Kj, = CKW[r ¢ R™ 4 (head-specific) (14)

ROPE is applied after head-specific projection
but before attention computation, preserving rela-
tive position information in the compressed space.

3.2 Theoretical Analysis

We provide a comprehensive theoretical foundation
for understanding the efficiency gains and perfor-
mance characteristics of MoE-MLA-RoPE. Our
analysis encompasses computational complexity,
memory efficiency, approximation guarantees, and
convergence properties.

3.2.1 Notation and Problem Setup

Let X C R? denote the input space, with sequence
length n and model dimension d. We consider a
transformer with L layers, H attention heads per
layer, and head dimension d, = d/H. For MoE
components, let N denote total experts, N shared
experts, N, = N — N, routed experts, and k the
number of active routed experts per token. The



compression ratio is denoted p = r/d where r is
the latent dimension.
Define the following function classes:

e Fmua: Standard multi-head attention trans-
formers

e Fmra: Transformers with latent attention
compression

* Fmok: Transformers with mixture of experts

* FMmoe-MLA: Our proposed architecture com-
bining both

3.2.2 Computational Complexity Analysis

We first establish precise complexity bounds for
each architectural component.

Attention Complexity: For the sequence length
n and the dimension of the model d, the computa-
tional complexity per layer is:

Cyvua = 4nd? + 2n2d (15)
Cymia = 2nd? + 2ndr + 2n°r (16)
= 2nd*(1 + p) + 2n2dp (17)

where the first term represents linear projections
and the second term is the attention computation.

For standard MHA, we compute @), K,V pro-
jections (3nd? operations), attention scores (n’d
operations), attention-weighted values (n?d opera-
tions) and output projection (nd? operations).

For MLA, we compute () projection (nd?), com-
pressed K, V projections (2ndr), attention in com-
pressed space (2n°r), reconstruction projections
(2nrd), and output projection (nd?). Substituting
r = pd yields the stated complexity.

MoE Complexity: The per-token computational
complexity of sparse MoE with [NV experts is:

N/N,

active

+ O(N,d?/N) (18)
N————

shared

kd?

Cmoe = O(AN)+ O (
——

routing

Routing requires computing scores for all N ex-
perts. Each expert has capacity d?/N (assuming
equal distribution). We activate k routed experts
plus Ng shared experts, yielding the stated com-
plexity.

Overall Computational Efficiency: For sequence
length n, model dimension d, and compression
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ratio p = r/d, the computational complexity per
layer of MoE-MLA-RoPE is:

OMoe-MLA = O (nde

k+ N,
+ nd? (l—l—p—l- * >) (19)
achieving an asymptotic speedup factor % . ﬁ
over standard transformers as n — oo.
Combining the analyses above:
CMmoE-MLA = CMmLA + CMoE — CrEN (20)
= 2nd?(1 + p) + 2n3dp
k + N,)d?
+ O(dN) +0 (H))
N
— dnd? 21
=0 <n2dp
k+ N,
+ nd? (1—|—p—|— + >) 22)

The standard transformer has complexity
O(n?d + 6nd?). For large n, the attention

. . . O(n?d)
term dominates, giving the speed-up OnZdp) =
1

~. For the FFN component, the speedup is

O(4nd2) AN
O(nd?(k+Ns)/N) — k+Ns*

3.2.3 Memory Efficiency Analysis

KV Cache Memory Reduction: The KV cache
memory requirement for MoE-MLA-RoPE is:

MMOE—MLA =2nLHr = 27”LLHd,0 (23)
achieving memory reduction factor (1 — p) com-
pared to standard transformers requiring Mya =
2nLHd.

During autoregressive generation, we cache com-
pressed representations C, C'V' € R™*" for each
of H heads in L layers. The total memory is
2xnx LxHxr = 2nLHr. Standard transformers
cache full K,V € R"*?, requiring 2nL Hd mem-

. . 2nLHr
ory. The reduction factor is 1 — SnLHd

=1-—p.

3.2.4 Theoretical Implications

Our theoretical analysis reveals several key in-
sights.

1. Multiplicative Efficiency Gains: MoE and
MLA target orthogonal bottlenecks, which
yield multiplicative rather than additive im-
provements.



2. Optimal Compression Ratio: The above
analysis suggests that an optimal compression
ratio exists where the expert specialization
compensates maximally for information loss.
Our empirical finding of p = 1/2 aligns with
this theory.

Scaling Benefits: The convergence analysis
indicates that larger models with more ex-
perts can tolerate more aggressive compres-
sion, which explains our observed scaling
trends.

Stable Training: It is possible to have bal-
anced expert utilization without gradient in-
terference, crucial for stable training at small
scales, where auxiliary losses often cause in-
stability.

These theoretical foundations not only explain
our empirical results, but also provide guidance
for future architectural innovations in efficient lan-
guage models.

3.3 Implementation Details

All experiments use the following configuration:
Optimizer: AdamW (61 = 0.9, 5o 0.95,
weight decay 0.1)

Learning rate: 3 x 10~ with cosine decay to
1077

Warmup: Linear over 5,000 steps (10% of train-
ing)

Batch size: 128 sequences x 512 tokens = 65,536
tokens

Training duration: 50,000 steps (3.28B tokens)

Dropout: 0.1 on attention and FFN

Gradient clipping: 1.0 (L2 norm)

Mixed precision: FP16 with dynamic loss scal-
ing

Hardware: 8x NVIDIA A100 40GB GPUs
Framework: PyTorch 2.0 with custom CUDA

kernels for MoE routing

4 Experimental Setup

4.1 Dataset and Evaluation

We train on TinyStories (6), containing 2.1M syn-
thetic children’s stories with constrained vocab-
ulary (10K unique tokens). Although limited in
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scope, this dataset enables controlled experimenta-
tion on narrative coherence and grammatical cor-
rectness.
Evaluation metrics include:
* Perplexity: Standard language modeling metric
on held-out validation set

¢ Inference efficiency: Latency, memory usage,
throughput measurements

* Expert utilization: Load balance coefficient of
variation across experts

* Generation quality: Automated Assessment Us-
ing GPT-4 as a calibrated judge
4.2 Model Configurations

We evaluated three architectural families on five
scales:

Table 1: Model configurations evaluated. All models
use vocabulary size 50,257 and maximum sequence
length 512.

Config Layers Hidden Heads Parameters
XS 6 256 8 17.5M
S 6 512 8 44.5M
M 9 512 8 54.1M
L 12 768 12 123.3M
XL 12 1024 16 202.7M

4.3 Comparison Methodologies

We employ two fair comparison strategies:

Parameter Matching. Models have identical to-
tal parameter counts. For MoE variants, we reduce
the hidden dimensions by y/N/k to account for
additional expert parameters, ensuring a fair com-
parison of architectural choices given the capacity
of the fixed model.

FLOP Matching. Models have identical compu-
tational budgets per forward pass. MoE models
can use larger dimensions due to sparse activation,
scaled by /k/N. This comparison reflects real-
world deployment constraints where the compute
cost is the limiting factor.

4.4 LLM-Based Quality Evaluation

To assess generation quality, we employ GPT-4
as an automated judge with structured evaluation
criteria. For each model, we generate 100 story
completions from diverse prompts and evaluate
them across multiple dimensions:



Grammatical Correctness: Syntactic accuracy
and proper language use

Narrative Coherence: Logical flow and consis-
tency within the story

Creativity: Originality and imaginative content

Overall Quality: Holistic assessment of the gen-
eration

Each dimension is scored on a 1-10 scale using
the following evaluation prompt:

Evaluate the following story completion on
a scale of 1-10 for [DIMENSION]. Consider
[SPECIFIC CRITERIA]. Be consistent across
evaluations and use the full range of scores.
Story prompt: [PROMPT]

Completion: [GENERATED TEXT]

Score (1-10):

5 Results

5.1 Main Results: Parameter-Matched

Comparison

Table 2 presents our main results comparing archi-
tectures with equal parameter counts.

MoE-MLA-ROoPE achieves 13.5% perplexity re-
duction over the MHA baseline while using 42%
fewer active parameters. The synergy between
MoE and MLA is evident: while MLA alone
slightly degrades performance (+5.0%), combining
it with MoE yields the best results.

5.2 FLOP-Matched Comparison

When the computational budget is held constant,
MOoE architectures can leverage larger hidden di-
mensions:

Under FLOP-matching, MoE-MLA-RoPE
achieves 17.9% perplexity improvement with
3.2x inference acceleration, demonstrating that
architectural efficiency translates into superior
performance given fixed computational budgets.

5.3 Ablation Studies

Compression Ratio Impact. We systematically
vary the latent dimension to understand the
compression-quality trade-off:

The optimal 2:1 compression ratio suggests a
fundamental sweet spot where expert specialization
effectively compensates for moderate information
loss.

Expert Granularity. Fine-grained expert design
is crucial for performance:
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64 experts provide optimal granularity, balanc-
ing specialization capacity with routing efficiency.
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Memory Footprint.
ing inference:

Despite higher parameter counts, MoE-MLA-
RoPE’s KV cache savings make it viable for
memory-constrained deployment when inference
memory dominates.

Memory and Latency Analysis

Detailed memory usage dur-

5.5 Scaling Analysis

Performance improvements scale favorably with
model size:

The monotonic increase in relative improvement
(7.2% — 13.3%) suggests that the MoE-MLA syn-
ergy becomes more pronounced on larger scales,
contrary to many compression techniques showing
diminishing returns.

5.6 Generation Quality Assessment

LLM-Based Evaluation. We evaluated 100-
story completions from each model using GPT-4
as an automated judge.

MoE-MLA-RoPE shows significant improve-
ments across all dimensions, with particularly
strong gains in narrative coherence (+44% over
MHA). Automated evaluation demonstrates that ef-
ficiency gains do not compromise generation qual-

ity.

Qualitative Examples. Representative comple-
tions for the prompt "Once upon a time, there was
a little rabbit who lived in...":

MHA: "...a cozy burrow under the old oak tree.
Every morning, the rabbit would come out to find
fresh clover. One day, she discovered a mysterious
blue stone that sparkled in the sunlight."

MLA-ROPE: "... a beautiful meadow filled with
wildflowers. The rabbit loved to explore beyond
the hills, where ancient stones marked forgotten
paths. One misty morning, she found a glowing
pebble that hummed with magic."

MoE-MLA-RoPE: "... a hidden valley where
the seasons danced in perfect harmony. The rabbit,
named Luna, possessed a unique gift, she could
understand the whispers of the wind. Each morn-
ing brought new adventures as she helped fellow
creatures solve their problems using wisdom gath-
ered from the breeze. Today, the wind spoke of
a crystal cave where time flowed differently, and
Luna’s curiosity sparked like never before."



Table 2: Parameter-matched comparison (53.9M parameters). All results averaged over 3 random seeds with
standard deviations shown. Statistical significance tested using paired t-test.

Model Compression Validation Active
Ratio (r/d)  Perplexity (|)  Parameters
MHA — 8.542 £ 0.021 53.9M
MLA 12 8.971 £ 0.034 53.9M
MLA-RoPE 172 8.579 £ 0.025 53.9M
MoE-MHA — 8.092 £ 0.019%* 31.4M
MoE-MLA 172 7.741 £ 0.018%* 31.4M
MoE-MLA-RoPE 172 7.388 + 0.015%* 31.4M

Table 3: FLOP-matched comparison. MoE models use 645d vs 512d for dense models.

Model Config  Val. PPL () FLOPs Speedup
MHA 9L-512d 8.542 1.00x 1.0x
MLA-RoPE 9L-512d 8.579 0.98x 1.1x
MoE-MHA 9L-645d 7.347%% 1.00x 2.8x
MoE-MLA-RoPE 9L-645d 7.012%%* 0.99x 3.2x

The output MoE-MLA-RoPE demonstrates su-
perior narrative complexity, character development,
and imaginative worldbuilding while maintaining
grammatical precision.

6 Related Work

Efficient Transformers. Numerous works ad-
dress transformer efficiency through the atten-
tion approximation (13; 27; 3), parameter shar-
ing (14; 5), or pruning (20; 26). Our approach is
orthogonal and complementary to these methods.

Small Language Models. Recent work demon-
strates surprising capabilities in sub-100M parame-
ter models (6; 23; 18; 31). MiniGPT-4 (30) and Phi
series (11) show that data quality and architectural
choices can compensate for scale. We extend this
line by showing that architectural innovation yields
greater gains than parameter scaling alone.

Sparse Models. Beyond MoE, sparsity has been
explored by magnitude pruning (9), structured spar-
sity (19), and dynamic sparsity (7). Recent work
on hardware-aware sparsity (21) demonstrates prac-
tical speedups. MOoE provides learned, input-
dependent sparsity that preserves model capacity.

Evaluation Methodologies. The use of LLMs as
evaluators has gained traction with works such as
AlpacaEval (15) and MT-Bench (29). Studies show
a strong correlation between GPT-4 judgments and
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human preferences (16; 2), supporting our evalua-
tion approach.

7 Conclusion

This work presents MoE-MLA-RoPE, a novel ar-
chitecture that demonstrates how synergistic com-
bination of Mixture of Experts with Multi-head
Latent Attention creates a new efficiency frontier
for small language models. Through extensive ex-
perimentation with models ranging from 17M to
202M parameters, we establish the following key
findings.

1. Architectural Innovation Yields Multiplica-
tive Benefits. Our experiments demonstrate that
combining MoE with MLA produces gains that
exceed the sum of individual components. In com-
parisons matched to the parameters, while MLA
alone degrades performance by 5.0% and MoE
alone improves by 5.3%, their combination in MoE-
MLA-ROPE achieves an improvement of 13.5%.
This synergy arises from orthogonal optimization
targets. MLA reduces memory bandwidth require-
ments through KV cache compression (68% reduc-
tion), while MoE reduces computational intensity
through sparse expert activation (42% fewer ac-
tive parameters). The formal complexity analysis
(Theorems 1-2) confirms that these benefits scale
with the length of the sequence and the size of the
model.



Table 4: Effect of compression ratio on MoE-MLA-RoPE (9L-512d, 53.9M params).

Compression  Latent Validation Memory
Ratio Dim (r) Perplexity (J) Savings
1:1 512 7.347 £ 0.016 0%
2:1 256 7.388 + 0.015 50%
4:1 128 7.916 £ 0.024 75%
8:1 64 8.893+0.041 87.5%

Table 5: Impact of expert granularity. All maintain 8
active experts.

Design Total  Routing Val. PPL Load
Experts  Space (@) CcvV

Coarse 8 — 8.234 0.00
Standard 16 M 7812 0.08
Fine 64 (%) 7.388  0.06
2. Efficiency Gains Scale with Model Size. The

scaling analysis demonstrates monotonically in-
creasing benefits from 7.2% at 17M parameters to
13.3% at 202M parameters. This contrasts with
many compression techniques that show diminish-
ing returns (10) and suggests that the MoE-MLA
combination may be particularly valuable for con-
tinued scaling. Consistent improvements in all
model sizes validate that architectural innovation,
rather than a mere parameter count, drives effi-
ciency in resource-constrained settings.

3. Practical Implications. The 3.2x inference
speedup and 68% memory reduction make MoE-
MLA-ROPE particularly suitable for edge deploy-
ment. Despite using 8x more total parameters
through 64 experts, the sparse activation pattern
(only 8 active) and compressed KV cache result
in net memory savings during inference. Gradient-
free load balancing eliminates training instabilities
reported in prior MoE work (8), achieving a co-
efficient of variation below 0.1 without auxiliary
losses.

Limitations and Future Directions. Several lim-
itations warrant future investigation: (1) the 40%
training time overhead can be addressed using spe-
cialized hardware or more efficient routing algo-
rithms; (2) the evaluation of diverse tasks beyond
narrative generation would strengthen generaliz-
ability claims; (3) dynamic expert selection based
on input complexity could further improve effi-
ciency; and (4) validation of LLLM-based quality

assessments with human evaluation would provide
additional confidence in generation quality metrics.

Broader Impact. As language models prolifer-
ate to billions of edge devices, architectural innova-
tions that maintain quality while drastically reduc-
ing computational requirements become essential.
This work establishes that a thoughtful combina-
tion of complementary efficiency techniques, such
as sparse computation through MoE and memory
compression through MLA, can achieve perfor-
mance exceeding larger dense models while re-
maining deployable on resource-constrained hard-
ware. We will release all code and models to facili-
tate continued research in efficient architectures.

The success of MoE-MLA-RoPE demonstrates
a general principle for efficient model design: iden-
tify orthogonal bottlenecks and combine solutions
that create positive feedback loops. As the field pro-
gresses toward universal deployment of language
understanding, such architectural innovations will
be crucial to democratizing Al capabilities across
diverse computational environments.
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Abstract

Implicit meanings are integral to human com-
munication, making it essential for language
models to be capable of identifying and inter-
preting them. Grice (1975) proposed a set of
conversational maxims that guide cooperative
dialogue, noting that speakers may deliberately
violate these principles to express meanings be-
yond literal words, and that listeners, in turn,
recognize such violations to draw pragmatic
inferences. Building on Surian et al. (1996)’s
study of children’s sensitivity to violations of
Gricean maxims, we introduce a novel bench-
mark to test whether language models pre-
trained on <10M and <100M tokens can distin-
guish maxim-adhering from maxim-violating
utterances. We compare these BabyLMs across
five maxims and situate their performance rela-
tive to children and a Large Language Model
(LLM) pretrained on 3T tokens. We find that
overall, models trained on <100M tokens out-
perform those trained on <10M, yet fall short of
child-level and LLM competence. Our results
suggest that modest data increases improve
some aspects of pragmatic behavior, leading
to finer-grained differentiation between prag-
matic dimensions.

Our benchmark extends the BabyLM evalua-
tion suite to pragmatic aspects of language and
is publicly available.'

1 Introduction

Consider the following exchange: Sarah asks her
friend "What did you eat for lunch?", upon which
her friend might reply "I had something edible"”
or "I had chicken soup with an extra small silver
spoon”. While both responses are true and per-
fectly grammatical, the first one fails to provide the
amount of information Sarah’s question calls for,
and the second one contains excessive, unasked
details. Most listeners would expect an answer that

1https ://huggingface.co/datasets/rahaaskari/
gricean_baby
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is specific but not unnecessarily detailed, such as
"I had chicken soup".

In everyday conversation, such under- or over-
informative replies stand out as odd because they
do not provide the adequate amount of detail the
question asks for. The philosopher Grice (1975) ex-
plained such phenomena through his Cooperative
principle, which holds that speakers are generally
aware of what is conversationally suitable or unsuit-
able. He proposed a set of conversational maxims,
one of which, the maxim of Quantity, requires the
speaker to be as informative as necessary.

The ability to notice and interpret such devia-
tions from conversational norms is a key aspect of
pragmatic competence, and essential for successful
communication. In the evaluation of Large Lan-
guage Models (LLMs), however, while models are
now routinely tested on a wide range of syntactic
tasks (e.g., Marvin and Linzen (2018); Hu et al.
(2020); Finlayson et al. (2021); Lampinen (2024);
Kryvosheieva and Levy (2025)), far fewer studies
target their ability to reason pragmatically (Ettinger,
2020; Fried et al., 2023; Ma et al., 2025a; Sieker
et al., 2025; Lachenmaier et al., 2025). This gap is
especially pronounced for resource-limited models
such as those developed for the BabyLM Challenge
(Warstadt et al., 2023; Choshen et al., 2024). One
possible reason is that, unlike syntax, pragmatics
does not easily lend itself to large-scale minimal-
pair test creation. Controlled operationalizations of
pragmatic phenomena, such as those in Sieker et al.
(2023) and Sieker and Zarriel3 (2023), remain rare
and resource-intensive, highlighting the challenge
of designing systematic evaluation materials for
this domain.

In psycholinguistics, however, several diagnos-
tic tasks for pragmatic understanding already exist
(e.g., Doran et al. (2012); Degen and Tanenhaus
(2014); Romoli and Schwarz (2015); Tieu et al.
(2015)). One such task is the Conversational Viola-
tions Test (CVT), designed to investigate children’s
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pragmatic abilities based on Gricean maxims, intro-
duced in Surian et al. (1996)’s study "Are Children
with Autism Deaf to Gricean Maxims?". In the
CVT, children are presented with short dialogues
where one answer follows one of Gricean conver-
sational maxims and another violates it. Children
are asked to identify the maxim-violating response.
This controlled forced-choice format makes the
CVT particularly attractive for LM evaluation: the
correct choice depends on recognizing conversa-
tional norms rather than relying solely on factual
knowledge or grammar, and the task fits well to es-
tablished evaluation methods that compare model-
assigned probabilities for a predefined set of can-
didate responses, as in grammatical acceptability
(Warstadt et al., 2020), abductive commonsense
reasoning (Zhao et al., 2023), or semantic relations
of compound nouns (Rambelli et al., 2024).

In this paper, we adapt the CVT into a bench-
mark for evaluating BabyLMs’ sensitivity to
Gricean maxims. Starting from the original 25
conversational items from CVT, we augment the
dataset automatically to over 2,250 items and re-
fine them through human annotation. We evaluate
arange of BabyLM baseline models (4 trained on
<10M and 4 trained on <100M words), compare
their performance to that of children from Surian
et al. (1996), and situate their results alongside an
LLM trained on more extensive data. In total, our
experiment produces 20,250 data points (across
8 BabyLMs and 1 LLM). Among the evaluated
models, BabyLMs trained on <100M tokens out-
performed those trained on <10M, yet both groups
fell short of achieving child-level pragmatic accu-
racy despite their developmental motivation. On
average, BabyL.Ms performed best when judging
truthfulness, but struggled most with assessing the
appropriate level of informativeness. The LLM
generally surpassed the BabyLMs and, in some
cases, even outperformed children, but still failed
to match children’s overall competence. Thus, de-
spite vastly larger training data, notable gaps persist
between model and child performance across sev-
eral maxims.

The contributions of this study are threefold: (1)
a novel, linguistically controlled benchmark for
testing pragmatic competence in data-limited LMs,
grounded in established psycholinguistic method-
ology; (2) an empirical analysis of BabyLMs’ per-
formance across different Gricean maxims; and (3)
a comparison of LM and child performance that
situates model behavior within a developmental
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trajectory.

2 Background

Effective communication relies on more than just
producing grammatical sentences. Much of what
speakers communicate is conveyed implicitly, rely-
ing on the listener to infer meanings that go beyond
the literal words. To do so successfully, speak-
ers must choose utterances that are appropriate to
the conversational context, and listeners must inter-
pret them in light of shared assumptions, intentions
and social norms. Even a perfectly well-formed
sentence can be unhelpful, misleading or socially
awkward if it ignores these unspoken rules. The
study of how meaning is shaped by such contextual
factors is the domain of pragmatics, which rests on
the central idea that conversation is a cooperative
activity: participants work together to exchange
information efficiently and meaningfully. Grice
(1975) formalized this intuition in his Coopera-
tive Principle, according to which interlocutors are
generally aware of what is conversationally suit-
able or unsuitable at each stage of a dialogue. He
categorized this principle into four maxims, and ad-
ditionally discussed Politeness as what he termed
an "off-the-list" maxim:

* Quantity (Make your contribution as informa-
tive as required and do not make your contri-
bution more informative than is required)

* Quality (Do not say what you believe to be
false and do not say that for which you lack
adequate evidence)

* Relation (Be relevant)

* Manner (Be perspicuous, i.e., avoid obscurity,
avoid ambiguity, be brief and be orderly).

* Politeness (Be polite)

While these maxims are typically adhered to,
speakers may sometimes blatantly violate them by
saying one thing but implying another, producing
what is known as an implicature. For example,
when two colleagues are talking during a lunch
break, one might ask "Did you talk to the boss
about the promotion?”, and the other might re-
ply, "I really like this food." This response violates
the maxim of Relation and prompts the listener
to search for the intended meaning, assuming the
other person remains cooperative and aware of the
maxims. In this case, for example, the interlocutor



is likely to infer that their colleague wishes to avoid
the topic and has not spoken to the boss. Over the
past decades, the Gricean maxims have become
a cornerstone of pragmatic theory, shaping how
researchers analyze and explain the ways people
interpret and produce language in context.

Developmental Studies. Several developmental
psycholinguistic studies have examined the age at
which the sensitivity to such conversational viola-
tions emerges in humans (to name a few; Ack-
erman, 1981; Conti and Camras, 1984; Surian
et al., 1996; Surian et al., 2010; Okanda et al.,
2015 and Panzeri and Foppolo, 2021). In this di-
rection, Surian et al. (1996)’s study introduced the
Conversational Violations Test (CVT) to compare
the pragmatic abilities of children with autism and
specific language impairments to those of neurotyp-
ical children by incorporating Grice’s framework.
The maxims addressed in their study were Quantity
(divided into two maxims; I: Be informative and
II: Avoid redundant information), Quality, Relation
and Politeness. The CVT is a set of 25 short con-
versational items and contains 5 conversations for
each maxim. In their experiment, 8 neurotypical
children (mean age 6-7) were presented with tape-
recorded conversations featuring three puppets. In
each scenario, one puppet would ask a question,
and the other two would respond, only that one of
them would provide an answer that violated a con-
versational maxim. The children were then asked
to identify the puppet that gave the silly or funny
answer, i.e., the one that violated the maxim. See
Table 1 for examples for each maxim.

BabyLMs. The BabyLM Challenge aims to
model human language development in order to
optimize language model pretraining under strict
data limitations. Tracks for submissions of text-
only models include the Strict-small track (trained
on <10M tokens) and the Strict track (trained on
<100M tokens). As a starting point for evaluation,
the organizers release a group of baseline models
accompanied with pretraining corpora, along with
an evaluation pipeline including benchmarks such
as BLiMP (Warstadt et al., 2020) or GLUE (Wang
et al., 2019)2. While these benchmarks provide
broad coverage of linguistic competence, they do
not directly and comprehensively assess pragmatic
abilities. Given the developmental motivation be-

’Find a complete overview of the BabyLM eval-

uvation  pipeline at  https://github.com/babylm/
evaluation-pipeline-2025.
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Maxim Example

QuantityI  Q: How do you prefer your tea?

Be informa- Follower: With milk.

tive Violator: In a cup.

Quantity I  Q: Who is your best friend?

Avoid re- Follower: My best friend is

dundant John. He goes to my school.

informa- Violator: My best friend is Peter.

tion He wears clothes.

Quality Q: Where do you live?

Be truthful  Follower: [ live in London.
Violator: [ live on the moon.

Relation Q: What games do you know?

Be relevant  Follower: I know how to play
football.

Violator: I know your name.

Politeness
Be polite

Q: Do you like my dress?
Follower: It’s pretty.
Violator: [ hate it.

Table 1: Example items for different conversational
maxims from Surian et al. (1996)’s CVT. The Follower
adheres to the maxim, while the Violator does not.

hind BabyLMs, we argue that it is equally impor-
tant to examine whether such models exhibit the
pragmatic reasoning observed in humans.

Pragmatic Evaluation in LMs. As pragmatic
knowledge is essential for successful communica-
tion, recent studies have explored whether LLMs
exhibit pragmatic reasoning. Some studies re-
port that LLMs can perform competitively with
humans on specific tasks such as metaphor com-
prehension (Hu et al., 2023; Sanchez-Bayona and
Agerri, 2025), but many find that they still strug-
gle with a wide range of phenomena, including
sarcasm and jokes (Hu et al., 2023; Jentzsch and
Kersting, 2023), theory of mind (Shapira et al.,
2023; Trott et al., 2023; Gandhi et al., 2024), im-
plicit causality (Sieker et al., 2023; Kankowski
et al., 2025), context-dependent reference resolu-
tion (Junker et al., 2025; Ma et al., 2025b), or infer-
ences like presuppositions (Kabbara and Cheung,
2022; Sieker and Zarrie3, 2023; Tsvilodub et al.,
2024; Sieker et al., 2025; Lachenmaier et al., 2025).

‘When it comes to the Gricean maxims, Hu et al.
(2023), for example, evaluated LLMs’ ability to un-
derstand intended meanings by prompting models
with short English stories and asking what a char-
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acter wanted to convey by flouting a maxim, given
a set of possible answers. They found that the mod-
els would generally assign higher probabilities to
literal meanings over the speaker’s intended mean-
ing. Similarly, LLMs demonstrated bias towards
literal meanings during a pragmatic evaluation for
Korean language by Park et al. (2024). In their ex-
periment, models performed poorly on the maxim
of Relation and well on the maxim of Quality when
selecting the pragmatic meanings from given op-
tions, but showed reversed patterns for open-ended
questions about the speaker’s intent. Yue et al.
(2024), on the other hand, evaluated models’ abil-
ity to infer implicated meanings in multi-turn Chi-
nese dialogues and found no significant variation
in model performances across maxims. Moreover,
most models failed to generate correct interpreta-
tions for implicatures despite being able to identify
them in a multiple-choice setting. Other examples
of pragmatic evaluations of LLMs by incorporat-
ing implicatures include (but are not limited to)
Zheng et al. (2021), who presented the GRICE
dataset for assessing the pragmatic reasoning of
LLMs while taking into account other aspects of
modern dialogue modeling like coreference; Cho
and Kim (2024), who compared cosine similari-
ties of literal meanings of scalar implicatures with
their pragmatic meanings; and Kurch et al. (2024),
who tested whether LLMs can derive atypicality
inferences that are triggered through information
redundancy.

Building on this line of work, we extend prior
studies on LM pragmatic competence and Gricean
maxims by introducing a child-directed, maxim-
balanced benchmark that enables direct comparison
between model and child performance. Inspired by
Surian et al. (1996)’s CVT, we compile a dataset of
2,250 conversational items in a controlled forced-
choice format. Our benchmark is particularly well-
suited to the BabyLLM Challenge because its simple,
child-appropriate language and controlled design
offer a fine-grained, diagnostic test of pragmatic
abilities, while minimizing reliance on large-scale
training data or extensive world knowledge.

3 Approach

In order for pragmatic interpretations (those that
go beyond literal ones) to arise, a listener must
know the rules of conversation, recognize when
they are violated, and discern when an utterance
may be literally unfitting (uncooperative) yet prag-
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matically acceptable (cooperative). Building on the
framework of Gricean maxims, Surian et al. (1996)
examined the pragmatic competence of children by
testing whether they could identify an uncoopera-
tive (i.e., maxim-violating) answer among a pair of
responses to a given question. We adopt this same
forced-choice paradigm to evaluate the pragmatic
sensitivity of language models.

Data. We base our evaluation on the CVT and ex-
tend this resource into a large-scale benchmark by
generating additional CVT-style items with GPT-
4 (OpenAl, 2024) and manually curating the out-
puts to maintain child-level vocabulary?, grammat-
icality, naturalness and adherence to the targeted
maxim. The final dataset contains 2,250 dialogues,
balanced across five maxims: Quantity I, Quantity
II, Quality, Relation, and Politeness. Full details
of the augmentation process and quality control
criteria are provided in Appendix A.1. Also, see
Appendix A.2 for examples of experimental items
of our dataset.

Models. We use the following baseline BabyLMs
pretrained on BabyLLM corpora that were released
in two tracks (Strict for models trained on at most
100M tokens and Strict-small for models trained
on at most 10M tokens)*: two auto-regressive
LMs, namely GPT-2 (Radford et al., 2019) and
Baby Llama (Timiryasov and Tastet, 2023) and
two masked LMs, namely LTG-BERT (Samuel
et al., 2023) and Roberta (Liu et al., 2019). Finally,
to assess the effect of more training data on the
pragmatic performance of language models and to
enable a comparison with an LLM, we evaluate the
decoder-only OLMo-1B (Groeneveld et al., 2024)
as a representative of fully open LLMs that has
been trained on 3T tokens.

Evaluation. Using our curated dataset, we
evaluate pragmatic sensitivity of language models
in an unsupervised setting. Specifically, we
measure a model’s sentence acceptability for the
two candidate answers to a question: one that
follows a Gricean maxim (follower) and one that
violates it (violator). For incremental models, we
compute the conditional log-probability of the
answer given the question, while in the case of

3This is derived from the fact that the pretraining data
for baseline BabyLMs mostly consists of input received by
children.

“Baseline models for previous years and this year’s sub-
mission are available at https://huggingface.co/babylm
and https://huggingface.co/BabyLM-community.
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masked language models, we use the improved
pseudo-log-likelihood proposed by Kauf and
Ivanova (2023). In both cases, the probability
of the answer is calculated as the sum of the
log-probabilities of its tokens, normalized by
its length. For each item, we assess whether
the model assigns a higher probability to the
maxim-following answer:

1[P(Answergojiower | Question) > P(Answeryiolator | Question)]
Model accuracy for each maxim is defined as the
proportion of items for which the model assigns a
higher probability to the maxim-follower response.
We obtain models’ scores through Minicons
(Misra, 2022)°, which is is an open-source library
for extracting sentence acceptability measures in
language models.

4 Results

In Table 2, we report accuracy per maxim for the
BabyLM baselines in the Strict-small and Strict
tracks. Furthermore, we present the results from
OLMo-1B. Finally, as a reference point, we include
the results of children who were tested on the CVT
by Surian et al. (1996). In the following, we break
down the results by conversational maxim, model
architecture and model size.

Results by Gricean Maxim. As shown in Table
2, model performance varies considerably across
different maxims in both the Strict-small and Strict
tracks. The maxims Quantity I (Be informative)
and Quantity II (Avoid redundant information) are
consistently the most challenging, with average ac-
curacies for all BabyLMs peaking at only 0.59. In
contrast, Quality (Be truthful) emerges as the easi-
est category for most BabyLMs with the average
accuracy as high as 0.74. Relation (Be relevant)
and Politeness (Be polite) generally fall in between
these extremes (although exceptions apply), with
the average accuracies above chance but below the
best Quality results.

This pattern suggests that factuality is easier for
BabyLMs to capture from limited data, likely be-
cause it can be learned from explicit statements and
lexical associations in the training data, whereas
judgments of informativeness and redundancy re-
quire more context-sensitive reasoning. The repre-
sentative examples from the original CVT in Table
1 illustrate this: in Quantity I, while "with milk"

SAvailable at https://github.com/kanishkamisra/
minicons.
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falls in the range of pragmatically accepted an-
swers, "in a cup"” might contain tokens (or token
combinations) that are more frequent in the train-
ing data. Across the other maxims, such frequent
continuations may similarly override pragmatic ap-
propriateness in model predictions.

To quantify how consistently models agree on
these difficulty patterns, we ranked maxims per
model and computed Kendall’s W. Agreement
was high in the Strict-small track (W = 0.80) and
moderate in the Strict track (W = 0.68), indicating
that models trained on less data tend to exhibit
more similar difficulty patterns. In both tracks, the
maxims Quantity I and Quantity II were generally
ranked as the hardest maxims. Full rankings and
statistics are reported in Table 3.

Inter-maxim Correlations. To examine whether
performance on different maxims co-varies
across models, we computed Pearson correlations
between per-model accuracies across maxims for
each track (Figure 1). In the Strict-small track,
correlations between maxims tend to be extreme.
Quantity I and Quantity II show an almost perfect
correlation (r 0.953). The same track also
reveals a striking near-perfect correlation between
Relation and Politeness (r = 0.999), suggesting
that topicality and politeness violations may be
treated in similar ways. In contrast, Quality stands
out in the Strict-small track as largely decoupled
from the other maxims (near-zero or negative
correlations), which may indicate that detecting
literal implausibility (e.g., "on the moon", Table
1) behaves independently of other pragmatic
abilities under data constraints. In the Strict track,
correlations are overall weaker and more varied,
with some negative associations appearing for pairs
that were strongly positive in the Strict-small track
(e.g., Politeness vs. Quantity I, (r = —0.155), pos-
sibly reflecting a partial decoupling of politeness
from topicality and informativeness once models
have more data. Notably, the maxim of Quality
strongly correlates with Quantity I in the Strict
track (r = 0.931), despite being among the easiest
maxims in difficulty rankings (Table 3), showing
that correlation patterns capture co-variation rather
than absolute difficulty. Overall, the shift from
rather extreme relations in the Strict-small track
to more varied and generally weaker associations
in the Strict track complements the prior results,
suggesting that with more training data, models
begin to differentiate more between pragmatic
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Quantity I Quantity IT Quality Relation Politeness Overall
Strict-small BabyLMs
GPT-2 0.59 0.59 0.61 0.66 0.80 0.65
Baby Llama 0.56 0.49 0.74 0.63 0.68 0.62
LTG BERT 0.45 0.45 0.76 0.58 0.46 0.54
Roberta 0.33 0.36 0.64 0.60 0.57 0.50
Average 0.48 0.47 0.69%* 0.61 0.63
Strict BabyLMs
GPT-2 0.60 0.68 0.76 0.72 0.76 0.70
Baby Llama 0.55 0.64 0.75 0.67 0.70 0.66
LTG BERT 0.64 0.57 0.79 0.74 0.52 0.65
Roberta 0.51 0.47 0.67 0.68 0.59 0.58
Average 0.58 0.59 0.74%* 0.70 0.64
LLM
OLMo-1B 0.76 0.83 0.83 0.84 0.67 0.79
Children
0.58 0.78 1.0 1.0 0.93 0.86

Table 2: Accuracy scores across the Gricean maxims. Strict-small models are pretrained on <10M tokens and Strict
models on <100M. OLMo-1B is pretrained on 3T tokens. All models are evaluated on 2,250 items, while child
accuracy scores are from 8 neurotypical children from Surian et al. (1996). For the Strict-small and Strict groups,
the highest score of each maxim is bolded. The highest average across all maxims is marked with (*).

Model Quant. I Quant. II Qual. Rel. Polite

Strict-small
GPT-2
Baby Llama
LTG BERT
RoBERTa

Strict
GPT-2
Baby Llama
LTG BERT
RoBERTa

Table 3: Maxim difficulty rankings for each model (® =
easiest, ® = hardest). Kendall’s W: Strict-small = 0.80,
x2(4) =12.80, p = 0.012; Strict = 0.68, x2(4) = 10.80,
p = 0.029.

dimensions.

Effects of Architecture and Model size. Refer-
ring to Table 2, it is further notable that across
both tracks, GPT-2 consistently outperforms LTG-
BERT and RoBERTa models, with BabyLLaMA
typically ranking second. ROBERTa BabyLM per-
forms worst overall, particularly on the Quantity
maxims. Increasing the training data from the
Strict-small (<10M tokens) to the Strict (<100M to-
kens) track generally improves performance, espe-
cially for Quantity I and Quantity II, where average
scores increase by 0.09-0.12. Gains for Quality
and Relation are more modest, while Politeness
scores remain similar across tracks. Interestingly,
GPT-2’s Politeness score decreases in the Strict
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track, suggesting that greater exposure to varied
language might introduce alternative patterns that
increase uncertainty in politeness judgments.

The large-scale OLMo 1B model substantially
outperforms all BabyLLM baselines across the max-
ims, with the exception of GPT-2 Strict-small,
which scored 0.80 in Politeness. OLMo 1B scored
substantially higher on the maxim of Relation com-
pared to BabyLMs, indicating that sensitivity to
topic relevance tends to emerge with increased
training data.

The differences of scores may also reflect how
auto-regressive and masked LMs handle conver-
sational flow: in our setup, probability assign-
ment to an entire answer benefits from modeling
sequences as coherent continuations rather than
token-masked completions. The performance gap
between Strict-small and Strict models also indi-
cates that increased training data helps, but does not
eliminate the persistent difficulties with Quantity-
related judgments.

Comparison to Child Performance. In Surian
et al. (1996), neurotypical children showed an over-
all high accuracy (0.86), likely reflecting the de-
velopment of Theory of Mind (Baron-Cohen et al.,
1985), the impairment of which damages recogniz-
ing speaker’s intended meaning. BabyLMs share
some similarities with children: like them, they
perform best on the maxim of Quality and worst
on the Quantity maxims (Table 2). However, they
do not demonstrate the the same high performance
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Figure 1: Pearson correlations between per-model accu-
racies across maxims. Top: Strict-small track. Bottom:
Strict track.

as children in maxims of Relation and Politeness.
Furthermore, children’s overall high accuracy indi-
cates that, by school age, they are already highly
sensitive to conversational norms. In contrast,
BabyLMs reach only 0.50-0.70 of overall accu-
racy, underscoring a substantial gap in pragmatic
competence between small-scale LMs and six-to-
seven-year-old human speakers. The LLM shows a
different pattern: it surpasses children on the Quan-
tity maxims, indicating stronger performance on
informativeness-related judgments, but still falls
short on other maxims, especially Politeness, sug-
gesting that socially grounded pragmatic norms
do not emerge automatically from large-scale pre-
training. Overall, both small-scale and large-scale
models reveal persistent limitations in capturing
the full range of conversational norms.

Summary and Discussion. Across both data
tracks, the greatest deficits in BabyLM perfor-
mance concerned judgments of informativeness
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required for an appropriate response. The maxim
of Quality was the easiest, with Relation and Po-
liteness in between (Tables 2 and 3). Correlation
analyses further revealed that, under severe data
constraints, most maxims were strongly associated
with at least one other (e.g., Quantity I and II; Rela-
tion and Politeness) (Figure 1). These associations
tended to weaken with more data, indicating a shift
toward more differentiated treatment of pragmatic
categories. Among architectures, GPT-2 performed
best overall, ROBERTa worst, and scaling from
<10M to <100M tokens yielded the largest gains
on Quantity, though sometimes at the expense of
Politeness (Table 2), suggesting that autoregres-
sive modeling and modest scaling benefit informa-
tiveness but may reduce social-pragmatic sensitiv-
ity. Compared to children, (0.86 overall, Table 2),
BabyLMs mirrored the relative ordering of diffi-
culty but scored substantially lower (0.50-0.70).
The LLM (OLMo-1B) outperformed BabyLMs’
overall performance in all maxims and exceeded
child performance on Quantity, yet lagged consider-
ably on the remaining maxims, showing that large-
scale pretraining enhances information-structuring
abilities but offers limited gains in other dimen-
sions of pragmatic understanding.

Our results align with earlier findings that prag-
matic competence in language models scales with
model size and training data but may remain be-
low human levels. For instance, Hu et al. (2023)
reported that GPT-2 with 117M parameters did not
perform above chance when interpreting maxim-
flouting utterances, in line with our observation that
BabyLMs trained on <100M tokens perform rather
poorly across maxims. At the other end of the scale,
Yue et al. (2024) found that LLaMA 2 models with
13B parameters performed above chance across
several Gricean maxims but still achieved only
about half the human score, while GPT-4 matched
human performance. In this context, our results
with OLMo-1B suggest that large-scale pretraining
can surpass child performance on informativeness
but still leaves substantial gaps on more socially
grounded maxims such as Politeness.

Overall, these findings indicate that scaling data
and parameters improves some aspects of prag-
matic reasoning in language models, while their
absolute performance remains far from child-like.
This underscores the importance of dedicated evalu-
ation benchmarks targeting pragmatic abilities, en-
suring that the developmental goals of the BabyLM
challenge address this crucial aspect of language



use.

5 Conclusion

This paper introduced a novel large-scale bench-
mark for evaluating the pragmatic competence of
language models, grounded in the Gricean max-
ims and adapted from a psycholinguistic test suite.
Using 2,250 conversational items, we assessed
BabyLM baseline models trained on constrained
data alongside a large-scale 3T-token model and
projected their performance on that of children.
Our results indicate that increasing training data
from <10M to <100M tokens leads to performance
gains, yet BabyLLMs remain below child-level com-
petence. They demonstrated the lowest perfor-
mance in assessing the appropriate amount of infor-
mation for conversationally acceptable responses
and did not exhibit a preference for answers that
were more polite or contextually relevant. Fur-
thermore, correlation analyses revealed that under
data-limited conditions, models tend to conflate cer-
tain pragmatic competences, but these associations
weaken with more data, suggesting that additional
exposure allows models to more clearly differenti-
ate between distinct pragmatic dimensions.

Our benchmark provides a linguistically
grounded, scalable evaluation resource that enables
systematic and comparable measurement of
pragmatic behavior across models of different
sizes and training regimes. By extending the
BabyLM evaluation suite with a dedicated
pragmatic benchmark, this work provides a tool for
systematically tracking progress on this essential
aspect of human-like language understanding.

Limitations and Future Directions. In this sec-
tion, we state the limitations of our study and pos-
sible directions they offer for future work.

First, unlike other datasets (Zheng et al., 2021;
Hu et al., 2023; Park et al., 2024), the conversa-
tional items in our dataset do not include detailed
scenarios that are embedded before prompting mod-
els with dialogues. In certain contexts, the maxim-
violator responses in our dataset could be in fact ap-
propriate; for instance, the answer "My best friend
is Peter. He wears clothes." (Table 1) would not be
redundant in a scenario where others are unclothed.
However, even within a minimal-context setting
like the one implemented in this study, non-linguist
participants have been shown to consistently fa-
vor responses that adhere to conversational max-
ims. For example, Okanda et al. (2015) applied

59

a revised Japanese version of the CVT and found
that adults were able to identify non-cooperative
answers and articulate the reasoning behind their
judgments. Nevertheless, future work could ex-
pand our conversational items by introducing ex-
plicit context that would render maxim-violator
responses cooperative (as in the above-mentioned
example) to examine whether such framing would
change model preferences.

Second, we acknowledge that model probabil-

ity assignments may be influenced by the distribu-
tional properties of tokens independent of context,
which can make evaluations based on sequence
scores prone to bias. Future work could address
this by expanding the dataset to include a wider
range of lexical variations.
Third, we selected the 1B-parameter OLMo model
due to computational constraints. Although our
primary focus was on BabyLMs rather than large
models, evaluating systems of varying sizes offers
valuable comparative insights. Furthermore, as our
results suggest that model architecture affects prag-
matic performance, future work could test whether
these patterns hold for other architectures, such as
instruction-tuned or multimodal (Baby) models.

Finally, our dataset is currently limited to En-
glish; therefore, extending this evaluation to multi-
lingual settings would allow for more robust conclu-
sions and enable meaningful cross-linguistic com-
parisons of pragmatic competence.
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groups. Our evaluation focuses exclusively on the
pragmatic competence of language models. We
do not address other potential harms or limitations
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A Appendix

A.1 Dataset Augmentation Details

In order to expand CVT for model evaluation, we
employed the GPT-4 chat interface (OpenAl, 2024)
to synthesize similar items. First, we provided
GPT-4 with a brief description of the maxims and
examples from the CVT, and asked it to generate
25 corresponding dialogue templates, each accom-
panied by two paraphrased versions of the question.
Answers were unchanged in the paraphrased ver-
sions; this was due to some answers being too short
to paraphrase, and we chose a unified method for
all items. Next, each template was presented with
its original CVT example, and GPT-4 was asked
to produce four new conversations per template,
using vocabulary appropriate for children. Finally,
the paraphrased versions of both the original CVT
items and the newly created conversations were
generated based on their respective templates. This
resulted in a dataset consisting of 25 CVT items
and 350 GPT-generated ones. Table 4 shows a
concrete example of this pipeline.

Two of the authors manually reviewed all 375
items and made adjustments based on the following
criteria:

e The follower’s answer does not follow the
maxim.

e The violator’s answer does not violate the
maxim.

* The paraphrased versions do not correctly
paraphrase the questions.

» The words exceed child-level vocabulary.

* The questions and/or answers are unnatural or
ungrammatical.

* The answers are inadequate for model evalua-
tion.

The last criterion reflects our effort to minimize
superficial differences between the follower and vi-
olator answers wherever possible. Since our evalua-
tion compares model probabilities for each answer
pair, irrelevant lexical differences would distort the
results. For example, in response to the question
Who is your best friend?, if one answer was My best
friend is John. He goes to my school. and the other
was My best friend is Peter. He wears clothes., not
replacing the names with a single name would intro-
duce noise unrelated to pragmatic reasoning. How-
ever, in some cases, such standardizations were not
applicable due to the nature of the maxims being

63

tested; for example, in the case of the maxim of
Relation, altering the content is necessary for the
violation.

Once approved, we diversified the dataset by as-
signing speaker names (Leslie, Joan, and Thomas)
and rotating them such that each conversation
had one name as the questioner and another as
the responder, used consistently across both re-
sponses. The names were randomly selected
as English common names from the firstname
database at https://github.com/KarlAmort/
firstname-database. This process yielded a fi-
nal dataset of 2,250 conversational items, since six
variations with names were generated from each of
the 375 curated conversations.


https://github.com/KarlAmort/firstname-database
https://github.com/KarlAmort/firstname-database

Stage Example
1. GPT-4 is prompted with a Question: What would you like to buy in this shoe-shop?
dialogue from CVT Follower: A pair of trainers.

Violator: A pair of shoes.

2. GPT-4 generates a template
from the dialogue

Question: What would you like to buy in this [type of store]?
Follower (specific, informative): [A concrete item you might buy
in that specific store]

Violator (vague, unhelpful): [A general category that lacks
specific information]

3. GPT-4 generates four new
dialogues from the template of
stage 2

1. Question: What would you like to buy in this toy shop?
Follower: A teddy bear.

Violator: A toy.

2. Question: What would you like to buy in this bakery?
Follower: A chocolate muffin.

Violator: Something to eat.

3. Question: What would you like to buy in this bookshop?
Follower: A Harry Potter book.

Violator: A book.

4. Question: What would you like to buy in this clothes shop?
Follower: A red jacket.

Violator: Some clothes.

4. GPT-4 generates 2
paraphrased questions of the
template of stage 2

1. Is there something you’d like to get from this [type of storel?
2. What are you looking for in this [type of store]?

5. GPT-4 generates 2
paraphrased versions of the
original CVT dialogue given in
stage 1 and all other dialogues
generated in stage 3

1. Question: Is there something you'd like to get from this shoe-shop?
Follower: A pair of trainers.

Violator: A pair of shoes.

2. Question: What are you looking for in this shoe-shop?

Follower: A pair of trainers.

Violator: A pair of shoes.

And so on

Table 4: An example of the data augmentation pipeline for the maxim of Quantity I (Be informative). The Follower
adheres to the maxim, while the Violator does not. For each dialogue in CVT, four more examples with child-level
vocabulary were created. Later, two paraphrased versions for all dialogues (those from CVT and GPT-generated

ones) were synthesized and added.

A.2 Dataset Examples

We depict a few examples from the dataset. The

maxim-violator’s answer is marked with (*).
Maxim of Quantity I (Be informative):

* Leslie: What did you eat for supper?
Thomas: Tomato soup.
Thomas: A dish.*

* Leslie: What did you see at the zoo?
Joan: The lions.
Joan: Some animals.*

* Leslie: What did you get for Christmas?
Joan: A gift.*
Joan: A toy train.

* Joan: How do you prefer your pancakes?
Leslie: On a plate.*
Leslie: With maple syrup.
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Maxim of Quantity II (Avoid redundant infor-
mation):

* Leslie: Who is your neighbor?
Thomas: My neighbor is Mr. Tom. He has a
dog.
Thomas: My neighbor is Mr. Tom. He lives
in a house.*

* Joan: What pet do you like?
Leslie: I like puppies and kittens which are
pets.*
Leslie: I like puppies and kittens which are
cute.

Leslie: Where did you go last weekend?
Joan: I went to grandma’s house and baked
cookies.

Joan: I went to grandma’s house and I didn’t
stay in my room.*

* Joan: Which is your favourite fruit?
Thomas: Watermelon which is a fruit.*



Thomas: Watermelon which is juicy.
Maxim of Quality (Be truthful):

* Thomas: Is there any more popcorn?
Leslie: Yes, there’s a bowl in the kitchen.
Leslie: Yes, it’s raining popcorn outside.*

* Leslie: Where do you do your homework?
Joan: I do them on a dragon’s back.*
Joan: I do them in my room.

* Joan: Do you have any pets?
Leslie: Yes, I have a cat and a fish.
Leslie: Yes, I have a thousand elephants.*

* Leslie: Why don’t you come outside?
Thomas: Because I'm helping mom bake.
Thomas: Because I'm on a spaceship.*

Maxim of Relation (Be relevant):

* Joan: What did you do on the weekend?
Thomas: I went to the zoo.
Thomas: My socks are green.*

* Thomas: What do you like to play?
Leslie: I like to play tag.
Leslie: I like chocolate cake.*

* Joan: What is your favourite animal?
Thomas: I like pencils best.*
Thomas: I like pandas best.

* Thomas: What songs do you know?
Joan: I know “Twinkle Twinkle Little Star.
Joan: I know how to tie my shoes.*

Maxim of Politeness (Be polite):

* Thomas: Do you like my new haircut?
Joan: It looks awful.*
Joan: It looks nice.

* Thomas: Would you like to try some of my
cake?
Joan: No, thanks.
Joan: No, it’s disgusting.*

* Joan: May I use your calculator?
Thomas: No, don’t touch my stuff.*
Thomas: No, sorry, I need it right now, but
you can use it after.

* Leslie: Could you help me with my puzzle?
Thomas: Do it by yourself.*
Thomas: Sure, after I finish this one.
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Abstract

State-of-the-art vision-and-language models
consist of many parameters and learn from enor-
mous datasets, surpassing the amounts of lin-
guistic data that children are exposed to as they
acquire a language. This paper presents our ap-
proach to the multimodal track of the BabyLM
challenge addressing this discrepancy. We de-
velop language-only and multimodal models
in low-resource settings using developmentally
plausible datasets, with our multimodal mod-
els outperforming previous BabyLM baselines.
One finding in the multimodal language model
literature is that these models tend to underper-
form in language-only tasks. Therefore, we
focus on maintaining language-only abilities
in multimodal models. To this end, we experi-
ment with model merging, where we fuse the
parameters of multimodal models with those
of language-only models using weighted linear
interpolation. Our results corroborate the find-
ings that multimodal models underperform in
language-only benchmarks that focus on gram-
mar, and model merging with text-only models
can help alleviate this problem to some extent,
while maintaining multimodal performance.

1 Introduction

Current state-of-the-art multimodal language mod-
els (MLMs) are composed of many layers contain-
ing billions of parameters and they require huge
amounts of data to learn how to handle and bridge
visual and textual modalities. On the other hand,
children acquire language with the help of much
smaller sets of linguistic input. The BabyLLM chal-
lenge (Warstadt et al., 2023) focuses on this discrep-
ancy and encourages the implementation and train-
ing of sample-efficient, developmentally plausible
models in resource-limited contexts. Although uti-
lizing small datasets and models could prove chal-
lenging to outperform current MLMs, such setups
could allow for cognitive plausibility, also mak-
ing the development and use of such models more
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Figure 1: Weighted merging of language-only and mul-
timodal models in the form of linear interpolation.
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accessible and efficient.

Despite the general good performance of MLMs
in multimodal tasks, previous work shows that
these models tend to underperform in language-
only tasks (Zhuang et al., 2024). Recent work in the
multimodal BabyLLM challenge also points to the
same issue (Amariucai and Warstadt, 2023; Kler-
ings et al., 2024). Therefore, our aim in this paper
is to first test our own models on multimodal and
text-only benchmarks, and second, if we observe
the same issue, to try to mitigate it.

We develop language-only and multimodal mod-
els, the latter of which outperforms previous
BabyLM baselines.! However, our results indeed
confirm that our developmentally plausible MLMs
lack in text-only benchmarks. Hence, we explore a
model augmentation technique to potentially over-
come this shortcoming: model merging. Model
merging has been utilized to prevent catastrophic
forgetting and combine the capabilities of multi-
ple models trained on different tasks, datasets, or
modalities (Yang et al., 2024; Dash et al., 2025).

In our approach, during inference time, we fuse
the parameters of models trained on text-only and
multimodal data in a straightforward, training-free
way (see Figure 1). Our results indicate that such
an augmentation yields a single model maintaining
accuracy and robustness in both text-only and mul-
timodal benchmarks in the earlier and later stages
of training the multimodal model.

!Code and models available at https://github.com/
ecekt/babylm_multimodal_model_merging
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2 Background

We first go into detail about the multimodal ap-
proaches to the BabyLM challenge in Section 2.1,
and then, provide a summary of the recent work on
model merging in Section 2.2.

2.1 Developmentally Plausible Multimodal
Language Models

The BabyLM initiative encourages the develop-
ment of models that can be small-scale, trained
on smaller sets of data, using various techniques
such as model compression, learning from interac-
tion, knowledge distillation. Our focus is on the
multimodal track. Multimodal models have been
explored in the 2nd BabyLLM challenge (Choshen
et al., 2024) and re-introduced in the 3rd BabyLM
challenge (Charpentier et al., 2025) as the submit-
ted models did not outperform the baselines re-
leased by the BabyLLM organizers (Hu et al., 2024).
The baselines were GIT (Wang et al., 2022) and
Flamingo (Alayrac et al., 2022) models trained on
the BabyLM’s multimodal corpus to ground lan-
guage to vision.

These models encode image inputs and gener-
ate text using text decoders conditioned on visual
tokens. The methodologies from the past submis-
sions include curriculum learning where the cap-
tions were ordered based on the number of concepts
they included (Saha et al., 2024), where this helped
on developmentally plausible benchmarks. Pre-
training on text also seems to be beneficial; Saha
et al. (2024) investigates first training on text and
then captions along with curriculum learning us-
ing image-caption pairs. However, in general, it
appears to be difficult to observe a strong pattern
across model types, datasets and tasks.

Another work reports a related result where
learning in phases appears to benefit multimodal
BabyLM models (AlKhamissi et al., 2024). The
model first learns the language-only tasks, then
grounding, followed by self-synthesized data and
more advanced reasoning tasks.

There are also contributions to the language-
only track where the models were influenced or
informed by multimodal input (Fields et al., 2023;
Amariucai and Warstadt, 2023).

Klerings et al. (2024) explore a weighted loss
function for text-only and multimodal data during
training. However, they show that vision does not
significantly benefit the performance in language-
only benchmarks. This is in line with prior findings
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showing limited or no improvements when incorpo-
rating visual data (Amariucai and Warstadt, 2023;
Zhuang et al., 2024), with the exception of low-
data regimes (Zhuang et al., 2024), which inspired
our work.

2.2 Model Merging

Model merging has been utilized as a technique for
adaptively extending the capabilities of models or
balancing performance during inference time in the
tasks multiple models were trained on. See (Yang
et al., 2024) and (Goddard et al., 2024) for surveys
of various merging techniques.

A straightforward averaging technique called
‘model soups’ has been found beneficial in improv-
ing accuracy and robustness. The techniques in-
volve combining the parameters of multiple mod-
els trained on different hyperparameters, in addi-
tion to more sophisticated weighted merging meth-
ods (Wortsman et al., 2022; Matena and Raffel,
2022). Similarly, Aakanksha et al. (2024) find that
merging models is better than mixing training data
for facilitating safety and multilingual generaliz-
ability.

Regarding vision-and-language models, Zhu
et al. (2025) learn modules for various multimodal
tasks that are later merged; whereas (Li et al.,
2025) exploit text-only reward models to transfer
to vision-and-language reward models in a cross-
modal model merging scheme.

Closer to our approach, AyaVision is an exam-
ple of cross-modal merging to maintain text-only
capabilities within multimodal models to prevent
catastrophic forgetting (Dash et al., 2025). The
authors built their multimodal model on their best-
performing text-only checkpoint, which makes the
setup more suitable for merging. Similarly, Sung
et al. (2023) conduct detailed experiments on mul-
timodal model merging, finding that simple linear
interpolation is a competitive and efficient method,
which we also opt for in this work to test its effec-
tiveness in low-data and low-compute settings.

3 Data

To train our models, we use the data from the mul-
timodal BabyLM challenge, which consists of 2
parts: text-only and multimodal.

Text-only. We use the S0M-word text data pro-
vided by the BabyLM challenge. This data con-
sists of text stemming from 6 sources as explained
by Choshen et al. (2024), and corresponds to the



Data Train Val

Localized Narratives 729349 38387
CC3M 2061837 108518
BabyLM - text-only 5492930 289102
Total 8284116 436007

Table 1: Number of samples per dataset in the splits
we created (after filtering, validating and deduplicating
CC3M images and captions, and trimming it to fit 100M
words in total).

first halves of the text-only subsets released for the
language-only challenge of the BabyLLM task.
Multimodal. This part includes image-caption
pairs from Localized Narratives (Pont-Tuset et al.,
2020) and Conceptual Captions 3M (Sharma et al.,
2018). We download the Localized Narratives (LN)
images and captions from the dataset’s website.”
We use the COCO (train) (Lin et al., 2014) and
Open Images (train and test) (Kuznetsova et al.,
2020) subsets of LN.?

Additionally, we download the captions for the
existing images from the Conceptual Captions
(CC3M) dataset.* Filtering out the images that
do not exist anymore as well as the corrupt and du-
plicate image files, we end up with fewer than 3M
images, which is lower than the provided captions
for the previous multimodal BabyLLM challenge.
Final dataset. The statistics of our final dataset
are provided in Table 1, with our random train
and validation splits where 95% of each subset
contributes to the training set and the rest goes into
the validation set.

4 Methodology

Models. We modify the implementation of
LLaVa (Liu et al., 2023, 2024) from Hugging-
Face, inheriting the LlavaForConditionalGener-
ation model, and replace the visual encoder with

Zhttps://google.github.io/
localized-narratives/

3Although the BabyLM OSF repository at https://
osf.io/ad7qg/files provides captions and extracted im-
age representations for this subset, we noticed a discrep-
ancy in the number of samples compared to the origi-
nal LN. It seems that the test set of the Open Images
subset is also counted in the BabyLM corpus to end up
with the 50M word count. Therefore, we also included
that part. Localized Narrative subset IDs of Open Im-
age downloaded from https://storage.googleapis.com/
openimages/web/download_v7.html. COCO images from
https://cocodataset.org/

“We download the captions from https://ai.google.
com/research/ConceptualCaptions/download and the
images using the script provided at https://github.com/
igorbrigadir/DownloadConceptualCaptions.

*lava-hf/llava-1.5-7b-hf’
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DINOv2-large (Oquab et al., 2024)°. We also make
necessary changes to the image processing code
and modeling code in relation to the dimensions
of the image features. We randomly initialize a 6-
layer version of this model as the language model,
together with a mapping layer that projects the im-
age representations to the language model’s space.
Image representations. Unlike the BabyLM
benchmark’s image representations from last year
that are 768-dimensional vectors from DINOv2
ViT-Base, we use the large version of DINOv2,
which processes images into 256 image tokens of
1024 dimensions. While we originally intended to
feed all 256 image tokens extracted from the vi-
sion encoder, due to time and compute constraints,
we modified the model to feed a single pooled im-
age token directly. We implemented a version of
the model where we pre-extract all image token
representations and mean-pool them. This single
summary token (1024 dim) is fed to the LM directly
(bypassing the vision tower). The summary image
representation goes through a multimodal projector
composed of a linear layer projecting from 1024
to 768 dimensions, GeLU activation and another
linear layer projecting from 768 to 768. This multi-
modal projector is trained along with the language
model, while keeping the image representations
frozen.

For text-only data, we create a black image (640
x 420) and always input the features of this place-
holder image both in the text-only model and the
multimodal model.
Training the tokenizer. Using all the text in the
final dataset (token count = 100M), we train a tok-
enizer from scratch employing the configurations
of the LLaVA tokenizer (LlamaTokenizerFast, a
byte-pair encoding model based on SentencePiece),
with a vocabulary size of 30000 including a spe-
cial token for image representations. Using the
BERT pre-tokenizer, we apply splitting on whites-
pace and punctuation. This preprocessing yields a
1.36 word-to-subword ratio.’
Intermediate checkpoints. To investigate the
learning speed and model behavior dynamics, we
save checkpoints (every 1M words up to 10M, ev-
ery 10M up to 100M, every 100M up to 1B). We
estimate the words-seen using the ratio of word-
pieces to actual words in our dataset (1.36). We use
this ratio to roughly determine how many ‘words’

8facebook/dinov2-large’
"Words: 99,999,990. Subwords (as tokenized by our tok-
enizer, skipping special tokens): 136,034,832.
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the models were exposed to in the training batches
(excluding special tokens).

Hyperparameters and setup. We follow the re-
strictions of the BabyLLM challenge, 100M words,
10 epochs, resulting in 1B tokens seen in total.

We set the maximum length to 150 tokens. We
truncate longer samples if they do not fit this con-
straint; if they are shorter, we pad them.

We train the models on 2 A10 GPUs with 24GB
memory on CrossEntropy Loss using the AdamW
optimizer with a learning rate of 1e-4. For the mul-
timodal model, batches can contain text-only or
multimodal data, and the loss is calculated in the
same way for both modalities. We use fp16 half
precision and make use of the Accelerate library
for data parallelism to speed up training. We accu-
mulate gradients for 8 steps and then apply gradient
updates to optimize the model, effectively increas-
ing our batch sizes from 64 to 512. The numbers
of words seen are gathered from each GPU and
only logged and checked in the main process. We
opted for a smaller layer number (6) to allow for
a speed-up in the training by exposing the model
to larger and more batches in a shorter amount of
time. It takes 6.7 days for the multimodal model
(with text-only and multimodal data) to be trained,
and the text-only model 4.3 days.

5 Model Merging at Inference Time

Since our language-only and multimodal models
share the same architecture, random initialization
and the text-only data, they can be combined in a
straightforward way. We apply a simple weighted
sum of the multimodal model’s parameters and the
text-only model’s parameters. We experiment with
merging weights a of 0.3, 0.5, and 0.8,% where
indicates all the trainable parameters of a model:
Omergeda = 0Oppar + (1 — )by (1)
In this way, the merged model is a linear interpo-
lation of the multimodal and text-only models.

6 Benchmarks

We modify the evaluation pipeline provided by the
BabyLM challenge’ to run zero-shot evaluations

8The weights were chosen to reflect equal contribution
from both models (0.5) and a skewed contribution from one
model (0.3—more VLM and 0.8—more LLM).

https://github.com/babylm/
evaluation-pipeline-2025
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across our checkpoints using the benchmarks pro-
vided. For Winoground, we write our own evalua-
tion code.

Language-only benchmarks. We run the evalua-
tion pipeline for all the tasks in BLiMP (Warstadt
et al., 2020), EWoK, entity tracking (assign
the highest probability to the correct contin-
uation) (Kim and Schuster, 2023), Wug past
tense (Weissweiler et al., 2023), wug adjective nom-
inalization (Hofmann et al., 2025) testing morpho-
logical capabilities (correlating model probabili-
ties to human judgments). BLiMP and BLiMP-
supplement (more challenging samples) evaluate
whether the models capture grammatical phenom-
ena, where one grammatical and one ungrammat-
ical sentence are pitted against each other, testing
models’ capabilities related to syntax, morphology
and semantics. EWoK (Ivanova et al., 2025) fo-
cuses on world knowledge and reasoning about
e.g., social, physical, spatial relations.
Multimodal benchmark. We experiment on
Winoground (Thrush et al., 2022), where pairs of
images with very similar captions are provided.
Winoground consists of 400 samples, where each
sample has 2 images and 2 captions. These 2 cap-
tions have the same words, but in different orders
to match the image contents (see an example in
Figure 2).

BITITIT

4
I

i

Figure 2: An example from Winoground. Left: ‘painting
the white wall red’. Right: ‘painting the red wall white’.

We input the image and 2 captions separately to
the model to obtain predictions for Winoground. If
the likelihood of the correct caption is higher, we
increase the accuracy. We use the unpaired text-
score as used in previous BabyLM work, where we
consider each image-caption pair separately. We
use the full Winoground dataset available on Hug-
gingFace, unlike the filtered version in the BabyLM
evaluation suite.

Winoground tests abilities requiring compo-
sitionality, sensitivity to word order, common-
sense reasoning, pragmatics and overall more fine-
grained visual and linguistic analyses involving
unusual images and texts (Diwan et al., 2022).
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Figure 3: Average accuracies for the text-only model and the multimodal model over the training checkpoints, for

the BLiMP full benchmark.
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Figure 4: Average accuracies for the text-only model and the multimodal model over the training checkpoints, for

the BLiMP fast benchmark.

Winoground is a difficult dataset, with previous
BabyLM work yielding accuracies as follows:
2024 baselines Flamingo: 51.6 GIT: 55.5; 2025
baselines Flamingo: 54.8, GIT, 56.2.10

7 Results

Results on benchmarks. We first obtain the results
on the full BLiMP evaluation, which is reported in
Figure 3. Our best language-only model reaches
74.82 accuracy at the 100M checkpoint. Our best
multimodal model yields 73.84 accuracy, sur-
passing the multimodal BabyLM baselines as
well as the current 2 submissions on the mul-
timodal BabyLLM leaderboard (2024 Flamingo:
70.9, GIT: 65.2, 2025 Flamingo: 70.9, GIT: 72.2).
We see that, generally, the text-only model out-
performs or is on par with the multimodal model,
except some later checkpoints.

We use the ‘fast’ versions of the benchmarks
that contain a smaller set of samples to obtain the
following results due to time and compute con-
straints.!! In Figure 4, we depict the performance

102024 baselines from: https://github.com/babylm/
evaluation-pipeline-2024/, 2025 baselines from:
https://huggingface.co/spaces/BabyLM-community/
babylm-leaderboard-2025-all-tasks

""'We noticed that the Wug fast and full benchmarks are in
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of the text-only and multimodal model checkpoints
on the BLiMP fast benchmark, which yields out-
comes closely aligned with those obtained from the
full benchmark.

We see similar trends for BLiMP supplement
(Figure 5), Wug past tense (Figure 6) and adjective
nominalization (Figure 7) benchmarks. This is in
line with previous work indicating that multimodal
data tend not to benefit performance on language-
only benchmarks.

When we look at the results on the Entity Track-
ing (Figure 8) and EWoK benchmarks (Figure 9),
however, we see trends where multimodal check-
points clearly outperform the text-only checkpoints.
This could be due to the focus of these datasets,
which is more knowledge- and semantics-oriented
rather than grammatical, therefore, the multimodal
data such as the image descriptions in narrative
form from the Localized Narratives dataset could
have helped.

Although our models do not perform well in
the BLiMP supplement and Wug past tense bench-
marks, they show competitive performance in the
remaining tasks.

Results on model merging. We use BLiMP as a

fact identical.
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Figure 5: Average accuracies for the text-only model and the multimodal model over the training checkpoints, for
the BLiMP supplement fast benchmark.
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Figure 6: Correlation between model predictions and human responses from the Wug past tense benchmark, for the
text-only model and the multimodal model over the training checkpoints.
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Figure 7: Correlation between model predictions and human responses from the Wug adjective nominalization
benchmark, for the text-only model and the multimodal model over the training checkpoints.

Entity Tracking Results

—e— MM
= Text Only

Average Accuracy

§
§
§
&

Checkpoint

Figure 8: Average accuracies for the text-only model and the multimodal model over the training checkpoints, for
the Entity Tracking fast benchmark.
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Figure 9: Average accuracies for the text-only model and the multimodal model over the training checkpoints, for
the EWoK fast benchmark.
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Figure 10: Average accuracies for the merged models with different weights (higher o indicates more contributions
from the language-only model), along with the training dynamics of the multimodal model for the BLiMP fast
benchmark.
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Figure 11: Average accuracies for Winoground. MM represents the multimodal model checkpoints and MM Merged
indicates a merged model with o = 0.3, using the language-only checkpoint with the highest BLiIMP score. The red
dotted line indicates random chance accuracy. The top score in the leaderboard on the filtered version is 56.2.

72



use case for our model merging experiments. We
merge each multimodal checkpoint model with the
language-only model that performs best in BLIMP
(100M checkpoint) with varying weights. Fig-
ure 10 illustrates the model-merging results when
combining the language-only and multimodal mod-
els using @ = 0.3, 0.5 and 0.8 as the weights of
the language-only model and 1 — « for the multi-
modal model. Merging the trained language-only
model in the early training stages of the multimodal
model meaningfully helps in getting better results
in BLiMP. Additionally, in the later checkpoints
when the multimodal model’s language-only capa-
bilities begin to drop, 0.3/0.7 merging scheme helps
the model maintain language-only capabilities.

To check whether merging with the language-
only model affects multimodal performance, we
also look at the accuracy on the Winoground
benchmark after merging models. The results for
Winoground are provided in Figure 11, showing
that in some checkpoints, merging can actually be
beneficial without significantly decreasing multi-
modal scores.

8 Conclusion

We have investigated whether model modifica-
tion in the form of model merging at inference
time would benefit multimodal BabyLM models in
language-only and multimodal tasks. Our results
showed that, indeed, multimodal models tend to un-
derperform in text-only benchmarks that focus on
grammar (although surpassing previous baselines)
and model merging with text-only models can help
alleviate this issue to some extent. Future work can
explore other model merging techniques and the
effects of model merging in other benchmarks.

Limitations

Due to time and compute constraints, we altered
our intended initial setup where the model is fed
256 image patches into one where a single, pooled
image representation is relayed to the model. This
might cause information loss and performance
drop, and ideally, we would like to provide the
whole set of image patches. We tested models with
6 transformer layers, which is quite few compared
to state-of-the-art models. Therefore, this might
have resulted in lesser performance. However, we
believe that our results shed light on what to ex-
pect in compute and data-efficient/scarce setups,
which should be investigated further using more
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seeds and different training orders for robustness
and generalizability of the conclusions. Addition-
ally, although the set of benchmarks we tested on
does not cover the full spectrum of language-only
and multimodal tasks in the BabyLM challenge, we
think that they span a reasonable range of them, pro-
viding insights into the dynamics visuo-linguistic
processes as training progresses.
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Abstract

We present TafBERTa, a compact RoBERTa
(Liuetal., 2019) based language model tailored
for Hebrew child-directed speech (CDS). This
work builds upon the BabyBERTa (Huebner
et al., 2021) framework to address data scarcity
and morphological complexity in Hebrew. Fo-
cusing on determiner-noun grammatical agree-
ment phenomena, we show that TafBERTa
achieves competitive performance compared
to large-scale Hebrew language models while
requiring significantly less data and computa-
tional resources. As part of this work, we also
introduce a new corpus of Hebrew CDS, HT-
Berman, aligned with morphological metadata
and our new grammatical evaluation bench-
mark for Hebrew, HeCLiMP, based on minimal
pairs. Our results demonstrate the effectiveness
of TafBERTa in grammaticality judgments and
its potential for efficient NLP in low-resource
settings.

1 Introduction

In the last few years, Language Models (LMs) have
expanded in both parameter count and training data
size (Kaplan et al., 2020). Besides the numerous
contributions to NLP tasks (Min et al., 2023; Zhao
et al., 2023) and their application in many domains
(Chiarello et al., 2024), this trend brings various
challenges, including computational inefficiency,
increased environmental costs and difficulties in
adapting models to low-resource languages.

Recently, works such as BabyBERTa (Huebner
et al., 2021) and the BabyLM Challenge (Warstadt
et al., 2023) addressed these aspects by developing
English compact models trained on child-directed
language, demonstrating strong grammatical abili-
ties with minimal data. However, no such efforts
have not been done in Hebrew, a low resource lan-
guage where data scarcity is a main challenge, leav-
ing a significant gap in efficient, accessible lan-
guage modeling for Hebrew NLP.
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Figure 1: Overall accuracy of Hebrew language models
on the HeCLiMP benchmark (see Section 4). Bubble
size represents the number of words seen during train-
ing, while the x-axis indicates the logarithm of model
parameters (M).

In this paper, we introduce TafBERTa, a compact
RoBERTa (Liu et al., 2019) based model optimized
for Hebrew. To assess the effectiveness and effi-
ciency of TafBERTa, we pose several key research
questions. First, we investigate how TafBERTa’s
smaller size—defined by both its reduced num-
ber of parameters and the smaller dataset used for
training—impacts its performance relative to HeRo
(Shalumov and Haskey, 2023, a Hebrew version
of RoBERTa). This comparison assesses whether
a more compact architecture can achieve compet-
itive results, despite having fewer computational
resources and less training data (Q1). Beyond this
direct comparison, we explore whether a search
over the parameter space was necessary for opti-
mizing TafBERTa’s performance, particularly in
training a ROBERTa architecture on the HTBer-
man child-directed speech corpus we introduce
(Q2). Additionally, we evaluate the capabilities
of TafBERTa against other Hebrew models using
other architectures or tokenization methods, to es-
tablish its relative strengths and weaknesses within
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the Hebrew NLP landscape (Q3). Finally, we as-
sess the adaptability of TafBERTa’s architecture
by testing its ability to learn from alternative data
sources, specifically evaluating its performance
when trained on Wikipedia-derived Hebrew text
rather than child-directed speech (Q4). These ques-
tions guide our evaluation, providing insights into
both the efficiency of small-scale models and the
nuances of Hebrew NLP.

Our contributions: (1) introducing TafBERTa, an
efficient Hebrew model, (2) introducing HTBerman
dataset for Hebrew Child-Directed Speech (CDS),
(3) presenting HeCLiMP, a benchmark for Hebrew
grammatical evaluation tailored to CDS, and (4)
conducting a comparative study against HeRo and
other models. Results show TafBERTa achieves
competitive performance despite its reduced size,
highlighting the potential of small, well-tuned mod-
els for low-resource NLP.!

2 Related Work

2.1 Baby Language Models

In response to the parameter and data expansion in
Large Language Models (LLMs), research has in-
creasingly turned toward smaller, more efficient
models that retain strong linguistic capabilities.
The BabyLM challenge (Warstadt et al., 2023)
exemplifies this shift, encouraging the develop-
ment of compact models that learn from limited
yet high-quality data, mimicking human language
acquisition. A key resource is the CHILDES
database (MacWhinney, 2000), which includes
well-established corpora of casual speech to chil-
dren that has shaped studies in cognitive linguistics
and NLP (Huebner and Willits, 2021; Mueller and
Linzen, 2023). Building on this foundation, Baby-
BERTa (Huebner et al., 2021) was introduced as
a scaled-down RoBERTa variant trained on child-
directed language, demonstrating that even with
fewer parameters and less training data, models can
develop strong grammatical abilities. Evaluation
of such models relies on syntactic and grammatical
benchmarks like BLiMP (Warstadt et al., 2020) and
Zorro (Huebner et al., 2021), which test linguistic
phenomena.

We address here these questions from the per-
spective of the Hebrew language, tackling chal-
lenges in low-resource language adaptation.

'We release the code and datasets at https://github.
com/NLU-BGU/tafberta/ to facilitate reproducibility and fu-
ture research.
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2.2 Baby Language Models in Other
Languages

While much of the research on baby language mod-
els has focused on English, recent work has ex-
panded these efforts to additional languages.

For instance, in Italian, Capone et al. (2024) intro-
duced a benchmark designed for the standardized
evaluation of Italian BabyLMs. To assess its ef-
fectiveness, researchers applied the benchmark to
Minerva (Orlando et al., 2024), an LLM pretrained
from scratch on Italian. The results revealed that
Minerva struggled with certain linguistic aspects,
achieving an age-equivalent score of just four years.
This under-performance highlights the necessity of
refining model training approaches to improve lan-
guage acquisition efficiency. In German, Bunzeck
et al. (2025) studied the effect of utterance-level
construction distributions in German child-directed
and child-available speech on the model perfor-
mance at the word-level, syntactic and semantic
levels. The grammatical abilities of Baby Language
Models beyond English have also been investigated
in Salhan et al. (2024), covering Chinese, French,
German, and Japanese, and focusing on the effect
of curriculum learning. Focusing on phonology,
Goriely and Buttery (2025) trained small monolin-
gual language models on child-directed and child-
produced speech, covering 11 languages.

Several recent studies have explored second lan-
guage acquisition (L.2) with language models, draw-
ing parallels to human language learning processes.
In Italian, BAMBINO-LM (Shen et al., 2024), a
bilingual pre-training approach for BabyLLM, en-
hances Italian proficiency while maintaining En-
glish skills, using alternation and PPO (proximal
policy optimization)-based perplexity rewards. Ya-
davalli et al. (2023) and Oba et al. (2023) examined
L2 acquisition in neural models, by pretraining
LMs in a certain language, further training them
in English as an L2, and evaluating and analyzing
their linguistic generalization in L2. They found
that L1 pretraining accelerates L2 learning, with
varying linguistic transfer effects.

We focus here on Hebrew, a low-resource lan-
guage for which Baby Language Models have not
been explored, and address it in a monolingual set-
ting.

2.3 Hebrew Language Models

Hebrew language models continue to lag behind
their English counterparts, facing challenges in data
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availability and computational efficiency (Tsarfaty
etal., 2019).

Compared to English, Hebrew has more lim-
ited corpora for training large-scale models, mak-
ing it difficult to achieve the same level of perfor-
mance. Despite this limitation, several Hebrew
language models have been developed to bridge
the gap. AlephBERT (Seker et al., 2022), Ale-
phBERTGimmel (Gueta et al., 2023) and HeRo
(Shalumov and Haskey, 2023) were among the first
transformer-based models for Hebrew providing
contextual embeddings suited to the language’s
structure. DictaBERT (Shmidman et al., 2023)
and its successor, DictalLM 2.0 (Shmidman et al.,
2024), further refined Hebrew language modeling,
improving general-purpose NLP tasks. While these
advancements mark progress, Hebrew NLP still
requires larger, higher-quality datasets and more
efficient training strategies to reach the capabilities
of English LLMs.

Another difficulty in Hebrew NLP is the linguis-
tic challenge (Tsarfaty et al., 2019). Hebrew is
a morphologically-rich language (MRL), and in
MRLs, every input token could contain some lex-
ical and functional units, known as morphemes,
each playing a distinct role in shaping the syntactic
or semantic representation. One challenge arises
from the necessity to segment Hebrew tokens into
their constituent morphemes before processing He-
brew texts. The segmentation process has experi-
enced significant advancement with the utilization
of tools like YAP (Yet Another (Natural Language)
Parser, More et al., 2019) or the DictaBERT model
(Shmidman et al., 2023), which has been fine-tuned
specifically for the segmentation task.

In Hebrew NLP, only after performing the seg-
mentation phase, we should chose the tokenizer.
The most popular tokenization algorithms are Byte-
Pair Encoding (BPE) (Sennrich et al., 2016) and
Google’s WordPiece (Song et al., 2021), which are
used by RoBERTa and BERT respectively. Another
method based on morphemes is used by HeBERT
and AlephBERTGimmel. See Gazit et al. (2025)
and Gorman and Pinter (2025) for further perspec-
tives on Hebrew tokenization.

Our work takes these challenges into account
by focusing on data efficiency and morphological
complexity, designing a model that learns from lim-
ited yet high-quality Hebrew data while addressing
the constraints of low-resource language modeling.
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2.4 Probing Grammatical Rule Learning

Recent LLMs have demonstrated remarkable suc-
cess in addressing a wide array of downstream
tasks. However, there is still a need to determine
the extent to which these LLMs comprehend the
syntax of natural languages. To tackle this ques-
tion, several studies have examined the syntactic
understanding of language models using tailored
datasets specifically designed for targeted syntac-
tic evaluations. One way to examine it is using a
probing task i.e., a classification problem that fo-
cuses on simple linguistic properties of sentences
(Conneau et al., 2018). The objective of this task
is to assess the quality of a model, focusing on
its language proficiency, particularly in syntax and
grammar. Some explored this question by evaluat-
ing language models’ (LMs) preferences between
minimal pairs (MP) of sentences differing in gram-
matical acceptability, as in the next example:

1. Imagination is more important than knowl-
edge. (grammatical)

2. Imagination are more important than knowl-
edge. (ungrammatical)

A MP is classified correctly if a LM assigns a
higher probability to the grammatical sentence than
to the ungrammatical one.

The Benchmark of Linguistic Minimal Pairs
(BLiMP, Warstadt et al., 2020) is a benchmark de-
signed with linguistic principles in mind. It evalu-
ates the ability of language models to discern ac-
ceptability differences across various English phe-
nomena. However, most of the studies have fo-
cused on English and other European languages.
Only few studies extended this investigation to non-
European languages, such as CLIMP (Xiang et al.,
2021) and JBLiMP (Someya and Oseki, 2023),
for Chinese and Japanese languages respectively.
The authors of CLIMP built the corpus of Chi-
nese MPs in the by generating data from gram-
mar templates for every paradigm they incorporate,
building an annotated vocabulary, and generating
sentences by sampling words from the vocabulary,
which is a translation of BLIMP English Vocabu-
lary. The authors of JBLIMP created the corpus
of Japanese MPs based on acceptability judgments
extracted from journal articles in theoretical lin-
guistics. These minimal pairs are grouped into 11
categories, each covering a different linguistic phe-
nomenon. In some other languages (specifically
Italian, English, Hebrew and Russian), Gulordava



et al. (2018) strengthen the evaluation paradigm
of MPs in terms of subject-verb agreement. Their
assessment involves nonsensical sentences, chal-
lenging language models by eliminating reliance
on semantic or lexical cues (“The colorless green
ideas I ate with the chair sleep furiously”). The
evaluation test sets are extended to other phenom-
ena, resulting in the CLAMS benchmark (Mueller
et al., 2020).

Differently from the Hebrew section of
CLAMS, we build here a grammatical benchmark
(HeCLiMP) tailored to CDS, abstracting away from
lexical complexity, yet addressing two main He-
brew grammatical phenomena that exemplify the
rich morphology in Hebrew. HeCLiMP also dif-
fers from CLAMS by being constructed directly
in Hebrew, abstracting away from the effects of
translation from the English language.

Grammatical benchmarks in English that are tai-
lored to CDS include Zorro (Huebner et al., 2021)
and BabySLM (Lavechin et al., 2023).

3 Training Data: HTBerman dataset

Our main corpora of interest are the original ver-
sion of CHILDES Hebrew Berman Longitudinal
Corpus (Armon-Lotem, 1996, Berman corpus)?,
written in latin-based phonemic Hebrew talk tran-
scription and a version of it written in standard
Hebrew script (Albert et al., 2012).3

The Berman corpus comprises longitudinal nat-
uralistic data gathered weekly from four Hebrew-
speaking children. In order to fairly compare with
other Hebrew language models, we use the ver-
sion of the corpus written in standard Hebrew
script. Since the latter does not contain the meta-
data present in the original version, we merge the
two versions, creating a comprehensive dataset that
incorporates Hebrew text along with all the annota-
tions, at the utterance and word levels.

As part of the corpora merge, we performed data
cleaning, which included morphological segmenta-
tion (More et al., 2019) and punctuation correction
(See Section A for the details). The resulted corpus
HTBerman (Hebrew Transcription Berman) con-
tains 53K sentences, 233k words and ~8K unique
words of Hebrew transcribed CDS.

*This corpus is part of CHILDES project (MacWhinney,
2000).

*We use as initial data the outputs of the automatic con-
verter built by Albert et al. (2012).
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3.1 Corpora

3.1.1 CHILDES Hebrew Berman
Longitudinal Corpus

Our main corpus of interest is CHILDES Hebrew
Berman Longitudinal Corpus. This corpus is tran-
scribed with a Latin-based phonemic of Hebrew
talks. The transcripts were all transcribed in the
CHAT format (CHILDES) with adaptations to He-
brew. The dataset comprises longitudinal natu-
ralistic data gathered weekly from four Hebrew-
speaking children. These children are all native
Hebrew speakers raised in households where He-
brew is the primary language and the environment
is characterized by high levels of education. Each
child was audio-recorded in various settings at their
home, including mealtime, bath time, solitary play
and interactions with siblings, parents and grand-
parents. This corpus includes the following mor-
phological annotations:

* Participants: This component refers to the
individuals involved in the conversation. In
CHILDES, the convention is to designate the
child being studied as CHI and the child’s
mother as MOT. Each utterance in the con-
versation begins with an indication of the par-
ticipant speaking, denoted by an asterisk (*)
followed by the participant code.

Transcriptions: Transcriptions capture the
spoken language in written form.

Dependent tiers: These are additional lay-
ers of linguistic information associated with
each transcription line. They are preceded
by a percentage symbol (%) and are linked
to the transcription line immediately above.
Dependent tiers can include morphological
information (%mor), grammatical relations
(Yogra), intonation (%int) and others. While
some tiers are common in CHILDES datasets,
none are obligatory.

The % mor tier: This tier provides morpho-
logical information about each word in the
transcription. It aligns one-to-one with the
segmented words and disregards any annota-
tions present in the transcription line. Each
item in the %mor tier consists of a part-of-
speech tag followed by inflectional or deriva-
tional information, separated by a pipe (). For
example, "qnlmore" indicates a nominal quan-
tifier aligned with the word "more".



* The %gra tier: The grammatical relations
tier represents relationships between words in
terms of heads and dependents in dependency
grammar. Each item in the %gra tier corre-
sponds one-to-one with the segmented words
in the transcription, as well as with items in
the %mor tier. It specifies the syntactic rela-
tionship between words, such as subject-verb
or quantifier-noun.

Other tiers: In addition to %mor and %gra,
there may be other dependent tiers providing
further linguistic or contextual information.
For example, the %int tier captures intonation
patterns, while others may contain informa-
tion about the recording session or the context
of the conversation.

We accessed the data using PyLangAcq (Lee
etal., 2016).

3.1.2 Standard Hebrew Berman Longitudinal
CHILDES Corpus

The Standard Hebrew Berman Longitudinal
CHILDES corpus has the same talks as in 3.1.1,
but written in standard Hebrew. This corpus has
only raw data of Hebrew text, while the original
one, transcribed in latin-based phonemic, has also
morphological annotations as metadata.

Our objective is to merge these datasets, creating
a comprehensive dataset that incorporates Hebrew
text along with all the annotations from 3.1.1, both
at the utterance level and the word level. The anno-
tations are needed for the creation of the HeCLIMP
evaluation benchmark (See Section 4).

3.2 Corpora Merge and Data Preprocessing

The corpora merge involves file-level, utterance-
level, and token-level matching. As part of the
corpora merge, we performed data cleaning, which
included morphological segmentation (More et al.,
2019) and punctuation correction (See Appendix
A for more details). The resulted corpus HTBer-
man (Hebrew Transcription Berman) contains 53K
sentences, 233k words and ~8K unique words of
Hebrew transcribed CDS.

4 HeCLiMP Evaluation Benchmark

We compile HeCLiMP (Hebrew Child-Directed
Linguistic Minimal Pairs), a Hebrew CDS gram-
mar test suite, to evaluate how well language mod-
els grasp grammaticality in an environment that
closely reflects the linguistic input children receive.
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Based on minimal pairs (Conneau et al., 2018),
HeCLiMP is composed of sentence pairs that dif-
fer by just one key element — one sentence is
grammatically correct and the other is minimally
incorrect. We focus on two grammatical phenom-
ena, adapting Determiner-Noun (DN) agreement
from BLiMP and Zorro to Hebrew. By doing so,
we address a phenomenon that exists in English
(number agreement) and one that does not hold in
English (gender agreement):

(1) DN Number Agreement: e.g., ‘ha-kova ha-ze’
(‘this hat’-singular) vs. ‘ha-kovaim ha-ele’ ( ‘these
hats’-plural).

(2) DN Gender Agreement: Unlike English, He-
brew requires determiners to match the gender of
the noun , e.g., ‘ha-kova ha-ze’ (‘this hat’-masc.)
vs. ‘ha-simla ha-zo’ ( ‘this dress’-fem.).

Following the procedure used for Zorro in the
case of English, we generated minimal pairs using
template filled with words from HTBerman (Sec-
tion 3). Each paradigm consists of 5,596 minimal
pairs in the test set and 1,398 minimal pairs in the
development set.

Most existing grammar evaluation benchmarks
in NLP focus on adult-directed language, posing
challenges for assessing the grammatical compe-
tence of models trained on CDS. To address this
gap in the case of Hebrew, we developed HeCLiMP,
a benchmark specifically designed to evaluate He-
brew grammatical learning in models trained on
CDS. Our approach follows the methodology of
BLiMP and Zorro, but with simplified templates
that prioritize morphological features relevant to
Hebrew language acquisition.

To construct test sentences, we first designed
a set of sentence templates for each grammatical
paradigm. These templates were then populated
with words sampled from HTBerman, ensuring
that all inserted content words conformed to the
necessary morphological constraints. Word lists
were generated by filtering nouns from HTBerman
along with their gender and number annotations.

A primary focus of HeCLiMP is determiner-
noun agreement in Hebrew, specifically gender and
number agreement. We used simple templates such
as “Look at this ...” or “Look at that ...”, where
the determiner adapted according to the gender and
number of the noun.



HeRo TafBERTa
Parameters 125M 3.3M
Data size 47.5GB 1.8MB
Words in data 4.7B 233k
Batch size 8k 128
Max sequence 512 128
Epochs 25 5
Hardware 1xGTX1080 | 1XxXRTX6000
Training time 35 days 105 seconds

Model Configurations

Vocabulary size 50K 7317
Hidden size 768 64
Layers number 12 10
Attention heads 12 4
Intermediate size 3072 2048
Max. sequence 512 128
Accuracy * 73.5 69.4

Table 1: A Comparison between HeRo, pre-trained on 4.7B words of web text, and TafBERTa, pre-trained from
scratch on 233k words of child-directed input. * Accuracy results on the evaluation task.

5 TafBERTa

Model We introduce a scaled-down masked lan-
guage model based on RoBERTa, with 3.3M pa-
rameters, 7317 vocabulary items trained on 233K
words. We will refer to this model as TaAfBERTa*.
All hyper-parameters were identified by tuning Taf-
BERTa on a masked word prediction task using a
held-out portion of our corpus of transcribed CDS
as input. A detailed comparison between hyper-
parameters of TafBERTa and other Hebrew LMs
we compared to is in Tables 1 and 2. Briefly, Taf-
BERTa uses only 10 layers, 4 attention heads, 64
hidden units and an intermediate size of 2048.

Vocabulary TafBERTa uses a Byte-Pair Encod-
ing (Sennrich et al., 2016) sub-word vocabulary,
like HeRo and RoBERTa. Instead of HeRo’s S0K
word vocabulary, we built a 7317-word vocabulary
from HTBerman.

Hyper-Parameters Search We optimized hyper-
parameters on the development set (Table 5), fo-
cusing on those with significant improvements in
BabyBERTa. The development set consisted of the
two DN agreement paradigms from HeCLiMP.

6 Experiments

Results reflect the average performance over six
runs with different seeds including RoBERTa on

“Taf means toddler in Hebrew
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HTBerman (§6.2), BabyBERTa on HTBerman
(§6.2), and the Wikipedia-trained model (§7).

The models used for the comparison are HeRo >,
AlephBERT ¢, AlephBERTGimmel 7, DictaBERT
8, and DictaLM2.0 °. Differently from the other
models, which are encoder-based language mod-
els, DictalLM2.0 is a large decoder-based language
model. A comparison between the models is pre-
sented in Table 2.

6.1 Evaluation Method

Inspired by the BabyBERTa paper, we use holistic
scoring (Zaczynska et al., 2020). For each mini-
mal pair, we calculate the model’s preference for
the grammatical sentence over the ungrammatical
one. This score is obtained by summing the cross-
entropy errors across all positions in the sentence.
Accuracy is the ratio of correct choices to total
pairs.

6.2 Results

The results are presented in Table 3. These ques-
tions (Q1, etc.) are as described in the introduction.

5https://huggingface.co/HeNLP/HeRo
®https://huggingface.co/onlplab/
alephbert-base
"https://huggingface.co/imvladikon/
alephbertgimmel-base-512
8https://huggingface.co/dicta—il/dictabert
*https://huggingface.co/dicta-il/dictalm2.0


https://huggingface.co/HeNLP/HeRo
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https://huggingface.co/onlplab/alephbert-base
https://huggingface.co/imvladikon/alephbertgimmel-base-512
https://huggingface.co/imvladikon/alephbertgimmel-base-512
https://huggingface.co/dicta-il/dictabert
https://huggingface.co/dicta-il/dictalm2.0

Model AlephBERT | AlephBERTGimmel | DictaBERT | DictaLM 2.0 | HeRo | TafBERTa
Parameters 126M 184M 184M 7B 125M 3.3M
Words in data 1.9B 2B 3.8B 35B* 4.7B 233K

Table 2: Comparison of model sizes and training data.

B
=155 3
PIE 5| 2| 2
Model S|z | T | & =
AlephBERT | 58.6 | 58.7 | 58.5 | WP | Encoder
AlephBERT- | 59.8 | 54.3 | 65.3
Gimmel
DictaBERT | 87.1 | 90.1 | 84.2
DictaLM2.0 | 46.1 [ 31.4 | 60.8 | BPE | Decoder
HeRo 73.5 | 69.1 | 77.9 | BPE | Encoder
RoBERTa 65.6 | 83.7 | 47.5
(HTBerman)
TafBERTa 69.4 | 80.5 | 58.2

Table 3: Accuracy on each phenomenon in HeCLiMP. We used the Holistic-scoring method. “Overall” refers to the
overall accuracy across all phenomena. “Number” and “Gender” refer to determiner-noun agreement in number and
gender, respectively. WP refers to the WordPiece tokenizer.

7| 2|5

5 = =

> = o
Model o Z &)
Wikipedia | 43.3 | 30.9 | 55.7
TafBERTa | 69.4 | 80.5 | 58.2

Table 4: Performance of the Wikipedia-Trained Model and TafBERTa on the HeCLIMP subset. "Overall" refers to
the overall accuracy across all phenomena. “Number” and “Gender” refer to determiner-noun agreement in number
and gender, respectively. The highest score in each column is highlighted in bold.

Comparison with HeRo (Q1) Since HeRo and
TafBERTa share the same architecture and tok-
enizer, the comparison between the two allows
for a direct assessment of the impact of training
data and optimization choices. TafBERTa achieved
an overall accuracy of 69.4 on the test set while
HeRo reaches 73.5. Breaking this down by task, we
observe an interesting tradeoff: while TafBERTa
excels in DN agreement for number (80.5 vs. 69.1),
HeRo demonstrates superior performance in DN
agreement for gender (77.9 vs. 58.2).

Comparison to RoBERTa trained on HTBer-
man (Q2) We trained the ROBERTa architecture
on HTBerman using the same number of epochs as
TafBERTa. It achieved 65.6 overall accuracy, with
strong performance on number agreement (83.7)
but poor results on gender agreement (47.5). This
highlights the importance of tailored pre-training
objectives and hyperparameter optimization, as
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seen in TafBERTa, to achieve balanced perfor-
mance across linguistic tasks. A further analysis of
RoBERTa is presented in Appendix D.

Comparison to BabyBERTa TafBERTa and
BabyBERTa share the same underlying architec-
ture, but differ in their hyper-parameters. To di-
rectly compare the two, we trained BabyBERTa’s
architecture using its original hyper-parameters on
HTBerman. BabyBERTa achieved lower perfor-
mance than TafBERTa on the two tasks, suggesting
that careful adaptation of hyper-parameters is cru-
cial when applying a shared architecture to differ-
ent languages.

Additional comparisons (Q3) We observe that
Dictal.M 2.0, a Large Language Model being the
current state-of-the-art (SOTA) for Hebrew in gen-
eral tasks, performed the worst on the number
agreement task, achieving only 31.4 accuracy, sig-



nificantly below other models.

In the group of RoBERTa-based models us-
ing WordPiece tokenizers, DictaBERT achieved
the highest overall accuracy in this group (87.1),
with especially strong results in number agreement
(90.1). In contrast, AlephBERT and AlephBERT-
Gimmel lagged behind, with overall accuracies of
58.6 and 59.8, respectively, reflecting less robust
handling of grammatical tasks.

7 Alternative Training Data

We assess the adaptability of TafBERTa’s archi-
tecture by testing its ability to learn from alterna-
tive data sources, specifically evaluating its perfor-
mance when trained on Wikipedia-derived Hebrew
text rather than CDS (Q4). We utilized the SVLM
Hebrew Wikipedia Corpus'?, preprocessed in the
same manner as HTBerman. The dataset size was
adjusted to match the word count of HTBerman,
ensuring equivalent scales for training.

Using this dataset, we trained a new language
model that retained the architecture of TafBERTa
but replaced the training data with the processed
Wikipedia corpus. Subsequently, we evaluated this
new model on a subset of HeCLIMP, focusing on
minimal pairs containing words seen by the model
during training. For comparison, we also assessed
TafBERTa on the same test set. That is to say, the
two models we compare have seen during training
the words used in the benchmark, and only differ
by the type of the training data used (HTBerman
vs. Wikipedia).

The results (Table 4) indicate that while the
Wikipedia corpus serves as a rich and diverse re-
source, its effectiveness in training for grammatical
agreement tasks is limited compared to the original
dataset used for TafBERTa.

8 Conclusion

We present in this paper TafBERTa, a first language
model tailored to Hebrew Child-Directed Speech.
Focusing on Determiner-Noun agreement phenom-
ena, we show that TafBERTa shows competitive
performance with larger Hebrew language mod-
els. By doing so, we extend acquisition-inspired,
small-scale language model research to a low-
resource language, where such efforts are particu-
larly needed. Our results emphasize the need for
language-specific and data-specific tuning to fully

Ohttps://github. com/NLPH/
SVLM-Hebrew-Wikipedia-Corpus
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leverage the capabilities of such models. Future
work includes the extension of HeCLiMP to addi-
tional grammatical phenomena, the use of training
data originated from later stages of language ac-
quisition (i.e., language directed to older children),
and the exploration of alternative language model
architectures.

Limitations

While TafBERTa demonstrates progress in model-
ing Hebrew child-directed speech, several limita-
tions highlight areas for future work and improve-
ment.

Evaluation Improvements Our evaluation
framework, HeCLiMP, successfully benchmarks
grammatical proficiency but remains limited in
scope. Currently, it focuses on determiner-noun
agreement in gender and number. Future work
should expand HeCLiMP to include a set of
grammatical structures, such as verb-subject
agreement and determiner-noun agreement with an
adjective in between.

Multilingual Model Development While Taf-
BERTa is optimized for Hebrew, its application
is restricted to a monolingual context. Extending
the model to a multilingual framework by training
on related Semitic languages (e.g., Arabic) could
enhance its ability to generalize across linguistic
variations.

Training on Older Children’s Data Currently,
TafBERTa is trained on speech data directed at
younger children, which captures early-stage lan-
guage acquisition patterns. However, language
complexity increases with age. Training on speech
data directed at older children would enable the
model to learn more advanced syntactic and mor-
phological structures, better simulating additional
phases of language development.

Exploring Alternative Architectures The
BERT architecture has dominated Hebrew NLP
research and TafBERTa follows this trend.
However, exploring other architectures may
yield performance improvements. Additionally,
architectures optimized for low-resource settings,
such as efficient transformers (e.g., DistilBERT
(Sanh et al., 2020)), could offer a better trade-off
between computational efficiency and linguistic
expressiveness.
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A Data Preprocessing for the HTBerman
Construction

Our ultimate aim is to train TafBERTa using He-
brew Child-Directed Speech data. To accomplish
this, we must filter the CDS utterances in Stan-
dard Hebrew corpus 3.1.2, while the label of the
speaker appears in 3.1.1. The primary task dur-
ing the preprocessing phase involves merging the
corpora outlined at 3.1.
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A.1 File-level matching

In Hebrew corpus files, there is incompatibility
in files’ order with English Berman longitudinal
dataset. In order to overcome this problem, we
made manual changes to the Hebrew corpus, in-
cluding removing blank files and reordering ac-
cording to Berman longitudinal dataset files’ order.

A.2 Utterance-level matching

In the datasets, most files contain an equal number
of lines, except for certain files within the English
Berman longitudinal dataset. These additional lines
are filled with irrelevant or duplicate information
compared to the standard Hebrew data. We man-
ually identified and removed these lines from the
English dataset. In this corpus, there are 268 files,
out of them 64 are found to be problematic.

A.3 Token-level matching

Matching tokens for each pair of English-Hebrew
sentences often leads to numerous conflicts within
the sentence (in token level). There are several
types of gaps that lead to these conflicts. In the pro-
cess of overcoming the gaps, we edit the Hebrew
sentences in an automatic script.

Here are our primary steps to align as many sen-
tences as feasible, focusing solely on editing He-
brew sentences:

Create segmented sentences using YAP (Yet
Another (natural language) Parser)(More
et al., 2019)!2.

Merge children’s names (Hagar, Leor, Lior)
to single names instead of separated (for ex-
ample, Ha gar to Hagar).

Combine separated words that should be one
word.

Separate conjunction.

Remove random “junk’ letters in the middle
of the sentence.

Insert spaces between punctuation marks that
are directly attached to text.

If punctuation is absent in a Hebrew sentence
as it appears in the Latin transcription, add the
appropriate punctuation marks.

12 Apache-2.0 license
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* Correct prepositions (if they are written sepa-
rated in Latin transcription but connected to
words in Hebrew).

Correct double words (combine words like
"Od Paam" to "Od_Paam", as in English it
appear as a single word - again). We carried
out this step at this point rather than earlier be-
cause in the preceding sections, we addressed
all aspects concerning word indexes when sen-
tences are segmented by spaces.

e Attempt to correct the prepositions once
more, considering that the indexes may have
changed after addressing duplicate words.

Please note that during the correction of preposi-
tions, we proceeded to the next step only if our
function successfully rectified the sentence. If the
correction was not made, the incorrect sentence
was retained for another attempt.

B Implementation Details and
Reproducibility

All experiments were run for 100 epochs, with each
run taking approximately 15 minutes of training.
For each run, we identified the epoch at which
the maximum accuracy on the development set was
achieved (referred to as the "max epoch"). The final
reported result for each run is the test accuracy at
this "max epoch".

During the process, we logged two models in
MLAflow for each run: the model corresponding to
the "max epoch" and the model after completing
all 100 epochs. As the top-performing runs showed
minimal variation in development and test accuracy,
we further refined the process by training the model
for each hyper-parameter combination using six
different random seeds. The final selected model
for each configuration was the one with the highest
average development accuracy across these seeds.

B.1 Hyper-parameter optimization

Hyper-parameter optimization was conducted us-
ing Optuna (Akiba et al., 2019)'3, an open-source
framework designed for efficient and automated
hyper-parameter tuning. Optuna employs tech-
niques such as Bayesian optimization and pruning
mechanism to enhance search efficiency and
reduce computational costs. The optimization
process was guided by a defined objective function;

BMIT License
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maximize the accuracy on the development set and
evaluating performance metrics on accuracy and
loss.

All experimental results, including hyper-
parameter trials, best-performing configurations
and model performance metrics, were systemati-
cally logged using MLflow'*. MLflow provided
experiment tracking, reproducibility and model
versioning, enabling comprehensive monitoring
and comparison of different hyper-parameter
tuning runs.

B.2 Model Logging

Both the final and best performing models were
logged using MLflow. For each of the runs, the
model on the last epoch and the best model of
the run, selected based on accuracy_dev_max, is
available for future benchmarking.

C RoBERTa Optimized

In addition to the use of the RoBERTa architec-
ture with the same number of epochs as TafBERTa
(see Section 6, we also explore the optimization
of the ROBERTa model given the HTBerman data,
increasing the number of epochs. The results are
presented in Table 6.

D Results Visualization

This appendix provides the detailed evaluation re-
sults of various Hebrew language models on gram-
matical agreement tasks. The models were as-
sessed on Number Agreement, Gender Agreement
and Overall Accuracy using the HeCLiMP bench-
mark. The figures illustrate the performance of
each model with respect to the number of parame-
ters and words seen in the training phase.

D.1 Number Agreement Accuracy

The first evaluation metric focuses on the ability
of models to correctly predict number agreement
in Hebrew. As shown in Figure 2, DictaBERT
achieved the highest accuracy at 90.1%, followed
by TafBERTa with 80.5%. HeRo performed at
69.1%, while AlephBERT and AlephBERTGim-
mel recorded 58.7% and 54.3%, respectively. Dic-
taLM 2.0 performed considerably worse than other
models with only 31.4%.

“https://mlflow.org/ with Apache-2.0 license


https://mlflow.org/

Hyper-parameter Checked Intervals
num_attention_heads {2,4,6,8,10, 12}

hidden_size {64, 128, 256, 512, 768}
leave_unmasked_prob {0.0, 0.1}

num_layers {2,4,6, 8,10, 12}
intermediate_size {64, 128, 256, 512, 1024, 2048, 3072, 4096}

Table 5: Intervals checked for each hyperparameter in the Optuna objective function. The upper bound of the
search space corresponds to the hyperparameters of RoOBERTa. Thus, TafBERTa’s smaller size was not intentionally
designed to be compact, but rather emerged as the optimal configuration through hyperparameter tuning.

= | = g =
S| E|E| =
o > E g
D
Model *# | O Z &)
RoBERTa (HTBerman) | 5 | 65.6 | 83.7 | 47.5
RoBERTa (HTBerman) | 43 | 71.1 | 83.2 | 59
TafBERTa | 5 1694805582

Table 6: Accuracy on each phenomenon in HeCLiMP using the Holistic-scoring method. "Overall" refers to the
overall accuracy across all phenomena. "Number" and "Gender" refer to determiner-noun agreement in number
and gender, respectively. ROBERTa was trained for five epochs, matching TafBERTa’s training regime and also
for a longer period until convergence. When trained for five epochs, RoOBERTa achieved lower overall accuracy
(65.6) compared to TafBERTa (69.4), with higher performance on number agreement (83.7 vs. 80.5) but weaker
results on gender agreement (47.5 vs. 58.2). Training RoBERTa for more epochs improved its overall accuracy
(71.1) and performance on the gender agreement task (59) but slightly reduced its accuracy on number agreement
(83.2). TafBERTa maintains a better balance across both tasks.

D.2 Gender Agreement Accuracy

Figure 3 demonstrates that DictaBERT again per-
formed the best, reaching 84.2 accuracy. HeRo
followed with 77.9, while AlephBERTGimmel and
AlephBERT obtained 65.3 and 58.5, respectively.
TafBERTa recorded 58.2 and DictaLM 2.0 man-
aged 60.8.

D.3 Overall Accuracy

The overall accuracy metric evaluates the general
grammatical understanding of Hebrew language
models across different agreement phenomena. Fig-
ure 4 shows that DictaBERT leads with an 87.1
accuracy, followed by HeRo at 73.5 and TafBERTa
at 69.4. AlephBERT and AlephBERTGimmel
achieved 58.6 and 59.8, respectively. DictaLM
2.0 recorded an overall accuracy of 46.1, which is
notably lower than the other models.
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FORGETTER with forgetful hyperparameters and recurring sleeps can
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Abstract

LLMs suffer from considerable computational
costs in training. A more biologically plausible
curriculum learning may help to decrease the
learning costs. Here we propose a FORGET-
TER training algorithm, in which a model for-
gets the variables for optimization after a sleep
and the hyperparameters are set toward forget-
ting memory: rather large weight decay and
learning rates as well as small but optimized
batch sizes. By limiting minGemma model to
512 input length and speeding up the devel-
opment cycle, we compared normal and FOR-
GETTER learning algorithms by using more
than a thousand different models. Specifically,
we found and utilized the "120-rule" that the
models with about 120 (Query) heads in to-
tal, irrespective of the head number per layer,
outperform. The improvement by using the
FORGETTER algorithm is far bigger than that
by optimizing the model structure. Specifically,
FORGETTER models can learn beyond the
data size where the normal learning overfits.
The FORGETTER also works for CIFAR10
image classification. These results suggest that
forgetting can be beneficial for pretraining deep
neural networks by avoiding overfitting.

1 Introduction

Although ChatGPT’s performance was amazing
enough to revolutionize what are human jobs (Ope-
nAl, 2023; Rothman, 2024), they require consider-
able computational resources (Tunstall et al., 2022).
While many approaches for making the training
more efficient have been proposed (Goodfellow
et al., 2016; Atienza, 2020; Chollet, 2021; Geron,
2022), recent LLMs are too huge to explore their
hyperparameters and learning algorithms exhaus-
tively.

As human babies do not need as many resources
to learn a language apparently, a more efficient
learning method may remain to be discovered
(Ford, 2018; Warstadt et al., 2023). It is true that
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nowadays a handy Trainer class in PyTorch pro-
vides a normal training routine, which enables us
to explore various model structures and other hy-
perparameters quite easily. However, it may be also
promising to explore unconventional learning pro-
cedures (Smith, 2017; Zhao et al., 2024), possibly
learned from the biological brain.

In the same vein, BabyLLM data is very suitable
to mimic how human babies earn language abil-
ities including grammars (Warstadt et al., 2023;
Mahowald et al., 2024) with rather small language
models (Raschka, 2024; Lu et al., 2025; Tunador).
Small language models allow us to explore more
hyperparameters related to learning (Warstadt et al.,
2023). Although many models succeeded to learn
BabyLM10M/100M in the past contests, the biolog-
ical plausibility of the training algorithm (Konishi
et al., 2023; Lillicrap et al., 2020) was not neces-
sarily pursued.

We believe that two ingredients are important for
biological plausibility. First of all, animals are not
perfect and inevitable to forget. For example, ani-
mals cannot keep huge training data and memory
traces without fail. Thus, a biologically plausible
model should allow animals to forget to reasonable
extent. Furthermore, animals sleep, which also
forces them to forget. If these inevitable forgetting
is beneficial or not remains an open question. The
observations on the effect of sleep on learning in
neuroscience (Norimoto et al., 2018) should be in-
corporated for training LLMs. (The algorithm that
works for big data with LLMs is also promising as
the computational model of the brain.)

Here we proposed the FORGETTER model, that
is trained with sleep and forgetful hyperparameters.
We demonstrate that it can learn beyond the data
size where the normal learning overfits.

In Section 2, as a methodology, we explain the
base model we used and the novel FORGETTER
training method, in which we insert sleep (variables
for optimization are initialized) between epochs.
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This may be regarded as a procedural learning.
In Section 3, as results for Baby10M, we show
our FORGETTER model outperforms the normally
trained models. Specifically, you can continue and
repeat epochs for FORGETTER models, where
couples of epochs suffice to excel the normal train-
ing. In Section 4, as results for Baby100M, we
demonstrate that the benefit of FORGETTER is in-
herited to Baby100M. It can again learn beyond the
normal limits. In Section 5, we demonstrates that
the FORGETTER also works for CIFAR10 image
classification. In Section 6, as Summary and Dis-
cussion, we summarized the results and discussed
the strengths of the proposed methods. In Limita-
tion, complement to the discussion of strengths in
the main text, we discuss the limit of the proposed
methods. Specifically if a FORGETTER model is
always better than a normal model is an important
question. We discuss how general can the benefit
of the FORGETTER be.

2 Methods

All the computation was done by the custom-
written Python codes on 7 PCs with NVIDIA RTX
3090, 4080, 4090 or A6000 GPU. All the codes
to reproduce this paper’s results and the list of
validated loss for varieties of model structures
trained with normal or FORGETTER algorithms
are available at GitHub (https://github.com/
keiji-miura/FORGETTER-BabyLM).

2.1 DATA

Baby10M and Baby100M dataset were used for
(pre)training of next token prediction. The both
Baby10M and Baby100M data were tokenized by
the GPT2 Tokenizer. We saved the tokenized data
to a single file (separately for Baby10M/Baby100M
or training/validation) to speed up I/O during train-
ing, in which consecutive 512 tokens were cut out
at a random starting point for training data. There,
we used different random starting points for differ-
ent 512 tokens within a batch.

2.2 BASE MODELS

The minGemma model (Tunador; Gemma Team,
2024) was entirely used in this paper as a text gen-
eration model. We trained the minGemma model
from scratch by using either the BabyLM10M or
the BabyLM100M. In this paper, we solely com-
pared the normal and FORGETTER models. The
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Hyperparam. Babyl0M Baby100M
Tokenizer GPT2 GPT2
Input Size 512 512

Drop Out No (p=0) No (p=0)
Weight Decay 1.0 0.25

Batch Size 12 28
Learning Rate:

- Normal 1.35 x 1073 1073

- FORGETTER 1073 0.8 x 1073
N Steps/Epoch:

- Normal 19600 144000

- FORGETTER 10000 70000

Table 1: Hyperparameters. Fixed setting (GPT2 Tok-
enizer, input length=512, no drop-out) speeded up the
development cycle, which enabled us to explore differ-
ent training methods and varieties of model structures.

difference between the normal models and FOR-
GETTER models are in the training algorithms.

2.2.1 model representation

We represent a model by the combination of the
numbers such as "1.24-6(3)-648 x4-240". (These
numbers are what we occasionally changes to ex-
plore better results.) The meaning of the numbers
are the number of layers, the number of Query
heads, the number of Key/Value heads (this must
divide the number of Query heads), the hidden
dimension at the input layer of the feed forward
layer, the hidden dimension at the hidden layer of
the feed forward layer, the head dimension at at-
tention. Note that, as our minGemma model was
Gemma-based (Gemma Team, 2024), we not only
explored the number of Query heads but also the
number of Key/Value heads in a grouped attention.

2.3 TRAINING ALGORITHM
2.3.1 Normal training algorithm

The normal model was trained by using the Py-
Torch Trainer class with a single epoch where the
learning rate linearly decays to zero. The number
of steps in an epoch was optimized so that more
steps caused overtraining.

2.3.2 FORGETTER with sleep 1 (light sleep)

The FORGETTER models was trained by repeating
the Pytorch Trainer with multiple epochs. There,
in each epoch, the learning rate linearly decays
to zero. Between epochs, the model was not ini-
tialized (specifically the weights were kept) while
the variables for AdamW were initialized. That
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is, only the optimizer was reinitialized between
epochs. This is why we say FORGETTER mod-
els "sleep", after which the optimizer is initialized.
When we simply mention "sleep”, we mean this
sleep 1.

2.3.3 FORGETTER with sleep 2 (deep sleep)

Because sleep is a rather vague concept, we can
consider another definition for sleep. For "sleep2",
not only the optimizers but also all the state vari-
ables in the model except weights are initial-
ized. We implemented this simply by loading
the pre-dumped weights to a newly constructed
minGemma model in PyTorch.

In principle, at the transition of epochs, you can
use either sleep 1 or sleep 2. However, we found
sleep 2 can be most effective at last. That is, after
the repetition of sleep 1, in the final epoch sleep 2
can drop the validated loss largely. We sometimes
call this phenomenon "last big drop" by sleep 2.

In this paper, specifically, once (repeated) Sleep
1 overfits (=validated loss increases), it is switched
to Sleep 2 (with the model in the previous epoch
recovered), although Sleep 2 also overfits soon (at
the second time or so) typically.

2.4 FIXED HYPERPARAMETERS for
FORGETTING

Here we briefly describe three hyperparameters
that are set toward forgetting memory: rather large
weight decay and learning rates as well as small
but optimized batch sizes.

2.4.1 Weight decay is as large as 1 or 1/4 for

Baby10M or Baby100M

Conventionally, a small value of weight decay like
as small as 0.01 has been used (see PyTorch doc-
ument for example). However, we found that a
rather large value of the weight decay was benefi-
cial irrespective of the model structures and other
hyperparameters. While the optimal weight decay
strongly depends on the training data size, it does
not strongly depend on the other hyperparameters
like model structures, apparently. Therefore, we
set weight decay to 1.0 for Baby10M and 0.25 for
Baby100M.

Weight decay is the speed to forget weights. So it
is convenient from the viewpoint of biological plau-
sibility that the weight decay as large as 1.0 or 0.25
is optimal for pretraining. It seems that animals or
babies can forget rather a lot and still achieve the
best learning performance, fortunately. (Note that
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optimality here is regarding the next token predic-
tion.) So we consider that the weight decay value
we use throughout the paper is consistent with the
idea of forgetful learning.

2.4.2 Batch size is as small as 12 or 28 for
Baby10M or Baby100M

The batch size was fixed to 12 for Baby10M or
28 for Baby100M. This is because we believe that,
while the optimal batch size strongly depends on
the training data size, it does not strongly depend
on other the hyperparameters like model structures.

Although 32 can work as well for Baby100M,
you need more VRAM in that case. So we chose 28.
But it is actually hard to judge which one is better
under the high trial-to-trial variability in validated
losses.

Batch sizes can be regarded as a memory for
recently encountered data. 12 or 28 is rather small
and not like 512 or 1024, which are typically used
numbers in deep learning. So it is convenient from
the viewpoint of biological plausibility that the
batch size as small as 12 or 28 is optimal for pre-
training. It seems that animals or babies need to
memorize only small number of data to achieve
the best performance, fortunately. So we consider
the batch size is again consistent with the idea of
forgetful (=small memory) learning.

2.4.3 Learning rates is as large as 0.001

Within each epoch the learning rate linearly decays
to zero. The initial (maximum) learning rate in an
epoch was fixed to about 0.001. The value we used
may be rather large, compared with the conventinal
one like 0.0001 or smaller (see PyTorch Document,
for example). However, we found that a rather large
value of the learning rate is beneficial irrespective
of the model structures and other hyperparameters.
That is, we believe that, while the optimal learning
rate strongly depends on the training data size, it
does not strongly depend on other hyperparameters
like model structures. Therefore we set learning
rate to 1073, (To be precise, we used the range
from 0.8 x 1073 t0 1.35 x 1073 as in Table 1.)

A learning rate can be regarded as a rate to forget
past encounters. 0.001 is rather big. So it is conve-
nient from the viewpoint of biological plausibility
that the learning rate as large as 0.001 is optimal
for pretraining. Therefore, animals or babies can
forget rather a lot and achieve the best performance,
fortunately. So we consider that the learning rate
value we use is again consistent with the idea of
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Figure 1: Number of (Query) heads per layer for best
models for a given number of layers. These optimal
models obey "120-rule" and have about 120 heads in
total, irrespectively of the number of layers.

forgetful (=small memory) learning.

3 Results for Baby10M

3.1 120 rule for searching model structure

First, good model structure was searched with
the normal training algorithm for Baby10M. The
model structures were explored in order to obtain
as lowest validated loss as possible. (In this paper,
the optimality is always about the validated loss for
the next token prediction.)

To see the impact of the number of layers, we
searched optimal model structures for a given num-
ber of layers (Figure 1). That is, we plotted the
number of (Query) heads for the models whose
structures are optimized for a given number of lay-
ers (by simple grid search for head number, hidden
dim etc). Figure 1 demonstrated that, Surprisingly,
the optimal models always had about 120 (Query)
heads in total irrespective of the number of layers.

Although the result is variable even for the
same hyperparameters and model structures, we
tried more than a hundred models per layer for
BabyLM10M. Therefore we believe the rule is true
as an overall tendency. For example, regarding the
validated loss for the normal training, it is rather
easy to obtain <3.05 for 48-layers models but not
for 18-layers models.

The blue line in Figure 2 denotes the validated
losses for the same models as in Figure 1 for normal
training. The deeper models performed well in
general and the 48-layers model showed the best
performance (3.0457).

54-layers models were worse, possibly because
they have limited options on head numbers per
layer. For example, 3 heads per layer is too much
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Figure 2: Validated losses for best models for a given
number of layers trained with normal or FORGETTER
algorithm for Baby10M.

(3 x 54 = 162 heads in total), but 2 heads per layer
is too little (2 x 54 = 108 heads in total).

3.2 NOTE: model search range can be limited

We succeeded not only to fix considerable hyperpa-
rameters without losing performance as in Tablel,
but also to limit the model structure search range.

The head dimension, the dimension projected im-
mediately before the attention, was only explored
from 96 to 352, because optimal values for a given
number of layers were always between 192 to 288
for Baby10M trained with normal algorithms (i.e.,
in the well-explored category).

As the optiml number of Query heads per model
was always around 120, we only needed to try
limited ranges. For example, when we explored
twelve-layer models, the models with ten or twelve
Query heads tended to perform very well while
too many or too little heads did not perform well.
Sometimes we call this observational fact "120-
rule" for short.

The hidden dimension for the token represen-
tation tended to be optimized around 700. So
we only chose some value close to that within
the multiples of the number of Query heads. For
Baby10M trained with normal algorithms (i.e., a
well-explored category), the optimal models for a
given number of layers had from 576 to 832 dimen-
sions to represent a single token.

The dimensions of the hidden layer of the feed
forward layer is always fixed to the four times that
of the input layer of the same feed forward block.
Although we have changed from x4 to x3, x5,
X6, x8, we could not observe significant improve-
ments. (Consider this "x4" as a fixed parameter.)
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Figure 3: Five examples of training course of FORGET-
TER algorithm for Baby10M for models with 9, 12, 16,
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are plotted as time series in red. The validated losses
for normal models are denoted by a blue point.
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Hyperparameter Normal FORGETTER
N Layers 48 22

N Q Heads/Layer 3 8

N K/V Heads/Layer 1 4

Hidden Dimension 648 672

FFI Dimension 648x4  672x4

Head Dimension 288 192

Validated Loss 3.0457  3.0053

BLiMP Score 0.6958  0.7257

Table 2: Optimal model structures for Baby10M when
input token length is 512.

3.3 Normal vs FORGETTER

The results in Figure 2 demonstrate that FORGET-
TER models are always much better than normal
models. Although the 48-layers model was the best
for the normal training, the 22-layers model turned
out to be the best for the FORGETTER training.

Note that the difference between normal and
FORGETTER models are much larger than that by
model structures. This means that the model struc-
ture search is not that fruitful. Rather, changing
the learning curriculum to FORGETTER is much
more efficient way to improve the performance.

In fact, if you look at the time course of the
training, the FORGETTER model excels the nor-
mal model within a couple of iterations as shown
in Figure3. The sleep interval of FORGETTER,
that is optimized to minimize the validated loss for
next token prediction task, was about half of that
of normal models. This is shown as the number
of steps per epoch in Table 1. (In normal models,
there is no sleep and the entire training consists
of only a single interval or epoch.) Therefore the
computational time for the two epochs for FOR-
GETTER models is roughly equivalent to that for
normal models. At that time, their performances
are almost equal. However, FORGETTER mod-
els can continue to learn beyond the normal limit
as in Figure3. Note that the number of steps per
epoch for the normal model (=19600) was already
optimized. That means if you used longer steps
(more training data) per epoch, the model would
overfit and its validated loss deteriorates. Thus, it
is interesting that FORGETTER can continue to
learn beyond the normal overfitting limits.

Surprisingly, there is a drop in the end of the
training (Figure 3). This was caused by sleep 2
(deep sleep). This drop is commonly observed
among the models with different layers. The im-
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Figure 4: Validated losses for best models for a given
number of layers trained with normal or FORGETTER
algorithm for Baby 100M.

pact of the last big drop is much larger than that
by the difference of the model structures. Again,
this means that the model structure search is not
that fruitful. Rather, changing the learning cur-
riculum to the FORGETTER (with sleep 2 in the
end) is much more efficient way to improve the
performance.

Remember that our FORGETTER algorithm is
not just a learning rate scheduler, but, it randomly
initializes state variables after each sleep. The last
drop demonstrates how the initialization after the
sleep is effective. As the effect of last drop (sleep 2
in the end) is rather variable, the resulting validated
loss for the FORGETTER fluctuates across layers
(the red line in Figure 2).

Table 2 summarized the best normal and FOR-
GETTER models for Baby10M, where we also
computed the BLIMP Score. (We believe that
BLiMP Score is almost in one-to-one correspon-
dence to the validated loss for the next token pre-
diction. This is because we have not observed the
contradictory results before.) The BLiMP score is
(inversely) related to the validated loss for the next
token prediction in the current case. The absolute
value of BLiMP Score is rather limited because the
models were trained with only Baby10M dataset.

4 Results for Baby100M

We trained the minGemma models with variable
structures with normal or FORGETTER training
algorithm for Baby100M, specifically, to see if the
FORGETTER is also effective for Baby100M. The
results in Figure 4 demonstrate that the FORGET-
TER models are always much better than the nor-
mal models, again.

To see if the number of layers matters, we plot-
ted the validated losses for our best models for a
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Figure 5: Three examples of training course of FOR-
GETTER algorithm for Baby100M for models with 16
(top), 18 (middle), and 24 layers (bottom). Validated
losses for FORGETTERSs are plotted as time series in
red. The validated losses for normal models are denoted
by a blue point.

given number of layers in Figure 4. We observed a
clear trough in the plot and the model with 18 lay-
ers is the best for both normal and FORGETTER
training for Baby100M. (However, we should ad-
mit that our structure search may not be complete
for Baby100M, whose computational time is rather
long.)

Note that the difference between normal and
FORGETTER models are much larger than that
by model structures. This means that changing the
learning curriculum to FORGETTER was the most
efficient way to improve the performance.

Next, we looked at the time course during train-
ing (Figure 5). Again, the FORGETTER model
excels the normal model within a couple of itera-
tions as shown in Figure 5. The sleep interval for
the FORGETTER, that is optimized to minimize



Hyperparameter Normal FORGETTER
N Layers 18 16

N Q Heads/Layer 8 9

N K/V Heads/Layer 4 3

Hidden Dimension 576 612

FFI Dimension 576x4  612x4

Head Dimension 256 224

Validated Loss 24691 24374

BLiMP Score 0.7669  0.7761

Table 3: Optimal model structures for Baby100M when
input token length is 512.

the validated loss for next token prediction task,
was about half of that of normal models. This is
shown as the number of steps per epoch in Talbe 1.
(In normal models, there is no sleep and the entire
training consists of only a single interval or epoch.)

Therefore the computational time for the two
epochs for FORGETTER models is roughly equiv-
alent to that for normal models. At that time, their
performances are almost equal. However, FOR-
GETTER models can continue to learn beyond the
training data size where normal models overfit as in
Figure5. Note that the number of steps per epoch
for the normal model (=144000) is already opti-
mized, which means that if you used longer steps
(more training data) per epoch, the model would
overfit and its validated loss deteriorates.

The drop in the end of the training caused by
sleep 2 (deep sleep) was also effective but mild for
Baby100M (Figure 5).

Table 3 summarizes the best normal and FOR-
GETTER models for Baby100M, where we also
computed the BLiMP Score. Note that the vali-
dated losses for Baby100M is much smaller than
that of Baby10M. The BLiMP score is in one-to-
one correspondence to the validated loss for the
next token prediction in the current case.

The absolute value of our BLiMP Score is rather
mild (cf. 47.7, 46.2, 78.2 and 79.1 for GPT2 Small,
Medium, Large and XL, respectively.) This is
partly because the input token length was limited
to 512 entirely in this paper. Having shorter input
token lengths is as if setting another task. It can
impose the upper limit for performances. Although
we believe that the comparison between normal
and FORGETTER models gave a general result,
trying longer input token lengths toward contest
quality will be needed in the future work.
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Figure 6: Accuracy of CIFARIO classification for
normal or FORGETTER algorithm with and without
dropout. p = 0 represents the case without dropout.

5 Results for CIFAR10

We examined if FORGETTER is also effective for
CIFAR10 image classification by CNNs. The result
in Figure 6 demonstrates that the FORGETTER
with a CNN used in a tutorial (Sayah, 2022) can
again continue to learn beyond the normal overfit-
ting limit with or without dropout.

The optimal training data size for the normal
training with linear learning rate decay was 10
epochs (=10 repeats of the entire training dataset)
and longer training caused overfitting. Meanwhile,
the optimal inter-sleep interval for the FORGET-
TER was 7 epochs. That is, the learning rate lin-
early decayed within every 7 epochs there (the
learning rate is reset after 7 epochs). Thus, it is
natural that the accuracy of the FORGETTER after
one sleep or at 7 epochs is worse than that of the
normal model, that learns for 10 epochs. But it
exceeds after two sleeps or at 14 epochs. Then, it
continues to avoid overfitting for a long time.

These observations are common with or without
dropout. Although dropouts might not be strictly
needed for pretraining, the impact of dropout is
interesting in the sense it can somehow have a sim-
ilar effect as forgetting. Forgetful hyperparameters
and sleeps that initialize optimizers might enhance
the redundancy and robustness of representations,
which can be a similar role as dropout.

In fact, the dropout (p = 1/6) is not only effec-
tive but also synergistic with the FORGETTER cur-
riculum learning, suggesting that the mechanism
of FORGETTER may be independent from that
of dropout. Specifically, the FORGETTER with
dropout (p = 1/6) attained 88% (87.96%) even
without data augmentation. Note that the same
code with normal training attains 88% only with
data augmentation (Sayah, 2022).



6 Summary and Discussion

We extensively explored the optimal model struc-
ture for Baby10M and found "120-rule" where opti-
mal models always almost have 120 (Query) heads.
This suggests that there is a specific number (=120)
of information processing the model has to treat.
And the optimal model tends to have this num-
ber of attention heads. We compared normal and
FORGETTER models for Baby10M and found that
FORGETTER models performed much better. This
tendency also holds for Baby100M, in which the
best performance was much better. The FORGET-
TER also worked for CIFAR10 image classifica-
tion. Overall, FORGETTER models can continue
to learn beyond the normal overfitting limits. These
results suggest that forgetting can be beneficial for
pretraining deep neural networks by avoiding over-
fitting.

The FORGETTER training can bring about
Copernican Revolution on overfitting. It is ben-
eficial if you can control to train beyond the normal
overfitting limits.

Regular sleep intervals (number of steps per
epoch) apparently worked, once interval lengths
were carefully optimized as in Table 1. We could
not get a significantly better result by using lin-
early increasing/decreasing sleep intervals. Also
we could not get a significantly better result by
using linear increasing/decreasing initial learning
rates across epochs.

120 rule saves your computational cost for model
structural search. We already found the similar rule
for WikiText-103 dataset (not shown), although the
magic number (120 for Baby10M) seems different
depending on datasets. If this rule holds for gen-
eral datasets, when you search for the best model
for a new dataset, probably you can start finding
the magic number of the rule for that dataset first.
Once the prospected total number of heads can be
estimated first, then, you can save your exploration
cost quite a lot. Although "120-rule" by itself can-
not select a unique best model, having another rule
as well like "about 700 hidden-dim needed to rep-
resent a token in FFNs" could uniquely determine.
Typically, language models have not only attention
structures but also feed forward networks. The bal-
ance between the (input) dimensions of attention
structures and FFNs may be the key for the best
performance like two wheels.
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Limitations

Generalizability is unclear. So far, other than
Baby10M, Baby100M and CIFAR10, we have ob-
served the significant benefits of the FORGET-
TER training algorithms only for WikiText-103
and WikiText-2 as training datasets (not shown). It
is highly important to examine how general the ben-
efit is by trying different (possibly large) training
datasets.

Only GPT Tokenizer was used. We are not sure
if there is a better one. Although we almost did
not explore alternative tokenizers, we hope that the
comparison results, such as normal versus FOR-
GETTER models, are general to some extent. Also,
it is not clear if an existing tokenizer like the GPT
2 Tokenizer is biologically plausible. Maybe to-
kenizer should also be learnt from BabyLLM with
limited vocabrary. We need further study.

We entirely used 512 as a input token length
throughout the paper. Although this length is
shorter than that of GPT2 (=1024), we observed
that the effect on the performance is mild, com-
pared with shorter input lengths such as 256 or 128.
However, scalability to long text should be checked
with large GPU resources.

Transfer learning (instruction learning) is nowa-
days important for LLMs. Then the effect of the
FORGETTER, that was used for pretraining, on
fine-tuning is interesting. Our evaluation was by
next token prediction throughout this paper. There-
fore it is interesting how the FORGETTER learn-
ing beyond the normal overfitting limits can affect
the following instructive learning. Relatedly, dis-
tillation is nowadays important for small language
models. The combination of FORGETTER with
distillation is interesting but to be done.

Although we repeated training beyond the nor-
mal overfitting limit as a curriculum learning, we
just repeated the same type of learning homoge-
nously. It is possible a model is good at some topic
but not in another. By sampling training data from
the topics the model is not good at, you could ac-
celerate the training (Miiller et al., 2025).
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Abstract

Large language models are often compared to
human learners based on the amount of train-
ing data required or the end state capabilities
of a learner, yet less attention has been given
to differences in their language learning pro-
cess. This study uses determiner acquisition
as a case study to characterize how LLMs and
children differ in their learning processes. By
analyzing annotated speech samples from spec-
ified age ranges of four children and interme-
diate training checkpoints of the Pythia-70m
language model, we trace the learners’ learning
paths of definite and indefinite determiner use.
Our results reveal a divergence: the children
first produce the indefinite determiner, while
the model first produces the definite determiner.
This difference reflects underlying differences
in the learning goals and mechanisms of mod-
els and children. Framing language learning as
movement over distributions of linguistic fea-
tures makes the learning process visible and
offers an alternative approach for comparing
humans and language models.

1 Introduction

Researchers have often looked to human language
learning to quantify progress in language model-
ing. However, most of the existing evidence for
these comparisons comes from two sources: sam-
ple efficiency and end-state benchmarks. Sample
efficiency measures the linguistic input required to
learn language. Large language models (LLMs)
are considerably less sample efficient than human
language learners. While a child of age 12 will
hear less than 100 million tokens in their language
environment, language models are trained on data
containing billions to trillions of tokens (Warstadt
et al., 2023). To compare how language models’
learning compares to that of human learners, re-
searchers often rely on benchmarks that character-
ize the end state of the model. For example, LLMs
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now achieve high accuracy on evaluating grammat-
ical well-formedness (Papadimitriou et al., 2022),
yet they still show weakness in handling certain
syntactic dependencies compared to humans (Mar-
vin and Linzen, 2018). Additionally, some models
fail to generalize grammatical knowledge to novel
contexts that require knowledge of structural rela-
tionships (e.g. the relationship between the subject
and object of a verb) (Wilson et al., 2023). Al-
though these approaches clearly demonstrate that
models are different from humans, they provide
little insight into what is different in the learn-
ing process. Examining the learning process itself
could reveal possible disparities between models
and humans such as whether linguistic knowledge
is acquired under different initial conditions, at dif-
ferent speeds, in different orders, or with varying
consistency. How best to quantify these differences
remains an open question.

In this paper, we take a new approach to charac-
terizing the differences in learning between LLMs
and humans, by looking at the learning trajectory
for the acquisition of determiners. Specifically, we
examine the definite article the and the indefinite
article a that occur before a noun to specify its
referent.

While prior work on language models has fo-
cused on sample efficiency and end-state bench-
marks, comparing model behavior to child lan-
guage acquisition provides a complementary per-
spective on models’ determiner acquisition. Some
elicitation studies on children’s determiner acquisi-
tion suggest that children overuse the in indefinite
contexts (Wexler, 2011; Maratsos, 1976). How-
ever, other developmental research shows that chil-
dren acquire singular definite determiners like the
rapidly and in adult-like ways in naturalistic pro-
duction from as early as 1.5-2 years of age (Ying
et al., 2024). These findings suggest that children’s
determiner acquisition is guided by both linguistic
input and emerging pragmatic competence, high-
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lighting the importance of examining learning tra-
jectories rather than just end-state performance. In-
cluding child data allows us to situate model learn-
ing in relation to human acquisition and provides
a benchmark for evaluating not only what models
learn, but also how learning unfolds over time.

In our data, we find that children first produce
the indefinite article, whereas the model we test
first produces the definite article. This difference
is not only about which forms are produced, but
also about the order and pattern of acquisition over
time. By analyzing these trajectories, we can see
that models and children may prioritize different
aspects of language and acquire determiners in dif-
ferent sequences. We argue that this divergence
reflects fundamental differences in how LLMs and
children approach language learning, offering in-
sight into the mechanisms underlying the language
learning process.

2 Methods

To investigate the way language models build their
linguistic knowledge, we use determiner acquisi-
tion as a case study. We define determiner use as a
multinomial distribution where for each determiner
phrase produced, one of three events can occur: a
definite article like the is used, an indefinite article
like a or an is used, or the required determiner is
omitted.

We annotated samples of both children’s and a
model’s determiner use, detailed in Sections 2.1
and 2.2, to trace each learner’s learning trajectory.
We outline the annotation processes for the child
and model data in Section 2.3. We define a learning
trajectory as the distributional shifts in determiner
usage over time. For example, a learner might
initially omit all determiners and then progress to a
roughly equal distribution of definite and indefinite
determiners. The learning trajectory captures this
shift from the initial to the final distribution by
tracing distributions of determiner use throughout
the acquisition process.

To visualize a learning trajectory, we plot points
representing the learner’s determiner use on a sim-
plex which maps three points on a 2D triangular
plane. Each trajectory begins with the learner’s ini-
tial distribution of determiner use and progresses
toward a defined target distribution, specified sepa-
rately for the child and model data in Sections 2.1
and 2.2, respectively. Figure 1 illustrates the tra-
jectory of a learner who starts with an equal use
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of the definite, indefinite, and omitted determiners
and gradually shifts toward a balanced distribution
of definite and indefinite determiners.

OMS

DEF IND
Figure 1: Learning trajectory moving from one-third

event distribution to equal distribution of definite and
indefinite determiners.

2.1 Child Data

We sampled the child data from the Braunwald and
Providence Eng-NA CHILDES corpora (Braun-
wald, 1997; Demuth et al., 2006; Fernandez et al.,
2024). These samples were taken from speech be-
tween children and adults, so the children’s input
is adult speech. We annotated cases where a re-
quired determiner was omitted in samples of four
children’s speech throughout early childhood. For
Child 1, we annotated a sample of 4443 lines that
spanned across the child’s early childhood from 18
months-old to 40 months-old. For the other three
children, we annotated 6 samples of their speech,
one sample for each age range. For these three
children’s samples, we aimed to annotate 100 deter-
miner uses per sample, although, in some samples,
fewer than 100 determiner uses occurred. We also
annotated samples of each child’s parent’s speech.
We sampled and annotated the parent’s speech in
the same way as we did the children’s speech. To
check the reliability of the annotations, two annota-
tors independently annotated a sample of the data,
yielding a Kappa score of 0.99. One of the two an-
notators, whose reliability we measured, annotated
the child data.

After we annotated the data, we used the deter-
miner counts to plot the children’s learning trajec-
tories. We used the children’s determiner distri-



butions at the 18.0-22.0 age range as their initial
determiner distributions. We defined the children’s
target distributions based on the distributions cal-
culated from their parents’ determiner use.

2.2 Model Data

The model used throughout this study is the Pythia-
70m model from the Pythia Suite (Biderman et al.,
2023). We chose to use a Pythia model because
it contains 154 intermediate training checkpoints.
This allows us to probe the model’s language use
throughout training. Pythia-70m is an autoregres-
sive causal model trained to predict the next token
given all previous tokens in the context. Pythia-
70m was trained on the Pile dataset. The model
saw approximately 300 billion tokens in total, and
each intermediate checkpoint of the model pro-
cessed a batch of approximately 2 billion tokens.
These checkpoints include a checkpoint at every
1000 training steps from 0 to 143000. Addition-
ally, the checkpoints include 10 log-spaced check-
points ranging from 1 to 512. We sampled linguis-
tic output from the following checkpoints: 128,
256, 512, 1000, 2000, 3000, 4000, 5000, 10000,
17000, 35000, 53000, 71000, 107000, and 143000.

To parallel the input children received, we
prompted the model with adult speech. Just as
children hear and respond to adult speech, the
model’s input consisted of adult utterances. For
every checkpoint we tested, the model received the
same 100 lines sampled from a parent’s speech in
the Braunwald corpus. These lines were randomly
selected and contained more than three words. Af-
ter each prompt, the model generated a response of
up to 20 tokens using a greedy-decoding strategy,
selecting the token with the highest probability at
each step. Each response included a repetition of
the prompt followed by the newly generated tokens.
This design ensures that the differences we observe
between child and model trajectories reflect the
learners’ processes rather than characteristics of
the input.

After counting the uses of determiners at each
checkpoint, we calculated the learning trajectory.
We used the determiner distribution at checkpoint
128 as the initial determiner distribution. We chose
this as the initial distribution because checkpoint
128 was the earliest checkpoint to consistently pro-
duce language. The target distribution used to de-
termine the learning trajectory of the model was
the model’s distribution of determiner use after

training. This is the distribution found at the final
checkpoint, checkpoint 143000.

2.3 Annotations

To find the learning trajectories of the model and
children, we annotated the samples to find the learn-
ers’ productions of definite, indefinite, and omitted
determiners. This study tracked the definite deter-
miner the and the indefinite determiners a and an.
We did not track other determiners like these and
which.

We annotated the children’s determiners in the
stem and gloss fields included in the CHAT format
of the corpora. The stem field corresponds to the
base form of the utterances, while the gloss field
corresponds to the utterances’ intended meanings.
We annotated determiner omissions by marking the
omission with a 0 preceding the omitted determiner
in the stem field and the determiner occurring in the
gloss field. We annotated appropriate determiner
uses with the determiner occurring in both the stem
and gloss fields. Table 1 illustrates examples of
these annotations.

Next, we annotated the model’s output for deter-
miner use, tracking definite, indefinite, and omitted
determiners across its linguistic output. Because
the model’s production was restricted to 20 tokens,
it occasionally cut off its response on a determiner.
This type of determiner use was annotated as an
End of Response Use. Additionally, the model oc-
casionally cut itself off and started a new line of its
response. In the cases where the model cut itself
off on a determiner and started a new line of its
response, we annotated these determiners as Cut
Off Uses. We counted End of Response Uses and
Cut Off Uses toward the total number of determin-
ers produced by the model in order to accurately
calculate the distributions of determiner uses. This
is because these incomplete productions still indi-
cate the model’s choice to use a determiner in that
context, and excluding them would underestimate
the determiner frequency. Because the model first
repeated the prompt and then generated new tokens
in its response, the model may repeat determiners
from the prompt in its response. We did not count
these determiner occurrences as determiner produc-
tions by the model. Table 2 contains examples of
these annotations.

For both the model and the children, each con-
secutive use of the same determiner counted toward
the total definite and indefinite uses. For example,
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Type Use Stem Gloss

Definite | I saw the dog I saw the dog I saw the dog
Indefinite | She is not a toy She is not a toy She is not a toy
Omission | It has book inside it It has Oa book inside it It has a book inside it

Table 1: Examples of annotations for the child data.

Prompt Response Definite | Indefinite | Omission End of Cut
Response off
It’s a dangerous toy if you | It’s a dangerous toy if you 0 2 0 1 0
can’t abide by the rules can’t abide by the rules.
"I’m not going to be a toy
that I'm not going to be a"
Okay here you go Okay here you go to the 1 0 0 0 1
"I’m not sure what you’re
going to do," he said. "

Table 2: Examples of annotations for the model data.

the the ball counts as two definite determiner uses.

3 Learning Trajectories

Figure 2 shows the learning trajectory of the model
and the average learning trajectory of the children,
accompanied by the children’s individual trajecto-
ries for reference. We assume that before any learn-
ing occurs, children would produce a 100% omis-
sion distribution, because without having learned
determiners, they would never use one in a required
context. This represents an unobserved portion of
the trajectory, with a hypothetical point at 100%
omissions preceding our first measurement. We
do not assume the same hypothetical point for the
model, and instead expand on the model’s pre-
learning distribution in Section 4.

At the first measured point, the model exhibits a
100% definite, 0% indefinite, 0% omission distribu-
tion. Over the course of training, the model shifts
toward a more balanced distribution of the definite
and indefinite determiners while never producing
omissions. The model’s trajectory indicates that the
model first produces the definite determiner before
the indefinite determiner. In contrast, the children’s
initial distributions favor the indefinite determiner
over the definite, showing that they produce the in-
definite determiner first. These differences in initial
determiner production reflect that the model and
children acquire determiners in different sequences,
and this difference in order of acquisition indicates
that their learning processes operate differently.

Despite these different sequences of acquisition,
both the model and children converge near approxi-
mately equal distributions of definite and indefinite
determiners by the end of their trajectories. This

convergence suggests that despite differing orders
of acquisition, both the children and the model ulti-
mately reach a similar endpoint in determiner use.
This highlights that different learning processes can
produce comparable outcomes, and that the learn-
ing trajectory may be an informative measure of
language learning.

One way to interpret the comparison is to focus
on the portion of the trajectory after children start
leaning toward determiner production instead of
omission. From this perspective, the model and
children behave similarly in how they approach the
target distributions, and this can be quantified by
measuring their distance from the target at each
point in time. This measure captures how far a
learner’s determiner use is from the expected dis-
tribution and allows us to examine how quickly
that distance decreases relative to the amount of
observed data. Figure 3 plots the children’s dis-
tances and the average distance to the target at each
age range and shows the model’s distance to the
target at each checkpoint on a log scale. The dis-
tances were calculated using KL divergence. These
figures illustrate how the gap between learner out-
put and the target narrows over time in both the
model and children, while also showing that the
model’s trajectory accelerates more quickly over
the course of learning than the children’s. Examin-
ing whether the trajectory accelerates or slows at
different points provides a way to compare learning
patterns.

The behavior of the model first producing the
definite determiner and then the indefinite deter-
miner can potentially be explained based on the
model’s language objectives. The objective of
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Figure 2: Children’s individual and average trajectories (left) and model’s learning trajectory (right).
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Figure 3: Children’s individual and average distances from target at each age range (left) and model’s distance from

target at each training checkpoint.

Pythia-70m is to generate language by predicting
the next word based on the linguistic context. To
do this, the model generates the word with a high
probability of occurring next based on the prior
linguistic context. In early stages of training, the
model may generate the definite determiner more
often than the indefinite determiner due to the high
frequency of the definite determiner occurring in
language. For example, data from the Corpus of
Contemporary American English (COCA) show
that the occurs roughly twice as often as a or an
(Davies, 2008). It may be the case that, when learn-
ing from the frequencies in its input, the model
may initially gravitate toward the more frequent
option before it has enough exposure to produce
the indefinite determiner.

What this does not explain is why the model does
not probability match by the end of training. We
should not expect to see the model reach an equal
distribution of definite and indefinite determiners
at the end of training if the definite determiner is

more likely to occur than the indefinite determiner
in its training data. Though this is puzzling, it is not
inconsistent with the children’s target distributions
which also approximate equal distributions of the
definite and indefinite determiners. This pattern
suggests that factors other than data frequencies
may contribute to shaping the model’s final deter-
miner distribution.

While the model’s initial behavior aligns with
the fact that the frequency of the definite determiner
is higher than the frequency of the indefinite de-
terminer in language input, the children’s behavior
does not. Despite the definite determiner occur-
ring twice as often as the indefinite determiner in
language input, children appear to first produce
the indefinite determiner before they produce the
definite determiner. One possible reason for this
could be that it is easier for children to grasp the
meaning of the indefinite determiner than the defi-
nite determiner. The meaning of the definite deter-
miner is connected to concepts of uniqueness and
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specificity. There is a difference between saying
I have the ball and I have a ball. The ball refers
to a specific object that is salient to the speaker.
It may be the case that children do not yet under-
stand these concepts. Supporting this, a study on
infants’ perspective-taking in language comprehen-
sion found that 14-month-olds do not demonstrate
an understanding of specificity, while 19-month-
olds do (Choi et al., 2018). In this experiment, two
agents and a participant interacted with an appara-
tus containing two identical balls. The participant
and Agent 1 could see both of the balls while Agent
2 could only see one of the balls. When Agent 2
requested the ball from Agent 1, 19-month-olds ex-
pected Agent 1 to hand over the specific ball visible
to Agent 2, showing sensitivity to the uniqueness
and saliency of the ball. In contrast, 14-month-
olds accepted either ball as a valid referent. This
developmental gap between 14-month-olds and 19-
month-olds suggests that younger children have not
yet grasped concepts of uniqueness and specificity
that are required to appropriately use the definite
determiner. A lack of understanding of uniqueness,
despite a high frequency of the definite determiner
in language input, offers a possible explanation for
why children’s production patterns diverge from
frequency-based expectations.

4 Qualitative Analysis

To better understand the model’s early behavior, we
conducted a qualitative analysis of its determiner
use at early training checkpoints. This approach
allows us to examine unexpected patterns that quan-
titative measures might not capture. One such pat-
tern is the model’s 100% definite distribution at the
first checkpoint we measured.

To investigate the model’s frequent production
of the definite determiner in early stages of training,
we turned to examine the content of the model’s
responses at checkpoint 128. We found that the
model never appropriately uses either determiner
despite frequently producing the definite deter-
miner. This is because after repeating the prompt,
the model looped its responses ending with de-
terminers. Table 3 demonstrates some of these
responses.

The model’s behavior at checkpoint 128 leads
us to ask why the model repeats the determiner
and loops phrases like and the that end in a deter-
miner. One possible explanation for this behavior
is that the words that the model loops are the only

words the model has learned at that point. This
would explain why the model only generates the
same words—specifically the words and and the.
This explanation also suggests that these are the
first words the model learns throughout training.
Under this explanation, the model’s distribution of
determiner use prior to our observing its behavior
may not exist. If the first words the model pro-
duces are the and and, then there is never a time
when the model omits a required determiner before
determiner-learning begins. This is because lan-
guage learning for the model begins with learning
the definite determiner. While the model behaves
this way early on in training, we do not see the
same behavior from the children. This qualitative
difference again suggests that the model and chil-
dren learn determiners in different ways.

5 General Discussion

This study provides a comparison of determiner
acquisition between children and a large language
model, highlighting how learning trajectories re-
veal differences in the sequencing of language
learning. Our results show that the model and
children differ primarily in where each begins its
trajectory: the model initially exhibits a strong pref-
erence for the definite determiner, whereas children
start with a higher proportion of indefinite deter-
miner use. Over time, both learners converge to-
ward a roughly balanced distribution of definite and
indefinite determiners. These findings go beyond
prior work by examining not just the end state of
language learning or the amount of linguistic input
needed to learn, but also the learning process itself,
illustrating how sequences of acquisition can differ
across humans and models.

While we assume that children begin with a
relatively high level of omissions of determiners
and learn toward the indefinite determiner once
determiner-learning begins, we find that the model
begins with 100% use of the definite determiners.
These differing starting points raise questions about
the underlying mechanisms driving early behavior.
Two possible ideas explored in Sections 5.1 and 5.2
could account for this divergence.

In addition to these differences in starting points,
a factor shaping the model’s learning trajectory is
the decoding strategy used. We used greedy decod-
ing, the model’s default decoding strategy, which
deterministically selects the most probable token at
each step. This approach may exaggerate early pref-
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Prompt

Response

okay here you go

okay here you go, and the, and the the the the the
the the the the the the the the the the

we’re recording our voices

we’re recording our voices and the the the the the
the the the the the the the the the the the the the
the

I did wanna hear why don’t you sing it together

I did wanna hear why don’t you sing it together,
and the, and the, and the, and the, and the, and the,
and

Table 3: Examples of responses at checkpoint 128.

erences, such as the model’s strong initial bias to-
ward the definite determiner. Alternative decoding
strategies could have produced more variable de-
terminer distributions, potentially smoothing or de-
laying the observed trajectory. While our findings
show how determiner use unfolds under greedy de-
coding, future work should explore whether other
decoding strategies alter the model’s trajectory or
reveal additional stages of learning.

Another observation from our findings is the
disconnect between the child data and prior devel-
opmental work noted in Section 1. While our re-
sults show that children’s productions include rela-
tively frequent use of the indefinite determiner early
on, prior developmental research has demonstrated
children’s tendency to overuse definite determiners
in experimental contexts. One way to reconcile this
discrepancy is to consider differences in experimen-
tal and naturalistic contexts. Experimental tasks
may introduce pressures that favor definite deter-
miners, whereas naturalistic production data, like
the data analyzed here, capture children’s baseline
use more directly. This comparison emphasizes
the importance of context in shaping conclusions
about early determiner use and highlights the value
of including child data in our comparison with the
model. The child data not only illustrates how the
model diverges from human learners, but also re-
veals how different methodological perspectives
can yield distinct views of children’s developmen-
tal trajectory.

5.1 Children and Models Are Different Types
of Learners

One possible explanation for the difference be-
tween the model and children’s learning processes
is that children and models are different types of
language learners. The model used in this study
generates language by predicting the next word

based on the probability of the word occurring in
a specific context. The model forms these prob-
abilities based on the frequencies of words in its
training data, per its training objective. Because
the definite determiner occurs frequently in En-
glish, the model may have a preference for learning
it before learning the indefinite determiner. This
would explain why the model starts its learning
trajectory with a higher probability of using the
definite determiner than using the indefinite deter-
miner. In contrast, these same frequency distri-
butions in children’s linguistic environments may
not be sufficient on their own to make it easier for
children to produce the definite determiner, given
underlying conceptual challenges involved in its
appropriate use (Arunachalam and Waxman, 2010;
Booth et al., 2005). One such conceptual challenge
may be understanding the concepts of uniqueness
and specificity, discussed in Section 3. If it is the
case that language learning is impacted by concep-
tual challenges, then children may not be able to
overcome the challenge of appropriately using the
definite determiner over the indefinite determiner
using frequencies alone.

5.2 Children and Models Use Language
Differently

Another explanation for the difference between
learning trajectories of the model and children is
that language models and children use language
differently. The objective of our language model is
to generate language by predicting the next word.
In order to complete this goal, the model chooses
the word with a high probability of occurring next
in the sentence. The goal of a child is different
from the goal of a language model. A child’s goal
is not to predict the next word. Rather, their goal is
to communicate (Tomasello, 2003). One possible
explanation which would require further research
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is that children may tolerate certain errors, includ-
ing omissions of determiners, in order to efficiently
communicate. For example, research has found dis-
sociation between production and comprehension
in language use, suggesting that speakers some-
times produce ungrammatical utterances because
they cannot retrieve the appropriate form in the
moment (Harmon and Kapatsinski, 2017). This
could explain why the children in our study omit
determiners. The meaning of a child’s message is
likely not affected by the omission of a determiner,
so children may tolerate those mistakes depending
on other production challenges they face. For ex-
ample, a child asking for their bottle may correctly
say I want the bottle or incorrectly say I want bot-
tle. In this case, though omitting a determiner is
ungrammatical, the omission does not impact the
meaning of the message the child is attempting to
communicate.

6 Conclusion

This study examined differences in language learn-
ing between models and children by exploring their
learning trajectories. We found that models and
children behave differently throughout determiner
acquisition in regards to their learning processes.
The model and the children appear to produce the
definite and indefinite determiners in opposite or-
der: the model beginning with the definite deter-
miner and the children beginning with the indefinite
determiner. These learning differences reflect dis-
parity in the goals and learning processes that shape
language models and humans. It appears that next-
word prediction objectives and probabilistic opti-
mization drive determiner use for the model, while
communicative needs and learning milestones drive
determiner use for children.

The approach of framing acquisition as move-
ment over distributions makes the underlying pro-
cess of acquisition visible and provides a nuanced
basis for comparing language models to human
learners. Learning trajectories provide a way of
measuring sow the learning process unfolds for
different learners. This study shows a difference in
the sequencing of determiner acquisition in mod-
els and children, and additional data could reveal
further differences such as differences in speed or
consistency. Future work could also extend this
approach to other aspects of grammar and work
to build a broader map of learning differences be-
tween models and humans.

By comparing models and humans through their
learning trajectories rather than end state learn-
ing or the quantity of training data, this approach
uncovers fundamental differences in how LLMs
and humans learn language over time. Comparing
learning processes makes visible the paths and in-
termediate steps of language learning which offers
insights into the mechanisms driving the learning
process. This perspective emphasizes the impor-
tance of studying how learning unfolds, not just
what is learned or how much data is needed. Ulti-
mately, this process-oriented approach provides an
alternative way to evaluate and improve LLMs.

Limitations

While this study provides insights into the differ-
ences between LLMs and children’s determiner
acquisition processes, several limitations should
be noted. First, the analysis is based on a single
large language model and a relatively small set of
child learners. The findings may not generalize
across other models with different architectures or
optimization objectives, nor across child learners
with varying linguistic backgrounds. Second, the
study focuses exclusively on the articles the, a, and
an which represent only a subset of English deter-
miners. Examining a broader range of determiners
could reveal different learning trajectories. Third,
we measured the model’s behavior through its pro-
ductions, and did not probe its logits or embeddings.
This limits our ability to interpret aspects of the
model’s behavior, such as repeatedly producing the
definite determiner. While inspecting the model’s
generation function and examining the logits for
all vocabulary items could clarify this behavior,
such an analysis was not completed in this study.
Therefore, the early dominance of the should be
interpreted cautiously. Finally, greedy decoding
may amplify the model’s early preference for the
definite determiner, and future work should exam-
ine whether alternative decoding strategies yield
different developmental patterns in the model.
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Abstract

In this work, we systematically explore training
methods and perform hyperparameter tuning
to identify key language model parameters up-
per bounded by 28 million. These models are
designed to generate a broad spectrum of ba-
sic general knowledge in simple and coherent
English with limited generalization ability. We
use the Simple English Wikipedia as the train-
ing dataset, selecting samples between 64 and
512 words, which provides a high-quality, com-
pressed representation of general knowledge in
basic English. Through hyperparameter tuning,
we identify the best-performing architecture,
yielding the lowest training loss, as a decoder-
only Transformer with rotary positional en-
coding, multi-head attention, root-mean-square
normalization, Gaussian error linear unit activa-
tion, post-normalization, no interleaved group
query attention, an embedding dimension of
512, 8 layers, 8 attention heads, a feedforward
dimension of 2048, and zero dropout. Models
trained with a learning rate decaying linearly
from 10~ to 10~° over 64 epochs achieve a
training loss of 0.1, which appears sufficient
for reproducing text more effectively than mod-
els trained to losses of 0.2 or 0.5. Fine-tuning
on rephrased text further demonstrates that the
model retains its ability to produce simple and
coherent English covering broad basic knowl-
edge, while exhibiting limited generalization
capability.

1 Introduction

Several works have developed language models ca-
pable of performing a wide range of tasks (Sindhu
et al., 2024), including but not limited to code com-
pletion (Husein et al., 2025), question answering
(Nassiri and Akhloufi, 2023), and text summariza-
tion (Zhang et al., 2025). Large language models
often contain more than a billion parameters and
are typically trained on more than 100 billion to-
kens (Raiaan et al., 2024). However, such large-
scale models present challenges in terms of deploy-

ment on local devices, and their substantial carbon
footprint underscores the need to reduce computa-
tional requirements while maintaining comparable
or acceptable performance.

Practitioners have also released language mod-
els with less than one billion parameters that are
capable of generating grammatically correct and
informative text, such as the 0.6B models from
Qwen3 (Yang et al., 2025) and the 135M and 360M
models from SmolLM (Allal et al., 2025). While
some information regarding the model architec-
ture, training hyper-parameters, and training data
is often provided, details on how the architecture,
hyper-parameters, model checkpoints, or datasets
are selected are rarely, if ever, discussed.

In this work, we aim to identify the transformer-
based language model with the minimum number
of parameters less than 28 million (M) capable of
generating broad spectrum of basic general knowl-
edge in simple and coherent English and has lim-
ited generalization ability. The Simple English
Wikipedia dataset is used for training, as we con-
sider it a high-quality and compact dataset that
covers a broad range of general knowledge in ba-
sic English, compared to other datasets such as
WikiText-2. As a starting point, we set the target of
learning a dataset containing 20 M tokens within
10 epochs. Following the result reported in Table
3 of (Hoffmann et al., 2022), we use the empiri-
cal observation that the optimal number of model
parameters is approximately equal to the total num-
ber of training tokens divided by 20. This yields a
target of roughly 10 M parameters for our setting
(20 M tokens x 10 epochs = 20). Our study there-
fore focuses primarily on models with parameter
counts exceeding 10M, up to 28M parameters, for
over-parameterization.

We investigate models with varying numbers
of decoder blocks, trained under different layers,
batch sizes, learning rates, and training strate-
gies. For dataset selection, we compare the Sim-
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ple English Wikipedia dataset with the WikiText-2
dataset. We discard WikiText-2, since it contains
non-English characters as some of the most fre-
quent tokens, suggesting that the dataset may not
consist of coherent and simple English compared
to Simple English Wikipedia. The Simple English
Wikipedia dataset is further processed by removing
entries with fewer than 64 words and more than
512 words, as shorter entries often consist of in-
complete sentences and longer entries exceed the
sequence length of the model. The resulting dataset
is referred to as the long-context subset. Analysis
of the word frequency distribution in Simple En-
glish Wikipedia shows that 2,206 words appear
more than 500 times, motivating the choice of a
vocabulary with 2,048 tokens.

We evaluate models trained on the Simple En-
glish Wikipedia dataset under different batch sizes,
learning rates, and training strategies. The first
strategy, referred to as the 2-stage training method,
involves initially training on short-context data
with a small maximum sequence length for sev-
eral epochs, followed by training on long-context
data with a larger maximum sequence length. The
second strategy, referred to as the interleaved train-
ing method, alternates between short- and long-
context datasets each epoch, with corresponding
adjustments to the maximum sequence length, to
mitigate catastrophic forgetting. Our results show
that the best-performing model, achieving the low-
est training loss within 10 epochs, is a decoder-
only Transformer with rotary positional encoding,
multi-head attention, root-mean-square normaliza-
tion, Gaussian error linear unit (GELU) activation,
post-normalization, no interleaved group query at-
tention, an embedding dimension of 512, 8 layers,
8 heads, a feedforward dimension of 2048, zero
dropout, and a learning rate of 10~* trained with
standard mini-batch gradient descent. Analysis of
generated text indicates that a training loss of 0.1
is sufficient for the model to reproduce the target
text more effectively than models trained to losses
of 0.2 or 0.5.

To evaluate limited generalization ability, we
fine-tune the 0.1-loss pre-trained model on
rephrased text. The fine-tuning dataset is con-
structed from 100 selected entries of the long-
context subset of Simple English Wikipedia. Each
entry is split into two parts: the first as the con-
text and the second as the target. The context is
rephrased into three variants using ChatGPT-5. The
rephrased contexts paired with the original target

form new training and evaluation entries: the first
and second rephrased contexts are used for the train-
ing set, the third rephrased context is used for the
test set, and the original context is used for the
validation set. After fine-tuning for 64 epochs, we
select the model with the lowest validation loss and
evaluate it on five entries each from the validation
and test sets. The model successfully reproduces
the target text for two of five entries in both the
validation and test sets, succeeds only in the test set
for one entry, succeeds only in the validation set
for one entry, and fails on both sets for one entry.
These results demonstrate that the fine-tuned model
exhibits limited generalization ability, while main-
taining the ability to generate simple and coherent
English covering a broad spectrum of basic general
knowledge.

2 Data Preparation

2.1 Dataset Selection

To build a model capable of generating a broad
spectrum of basic general knowledge in simple and
coherent English, we aim to identify a suitable text
dataset for training. We considered two datasets as
candidates: the WikiText-2 dataset (Merity et al.,
2016) and the Simple English Wikipedia dataset
from the 100M training set of the BabyLLM Chal-
lenge (Charpentier et al., 2025).

To make the datasets suitable for training, we
process them to ensure that each data entry corre-
sponds to text related to a single Wikipedia topic.
In the Simple English Wikipedia dataset, topics
are enclosed by the “= = =" symbol, with the re-
lated context in the following lines, and each topic-
context pair separated by two newline symbols. We
construct the training dataset by extracting each
context as a single entry, resulting in 116,031 sam-
ples containing a total of 13,707,770 words. For the
WikiText-2 dataset, topics are enclosed by a single
“=" symbol, while subsections and subsubsections
are enclosed by “= =" and “= = =" symbols, re-
spectively. We process the dataset by extracting the
text associated with each topic enclosed by a single
“=" symbol, continuing until the next topic marker.
This yields 629 samples with a total of 2,051,910
words.

To compare the datasets, we first inspect his-
tograms of sample counts versus word counts. A
sample corresponds to text associated with one
topic, and the word count is computed as the num-
ber of consecutive character sequences separated
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Figure 1: Histogram of the number of data entries
in each word count range. Most data entries con-
tain between 32 and 127 words in the Simple English
Wikipedia dataset, while most data entries contain be-
tween 1,024 and 8,191 words in the WikiText-2 dataset.

by whitespace (spaces, tabs, or newlines). The
histogram in Figure 1a shows that most Simple En-
glish Wikipedia data entries contain between 32
and 127 words, while most WikiText-2 data entries
contain between 1,024 and 8,191 words, as shown
in Figure 1b. We also examine the ten most fre-
quent words in each dataset. In Simple English
Wikipedia, these are: “the”, “of”, “in”, “and”, “a”,
“is”, “to”, “was”, “The”, and “for”. In contrast, the
top-10 words in WikiText-2 are: “the”, «,”, “.”, “of”,
“<unk>", “and”, “in”, “to”, “a”, and “=". Four of
these ten tokens are not actual words, suggesting
improper processing during text extraction. Since
tokens such as “<unk>"" do not appear in natural
English, and isolated “,” and *“.” are uncommon,
we conclude that WikiText-2 may degrade the abil-
ity of a language model to learn proper English.
Therefore, we discard the WikiText-2 dataset.

2.2 Processing the Simple English Wikipedia
Dataset

The statistics of the Simple English Wikipedia
dataset from the 100M training set of the BabyLM

Challenge (Charpentier et al., 2025) are presented
in Table 1, where word counts are computed as the
number of consecutive character sequences sepa-
rated by whitespace.

To further assess dataset quality, we examine
entries across different word count ranges. Exam-
ples are shown in Figure 7 to Figure 11. Entries
with fewer than 8 words (Figure 7) are mostly in-
complete sentences and insufficient to describe a
topic. In contrast, entries with 8 words or more
(Figs. 8 to 11) typically consist of complete sen-
tences and are adequate to describe a topic. Most
entries fall within 8 to 511 words, consistent with
the distribution shown in Figure 1a.

2.3 64-512 Word Subset of the Simple English
Wikipedia Dataset

We construct a 64-512 word subset of the Sim-
ple English Wikipedia dataset by excluding entries
with fewer than 64 words. The statistics of this sub-
set are reported in the third row of Table 1. Each
sample is padded or truncated to a maximum of
1,024 tokens. Note that these statistics are com-
puted on the truncated entries. During tokenization
and detokenization, isolated symbols such as “,”
and “.” are concatenated to the preceding word,
resulting in slightly lower word counts than the
predefined minimum.

2.4 Tokenizer

For training on the Simple English Wikipedia
Dataset, we construct a tokenizer using GPT-2 style
byte-pair encoding (BPE) (Radford et al., 2019)
trained on the 64512 word subset. The tokenizer
includes the special tokens [PAD], [UNK], [MASK],
and [EOS].

To determine the vocabulary size, we plot the fre-
quency distribution of unique words in the 64-512
word subset (Figure 2). We observe that 2,206
unique words occur more than 500 times, motivat-
ing the choice of a 2,048-token vocabulary, which
is close to this number. We also examine the effect
of vocabulary size on training loss. Results show
that a 4-layer model with a larger vocabulary size
tends to yield higher training loss (Figure 12 in
Appendix B).

3 Language Model Architecture and
Hyperparameters

The architecture of the transformer-based language
model (Vaswani et al., 2017), including the first
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Table 1: Statistics of word counts for the Simple English Wikipedia dataset and its subsets.

Dataset Mean | Median | Maximum | Minimum | Total words | Samples
Simple English Wikipedia | 118.14 58 9,423 1 13,707,770 | 116,031
64-512 Word Subset 183.29 126 660 61 9,654,100 52,671

Word Frequency Bar Plot on the Simple Wiki dataset
with Data Entries Containing More Than 64 Words
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Figure 2: Bar plot of the number of unique words versus
their frequency of occurrence in the 64—512 word subset
of the Simple English Wikipedia dataset.

decoder block, is shown in Figure 3. The feed-
forward network consists of 2,048 neurons, the
attention mechanism uses 8 heads, and no dropout
is applied during training. Other parameters are
selected based on the experiments described in
Appendix B. We found that the best-performing
configuration is a decoder-only Transformer with
rotary positional encoding, multi-head attention,
root-mean-square normalization, GELU activation,
post-normalization, no interleaved group query at-
tention, an embedding dimension of 512, 8 layers,
8 heads, a feedforward dimension of 2,048, zero
dropout, trained with a batch size of 2 and an initial
learning rate of 10~%.

We also observe that small models struggle to
generate coherent English and reproduce factual
knowledge for training samples with long contexts.
To address this, we evaluated two training strate-
gies. The first is a two-stage approach, where the
model is first trained on short-context data and then
on long-context data. Although this strategy pro-
duces coherent sentences, it fails to preserve factual
knowledge. The second strategy interleaves short-
and long-context datasets, alternating maximum
sequence lengths each epoch. This mitigates catas-
trophic forgetting of short-context samples and pro-
duces coherent sentences, but similarly fails to pre-
serve factual knowledge in long-context samples.
The detailed results and analysis are presented in
Appendix C.

4 Training

Given a set of training data D = {d*, d?,...,d"}
with N samples, where the i-th sample d’ =
(di,ds, .. d? ;) contains &k’ number of tokens, the

loss for each sample is computed by the negative
log-likelihood:

L(6;d)

}E:log (Po(djl iy, ..., d7)), (1)

where pg(d§|d§-_1, ...,di) € [0,1] is the proba-
bility assigned by the transformer-based language
model parameterized by 6 to token d’, given the
preceding tokens d, . . ., d§—1-
The model is trained using standard mini-batch
gradient descent as detailed in Algorithm 1.

Algorithm 1 Mini-Batch Gradient Descent

1: Input: Initial learning rate o € R, momentum
factors 1 € R and fB2 € R, weight decay
factor A € R, € € R, batch size b, maximum
epochs E, dataset D = {d'} ,, loss function
L, schedule multiplier n;—o € R, time step
t<0

2: Output: Optimized parameters 6

3: Initialize parameters ¢ randomly

4: forep =1to FE do

5:  Shuffle dataset D

6:  for each mini-batch B C D of size b do

7: t—t+1

8

9

n¢ <— SetScheduleMultiplier(t)
Compute gradient:

Z VoL(6;d")

dleB

(Zdzeg |’

10: Update parameters:

0« AdamW(g, «, /Bla B2, €, A, 77t)

11:  end for
12: end for
13: return 6
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¥

Figure 3: Illustration of the architecture of the initial part of the transformer-based language model used in this

study, including the first decoder block.

The common training hyperparameters for all
the experiments are 51 = 0.9, S = 0.999, ¢ =
1078, and A = 0.01 for the AdamW optimizer
(Loshchilov and Hutter, 2019) and a maximum
gradient norm of 1 for gradient clipping.

4.1 Results for Training on the 64-512 Word
Subset

We train the 8-layer decoder-only transformer
model described in Figure 3 with an embedding di-
mension of 512, a vocabulary size of 2,048 tokens,
and 8 attention heads, using an initial learning rate
of 10~* with a linear scheduler. The training loss
and learning rate under two different linear schedul-
ing strategies are shown in Figure 4a and Figure 4b,
respectively. As shown in Figure 4a, the model
trained with a learning rate schedule that decays
10-fold every 64 epochs achieves a training loss be-
low 0.1 at 169 epochs, whereas the model trained
with a 10-fold decay every 128 epochs reaches the
same threshold at 179 epochs. The blue dotted and
dash-dotted lines indicate that the model with a
64-epoch decay reaches training losses below 0.5
and 0.2 at 58 and 94 epochs, respectively.

To evaluate the quality of model outputs across
training stages, we focus on the model with 10-fold
decay every 64 epochs, as it reaches a training loss
below 0.1 faster than the model trained with a learn-
ing rate of 10-fold decay every 128 epochs. We
select checkpoints corresponding to training losses

of 0.5, 0.2, and 0.1, and inspect their outputs on
selected training samples in Table 7 in Appendix D.

For reproducibility, Table 7 shows that the model
trained to a loss of 0.1 successfully reproduces
text from all three selected training entries (labeled
“seen”). In contrast, the models trained to losses
of 0.2 and 0.5 reproduce two of the three entries
but fail on the third, suggesting that a threshold of
0.1 may be appropriate for the model to reliably
reproduce training text.

For generalization, the “rephrased” rows in Ta-
ble 7 show that none of the models fully reproduce
the target text when inputs are rephrased versions
of the training samples. However, in the second
rephrased example, the models trained to losses
of 0.1 and 0.2 generate the correct date of Kahn’s
death, and the model trained to a loss of 0.5 even
produces the correct age at death. The rephrased
inputs were generated using ChatGPT-5 with the
prompt: “Rephrase the following sentences with
minimum changes: input text.” These results sug-
gest that generalization is difficult to achieve dur-
ing pretraining. In the next section, we attempt
fine-tuning on rephrased text to assess whether this
improves generalization to unseen rephrasings.

5 Generalization

In this section, we aim to enable the model to gen-
erate coherent English for text that is rephrased
from, but not present in, the training set. To build a
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Loss vs. Epoch for 8-layer Transformer
Trained with Different Learning Rate Decays

s Train Loss with 10-fold leaming rate decay per 64 epochs
Train Loss with 10-fold learning rate decay per 128 epochs

- Decay per 64 epochs, Epoch: 58
«+ Decay per 64 epochs, Value: 0.4924
—:~ Decay per 64 epochs, Epoch: 94
—:— Decay per 64 epochs, Value: 0.1989
-~ Decay per 64 epachs, Epoch: 169
-- Decay per 64 epochs, Value: 0.0994
Decay per 128 epochs, Epoch: 178
Decay per 128 epochs, Value: 0.0998

10°

Log of loss

101

0 25 50 75 100 125 150 175
Epoch

(a) Training loss on the 64-512 word subset

Learning rate vs. Epoch for a Linear Scheduler with Weight Decay

0.00010 === 10-fold learning rate decay per 64 epochs

10-fold learning rate decay per 128 epochs

0.00008

0.00006

0.00004

Learning rate

0.00002

1075

0.00000 10~
0 25 50 75 100 125 150 175
Epoch

(b) Learning rate for training on the 64-512 word subset

Figure 4: Training loss and learning rate for an 8-layer
transformer trained on the 64-512 word subset of the
Simple English Wikipedia dataset. The blue lines cor-
respond to a linear scheduler with an initial learning
rate of 10™* and a 10-fold decay every 64 epochs. The
orange lines correspond to a 10-fold decay every 128
epochs. Dashed lines mark the epochs and loss values
where each model reaches a training loss below 0.1.
The dotted and dash-dotted blue lines mark the epochs
where the model with 64-epoch decay reaches training
losses below 0.5 and 0.2, respectively.

dataset for fine-tuning, we select 100 data entries
with word counts between 64 and 127 words from
the Simple English Wikipedia. Each entry is manu-
ally split into two parts: the first half as the context
and the second half as the target. The context of
each entry is then rephrased in three different ways
using ChatGPT-5 with the following prompt:

Rephrase the text in the following dic-
tionary in 3 different ways and fill
them in textR1, textR2, and textR3.
Make minimum change and make sure
it can be connected after the target:
"text": <context>, "target": <target>,
"textR1": ", "textR2": "", "textR3": ""...

For each entry, the first two rephrased contexts

(textR1 and textR2) are included in the fine-tuning
dataset, resulting in a dataset with a total of 16,242
words. The third rephrased context (textR3) is used
as the validation/test set to evaluate generalization.
When calculating the loss, we mask out the to-
kens corresponding to the context so that predic-
tions for context tokens are excluded from the loss
computation during fine-tuning. We then fine-tune
the 8-layer decoder-only transformer model pre-
trained with a learning rate schedule that decays
10-fold every 64 epochs and achieves a training
loss of 0.1. The hyperparameters for fine-tuning
are: AdamW optimizer (Loshchilov and Hutter,
2019) with 8; = 0.9, B2 = 0.999, ¢ = 1078, and
A = 0.01; a maximum gradient norm of 1.0 for gra-
dient clipping; a batch size of 2; a linear learning
rate schedule decaying from 10~ to 1072 over 64
epochs; and a sequence length of 256 tokens. The
shorter sequence length is chosen because the fine-
tuning dataset contains no more than 128 words
per entry (approximately 128 x 2 = 256 tokens).
The training and validation losses are shown in Fig-
ure 5a, and the learning rate is shown in Figure 5b.
The model at epoch 64, which achieves the best
validation loss of approximately 0.1251, is selected
for evaluating generalization on the test set. To
thoroughly evaluate all validation and test data,
we compare the target and generated text using
ChatGPT-5 with the following prompt as input:

Check whether the generated text con-
veys the same meaning as the target text.
If it does, indicate the label number cor-
responding to that match.

[Sample <sample label>|

input_len: <number of input tokens >
target_len: <number of target tokens>
max_new_tokens: <number of maxi-
mum new tokens>

Input: <input>

Target: <target>

Generated: <output>

The results show that the model can generate text
that matches all 200 entries in the training set, and
it can generate text that matches the target text
in 42 out of 100 entries in the validation/test set.
In addition, Table 2 presents the successful cases
where the model generates text that matches the
target in both the training and validation/test sets.
These results indicate that fine-tuning on
rephrased data enables limited generalization in
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Loss vs. Epoch for 8-layer Transformer with 0.1 Loss Threshold
Fine-tuned on Rephrased Text from Simple English Wikipedia

m— Train LOSS
Validation Loss
4 e Best Val. Loss (64, 0.1251)
0.5
3 0.4
“ $0.3
0 o
S ) Jo02 (64, 0.1251)
0.1 ®
0.0
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' j/ Epoch
| \ (64, 0.1251)
0 9|
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(a) Training and validation loss for fine-tuning on rephrased
text

Learning rate vs. Epoch for a Linear Scheduler

0.00010

0.00008

0.00006

Learning rate

0.00004

0.00002

0 10 20 30 40 50 60
Epoch

(b) Learning rate for fine-tuning on rephrased text

Figure 5: Training and validation loss and learning
rate for an 8-layer transformer fine-tuned on rephrased
data entries (64—127 words) from the Simple English
Wikipedia dataset. The model was pretrained to a loss
of 0.1 on the 64-512 word subset of Simple English
Wikipedia using a learning rate schedule with 10-fold
linear decay every 64 epochs (Section 4.1). In subfigure
(a), the blue line shows the training loss and the orange
dashed line shows the validation loss. The best valida-
tion loss is highlighted with a red circle marker at epoch
64, with a value of 0.1251.

the pretrained model, while still producing text that
is coherent and consistent with basic English.

6 Conclusion

In this work, we systematically explored several
model architectures and training strategies to iden-
tify a transformer-based model with the minimum
number of parameters upper bounded by 28 M
capable of producing a broad spectrum of basic
general knowledge in simple and coherent English,
while exhibiting limited generalization ability. For
dataset selection, we chose the Simple English
Wikipedia dataset instead of the WikiText-2 dataset,
since the latter contains a higher proportion of non-

lexical tokens such as ‘<unk>’, ’=’,’), and ’.,
among its most frequent tokens, suggesting that
the text in WikiText-2 may not compose of co-
herent English. For data cleaning, we removed
entries with fewer than 64 words, as they are of-
ten incomplete sentences, and entries with more
than 512 words, to ensure that each topic descrip-
tion ends within the specified sequence length dur-
ing training. The resulting dataset is referred to
as the 64-512 word subset of the Simple English
Wikipedia dataset.

To determine the vocabulary size, we set the
number of tokens to approximately match the num-
ber of unique words appearing more than 500 times
in the dataset. We then performed hyperparame-
ter tuning on models with parameter counts up to
28 million. The best-performing model was found
to be a decoder-only transformer with rotary posi-
tional encoding, multi-head attention, root-mean-
square normalization, Gaussian error linear unit
(GELU) activation, post-normalization, no inter-
leaved group query attention, an embedding di-
mension of 512, 8 layers, 8 heads, a feedforward
dimension of 2,048, zero dropout, and an initial
learning rate of 10~*. This configuration achieved
a lower training loss compared to other tested mod-
els. We also evaluated different training strategies,
including the two-stage and interleaved methods,
but neither resulted in significant improvements in
training loss.

We therefore trained the model using standard
mini-batch gradient descent on the 64—512 word
subset and experimented on linear learning rate
schedulers with different decay rates. We found
that a scheduler with an initial learning rate of 10~4
and a 10-fold decay every 64 epochs achieved a
training loss of 0.1 faster than the corresponding
scheduler with a 128-epoch decay interval. In gen-
eration tests, the model trained to a loss of approxi-
mately 0.1 was able to reproduce text from three se-
lected training entries and demonstrated the ability
to generate simple and coherent English covering
broad basic knowledge, whereas models trained
to losses of 0.2 and 0.5 performed worse. How-
ever, none of the models were able to reproduce
target text when the inputs were rephrased using
ChatGPT-5.

To enable limited generalization, we fine-tuned
the model pretrained on the 64—512 word subset
at a loss of 0.1. Specifically, we selected 100 data
entries, splitting each into a context and a target.
The context was rephrased in three different ways
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Table 2: Generated text from the fine-tuned model with 8 layers, a vocabulary size of 2,048, an embedding dimension
of 512, and 8 heads. The model was pretrained on the 64-512 word subset of Simple English Wikipedia using a
learning rate schedule with 10-fold linear decay every 64 epochs and an initial learning rate of 10~%. Input text
labeled (validation) represents entries in the validation set, while input text labeled (test) represents rephrased entries
from the validation set generated by ChatGPT-5. Outputs are generated using greedy decoding with a maximum of
128 new tokens. Common words between the target and generated text are highlighted in yellow.

Label Input Target

Output

1 (train) Salko Hamzic (born 17 September 2006) is a Bosnian
goalkeeper who plays for FC Liefering in Austria’s
second division. \n Career.\n He started his youth
career at UFC Siezenheim before joining SV Austria
Salzburg in December 2015, later moving to FC Red

Bull Salzburg’s academy in February 2019.

He then went through all age levels in the
academy from the 2020/21 season.\n In May
2023 the goalkeeper was in the squad of the
second-class farm team FC Liefering for the
first time. For the 2023/24 season he moved into
the Liefering squad. He made his debut in the
2nd league on 15 September 2023 when he was
in the starting line-up on matchday seven of that

He then went through all age levels in the academy
from the 2020/21 season.\n In May 2023 the goal-
keeper was in the squad of the second-class farm team
FC Liefering for the first time. For the 2023/24 sea-
son he moved into the Liefering squad. He made his
debut in the 2nd league on 15 September 2023 when
he was in the starting line-up on matchday seven of
that season against SV Stripfing.ed to name a place

season against SV Stripfing. before

1 (validation/test) Salko Hamzic (born 17 September 2006) is a foot-
ball goalkeeper from Bosnia who plays in Austria’s
2nd league with FC Liefering. \n Career.\n He first
played for UFC Siezenheim, then joined SV Aus-
tria Salzburg in December 2015, and later moved to
FC Red Bull Salzburg’s youth academy in February
2019.

He then went through all age levels in the academy
from the 2020/21 season.\n In May 2023 the goal-
keeper was in the squad of the second-class farm team
FC Liefering for the first time. For the 2023/24 sea-
son he moved into the Liefering squad. He made his
debut in the 2nd league on 15 September 2023 when
he was in the starting line-up on matchday seven of
that season against SV Stripfing.ed to name areashes

2 (train) Muhammad Tawhidi, widely recognized online as the
Imam of Peace, is a Shiite Imam and public influ-
encer. Born in Qom, Iran, between 1982 and 1983, he
became Vice President of the Global Imams Council

in Najaf, Iraq in January 2022.

2 (validation/test) Known on the internet as the Imam of Peace, Muham-
mad Tawhidi is a Shiite Imam and social influencer.
He was born in Qom, Iran, sometime between 1982
and 1983, and by January 2022 he was serving as
Vice President of the Global Imams Council in Najaf,

Iraq.

\nViews on Islam. His views on Islam are that
Islam needs to be reformed to survive. He
believes that terrorism are forbidden in the
Quran, and made a speech denouncing the
Islamic State of Iraq and Syria along with it’s
affilates such as Boko Haram.

\nViews on Islam.\n His views on Islam are that Is-
lam needs to be reformed to survive. He believes that
terrorism are forbidden in the Quran, and made a
speech denouncing the Islamic State of Iraq and Syria
along with it’s affilates such as Boko Haram.or of this
views, while various possible poses to the Islamic
worldlying it best.\n Views on

\nViews on Islam.\n His views on Islam are that Islam
needs to be reformed to survive. He believes that ter-
rorism are forbidden in the Quran, and made a speech
denouncing the Islamic State of Iraq and Syria along
with it’s affilates such as Boko Haram. haram. haram
has a creation and a net worship for both the Jews and
HumLahr Z

3 (train) Gear6id Iarla (1335—disappeared 1398), also called
Gerald FitzMaurice FitzGerald, served as the 3rd Earl
of Desmond, lord of Munster, and was a Norman-
Gaelic poet. He vanished in 1398, aged 62 or 63.\n

Biography.

3 (validation/test) Gear6id Iarla (1335-1398, disappeared), also referred
to as Gerald FitzMaurice FitzGerald, became the 3rd
Earl of Desmond, lord of Munster, and a Norman-
Gaelic poet. He went missing in 1398 at the age of

62 or 63.\n Biography.

\nHe was born in 1335, as the child (son) of
Maurice FitzGerald, 1st Earl of Desmond.
‘When he grew up, he became the 3rd Earl of
Desmond, lord of Munster, and a
Norman-Gaelic poet. He disappeared in 1398,
at the age of 62 or 63.

\nHe was born in 1335, as the child (son) of Maurice
FitzGerald, 1st Earl of Desmond. When he grew up,
he became the 3rd Earl of Desmond, lord of Munster,
and a Norman-Gaelic poet. He disappeared in 1398,
at the age of 62 or 63.ons frail, and he became the
father of Maurice FitzGerald, whose most interest in
views on the

\nHe was born in 1335, as the child (son) of Maurice
FitzGerald, 1st Earl of Desmond. When he grew up,
he became the 3rd Earl of Desmond, lord of Munster,
and a Norman-Gaelic poet. He disappeared in 1398,
at the age of 62 or 63. 1798 or 1598, he became the
father of Maurice FitzGerald, the first woman named
Margaret

using ChatGPT-5. The fine-tuning dataset was con-
structed by pairing the rephrased contexts with their
original targets: the first two rephrased versions
formed the training set, the original context formed
the validation set, and the third rephrased version
formed the test set. After fine-tuning for 64 epochs,
we selected the model with the lowest validation
loss for testing. Results on five selected entries
showed that the model reproduced the target text in
two validation and two test cases, succeeded only
in validation or test cases for one entry each, and
failed in both validation and test sets for one entry.
These results suggest that fine-tuning on rephrased
text enables limited generalization ability. Further-
more, the generated outputs were mostly coherent
English, achieving our objective. Future research is
needed to investigate how the number of rephrased

samples or alternative rephrasing methods affect
the generalization ability of small language models.
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A Additional Analysis on the Datasets

A.1 Shared topics between the Simple English
Wikipedia dataset and the WikiText-2
dataset

To check whether data entries in the WikiText-
2 Dataset and Simple English Wikipedia Dataset
share the same topics, we searched for each subject
name in WikiText-2 across all texts in the Simple
English Wikipedia Dataset. If the subject name
appears in the Simple English Wikipedia Dataset,
we will consider the subject as the shared topic.
Out of a total of 629 subjects in WikiText-2, we
found 97 subjects also present in the Simple En-
glish Wikipedia Dataset, as shown in Figure 6.

A.2 Data entries in the Simple English
Wikipedia dataset

Part of the data entries of the Simple English
Wikipedia dataset are shown from Figure 7 to Fig-
ure 11. From part of the data entries with word
count less than 8 in Figure 7, most of the sentences
are not complete, indicating low quality of the data
entries within this word count range. While for part
of the data entries with word count between 8 and
15 in Figure 8, it shows that the first 13 data entries
are composed of complete sentences describing a
place, but the later 3 data entries are incomplete.
For part of the data entries with word count be-
tween 16 and 31 in Figure 9, the 15 selected data
entries are composed of complete and sufficient
sentences for describing a topic, and same of the
data entries with word count between 32 and 63 in
Figure 10 and data entries with word count between
64 and 127 in Figure 11.

B Determining the Hyperparameters for
Model Architecture and Training

A 10M-word subset of the Simple English
Wikipedia dataset is created by sampling the
dataset with word counts between 8 and 511, stop-
ping before the total word count reaches 10 million
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1.John Cullen

2.South of Heaven

3.Tina Fey

4.Elephanta Caves
5.Michael Jordan

6.West End Girls
7.Sholay

8. Antimony

9.Astraeus hygrometricus
10.Paul Thomas Anderson
11.Art Ross

12.Sarnia

13.World War Z
14.Rachel Green

15.The Importance of Being Earnest
16.Ireland

17.Hellblazer

18.2010 Haiti earthquake
19.James Nesbitt
20.Rebbie Jackson

25.Ceratopsia

26.Super Mario Land
27.Guitar Hero

28.Tintin in the Congo
29.0ldham

30.In Bloom
31.Giacomo Meyerbeer
32.0daenathus

33.Bob Dylan

34 Mogadishu
35.Charmbracelet
36.Thomas Quiney
37.Transit of Venus
38.Roger Federer

39.The Son Also Draws
40.Humpty Dumpty
41.Welsh National Opera
42.England national rugby union team
43.Maggie Simpson
44.Chasing Vermeer

49.Kalyanasundara
50.Hoover Dam
51.Nina Simone
52.Harajuku Lovers Tour
53.The Stolen Eagle
54.Laurence Olivier
55.Burn

56.Alice in Chains
57.Cougar
58.Sorraia

59.Haifa
60.Fernando Torres
61.Dota 2
62.Djedkare Isesi
63.Christine Hakim
64.Gregory Helms
65.Amanita muscaria
66.Track and field
67.Isabella Beeton
68.Ed Barrow
69.Kitsune

73.Cater 2 U

74.Gold Beach

75.Tautiska giesme

76.Liu Kang

77.Allah

78.Chagas disease

79.DuMont Television Network
80.Skye

81.Florida Atlantic University
82.The Clean Tech Revolution
83.Missouri River

84.Zlfric of Abingdon
85.Condom

86.Iguanodon

87.Max Mosley
88.Corythosaurus

89.Wales national rugby union team
90.Ace Attorney

91.Varanasi

92.1973 Atlantic hurricane season
93.and

21.Protein 45.Yoko Shimomura
22.Aston Villa F.C. 46.Lisa the Simpson
23.Cadmium 47.Xenon

24.Leg before wicket 48.Eva Peron

70.Kakapo
71.Robbie Fowler
72.Erving Goffiman

94 Partington
95.The General in His Labyrinth
96.Wilhelm Busch

97.Star

Figure 6: The shared topic names in the WikiText-2 dataset and the Simple English Wikipedia Dataset.

words. The statistics of this subset are reported in
the third row of Table 3.

For training on the 10M-word subset, we con-
struct a tokenizer using GPT-2 style byte-pair en-
coding (BPE) (Radford et al., 2019) trained on this
subset. The tokenizer includes the special tokens
[PAD], [UNK], [MASK], and [EOS]. The total num-
ber of vocabularies is varied across experiments.

B.1 Results for Training on the 10M-word
Subset

We perform hyperparameter tuning by training a
decoder-only transformer-based language model
with the architecture of the decoder block describe
in Figure 3 by the Mini-Batch Gradient Descent
in Algorithm 1 on the 10M-word subset of the
Simple English Wikipedia dataset. The 10M-word
subset of the Simple English Wikipedia dataset is
created by sampling the dataset with word counts
between 8 and 511, stopping before the total word
count reaches 10 million words. The statistics of
this subset are reported in the third row of Table 3.
For training on the 10M-word subset, we construct
a tokenizer using GPT-2 style byte-pair encoding
(BPE) (Radford et al., 2019) trained on this subset.
The tokenizer includes the special tokens [PAD],
CUNK], [MASK], and [EOS]. The total number of
vocabularies is varied across experiments.

To determine the vocabulary size, we train three
transformer models, each with 4 layers, 8 attention
heads, and an embedding dimension of 512, but
with vocabulary sizes of 2,048, 4,096, and 8,192,

respectively. The learning rate is generated from
the cosine scheduler with an initial learning rate of
10~* as shown in the blue solid line in Figure 13(a).
As shown in Figure 12, the model with the smallest
vocabulary achieves the lowest training loss. Based
on this result, we fix the vocabulary size to 2,048
for subsequent experiments.

To determine the optimal embedding dimension,
number of layers, and learning rate, we evaluate
models with embedding dimensions of 256 and
512, layer counts of 1, 2,4, 8, and an initial learn-
ing rates of 1 x 1073, 5 x 1074, 1 x 1074, and
5 x 107° for the cosine scheduler as shown in
the green, orange, blue, and red solid line in Fig-
ure 13(a), respectively. Figure 14(a) shows that the
8-layer model achieves the lowest training loss of
1.2919 at epoch 10, and that larger embedding di-
mensions generally yield lower losses. Figure 14(b)
compares the 4- and 8-layer models across differ-
ent learning rates, revealing that the 8-layer model
with an initial learning rate of 1 x 10~% achieves the
lowest loss (1.2919 at epoch 10). Based on these
findings, we fix the configuration for subsequent
experiments to 8 layers, an embedding dimension
of 512, and an initial learning rate of 1 x 1074,

The generated text from the best model trained
for 10 epochs is presented in Table 4. The model in-
put is a truncated segment from the training dataset,
and the expected output is the target text. As shown
in Table 4, the model reproduces the target exactly
for the first sample but fails to generate the correct
number of people in the second sample, produces
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17.Ivanivske can be

18.Lukas can be

19.Jacobsen can be

20.Leonard can be

21.V\uOOelclav is a given name.

22.Gaza War may refer to:

23.New Market may refer to:

24.This is a list of Dutch painters.

25.Vesele or Vesel\u00e9 can be

26.Pirita can be

27.Rauma can be

28.1s a city in Osaka Prefecture, Japan.

29.1is a town in Osaka Prefecture, Japan.

30.is a city in Osaka Prefecture, Japan.
31.Badajoz is a constituency of Extremadura.
32.C\uOOelceres is a constituency of Extremadura.

1.Frosta can be

2.Pinh\u00e30 can mean:

3.CQD or cqd can be

4.Aral may refer to:

5.Igbo can mean:

6.Kongo can mean:

7.Wolof can mean:

8.Xhosa can mean:

9.Virac can mean:

10.Dido or DIDO may refer to:

11.FSA may refer to:

12.Moriarty may refer to:

13.Hillsborough is the name of several places:
14 Ellendale is the name of several places:
15.Leila can be

16.Stepove can be these settlements in Ukraine

Figure 7: Part of the data entries of the Simple English Wikipedia dataset with word count less than 8.

1.Champmotteux is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
2.Chatignonville is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
3.Chauffour-\u00e8s-\u00c9tr\u00e9chy is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
4.Cheptainville is a commune. It is in \uOOcele-de-France in the Essonne department in north France.

5.Chevannes is a commune. It is in \uOOcele-de-France in the Essonne department in north France.

6.Chilly-Mazarin is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
7.Congerville-Thionville is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
8.Gjerstad is a municipality in Agder county, Norway. In 2022, 2,427 people lived there.

9.Ronago is a \"comune\" in the Province of Como in the Lombardy region in Italy.

10.Corbreuse is a commune. It is in \uOOcele-de-France in the Essonne department in north France.

11.Courances is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
12.Courdimanche-sur-Essonne is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
13.Karachev () is a town in Bryansk Oblast, Russia. In 2010, 19,715 people lived there.

14.Justice is the morally fair treatment of people and things.\nJustice can also mean:

15.Enterprise (or the archaic spelling Enterprize) may refer to:

16.This is a list of Austrian football stadiums.

Figure 8: Part of the data entries of the Simple English Wikipedia dataset with word count between 8 and 15.

entirely incorrect text in the third sample, and cor-
rectly generates only 10 words in the fourth sample.

We further train the model for 50 and 100 epochs
with an initial learning rate of 10~ for the cosine
scheduler to see if the prediction of the target text
can be improved. The learning rates are plotted
in Figure 13(a) with a purple and a brown solid
line for the training of 50 and 100 epochs, respec-
tively. The result in Figure 15 shows that both
models achieve similar final training losses, with
the 100-epoch model reaching a minimum loss
of approximately 0.2259, compared to 0.3939 for
the 50-epoch model. The generated outputs in Ta-
ble 4 indicate that both models can accurately pre-
dict text for samples 1-3 when the target contains
fewer words, but fail on sample 4, which has a

longer target sequence. Additionally, we train the
8-layer model on samples truncated to a maximum
sequence length of 512 for 50 epochs to evaluate
its impact on training loss. As shown in Figure 15,
this setting achieves a slightly lower loss of 0.3390
compared to training with a maximum sequence
length of 1024.

C Exploring Training Methods for
Alleviating Catastrophic Forgetting

The Simple English Wikipedia dataset is split into
a short-context subset (samples with no more than
64 words) and a long-context subset (samples with
more than 64 words) for the 2-stage and interleaved
training methods. The statistics of these subsets
are reported in the fourth and fifth rows of Table 3.
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Table 3: Statistics of word counts for the Simple English Wikipedia dataset and its subsets.

Dataset
Simple English Wikipedia
10M-word subset
Short context subset
Long context subset

Mean
118.14
86.47
31.51
222.34

Median
58
56
29
126

Total words
13,707,770
9,515,583
1,996,707
11,711,063

Maximum | Minimum
9,423 1
511 8
64 1
9,423 65

Samples
116,031
110,047
63,360
52,671

Table 4: Generated text from the model with 8 layers, a vocabulary size of 2,048, an embedding dimension of
512, and 8 heads, trained on the 10M-word subset using a cosine scheduler with an initial learning rate of 10~4.
Common words between the target and the generated text are highlighted in yellow.

Label Input Target Trained epochs Output
. . 10 -France in the Essonne department in north
1 Champmotteux is a commune. It is in Ile-de -France in the Essonne department in north France.
France.
50 -France in the Essonne department in north
France.
100 -France in the Essonne department in north
France.
) Mati is a city in the Philippines. It is the capital o Oriental. According to the 2020 census, 10 foz?:;%l:)fépﬁcl?\?;glxir;o e 2D Gas
of the province of Dava 147,547 people lived there. ’ i
50 o Oriental. According to the 2020 census,
147,547 people lived there.
100 o Oriental. According to the 2020 census,
147,547 people lived there.
Nuclear force is the force between nucleons. It or tie, between protons and neutrons in an atom, 10 and is very difficult to measure.
3 is the force that pulls protons and neutrons into because nuclear force holds them together.
atoms. It is very hard to break the bond, ‘When the bond is broken, this is called nuclear 50 or tie, between protons and neutrons in an atom,
fission. because nuclear force holds them together. When
the bond is broken, this is called nuclear fission.
100 or tie, between protons and neutrons in an atom,
because nuclear force holds them together. When
the bond is broken, this is called nuclear fission.
Hubert Miles Gladwyn Jebb, 1st Baron ary peer and as Baron Gladwyn became 10 ary peer and was appointed as the ambassador
4 Gladwyn, GCMG, GCVO, CB, known as involved in politics as a member of the Liberal to the United Nations in 1962. He was ap-
Gladwyn Jebb (25 April 1900 — 24 October Party. He was Deputy Leader of the Liberals in pointed as the United Nations Secretary-General
1996), was a prominent British civil servant, the House of Lords 1965-1988 and spokesman in 1962. He was appointed as the United Na-
diplomat and politician as well as the first on foreign affairs and defence. An supporter of tions Secretary-General in 1963. He was the
Acting Secretary-General of the United Nations. the European Union, he served as a Member of Secretary-General of the United Nations from
Acting UN Secretary-General. the European Parliament 1973-1976 where he 1976 to 1979.
After World War II, he served as Executive was also the Vice-President of the Parliament’s Death.
Secretary of the Preparatory Commission of the Political Committee. He tried to be elected to On 24 October 1996, Jebb died of heart failure
United Nations in August 1945. He was the European Parliament in 1979. When asked in London. He was 79 years old. He was buried
appointed Acting United Nations why he had joined the Liberal party in the early at the Battle of London....
Secretary-General from October 1945 to 1960s, he replied that the Liberals were a party
February 1946 until the appointment of the first without a general and that he was a general 50 ary peer and in 1973 he was a Member of Parlia-
Secretary-General Trygve Lie. Ambassador. without a party. Like many Liberals, he ment (MP) for the Lim administration of British
Returning to London, Jebb was Deputy to the passionately believed that education was the key Union President General George B. Miles from
Foreign Secretary Ernest Bevin at the to social reform. September 1961 to July 1974.
Conference of Foreign Ministers before serving Death. Death.
as the Foreign Office’s United Nations Adviser He died in 1996, and is buried at St. Andrew’s, Jebb died in October 1996 at the age of 88 in
(1946-47). He represented the United Kingdom Bramfield in the county of Suffolk. Lady Nice, France of natural causes. He died in Nice
at the Brussels Treaty Permanent Commission Gladwyn. on 24 October 1996 while in prison, he was
with personal rank of Ambassador. He became Jebb’s wife, Cynthia, Lady Gladwyn, was a buried at St Mary’s Cemetery in Nice....
the United Kingdom’s Ambassador to the noted diarist of their times in Paris and a hostess .
United Nations from 1950-1954 and to Paris 100 ary peer and made a candidate a member of the

from 1954-1960.
Political career.
In 1960 Jebb was made a heredit

of Liberal and London politics. She was the
great-grand daughter of Isambard Kingdom
Brunel. Publications and papers.
Publications by Baron Gladwyn include:

Liberal Party. He was elected party leader to the
Liberal Party. In 1961 Jebb was elected party
leader of the Liberal Party. He served as the Sec-
retary of State for National Unity (South Street)
for two years.

Personal life.

Jebb married Rachel Lewis (1913-1990) in an
alliance during the Secretary-General era. They
had two children.

Death.

Gladwyn died in Lincolnshire on 24 October
1996 at the age of 74. He died from a heart
attack, on 24 October 1996 in Charleroi, Mau-
ritius. He was buried at Lincoln Cemetery in
Rome, Italy.

According to James Bond, Jebb was the most
recent child of Jebbin and Lois Regnall. He was
the last surviving person to have been head of
the (Lord Mayor) House of Settlements since
1970....
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1.Mati is a city in the Philippines. It is the capital of the province of Davao Oriental. According to the 2020 census, 147,547

people lived there.

2.Malita is a municipality in the Philippines. It is the capital of the province of Davao Occidental. According to the 2020 census,

118,197 people lived there.

3.Kabugao is a municipality in the Philippines. It is the capital of the province of Apayao. According to the 2020 census, 16,215

people lived there.

4.Conner is a municipality in the province of Apayao, Philippines. According to the 2020 census, 27,552 people lived there.
5.Crossodactylus cyclospinus is a frog. It lives in Minas Gerais, Brazil. People have seen it in exactly two places, both on the

Jequitinhonha River.

6.Carate Urio is a \"comune\" in the Province of Como in the Lombardy region in Italy.

7.Gera Lario is a \"comune\" in the Province of Como in the Lombardy region in Italy.

8.Mariveles is a municipality in the province of Bataan, Philippines. According to the 2020 census, 149,879 people lived there.
9.0roquieta is a city in the Philippines. It is the capital of the province of Misamis Occidental. According to the 2020 census,

72,301 people lived there.

10.Le Coudray-Montceaux is a commune. It is in \uOOcele-de-France in the Essonne department in north France.
11.01d Occitan is a Old Romance language which is an early form of the Occitan language.
12.Mariana Avitia Mart\uOOednez (born September 18, 1993) is a Mexican archer. Avitia competed at the 2008 Summer

Olympics and the 2012 Summer Olympics.

13.Ernesto Horacio Boardman L\u00f3pez (born 23 February 1993) is a Mexican archer. Boardman competed at the 2016

Summer Olympics.

14.The anthropenic shrub frog (\"Pseudophilautus hoipolloi\") is a frog. It lives in southwestern Sri Lanka. People have seen it

between 15 and 684 meters above sea level.

15.Talkeetna (Dena'ina: \"K'dalkitnu\") is a census-designated place (CDP) in Matanuska-Susitna Borough, Alaska, United States

It began as a district headquarters of the Alaska Railroad in 1916.3

Figure 9: Part of the data entries of the Simple English Wikipedia dataset with word count between 16 and 31.

During the training, each short-context sample is
padded or truncated to a maximum of 128 tokens,
and each long-context sample is padded or trun-
cated to a maximum of 1,024 tokens.

Separate tokenizers are constructed for the short-
and long-context subsets using the GPT-2 style
BPE (Radford et al., 2019) trained on each subset.
Both tokenizers include the special tokens [PAD],
CUNKJ, and [EOS], with a vocabulary size of 2,048.

C.1 Results for the 2-stage training

To address the issue of incorrect predictions on
long-context samples, we use a 2-stage training
method. In the first stage, the model is trained
on the short-context subset for 10 epochs; in the
second stage, it is subsequently trained on the long-
context subset for another 10 epochs. Figure 16
shows the training losses of 8-layer models trained
with different batch sizes and an initial learning
rate of 10™* for the cosine scheduler as shown
in the blue and green solid line in Figure 13(b).
The best performance is achieved with a batch size
of 2, yielding a minimum loss of approximately
0.5699 in the first stage and 1.5696 in the second
stage. We further extend the training with a batch
size of 2 to 50 epochs for each stage with the same
initial learning rate of 10~%, as shown in the orange
and red dotted line in Figure 13(b). The results
in Figure 17 show that the model trained for 50
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epochs achieved a lower training loss of 0.1501
on the short-context subset and a training loss of
0.4359 on the long-context subset.

We inspect the generated text from the model
trained with a batch size of 2 for 10 and 50 epochs
on the long-context subset (Table 5). Both mod-
els fail to generate accurate text for either short-
or long-context samples. However, the 50-epoch
model produces a longer initial match, starting with
", he served as Executive Secretary of the", com-
pared to the 10-epoch model. While these results
indicate that the model can produce coherent sen-
tences, the 2-stage training method does not resolve
the long-context prediction problem and also intro-
duces the issue of forgetting short-context samples.

C.2 Results for Interleaved Training

To address the problem of forgetting short-context
samples, we train the model by interleaving
datasets and context lengths, alternating each epoch
between the short-context subset with a maximum
sequence length of 128 tokens and the long-context
subset with a maximum sequence length of 1024 to-
kens. The learning rate decays linearly from 10~*
to 1075, as shown in Figure 13(c). As shown in
Figure 18, the lowest training loss is comparable
to that of the 2-stage training model. The gener-
ated text in Table 6 shows that more words from
the short-context subset (labels 1-3) are correctly



Table 5: Generated text from the 8-layer model (vocabulary size 2,048, embedding dimension 512, 8 heads) obtained
from 2-stage training with a cosine scheduler and an initial learning rate of 10~*. Common words between the
target and the generated text are highlighted in yellow.

Label Input Target Trained epochs Output

Champmotteux is a commune. le-de-France in the Essonne 20 the Auvergne-Rhone-Alpes.region in the Ain depanmgnt in the eastuof France.
1 S . In 2009, 1,353 people lived in the commune. The inhabitants are the "Champm-

Itis in department in north France. lik"

100 the Allancesse of France in south-western France.
It was the 1910s-25 km of the area for a long time...

Mati is a city in the Davao Oriental. According to the 20 Mato. It is the largest city in the Philippines. It is on the banks of the Mboro
2 Philippines. It is the capital of 2020 census, 147,547 people lived Metro...

the province of there.

100 Metroio, as of Augusto. By Augusto, it is the 12th largest city in the region
with an urban population of 253,591, even though the largest city in Matiban
is in the Fort Kanoa region. More than 80,000 people live in the city...

Nuclear force is the force or tie, between protons and 20 and is very hard to tell if it is in a massive nucleus.
3 between nucleons. It is the neutrons in an atom, because Nuclear force is used to make electricity, which is also used to make electricity.
force that pulls protons and nuclear force holds them together. Nuclear force is used to electricity in the electricity.
neutrons into atoms. It is very ‘When the bond is broken, this is
hard to break the bond, called nuclear fission. 100 because all force hold fewer forces. There are some defects forces that are
common enclosed to detect using the nucleuses, allowing explosion of the
nuclear weapons...
Hubert Miles Gladwyn Jebb, , he served as Executive Secretary 20 , he was the Secretary-General of the United Nations, and was the first Acting
4 1st Baron Gladwyn, GCMG, of the Preparatory Commission of Secretary-General of the United Nations. He was also the first Acting Secretary-
GCVO, CB, known as the United Nations in August 1945. General of the United Nations. Gladwyn was a member of the United Nations
Gladwyn Jebb (25 April 1900 He was appointed Acting United and was a member of the United Nations.
— 24 October 1996), was a Nations Secretary-General from He was also a member of the United Nations General Assembly from 1957 to
prominent British civil October 1945 to February 1946 1961.
servant, diplomat and until the appointment of the first He was the first Acting Secretary-General of the United Nations General
politician as well as the first Secretary-General Trygve Lie. Assembly from 1961 to 1962.
Acting Secretary-General of Ambassador. He was the first Acting Secretary-General of the United Nations General
the United Nations. Returning to London, Jebb was Assembly from 1962 to 1963.
Acting UN Deputy to the Foreign Secretary He was the first Acting Secretary-General of the United Nations General
Secretary-General. Ernest Bevin at the Conference of Assembly from 1963 to 1964.
After World War II Foreign Ministers before serving as Gladwyn served as the Acting Secretary-General of the United Nations General
the Foreign Office’s United Nations Assembly from 1964 to 1965.
Adviser (1946-47). He represented Gladwyn died on 24 October 1996 in Washington, D.C., aged 77.
the United Kingdom at the Brussels His wife, Jebb, was the first Acting Secretary-General of the United Nations.
Treaty Permanent Commission with He was the first Acting Secretary-General of the United Nations General
personal rank of Ambassador. He Assembly.
became the United Kingdom’s He was the first Acting Secretary-General of the United Nations General
Ambassador to the United Nations Assembly from 1957 to 1961.
from 1950-1954 and to Paris from Gladwyn died on 24 October 1996 in Washington, D.C. from a stroke, aged
1954-1960. 87.
Political career. ... His daughter, Prince Edward, was the second son of the United Nations
In 1960 Jebb was made a hereditary General Assemblyman James Calvin.
peer and as Baron Gladwyn became His daughter, Prince Edward, was the first Acting Secretary-General of the
involved in politics as a member of United Nations General Assembly.
the Liberal Party. He was Deputy Honors.
Leader of the Liberals in the House
of Lords 1965-1988 and spokesman
100 , he served as Executive Secretary of the Presbyterian Church between 1954

on foreign affairs and defence. An
supporter of the European Union,
he served as a Member of the
European Parliament 1973-1976
where he was also the
Vice-President of the Parliament’s
Political Committee. He tried to be
elected to the European Parliament
in 1979. When asked why he had
joined the Liberal party in the early
1960s, he replied that the Liberals
were a party without a general and
that he was a general without a
party. Like many Liberals, he
passionately believed that education
was the key to social reform.
Death.

He died in 1996, and is buried at St.

Andrew’s, Bramfield in the county
of Suffolk. Lady Gladwyn.

Jebb’s wife, Cynthia, Lady
Gladwyn, was a noted diarist of
their times in Paris and a hostess of
Liberal and London politics. She
was the great-grand daughter of
Isambard Kingdom Brunel.
Publications and papers.
Publications by Baron Gladwyn
include:

and 1956, and possibly the oldest living United Nations High Commissioner
of the Presbyterian ministry at Harvard-War, Leeds, Plymouth, Plymouth
and Edinburgh, and the then 221 specializing in making special wides within
just one monthly. He served on a short-lived voter for that post until the
Secretary General’s death on 19 December 2017, who was the last vote owner
of the United Nations, serving as UN Secretary General. He was also the
last Vatgenian legal secretary, to be the last Governor-General of North South
America.

... On 11 December 1963, he wasaring a life peer during a flight as an MCC
(MAC-North Part links). The MCC-North Part links were signed by the UN
as an independently handled burglaries, with the then 645 million voluns and
1.07 million voluns and in 2002 more was merged with a monthly. The United
Kingdom government closed the network and made an effort to remove certain
riots. The UN forces split in two pieces were to create the MCC-North Part
links: the UN forces spread it for more than a million week and the UN forces
spread on Strathcle, but Glidarling of the United Kingdom spread it for more
than a million volun participating in the military.

Galli prodignantly hit the UN’s ship caused the bullet to spend on his tour in
the UK. He died on 24 October 1996 at the age of 94.

Executive Disputed Shropshire Declaration.

Personal Lectures.

... He is best known for his forces about the Corruption Act of 1965. He is also
known for his net worth of $3.5 million, which was also US$3.2 million; for a
total of $3.5 million, he had to pay a $2.2 million loan and $2.4 million from
the U.S. Majority Whip during his time as the U.S. Minister of Defence.

He was also one of the only African American ladies and the third African-
American to ever lunar weapon tried to fix the disintegration of the lady, Janey
Evans.

United States.
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Table 6: Generated text from the 8-layer model (vocabulary size 2,048, embedding dimension 512, 8 heads) obtained
from interleaved training with a linear scheduler and an initial learning rate of 10~*. Common words between the
target and the generated text are highlighted in yellow.

Label

Input

Target

Trained epochs

Output

1

Champmotteux is a commune. It is
in

Ile-de-France in the Essonne department in north France.

20

Bourgogne-Franche-Comte in the
Doubs department in east France.
The commune is in the southern sub-
urbs of Paris, from the center...

Mati is a city in the Philippines. It
is the capital of the province of

Davao Oriental. According to the 2020 census, 147,547 people lived
there.

20

Davao Oriental. According to the
2020 census, 106,409 people lived
there. Mati is known for its mer-
chants and casteous mouths,...

Nuclear force is the force between
nucleons. It is the force that pulls
protons and neutrons into atoms. It
is very hard to break the bond,

or tie, between protons and neutrons in an atom, because nuclear force
holds them together. When the bond is broken, this is called nuclear
fission.

20

and is not forced to stabilize. It is
the part of nuclear weapons. It is a
part of the bond that is not far away.
Nuclear forces are also very strong.
Nuclear forces are not fully heated.
Nuclear forces are not fully heated.
Nuclear forces are not fully heated...

Hubert Miles Gladwyn Jebb, 1st
Baron Gladwyn, GCMG, GCVO,
CB, known as Gladwyn Jebb (25
April 1900 — 24 October 1996), was
a prominent British civil servant,
diplomat and politician as well as
the first Acting Secretary-General of
the United Nations.

Acting UN Secretary-General.
After World War IT

, he served as Executive Secretary of the Preparatory Commission of
the United Nations in August 1945. He was appointed Acting United
Nations Secretary-General from October 1945 to February 1946 until
the appointment of the first Secretary-General Trygve Lie.
Ambassador.

Returning to London, Jebb was Deputy to the Foreign Secretary Ernest
Bevin at the Conference of Foreign Ministers before serving as the
Foreign Office’s United Nations Adviser (1946-47). He represented
the United Kingdom at the Brussels Treaty Permanent Commission
with personal rank of Ambassador. He became the United Kingdom’s
Ambassador to the United Nations from 1950-1954 and to Paris from
1954-1960.

Political career.

In 1960 Jebb was made a hereditary peer and as Baron Gladwyn became
involved in politics as a member of the Liberal Party. He was Deputy
Leader of the Liberals in the House of Lords 1965-1988 and spokesman
on foreign affairs and defence. An supporter of the European Union, he
served as a Member of the European Parliament 1973-1976 where he
was also the Vice-President of the Parliament’s Political Committee. He
tried to be elected to the European Parliament in 1979.

‘When asked why he had joined the Liberal party in the early 1960s, he
replied that the Liberals were a party without a general and that he was a
general without a party. Like many Liberals, he passionately believed
that education was the key to social reform.

Death.

He died in 1996, and is buried at St. Andrew’s, Bramfield in the county
of Suffolk. Lady Gladwyn.

Jebb’s wife, Cynthia, Lady Gladwyn, was a noted diarist of their times
in Paris and a hostess of Liberal and London politics. She was the great-
grand daughter of Isambard Kingdom Brunel.

Publications and papers.

Publications by Baron Gladwyn include:

20

, he was a Lieutenant Colonel in the
Royal Navy, and served as a Lieu-
tenant colonel in the British Army.
He was also a member of the British
Royal Family.

He was also a member of the British
Royal Family.

He was a member of the House of
Lords.

He was a cousin of former President
of the United Nations High Commis-
sioner for Human Rights.

He was also a member of the House
of Lords.

He was a member of the House of
Lords.

He was a cousin of former Prime
Minister Henry G. Harding, and
he was a member of the House of
Lords.

He was a member of the Labour
Party.

He was a member of the House of
Lords from 1947 until his death in
1996.

He was a member of the House of
Lords.

He was a cousin of former Prime
Minister Lord Human Rights leader
Mike Walsh.

He was a member of the Lieutenant
Governorship and was a member of
the Lieutenant Governorship.

He was a cousin of former Prime
Minister Lord Human Rights leader
Mike Walsh.

He was a cousin of former Prime
Minister Lord Human Rights leader
Mike Walsh.

He was a member of the Lieutenant
Governorship and was a member of
the Lieutenant Governorship.

He was a cousin of former Prime
Minister Lord Human Rights leader
Mike Walsh.

He was a cousin on the Lieutenant
Governorship.

He was a cousin of former Prime
Minister Lord Human Rights leader
Mike Walsh.

He was a cousin on the Lieutenant
Governorship.

He was a cousin on the Lieutenant
Governorship.

He was a cousin on the Lieutenant
Governorship...
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1.Consiglio di Rumo was a \"comune\" in the Province of Como in the Lombardy region in Italy. On 11 February 2011, the
former municipalities of Consiglio di Rumo, Germasino and Gravedona merged to form the new municipality of Gravedona ed
Uniti.

2.Gravedona was a \"comune\" in the Province of Como in the Lombardy region in Italy. On 11 February 2011, the former
municipalities of Consiglio di Rumo, Germasino and Gravedona merged to form the new municipality of Gravedona ed Uniti.

3.Germasino was a \"comune\" in the Province of Como in the Lombardy region in Italy. On 11 February 2011, the former
municipalities of Consiglio di Rumo, Germasino and Gravedona merged to form the new municipality of Gravedona ed Uniti.

4.Gravedona ed Uniti is a \"comune\" in the Province of Como in the Lombardy region in Italy. It was created on 11 February
2011 from the former municipalities of Consiglio di Rumo, Germasino and Gravedona.

5.In English, the word \"free\" has two meanings, which are very different from each other:\nRichard Stallman summarised the
difference in a slogan: \"Think free as in free speech, not free beer.\"

6.Manly is a suburb of Auckland and is located in the Whangaparaoa Peninsula. It has a primary school, an established shopping
center and residential areas of Big Manly Beach in the north and Little Manly Beach in the south. It was once a seaside holiday
location until it became within commuting distance of Auckland City.

7.Johann Neumann was an Austrian footballer. He played for Wiener AC.\nInternational.\nHe played in eight matches for the
Austria national football team from 1911 to 1923, scoring two goals. His first match was on 10 September 1911 in a 2-1 away
win versus Germany. His last match was on 10 June 1923 in al away loss versus Sweden.

8.Russell Eric Wilson Mawhinney was born 28 March, 1960 in Ranfurly. He was a New Zealand cricketer who played for
Northern Districts, Griqualand West and Otago in first-class cricket. He is currently married to TVNZ presenter Matty McLean.

Figure 10: Part of the data entries of the Simple English Wikipedia dataset with word count between 32 and 63.

1.Dolby Laboratories, Inc. (often known simply as Dolby) is a company specializing in audio noise reduction, audio
encoding/compression, spatial audio, and High-dynamic-range television imaging. Dolby licenses its technologies to consumer
electronics manufacturers. \nlt was founded by Ray Dolby (1933\u20132013) in London, England, in 1965. He moved the
company headquarters to San Francisco in 1976. \nThe first movie with Dolby sound was \"A Clockwork Orange\" in 1971.

2.Salko Hamzic (born 17 September 2006) is a Bosnian football goalkeeper. He plays for Austrian 2nd league club FC
Liefering.\nCareer.\nHamzi\u0107 began his career at UFC Siezenheim. In December 2015 he moved to SV Austria Salzburg.
In February 2019 he moved to FC Red Bull Salzburg's youth team. He then went through all age levels in the academy from the
2020/21 season.\nIln May 2023 the goalkeeper was in the squad of the second-class farm team FC Liefering for the first time.
For the 2023/24 season he moved into the Liefering squad. He made his debut in the 2nd league on 15 September 2023 when he
was in the starting line-up on matchday seven of that season against SV Stripfing.

3.Muhammad Tawhidi, known online as the Imam of Peace is a Shiite Imam and Influencer. He was born in Qom, Iran in
between the time period of 1982-1983. As of January 2022, Tawhidi has served as the Vice President for the Global Imams
Council in Najaf, Iraq.\nViews on Islam.\nHis views on Islam are that Islam needs to be reformed to survive. He believes that
terrorism are forbidden in the Quran, and made a speech denouncing the Islamic State of Iraq and Syria along with it's affilates
such as Boko Haram.

4.The Castrovirreyna Province is one of seven provinces in the Huancavelica Region of Peru. The capital of this province is the
city of Castrovirreyna.\nGeography.\nThe Chunta mountain range traverses the province. Some of the highest peaks of the
province are listed below:\nPolitical divisions.\nThe province is divided into thirteen districts, which are:\nEthnic
groups.\nlndigenous citizens of Quechua descent live in this place. Spanish is the language which the majority of the population
(77.20%) learnt to speak in childhood. 22.30% of the residents started speaking using the Quechua language (2007 Peru Census).

Figure 11: Part of the data entries of the Simple English Wikipedia dataset with word count between 64 and 127.

predicted compared to the 2-stage training results
in Table 5, indicating that interleaved training can
mitigate the forgetting problem for short-context
samples and the model can produce coherent sen-
tences for both short and long contexts. However,
the model still fails to produce correct predictions
for samples in the long-context subset.

D Generated Text from the Model
Trained on the 64-512 Word Subset
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Table 7: Generated text from the model with 8 layers, a vocabulary size of 2,048, an embedding dimension of 512,
and 8 heads, trained on the 64—512 word subset of Simple English Wikipedia using a learning rate schedule with
10-fold linear decay every 64 epochs and an initial learning rate of 10~*. Input text labeled (seen) corresponds to
training samples, while text labeled (rephrased) corresponds to rephrased versions of the seen inputs generated by
ChatGPT-5. Outputs are generated using greedy decoding. Common words between the target and generated text

are highlighted in yellow.

Loss

Label Input Target Threshold Output
1 "Blue Moon" is a 1934 song recorded by 0.1 It has been covered by numerous artists over the years. It was certified
Richard Rodgers and Lorenz Hart and has diamond by the Recording of the song earned more than 30 million
(seen) . e It has been covered by . Lo
become a standard jazz ballad. It was hit single numerous artists over reviews than praised it....
in 1935, 1949, Elvis Presley released his version o
of "Blue Moon" for his 1956 album "Elvis the years. 0.2 It has been covered by numerous artists over the years. It was covered
Presley". It became a huge hit for The Marcels by the then-latch hit "Clash of Lions" in 1964....
:‘n;?:_l as an international number one hit 0.5 It has been covered by numerous artists over the years. It was covered
by the 1964 movie "Wonder Years"....
1 "Blue Moon" is a 1934 song by Richard 0.1 It also reached the sops from 12 studio albums, 1961ing their version of
(rephrased) Rodgers and Lorenz Hart that has become a "The Marshall Show"....
standard jazz ballad. It was a hit single in 1935
and 1949. Elvis Presley released his version on 0.2 It also reached the top five in her the U.S. It ended in February 1979....
his 1956 album "Elvis Presley". The song L . .
became an international number one hit for The 0.5 It also reached the top five in her the U.S. The song is a semi-fatale
Marcels in 1961. Anmerican standard. It is played by John Steve.. ..
5 Claude Kahn (9 November 1935 - 17 0.1 He died in 17 November 2023, eight days after his 88th birthday. Kahn
(seen) November 2023) was a French classical pianist, He died in 17 was appointed chairman of the Department of Modern Artists and in
: internationally known for his interpretations of November 2023, eight charge of three and most influential American Theatre studies, one of
especially the music of Chopin, but also of days after his 88th the best modern of Romanian musical theatre works in history. ...
French music (Debussy, Fauré, Ravel) as soloist birthday.
or accompanied by great orchestras in the world. 0.2 He died in 17 November 2023, eight days after his 88th birthday. Kahn
He founded and directed a piano competition in was appointed Commander of the Ordre national Group in Paris on 8
1970, to become international as the Concours November 2023.
ghﬁ:ﬁﬁfﬁiiﬁx OCi::L;(;;I;;T; ];:le 1971 0.5 He died in 17 November 2023, eight days after his 88th birthday. Kahn
and directed it until 1991. was appointed chairman of the Department of Modern Artists and in
charge of three and most influential American Theatre studies, one of
the best modern of Romanian musical theatre works in history. ...
2 Claude Kahn (9 November 1935 - 17 0.1 In 1988, he was elected public broadcast mette, internationally with 13
(rephrased) November 2023) was a French classical pianist, other public interests, on behalf of Frederic Norman.Kahn died on 17
N internationally recognized for his interpretations November 2023, at the age of 87....
of Chopin and French composers such as
Debussy, Fauré, and Ravel, both as a soloist and 0.2 In 1997, he was elected "C member of the National Orchestes", repre-
with major orchestras. In 1970, he founded and senting the particularly the fifth national anthem of Chopin and Faure.\n
directed a piano competition that later became Kahn died on 17 November 2023 in Nimes, France at the age of 87. His
the Concours International de Piano Claude cause of death was plouguin. ...
Edh.n' He also eftdbh%hefj thg wm,ervdmlre of 0.5 Kahn died on 17 November 2023, at the age of 88. the group was formed
ntibes in 1971 and directed it until 1991. . X .
out of More than two, than a, Cesa 19, which after its creation, by the
medical research.. ..
3 ‘Wael Ghonim born 23 December 1980) is an On 3 May, World Press 0.1 On 3 May, World Press Freedom Day, Wael Ghonim was awarded with
(seen) Internet activist and computer engineer with an Freedom Day, Wael the Press Freedom prize from the Swedish division of Reporters Without
: interest in social entrepreneurship. Awards.\n Ghonim was awarded Borders.\n Ghonim also received the JFK Profile in Courage Award.
Ghonim topped "Time" magazine’s yearly list with the Press Freedom On 23 May, Caroline Kennedy, daughter of President John F. Kennedy,
of the world’s 100 most influential people. On prize from the Swedish presented the awards to Elizabeth Redenbaugh and Wael Ghonim, who
26 April, he arrived in New York to be honored division of Reporters was named a recipient on behalf of "the people of Egypt". Kennedy said
at the 2011 Time 100 Gala ceremony where he Without Borders.\n she could think of no better recipients. ...
began his speech with a moment of silence to Ghonim also received
mark those killed in protests around the Arab the JFK Profile in 0.2 On 3 May, World Press Freedom Day, Wael Ghonim was awarded with
world. Courage Award. On 23 the Press Freedom prize from the Swedish division of Reporters Without
May, Caroline Kennedy, Borders.\n Ghonim also received the JFK Profile in Courage Award.
daughter of President On 23 May, his JFK Press and world-choice are awarded for the best
John F. Kennedy, Reporters Woman and Winnipeg Jesender.\n On 7 June, Head Atlantais
presented the awards to signed a agreement with his successor Eisenhower "Despri des India"
Elizabeth Redenbaugh
and Wael Ghomr.n,' who 0.5 His other work has also been worldwide. It won the Silver Spring,
was named a recipient . . . L -
e Favorite daily aesthetics competition in 2014 for aesthetics.\n In 2015
on behalf of "the people . . .
" Ghonim was listed as the numberGoma and Asafus into the top ten of
of Egypt". Kennedy . . - .
said she could think of the Safari are listed as critical of Srbish and Internet Force, the US, and
no better recipients. Malmora...
3 Wael Ghonim (born 23 December 1980) is an 0.1 One of the books was founded at Saint Paul and ghosts’ 1984 hit single-
(rephrased) Internet activist and computer engineer with an seat conspiracy alphabet before joiningrad and SARC PIN. Most impor-
interest in social entrepreneurship. He topped tant books in His work include "The Psychic Coll: The New Cast, Noble
Time magazine’s list of the world’s 100 most System, and the SAS"....
influential people. On 26 April 2011, he arrived
in New York to be honored at the Time 100 0.2 His first book, "What I Home My Inten Home", was published inight
Gala, where he began his speech with a moment monthly by Fortune 5 and all report in connection with the CIST on
of silence for those killed in protests across the Week Whizote.\n Background.\n Gala joined BBC in 2007. He stepped
Arab world. down for his preservation in Fortune 5 before releasing it. The BBC
then stepped down from BBC when his brother, Ronnie and Billie all
duplicate about it. Gala currently started BBC Workshop. ..
0.5 His first book, "What I Song, African Anders" was published. A daily

news about IQos was shown. It has been described as having a hard
time going to be hit. The book describes the effects of computers and
services.. ..
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Loss vs. Epoch for transformer
with different number of vocabularies trained on
10M-word simple wiki

with an initial learning rate of 10-#

=== Train Loss (4L, 512emb_d, 2048vocab)
6 me= Train Loss (4L, 512emb_d, 4096vocab)
m== Train Loss (4L, 512emb_d, 8192vocab)

Epoch

Figure 12: Training loss of three models trained on the
10M-word subset with vocabulary sizes of 2,048, 4,096,
and 8,192, using the same hyper-parameters: embedding
dimension 512, 4 layers, 8 heads, and an initial learning
rate of 10~ with a cosine scheduler. The lowest training
loss decreases as the vocabulary size decreases, with the
2,048-token model achieving the lowest loss of 1.5978.
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(a) Learning rate vs. Epoch for cosine schedulers (b) Learning rate vs. Epoch for different schedulers (cg Learning rate vs. Epoch for training
.00010

used in the training on the 10M-word seubset used in the 2-stage training —— Interleaved training

0.0010 { = 10 epochs with an initial learning rate of 10~* 0.00010
w10 epochs with an initial learning rate of 5x10~*
== 10 epochs with an initial learning rate of 10~

0.0008, — 10 epochs with an initial learning rate of 5x 105 | 0-00008

0.00008

= 50 epochs with an initial learning rate of 10~

= L

0.0006 | 100 epochs with an initial leaming rate of 10 0.00006 —— 128seqlen with short-context set for 10 epochs 0.00006

=== 1024seqlen with large-context set for 10 epochs
= = 128seqlen with short-context set for 50 epochs

= = 1024seglen with large-context set for 50 epochs.

Learning rate

Learning rate
Learning rate
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Figure 13: (a) Learning rate schedules from the cosine scheduler for different epochs and initial learning rates. (b)
Learning rate schedule used in 2-stage training. (c) Learning rate schedule used in interleaved training.

(a) Loss vs. Epoch for various transformer (b) Loss vs. Epoch for transformer
architectures with 0.0001 learning rate with different value of learning rate
on 10M-word simple wiki trained on 10M-word simple wiki
8 8
s Train Loss (1L. 256emb_d) === Train Loss (4L. 256emb_d) = Train Loss (4L, 512emb_d. 2048vocab, 0.0001LR)
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6 === Train Loss (2L 512emb_d) 6 == Train Loss (8L, 512emb_d, 2048vocab, 0.00005LR)
s Train Loss (8L, 512emb_d. 2048vocab, 0.0001LR)
w w s==== Train Loss (8L, 512emb_d. 2048vocab, 0.0005LR)
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2 2
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Epoch Epoch
Lowest training loss: 1.2919, from ,atepoch 10. |
Comparison of training loss for various transformer Comparison of training less for
architectures with 0.0001 learning rate transformers with different value of learning rate
on 10M-word simple wiki trained on 10M-word simple wiki
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Figure 14: (a) Top: Training loss of models trained on the 10M-word subset with embedding dimensions of 256 or
512, layer counts of 1, 2, 4, or 8, and identical hyper-parameters: vocabulary size 2,048, 8 heads, and an initial
learning rate of 10~ with a cosine scheduler. Bottom: Best training loss from the top plot versus number of model
parameters, showing that increasing the number of layers and embedding dimension reduces training loss at the cost
of more parameters. (b) Top: Training loss of models trained on the 10M-word subset with initial learning rates of
1x1073,5x 1074, 1 x 1074, or 5 x 1075, layer counts of 4 or 8, and identical hyper-parameters: vocabulary
size 2,048, embedding dimension 512, and 8 heads. Bottom: Best training loss from the top plot versus number of
model parameters, showing that the 8-layer model with an initial learning rate of 1 x 10~ achieves the lowest loss
(1.2919).
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Loss vs. Epoch for differet transformer architectures
trained on 10M-word simple wiki
8
s Traan Loss {100epochs, BL. 1024seqlen, 512emb_d, 2048vocab, 0.0001LR]
s Train Loss (S0epoechs. 4L, 1024seqlen, 512emb_d, 2048vocab, 0.0005LR]
== Train Loss {SOepechs. BL. 1024seqlen. 512emb_d, 2048vecab, 0.0001LARK
6 wem Train Loss (S0epochs. BL. 512seqlen. 512emb_d. 204&8vocab. 0.0001LR)
0
4
3
2 14.04 hours
89.79 hours
0 24.49 hours = :
0 20 40 60 80 100
Epoch

Lowest Training Loss

Comparison of training loss for
differet transformer architectures
trained on 10M-word simple wiki

A
12 o
4-layer model parameters: 14,702,592
1.0
© 8L 512emb_d, 1024seqlen, 2048vocab, 0.0001LR, 100epochs
084 /A 4L 512emb_d, 1024seqlen, 204Bvocab, 0.0005LR, S0epochs
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Lowest training loss: 0.2259, from 8L. 512emb_d, 10~ # learning rate, at epoch 100.

Figure 15: (Left) Training loss of models trained on the 10M-word subset with embedding dimensions of 256 or
512, 4 or 8 layers, and varying numbers of epochs, using identical hyper-parameters: vocabulary size 2,048, 8 heads,
and an initial learning rate of 104 with a cosine scheduler. (Right) Best training loss from the left plot versus
number of model parameters. The 8-layer model trained for 100 epochs achieves the lowest loss of 0.2259.

Loss vs. Epoch for 8-layer transformers
trained with different batch sizes
on the short-context subset of simple wiki
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6 Lowest training loss: 0.5699,

from the model with a batch size of 2,
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Loss vs. Epoch for 8-layer transformers
trained with different batch sizes
on the large-context subset of simple wiki

The initial model is the one trained
with a batch size of 2 on the short-
context subset after 10 epochs.

Lowest training loss: 1.5649,
from the model with a batch size of 2,
at epoch 20.

10 12 14 16

Epoch

18 20

= Train Loss (1024seqlen, 8L, 512emb_d, 0.0001LR, 10epochs, 2batch)
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m=== Train Loss (1024seglen, 8L, 512emb_d, 0.0001LR, 10epochs, 32batch)

Figure 16: (Left) Training loss of the same model trained on the short-context subset with batch sizes ranging
from 2 to 64. (Right) Training loss of the same models evaluated on the long-context subset after training on the
short-context subset with different batch sizes. The model trained with a batch size of 2 achieves the lowest loss of
0.5699 on the short-context subset and 1.5649 on the long-context subset. All models share the same architecture:
embedding dimension 512, 8 layers, vocabulary size 2,048, and 8 heads, trained with an initial learning rate of 10~%
using a cosine scheduler.
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Loss vs. Epoch for 8-layer Transformer with 2-stage training
on short- and long-context subset of simple wiki
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== Train Loss with short-context set (128seqlen, 8L, 512emb_d, 0.0001LR, 10epochs, 2batch)
=== Train Loss with long-context set (1024seglen, BL, 512emb_d. 0.0001LR, 10epochs, 2batch)
= = Train Loss with short-context set (128seqlen, 8L, 512emb_d, 0.0001LR, 50epochs, 2batch)
= = Train Loss with long-context set (1024seglen, 8L, 512emb_d, 0.0001LR, 50epochs, 2batch)

Figure 17: Training loss of 8-layer transformer models from 2-stage training with different numbers of epochs.
Solid lines indicate training for 10 epochs on the short- and long-context subsets, and dotted lines indicate training
for 50 epochs. The 50-epoch model achieves lower losses (0.1501 on the short-context subset and 0.4359 on the
long-context subset) compared to the 10-epoch model, indicating that increasing the number of training epochs
improves performance in 2-stage training.

Loss vs. Epoch for 8-layer transformer trained on different
subsets of simple wiki with different training strategies

8 Train Loss with short-context set and 2-stage training ~ L
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Figure 18: (Left) Training loss of 8-layer transformers with 2-stage (solid) and interleaved (dashed) training. (Right)
Best training loss versus parameter count. Interleaved training achieves a lower training loss on the short-context
subset (0.4612 compared to 0.5699 for 2-stage training) but a higher training loss on the long-context subset (1.7738
compared to 1.5649 for 2-stage training).
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Abstract

Transformer language models typically oper-
ate with a fixed-length context window, which
has grown in step with large-scale pretraining
datasets. In the BabyLLM Challenge, however,
many past submissions have defaulted to using
much shorter sequence lengths.

We examine the impact of sequence length
on BabyLM pretraining, to answer the sim-
ple question: what sequence length should we
be using when training Baby LMs? Using
100M-word training data and fixed compute
budgets, we compare 125M-parameter Mamba
and OPT models, finding that although longer
is often better, the optimal length depends on
both task and architecture. Shorter sequences
are sufficient for grammatical generalization
tasks whereas longer contexts benefit morpho-
logical analogical reasoning tasks.

How Long can You Go? on HuggingFace (models,
tokenizers, and checkpoints)

O Training Code Open-Sourced on GitHub

-

1 Introduction

Transformer language models typically operate
with a fixed context window, which has expanded
in step with the growth of pre-training datasets —
from millions (Kiros et al., 2015) to trillions (Sol-
daini et al., 2024) of tokens. Larger windows have
improved performance on long-sequence reasoning
tasks such as HellaSwag (Zellers et al., 2019) and
MMLU (Hendrycks et al., 2020).

The BabyLM Challenge (Charpentier et al.,
2025) encourages researchers to revisit founda-
tional assumptions in language-model pretraining.
In this setting, models train on a 100M-token cor-
pus, which may be repeated up to ten times for a to-
tal of 1B tokens. Under these constraints, the belief
that “longer context is always better” is less certain.
Prior submissions to the challenge typically make

“Equal contribution

zg258,

pjb48}R@cam.ac.uk

use of shorter sequence lengths (Warstadt et al.,
2023), often in an attempt to avoid training insta-
bility given the restricted data and as a cognitively-
inspired attempt to mimic human working memory
limitations (Cheng et al., 2023).

Our starting question is simple: what happens if
we train a BabyLM using the same methods typ-
ically applied at large scale? Many submissions
implicitly assume that small batch sizes and short
sequences are both cognitively plausible and opti-
mal under limited data. But is this actually true?

The Case for Long Sequences The main benefit
of training language models with longer sequence
lengths is training efficiency. Longer sequence
lengths allow the model to observe more tokens per
step, provide more learning signal per update, and
reduce the noise in gradient estimates.

The Case for Small Sequences However, in the
data constrained setting of the BabyLM challenge,
using larger sequences means models are updated
less often; smaller sequences, despite yielding nois-
ier gradient approximations, enable models to be
updated more overall.

These trade-offs motivate our first research ques-
tion: what is the optimal sequence length for
each BabyLLM evaluation task? We explore op-
timality both in terms of the sequence length that
produces the highest score at the end of training,
as well as a more nuanced analysis that considers
training time.

Next, we explore a second related question: does
this optimal length depend on the model archi-
tecture? State Space Models (SSMs) are partic-
ularly interesting here: by removing the n? state-
storage requirement of self-attention, they may han-
dle long sequences more efficiently than Transform-
ers.

To investigate, we train two BabyLM fam-
ilies—one using the Open Pre-Trained Trans-
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former (OPT) (Zhang et al., 2022), the other us-
ing Mamba (Gu and Dao, 2024)—on the 100M
STRICT BabyLM dataset, varying only input se-
quence length. We span short contexts (64 tokens)
common in cognitively-inspired setups to very long
contexts (8192 tokens) typical in modern LLMs.

Results show that the ideal sequence length for
training language models depends heavily on both
the specific task and the model architecture. For
some tasks, such as syntactic evaluation bench-
marks, shorter sequences provide better perfor-
mance and faster training times. In contrast, tasks
that require understanding longer context, like en-
tity tracking or reading comprehension, benefit
from much longer sequences, sometimes up to
8192 tokens. When comparing model architec-
tures, we find that the OPT Transformer gener-
ally performs best with a wider range of sequence
lengths, including very long contexts, while the
Mamba state-space model tends to achieve near-
optimal results using shorter or moderate-length
sequences. This suggests that different sequence-
length strategies may be needed depending on the
model’s design and the nature of the task. We pro-
vide a set of sequence length recommendations for
BabyLM practioners aiming to balance training ef-
ficiency and model performance. Selecting a train-
ing sequence length tailored to the specific task and
model architecture can significantly reduce compu-
tational costs and training time without sacrificing
accuracy, with the added benefit of making pretrain-
ing BabyLLMs more accessible and environmentally
friendly.

2 Background

2.1 Sequence Length and Modern Language
Models

Multiple studies suggest that shorter sequence
lengths can benefit smaller language models, par-
ticularly under data constraints. In the BabyLM
setting, Cheng et al. (2023) report that using indi-
vidual sentences and avoiding sequence packing
yields better results, with sequences as short as 32
tokens outperforming 512-token contexts. Warstadt
et al. (2023) similarly note that many top submis-
sions to BabyLM used short contexts, aligning with
developmental-learning constraints and maximiz-
ing limited data efficiency.

Outside BabyLLM, compute-efficient training ap-
proaches also favor short sequences. Both Izsak
and Berend (2021) and the original BERT work
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(Devlin et al., 2019) train primarily with 128-token
sequences before a final phase at 512 tokens, while
Geiping et al. (2023) find 128 tokens sufficient for
strong downstream performance even with larger
datasets. The LTG-BERT model from the first
BabyLM Challenge adopts the same 128-to-512
token schedule (Samuel et al., 2023).

2.2 Sequence Length Across Architectures:
Transformers and State-Space Models

Sequence length L plays different roles across ar-
chitectures. In Transformers, L defines a fixed
input window for both training and inference, di-
rectly determining attention cost. Inputs longer
than the maximum L must be truncated or handled
with long-context extensions such as structured at-
tention (Hao et al., 2022) or compression (Li et al.,
2023). Length extrapolation methods adjust po-
sitional embeddings to process sequences beyond
the trained L (Press et al., 2021; Chen et al., 2021;
Su et al., 2024), while interpolation integrates new
information into existing positions (Chen et al.,
2023).

By contrast, recurrent models and State Space
Models (SSMs) such as Mamba do not impose a
hard cap on L. Mamba retains memory via parame-
terized state-space dynamics, capturing long-range
dependencies with linear scaling (Gu and Dao,
2024). Trained with sequences up to L = 2048, it
can carry compressed history across chunks, mak-
ing long contexts less costly in memory and com-
putation. These differences suggest that Mamba
may have a higher training-optimal L than a vanilla
Transformer like OPT, owing to its more efficient
handling of long-range information.

2.3 Sequence Length, Working Memory, and
Psychometric Plausibility

The use of shorter sequence lengths aligns with
findings in cognitive modeling. A central idea in
Cognitive Science is that working-memory limita-
tions can, paradoxically, aid language learning by
imposing a recency bias and promoting abstraction
through chunking (Newport, 1988; Christiansen
and Chater, 2016; Wilcox et al., 2025).

Elman (1990) showed that recurrent neural net-
works trained on simple, short sequences in early
learning stages were better at acquiring syntac-
tic generalizations. This “starting small” strategy
reflects two hypotheses: (i) learners may benefit
from gradually increasing input complexity rather
than starting with long or complex sequences (Ben-



gio et al., 2009), a principle used in Curriculum
Learning approaches to the BabyLM Challenge
(Diehl Martinez et al., 2023; Salhan et al., 2024);
and (ii) memory limitations act as a resource con-
straint, forcing language input to be “chunked” into
storable, manipulable units. This second view has
motivated BabyLM approaches that incorporate
cognitively inspired working-memory constraints
(Armeni et al., 2022; Mita et al., 2025; De Varda
and Marelli, 2024; Thamma and Heilbron, 2025;
Clark et al., 2025). For example, Thoma et al.
(2023) adopt a maximum sequence length of 512
for their CogMemLM architecture.

3 Methodology

We train OPT and Mamba models on the STRICT
100M subset of the BABYLM corpus (Charpentier
et al., 2025) using sequence lengths ranging from
64 to 8192 tokens. Our goal is to identify a se-
quence length L* that balances task performance
with computational efficiency.

3.1 Default Model Hyperparameters

Parameter Mamba OPT
vocab_size 50257 50272
hidden_size 768 768
num_hidden_layers 32 12
state_size 16 -
expand / ffn_dim 2 3072
num_attention_heads - 12
hidden_act silu relu
Table 1: Key default hyperparameters for

MambaConfig and OPTConfig as implemented in
Hugging Face Transformers.

We include a full table of training hyperparame-
ters in Table 3.

3.2 Model Families

We train two model families: one based on the OPT
architecture and the other on Mamba. A custom
tokenizer is trained on the full BabyLLM training set,
starting from the Byte-Pair Encoding (BPE)-based
GPT-2 tokenizer provided by Hugging Face (Sen-
nrich et al., 2016), then retrained on the BabyLM
dataset. For each model family, we train models
with and without warmup. In our warmup models,
we scale the learning rate linearly with sequence
length, using 64 tokens as a reference, to maintain
approximately constant per-token updates across

sequences from 128 to 4096 tokens, and increase
it gradually from zero during a warmup period to
stabilize early training. We follow the checkpoint-
ing logic required for submission models in the
2025 Shared Task (Charpentier et al., 2025), saving
checkpoints at increasingly intervals.

3.3 Dataset Preparation

The BABYLM training corpus is shuffled at the doc-
ument level, tokenized, and split into fixed-length
chunks matching the target sequence lengths: 64,
128, 256, 512, 1024, 2048, 4096, and 8192 tokens.
This produces eight distinct datasets, one for each
sequence length. Key hyperparameters for the two
model configurations are listed in Table 1 and we
open-source our trained models and the eight pre-
pared datasets. !

3.4 Training-Optimal Sequence Length

Our setup allows us to examine the trade-off be-
tween sequence length, task performance, and com-
putational cost in a controlled manner. Let M (L)
denote a BabyLM model trained with sequence
length L, and £ a BabyLM evaluation task. If
two models M (L;) and M (L2) achieve compara-
ble accuracy on E, but T(M (L)) < T(M(L2))
in training time, we consider M (L;) the more
training-optimal choice for F.

We define the training-optimal sequence
length L* for task FE as the shortest L that yields
competitive accuracy relative to other lengths while
offering a measurable training-time benefit. Train-
ing time is expressed as a proportion of the longest
run within the same model family to facilitate com-
parison under setup variance and without exhaus-
tive hyperparameter sweeps.

3.5 Evaluation

We report L* for each model family (OPT and
Mamba) and each evaluation task in the BabyLM
Evaluation Pipeline. This addresses two research
questions:

1. Task-level trends: Do values of L* show
consistent patterns across BabyLM evaluation
tasks E£'?

2. Architecture-level trends: Do differences
in L* between Mamba and OPT reflect their
distinct sequence-handling mechanisms, as
discussed in Section 2.27?

1 . .
url anonymized for review.

132



While a single L* that improves performance
across all tasks is unlikely, some practitioners may
wish to optimize for overall leader board perfor-
mance (e.g., maximizing the “text-average” score
across zero-shot tasks), whereas others may tar-
get specific benchmarks such as BLIMP (Warstadt
et al., 2020) or psychometric fit. The latter, intro-
duced in the 2025 Shared Task (Charpentier et al.,
2025), comprises two tasks:

* Wug Adjectival Nominalisation (Hofmann
et al., 2025) — tests morphological analogical
generalisation, e.g., AVAILABLE — AVAIL-
ABILITY.

* Readability Prediction (de Varda et al., 2024)
— evaluates model alignment with human pro-
cessing by correlating cloze probabilities with
human predictability ratings from self-paced
reading and eye-tracking data.

4 Results

4.1 Optimal Sequence Length, Lx, for
BabyLM Evaluation Task

In Figure 1, we plot the training time for OPT
model with different sequence lengths. This shows
accuracy of eight OPT 125M parameter models
trained on the 100M STRICT corpus across train-
ing, plotted against the training time for each model.
The figure only shows results for the OPT family
with warmup (see Table 6 for full results). Us-
ing the training time data, we can identify the
training-optimal sequence length from the OPT
model family L, pr for each BabyLM evaluation
task by selecting the shortest sequence length that
still achieves near-peak performance.

The effect of sequence length is task-
dependent across BabyLM Evaluation Tasks.
We find that the effect of sequence length is incon-
sistent across tasks in the 2025 BabyLLM Evaluation
Pipeline (Charpentier et al., 2025). There is a non-
monotonic benefit of sequence length.

General Trends. Shorter sequence lengths
perform better on BLiMP and BLiMP Supple-
ment. The best performance on BLiMP is ob-
tained by our opt—-256 model, while opt-64,
opt-128 and opt-256 obtain similar perfor-
mance on BLiMP Supplement, with performance
generally declining as sequence length increases
beyond 1024 tokens.

Our shortest sequence length model opt-64
obtains the highest accuracy on the EWoK bench-
mark, however, it remains largely stable across

sequence lengths, suggesting that EWoK tasks are
less sensitive to the sequence length.

Conversely, longer sequence lengths perform bet-
ter on Entity Tracking, Wug and Reading Evalua-
tion Tasks. We can an opposite pattern for BLiMP
and BLiMP Supplement. For OPT, Entity Track-
ing performance shows modest sensitivity to se-
quence length, with no consistent upward trend as
sequence length increases. While mid-range se-
quences (256-1024 tokens) achieve comparable
scores, extreme lengths (4096-8192 tokens) ex-
hibit more variable results, indicating that longer
contexts do not reliably improve entity-tracking ca-
pabilities. However, shorter sequence length mod-
els generally perform poorly on the Entity Track-
ing task, with opt-256 achieving an accuracy of
32.42%.

For OPT, performance on the Wug evaluation
task strongly benefits from longer sequence lengths,
particularly at 4096-8192 tokens with warmup,
where accuracy reaches up to 90%. This sug-
gests that longer sequence lengths might support
learning productive morphological patterns and
generalizing to novel forms.

Overall, these results indicate that OPT’s op-
timal sequence length is highly task-dependent:
shorter sequences support better BLIMP perfor-
mance, whereas longer sequences support lexical
productivity tasks, like Wug, and Entity Tracking.

4.2 Model Architecture: Mamba and OPT

We similarly report L} ... - for each BabyLM eval-
uation task. Scaled training time-accuracy curves
for our Mamba Family are shown in Figure 2. Ta-
ble 2 shows the training-optimal sequence lengths
(L) and the lengths yielding the best evaluation
performance (Lpest) for OPT and Mamba across
BabyLM tasks, alongside training cost relative to
the longest-context setting.

Mamba achieves slightly lower performance
than OPT across most benchmarks, often matching
or slightly exceeding OPT on mid-range context
tasks, while OPT tends to dominate in long-context
tasks. For instance, on BLiMP and BLiMP Supple-
ment, Mamba reaches comparable scores to OPT
despite shorter sequence lengths, but in general,
performance is lower than OPT. On Entity Track-
ing, a long-range dependency task, Mamba per-
forms best at sequence lengths of 128-1024 tokens,
whereas OPT benefits from much longer contexts
(up to 8192 tokens). However, again, performance
is generally lower than OPT. On Wug and EWoK,
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Figure 1: OPT Model Families: Effect of Sequence Length Accuracy vs Training Time per Metric. Evaluation
of OPT 125M Family trained on 100M STRICT BabyLM Corpus with Warmup with a range of sequence lengths
{64,128,256,512,1024, 2048, 8192} on the Zero-Shot Evaluation Tasks of the 2025 BabyLM Evaluation Pipeline

(Charpentier et al., 2025)

Task OPT Mamba
L* % (Longest) | Lyest % (Longest) || L* % (Longest) | Lpest % (Longest)

BLiMP 1024 34.8 64 100.0 512 37.3 2048 33.3
BLiMP Suppl. 256 43.9 64 100.0 64 100.0 64 100.0
Entity Tracking 4096 34.5 8192 38.8 1024 35.2 128 58.4
Wug 4096 34.5 4096 34.5 128 58.4 128 58.4
EWoK 4096 34.5 2048 34.3 1024 35.2 512 37.3
Reading 8192 38.8 8192 38.8 512 373 64 100

Table 2: Training-optimal sequence lengths L* and best-performing lengths Lys, for OPT and Mamba models on
BabyLM evaluation tasks, with training time as a percentage of the longest training time for that model.

Mamba generally performs comparably to OPT at
moderate sequence lengths (128-512 tokens). On
Wug, Mamba outperforms OPT on nearly all se-
quence lengths, except the longest sequence lengths
(4096). Mamba’s EWoK performance is compara-
ble to OPT but consistently obtains a marginally
lower accuracy. We include a full table of results
(Table 6) that provides a side-by-side comparison
of Mamba and OPT.

The Reading results exhibit a striking pattern:
Mamba achieves its peak score using the shortest
context (64 tokens), whereas OPT continues to im-
prove up to 8192 tokens. These results highlight
task-specific differences in optimal context require-
ments between the two model families. Examin-
ing sequence length optimality, we observe that
Mamba consistently prefers mid-range sequences
(L between 64 and 1024 tokens) for training effi-

ciency and evaluation performance, whereas OPT
exhibits a wider spread (L between 256 and 8192
tokens).

Comparing Learning Dynamics, Mamba often
attains near-peak evaluation performance with sub-
stantially shorter sequences than OPT, implying
faster training times and reduced computational
cost without substantial loss in accuracy. This be-
havior suggests that the Mamba architecture effec-
tively leverages its hybrid attention mechanisms
to capture both local and moderately long-range
dependencies, reducing the necessity for extremely
long contexts that OPT requires for certain tasks.

Table 2 offers actionable guidance for select-
ing efficient sequence lengths. For practitioners
using OPT, we recommend L* = 256 or 512
for syntax-sensitive tasks like BLiIMP and BLiMP
Supplement, achieving 35-44% of the full train-
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Figure 2: Mamba Model Families: Effect of Sequence Length Accuracy vs Training Time per Metric

ing cost while retaining high accuracy. For tasks
requiring long-range dependencies, such as Wug,
Entity Tracking, and Reading, longer contexts
(L* = 4096 or 8192) yield meaningful gains but
at higher computational cost. Practitioners can
adopt L = 2048 as a reasonable default for OPT to
balance efficiency and generality across BabyLM
tasks.

For Mamba, L* values tend to cluster at shorter
lengths. We recommend L = 64 or 128 for BLiMP
Supplement, Wug, and Reading, where training
time can be reduced by up to 60-65% without sig-
nificant accuracy loss. Mamba’s performance on
EWoK and Entity Tracking is best at mid-range
lengths (L = 512-1024), suggesting practitioners
should avoid unnecessarily long contexts for most
tasks. Overall, L = 512 offers a safe and effi-
cient baseline across both architectures when train-
ing budget or time is limited. These recommenda-
tions allow users to reduce compute overhead while
maintaining competitive task-level performance.

4.3 Psychometric Plausibility and Sequence
Lengths

Figure 3 reports the evaluation of the OPT family
on the readability prediction task (De Varda and
Marelli, 2024).

We evaluate model performance on two psy-
cholinguistic benchmarks—eye-tracking and self-
paced reading—across varying input sequence
lengths. As shown in Figure 3 (top), Mamba mod-

els exhibit relatively stable eye-tracking scores as
context length increases, consistently outperform-
ing their OPT counterparts at longer contexts (e.g.,
Mamba-4096 vs. OPT-4096). Notably, OPT-8192
achieves the highest accuracy (~0.45), indicating
improved alignment with human eye-tracking be-
havior for extended inputs. In contrast, OPT mod-
els show more variable performance, with a decline
in accuracy at mid-to-long sequence lengths, fol-
lowed by a modest recovery at 8192 tokens.

For the self-paced reading benchmark (Figure 3,
bottom), accuracy is generally lower across both
model families, reflecting the greater challenge of
modeling human reading times. Only the OPT-
8192 configuration achieves a notable gain (~0.35),
suggesting that long-context processing is critical
for capturing self-paced reading patterns. While
Mamba models outperform OPT at intermediate
lengths (e.g., Mamba-2048 vs. OPT-2048), they
fall short at the longest context window, indicat-
ing potential limitations in modeling long-range
syntactic and semantic dependencies effectively.

Overall, Mamba outperforms OPT on eye-
tracking prediction at long contexts, suggesting
some alignment with incremental human sentence
processing. However, OPT recovers and exceeds
Mambea on self-paced reading at very long contexts.

5 Discussion

Our results suggest that sequence length plays a
central, task-sensitive role in small-scale language
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modeling, particularly within the BabyL.M bench-
mark suite. Rather than observing a monotonic
relationship between longer sequences and better
performance, we find that each task exhibits a dis-
tinct profile of sequence length sensitivity. This
challenges the default practice of adopting a sin-
gle sequence length for all training and evaluation
scenarios and suggests that per-task tuning of in-
put length may yield significant efficiency gains
without sacrificing accuracy.

5.1 Effect of Model Architecture

When comparing architectures, we find that OPT
and Mamba differ substantially in their se-
quence length dynamics. The OPT family benefits
from long contexts on tasks like Reading and Wug,
with optimal sequence lengths (L*) extending up
to 8192 tokens. In contrast, tasks such as BLIMP
and EWoK reach peak or near-peak performance
at much shorter lengths (64-256 tokens).

This heterogeneity is likely task-related and re-
flects the diversity of BabyLM tasks. As the
evaluation pipeline incorporates more tasks, there
are differences in the types of linguistic struc-
tures that they emphasise—e.g., syntactic local-
ity in BLiMP versus document-level coherence in
Reading—making sequence length a proxy for task-
specific inductive biases. This makes it challenging
to develop one model that performs uniformly well

across all tasks. Additionally, Figure 1 reveals
pronounced fluctuations in training performance
across sequence lengths, particularly for Wug and
other productivity-oriented tasks. Many models
show declining accuracy after initial progress, in-
dicating that longer training does not always im-
prove evaluation outcomes. For these tasks, shorter
or mid-range sequences lengths achieve near-peak
accuracy faster, reducing both computation and po-
tential overfitting. From a practical perspective,
compute-efficient training to improve performance
on these tasks may involve early stopping after a
moderate number of updates—around 512 steps in
our experiments.

Compared to our expectations of the differences
between Transformers and SSM-based architec-
tures like Mamba, the observed OPT results only
partially align. Unlike Transformers, which pay
a quadratic compute and memory cost for longer
contexts, and unlike RNNs, which must propagate
hidden states step-by-step, Mamba’s recurrence-
style state updates allow it to scale more gracefully
with window size. While we predicted an optimal
range of 256-1024 tokens for most tasks, some
OPT tasks indeed peaked in this mid-range, but oth-
ers (notably Reading and Entity Tracking) favored
much longer sequences than expected, suggesting
certain BabyLM subtasks draw more heavily on
full-document context. For Mamba, the findings
diverge more strongly from our forecast. We an-
ticipated a right-shifted optimum (1024-4096) and
broad benefits from longer windows, yet L* clus-
tered at shorter lengths (64-1024) and Ly often
appeared in the lower mid-range. Despite Mamba’s
architectural promise—continuous-time dynamics
and implicit memory—we observe that Mamba
consistently prefers shorter or mid-range se-
quence lengths, with L* clustering between 64
and 1024 tokens. While this allows Mamba to train
more efficiently than OPT on average, it often lags
in final performance, particularly on tasks requiring
sustained access to long-range dependencies (e.g.,
Entity Tracking, Reading). These results compli-
cate expectations from prior work (Gu and Dao,
2024) suggesting Mamba-like models can exploit
long contexts more effectively than Transformers.
In our small-model, low-data regime, Mamba’s
theoretical capacity may be bottlenecked by opti-
mization constraints or underutilized due to limited
token diversity.

While Mamba’s theoretical strengths in long-
context modeling are appealing, fully realizing
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these advantages may require larger models, more
diverse data, or improved optimization strategies.
Future work should systematically disentangle
these factors to determine whether the observed
limitations are fundamental to the architecture, a
consequence of optimization dynamics, or an ar-
tifact of the data scale. The consistent preference
of Mamba for shorter sequences raises important
questions. One possibility is that this reflects an
architectural limitation: despite Mamba’s theoret-
ically continuous-time, state-space recurrence dy-
namics, the model may be unable to store and
retrieve fine-grained information over very long
sequences at small model scales. Another con-
tributing factor could be optimization challenges:
gradient diversity and update counts may be insuf-
ficient in the 100M-token regime to fully exploit
long-range dependencies. Finally, data-scale con-
straints may limit Mamba’s capacity to generalize
across long contexts, since small datasets provide
fewer instances of extended dependency structures
for learning.

These findings suggest that Mamba’s efficiency
— achieving near-peak performance with shorter
sequences — can reduce training time and com-
putational cost, offering a practical advantage in
low-resource or small-model settings. Neverthe-
less, this efficiency comes at a trade-off: for tasks
where long-range dependencies are critical, OPT’s
Transformer-based architecture remains superior,
even at the expense of substantially higher train-
ing costs. This aligns with previous observations
for RNN and SSM variants in small-data regimes
(Haller et al., 2024), emphasizing that architectural
efficiency does not automatically translate into per-
formance gains in low-data or small-scale contexts.

In practical terms, our results offer guidance
for model selection and sequence length configura-
tion. For OPT, shorter sequences (256-512 tokens)
suffice for syntax-sensitive tasks, while longer se-
quences (4096-8192) are beneficial for document-
level and productivity tasks. For Mamba, mid-
range sequences (128-512 tokens) generally bal-
ance performance and efficiency, though extreme
long contexts rarely yield additional gains. When
compute budgets are limited, using Mamba with
shorter sequences may provide a favorable trade-
off between training time and accuracy, while OPT
remains the model of choice for tasks with high
long-range dependency demands.

This suggests that, at small-model scale and
100M word budgets, Mamba’s state-space re-

currence may not fully exploit very long con-
texts—possibly due to limited capacity to store
fine-grained long-range information, or a stronger
dependence on update count and gradient diversity
than hypothesized. This mismatch invites further
scrutiny into how scaling laws and data regimes
modulate sequence-length utility. The BabyLM
setting—100M tokens and training using an archi-
tecture with 125M parameters—imposes strong
bottlenecks on both parameter and data capacity.
For Transformers like OPT, longer contexts may
serve to increase gradient diversity and reinforce
context-sensitive representations, whereas Mamba
may compress or discard such information more
aggressively. The result is a modest gain in training
efficiency, but with diminished generalization on
long-context benchmarks. These trade-offs are par-
ticularly relevant to BabyLM’s goal of modeling
developmentally plausible language learning with
limited resources.

5.2 Sequence Length and Psychometric
Plausibility

From a cognitive perspective, our sequence length
results provide direct computational support for the
“starting small”’ hypothesis (Elman, 1990; New-
port, 1988). In Section 4.3, we observed that syntac-
tic tasks like BLiMP consistently reach peak perfor-
mance at shorter sequences (64—256 tokens), a pat-
tern that suggests limiting context during learning
can facilitate chunking, abstraction, and generali-
sation. This mirrors the cognitive insight that con-
strained working memory during early language
exposure can promote more robust syntactic rep-
resentations. Importantly, these findings are not
merely incidental: they indicate that the empirical
optima for sequence length in small-scale language
models align with theoretically motivated cogni-
tive constraints, showing that “starting small” can
confer measurable learning advantages even in arti-
ficial systems.

Mamba’s recurrent, state-based architecture pro-
vides a compelling demonstration of this principle
in practice. By maintaining local state updates and
implicitly emphasizing recent context, Mamba per-
forms stably at shorter sequences, despite having
the capacity for longer-range memory. This align-
ment between architectural design and empirical se-
quence length optima suggests that Mamba opera-
tionalizes a cognitively inspired inductive bias: the
model leverages local context efficiently to capture
syntactic regularities, providing a computational
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analogue to human working memory limitations. In
contrast, OPT benefits from long sequences primar-
ily on tasks requiring document-level integration,
such as Reading or Entity Tracking, highlighting
how different architectures interact with sequence
length in ways that parallel the cognitive distinc-
tion between local syntactic processing and global
discourse comprehension.

The psycholinguistic benchmarks further rein-
force this link. Mamba’s locally-informed pro-
cessing produces smoother, word-by-word plau-
sibility predictions, echoing human recency effects
in reading, whereas OPT’s global attention facil-
itates retention and manipulation of hierarchical
or discourse-level structures. This complementary
pattern suggests that model architecture and se-
quence length interact to capture different aspects
of linguistic cognition: recurrence-based models
like Mamba naturally encode inductive biases fa-
voring short, syntactically rich sequences, while
attention-based Transformers excel when broader
context is required.

For BabyLM practitioners, we hope our results
provide a practical, resource-conscious strategy
for selecting sequence lengths in low-resource
language modeling. By computing the training-
optimal length L* for each evaluation task F, prac-
titioners can identify the shortest sequence that
delivers near-peak performance at a fraction of the
training cost. This allows for more efficient model
development, particularly in constrained environ-
ments where compute or wall-clock time is lim-
ited. Rather than relying on fixed defaults (e.g.,
L = 512 or L = 2048), users can adopt our
methodology to empirically select task-appropriate
sequence lengths for their architecture of choice.
As we demonstrate, L* often varies across tasks
and model types, and even small adjustments can
yield substantial training-time savings without sac-
rificing downstream accuracy.

Taken together, our findings suggest that no
single sequence length is optimal across tasks,
models, or metrics. For BabyLLM, this hetero-
geneity means leaderboard design and evaluation
strategy should account for task-specific sequence
length sensitivity. For example, syntactic tasks like
BLiMP reach peak performance at short sequences
(64-256 tokens), whereas discourse-heavy tasks
like Reading or Entity Tracking benefit from much
longer contexts (up to 8192 tokens). A practical
approach would be to report, for each task, per-
formance at the training-optimal sequence length

(L*) for each model, or include a small set of
task-specific lengths that capture near-peak per-
formance. Leaderboards could also incorporate
a “context-efficiency” metric, rewarding models
that achieve high accuracy with shorter sequences.
This would make comparisons fairer across archi-
tectures with different context preferences (e.g.,
OPT vs. Mamba) and better reflect model capabili-
ties across the diverse range of BabyLLM evaluation
tasks.

6 Conclusion

We present a systematic evaluation of sequence
length sensitivity across BabyLLM tasks, comparing
the Transformer-based OPT and the state-space
Mamba architectures. Our findings show that
no single sequence length is universally optimal:
shorter sequences often suffice for syntactic bench-
marks like BLiIMP, while longer contexts are nec-
essary for tasks involving lexical productivity or
discourse coherence. By identifying task-specific
training-optimal lengths (L*), we provide action-
able guidance for balancing performance and effi-
ciency in low-resource settings. Our results suggest
that careful tuning of sequence length—rather than
scaling alone—can yield meaningful gains in both
compute and accuracy.

Limitation

One limitation of our study is that we do not vary
the mini-batch size or gradient accumulation strat-
egy in conjunction with sequence length. While
we vary sequence length to study its effect on task
performance, it is possible to maintain a constant
number of tokens per update by adjusting the mini-
batch size or gradient accumulation steps. As a
result, our experiments do not fully isolate the ef-
fect of sequence length from the effective batch
size or the number of tokens processed per step.

Additionally, calibrating the optimal learning
rate and schedule for each sequence length is chal-
lenging. Our experiments use a linear warmup
proportional to sequence length, but we did not
conduct exhaustive hyperparameter sweeps. It is
possible that different learning rate or batch size
configurations could change the relative perfor-
mance of sequence lengths or architectures, and
some of our reported training-optimal sequence
lengths (L*) may shift under alternative settings.
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A Training Setup: Hyperparameters

Table 3: Training hyperparameters for BabyLM experiments. This table summarizes model, training, checkpointing,
hardware, and dataset settings.

Category Parameter Value / Notes

Type ,
* OPT: 12-layer, 768 hidden, 12 heads,
Model FFN 3072
* Mamba: 32-layer, 768 hidden

Vocabulary size 50,257 tokens

Max sequence length 64-16,384 tokens, varies per experiment
Pretrained weights Random initialization

Epochs 10

Global batch size 64 sequences

GLOBAL_BATCH_SIZE

Per-device batch size (num_devices x accumulation_steps)

Training Gradient accumulation steps 1 (configurable via CLI)
Learning rate Scales linearly with seq. length if warmup:
5 x 1077 x djen
Tokens per batch GLOBAL_BATCH_SIZE x seq_len
Tokens per update Tokens per batch x accumulation steps
Frequency Every 1M, 10M, 100M tokens (Custom-
Checkpointing CheckpointingCallback)
Hub push Optional via CLI
Resume from checkpoint Supported
Devices 4 (configurable via CLI)
Hardware / Precision Mixed precision bf16 (DeepSpeed / Trainer)
DeepSpeed Optional, stage 3 ZeRO with CPU offload
Source Hugging Face pretokenized datasets
Dataset Examples babylm-seqlen/
train_100M_<seq_len>_single_shuffle
Preprocessing Labels set as input_ids for causal LM train-
ing
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https://huggingface.co/babylm-seqlen/

B Dataset Statistics

Sequence Length Num Sequences
64 2,556,406
128 1,278,130
256 639,002
512 319,435
1024 159,656
2048 79,761
4096 39,814
8192 19,844
16384 9,863

Table 4: Number of sequences for each fixed sequence length dataset. Sequence lengths are clickable links to the

corresponding Hugging Face dataset.

Table 5: Example settings for per-device batch size, learning rate, and tokens per batch at different sequence lengths.

Seq Length Per-Device Batch Learning Rate Tokens per Batch

64 16 Se-5 4,096
128 16 le-4 8,192
512 16 4e-4 32,768

2048 16 1.6e-3 131,072
8192 16 6.4e-3 524,288
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C Final Checkpoint Results: OPT and Mamba (+ Warmup)

Table 6 provides a detailed breakdown of model performance on the full zero-shot evaluation tasks. In
particular, we report differences between training models with and without warmup.

Model | Warmup | Seq Len | BLiMP | BLiMP Suppl. | Entity Tracking | EWoK | Wug
mamba + 64 68.33 63.20 19.05 50.66 | 63.50
mamba - 64 69.56 61.23 2224 51.05 | 62.00
mamba + 128 67.31 60.40 23.20 50.1 | 54.00
mamba - 128 69.87 57.94 38.69 51.34 | 70.50
mamba + 256 69.19 61.60 12.48 51.34 | 56.50
mamba - 256 69.14 60.04 25.28 51.28 | 53.50
mamba + 512 68.87 59.60 16.33 52.54 | 51.50
mamba - 512 68.45 60.98 23.16 49.99 | 55.50
mamba + 1024 67.30 58.00 31.95 52.31 | 57.50
mamba - 1024 66.28 56.99 21.52 50.35 | 62.50
mamba + 2048 71.62 60.40 14.07 51.82 | 53.50
mamba - 2048 63.33 55.03 20.25 50.30 | 56.50
mamba + 4096 69.56 57.60 13.93 51.49 | 49.00
mamba - 4096 59.10 55.50 17.80 50.18 | 62.00
mamba + 8192 66.91 59.20 22.70 51.05 | 51.50
mamba - 8192 59.21 52.94 23.37 49.83 | 61.50
opt + 64 70.21 67.60 - 51.82 | 48.00
opt - 64 75.44 66.45 - 51.64 | 49.50
opt + 128 70.78 66.80 - 51.92 | 46.50
opt - 128 74.87 63.53 - 51.98 | 45.00
opt + 256 73.88 67.20 32.42 52.18 | 44.50
opt - 256 73.11 59.92 20.93 51.68 | 46.00
opt + 512 71.9 59.60 26.80 51.45 | 47.50
opt - 512 70.63 61.70 26.99 51.80 | 47.00
opt + 1024 72.69 62.40 26.15 51.28 48.5
opt - 1024 68.23 57.79 26.27 50.66 | 50.00
opt + 2048 72.05 62.40 25.96 52.37 | 45.50
opt - 2048 61.67 57.23 29.57 49.89 | 50.50
opt + 4096 56.25 48.0 40.23 49.70 | 90.00
opt - 4096 58.58 54.58 17.03 50.10 | 66.00
opt + 8192 55.05 50.40 40.38 50.89 | 66.00
opt - 8192 56.01 53.21 19.38 49.70 | 64.50
Table 6: Evaluation results across multiple benchmarks for Mamba and OPT models. ‘—’ denotes missing data

(NaN).
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D Learning Dynamics: Task Evaluation on Checkpoints

Figure 4: Comparison of the performance of Mamba and OPT models on BabyLM Evaluation tasks throughout
training. Checkpoints are saved at increasingly intervals throughout training: every 1M words until 10M words are
seen, every 10M words until 100M words are seen, and every 100M words until 1B words are seen.
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E Subtask Accuracy for OPT and Mamba Families
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Abstract

Cross-attention transformers and other multi-
modal vision-language models excel at ground-
ing and generation; however, their extensive,
full-precision backbones make it challenging
to deploy them on edge devices. Memory-
augmented architectures enhance the utilization
of past context; however, most works rarely
pair them with aggressive edge-oriented quan-
tization. We introduce BitMar, a quantized
multimodal transformer that proposes an ex-
ternal human-like episodic memory for effec-
tive image-text generation on hardware with
limited resources. BitMar utilizes 1.58-bit en-
coders, one for text (BitNet-style) and one for
vision (DiNOv2-based), to create compact em-
beddings that are combined and used to query a
fixed-size key-value episodic memory. Dur-
ing vector retrieval, the BitNet decoder ap-
plies per-layer conditioning, which increases
the contextual relevance of generated content.
The decoder also employs attention sinks with
a sliding-window mechanism to process long
or streaming inputs under tight memory bud-
gets. The combination of per-layer condition-
ing and sliding-window attention achieves a
strong quality—speed trade—off, delivering com-
petitive captioning and multimodal understand-
ing at low latency with a small model footprint.
These characteristics make BitMar well-suited
for edge deployment.

Keywords: TinyVLM, Episodic memory, EdgeAl,
Quantization.

1 Introduction

Visual Language Models (VLMs) have made rapid
progress in recent years, excelling at tasks such as
image captioning (Chen et al., 2015), visual ques-
tion answering (Anderson et al., 2018; Li et al.,
2022). Large-scale architectures such as BLIP-
2 (Li et al., 2023), Flamingo (Alayrac et al., 2022),
and Kosmos-2 (Peng et al., 2023) demonstrate
that cross-attention transformers can synchronize

Esteban Carlin
NTUST Taiwan
M11302809@mail.ntust.edu.tw

Ghaluh Indah Permata Sari
NTUST Taiwan
d11115804@mail.ntust.edu.tw

Hsing-Kuo Pao
NTUST Taiwan

pao@mail.ntust.edu.tw

Yie-Tarng Chen
NTUST Taiwan

ytchen@mail.ntust.edu.tw

modalities for grounded language generation. How-
ever, their full-precision, extensive backbones incur
significant computational and memory expenses,
which restricts their implementation on devices
with resource limitations.

A growing body of work targets efficient mul-
timodal processing, such as low-bit quantiza-
tion (Dettmers et al., 2021; Frantar et al., 2022)
and compact language models (Wang et al., 2023),
to reduce memory/latency. Quantized ViTs (Jacob
et al., 2018; Stock et al., 2019), and self-supervised
vision encoders, such as DiNOv2 (Oquab et al.,
2024), lower the cost of vision. Multimodal fu-
sion ranges from early concatenation (Lu et al.,
2019) to learned query transformers (Li et al.,
2023) to bridge frozen vision and language models.
Memory-augmented transformers (Graves et al.,
2016; Borgeaud et al., 2022) retrieve past context
to improve coherence. Yet no existing tiny lan-
guage model effectively unifies low-bit multimodal
encoding with an episodic memory system for edge
deployment.

To fill this gap, we propose a compact four-stage
pipeline optimized for efficient on-device execu-
tion: (1) 1.58-bit text and vision encoders gener-
ate lightweight, quantized embeddings; (2) a cross-
modal fusion module aligns the modalities within
a shared latent space; (3) an episodic memory with
512 key—value slots retrieves relevant multimodal
context; and (4) a BitNet-based decoder condi-
tions each transformer layer on the retrieved mem-
ory for context-aware generation. Both encoders
output 128-dimensional representations, and Di-
NOvV2’s original 768-D vision features are com-
pressed to 128-D before fusion. The fused embed-
ding queries an episodic memory of size K = 512,
C' = 128, whose retrieved vectors condition each
decoder layer. This architecture maintains all mod-
ules in a consistent 768-dimensional space, simpli-
fying integration and minimizing projection over-
head while ensuring low-latency, memory-efficient
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operation on edge hardware.
Our main contributions are summarized as fol-
lows:

¢ Low-bit multimodal encoding framework.
We propose a unified architecture that inte-
grates a 1.58-bit quantized BitNet text encoder
with a quantized ViT-based vision encoder,
enabling efficient and compact multimodal
feature extraction.

¢ Memory-augmented decoding mechanism.
We design a lightweight episodic memory
module that retrieves contextual representa-
tions and injects them into each transformer
layer through per-layer conditioning, enhanc-
ing coherence and contextual relevance during
generation.

* Edge-efficient multimodal reasoning. We
demonstrate that BitMar achieves competitive
performance in image captioning and multi-
modal understanding under extreme compres-
sion, maintaining low latency and a minimal
memory footprint suitable for on-device de-
ployment.

2 Related Work

Different VLMs and Tiny LLM architectures have
emerged that enable deployment and applications
of multimodal AI on resource-constrained de-
vices. Recent developments in small VLMs, such
as H20OVL-Mississippi (0.8B parameters) (Galib
et al., 2024), TinyGPT-V (Yuan et al., 2024),
and MiniCPM-V (Yao et al., 2024), demonstrate
that compact multimodal models can achieve
competitive performance while maintaining effi-
cient deployment characteristics. Similarly, Tiny
LLM:s, such as MobileLLM (Liu et al., 2024) and
TinyLLM (Zhang et al., 2024), have shown that
sub-billion parameter models can be quantized and
optimized for their deployment on edge devices.
These highlight the feasibility of on-device multi-
modal processing, with models providing meaning-
ful performance while addressing security, latency,
and connectivity constraints.

Furthermore, memory-augmented neural net-
works and language models inspired by cognitive
thinking, such as humans, have also garnered signif-
icant attention for their ability to store and retrieve
contextual information related to specific things
across certain short periods of time. Memory-
augmented neural networks (MANNSs) (Graves

et al., 2016), use decoupled key-value structures to
store and retrieve contextual information. Recent
works, such as EGO (Mattar and Daw, 2024) and
selective episodic memory strategies (Mattar and
Daw, 2022), have extended these ideas for flexi-
ble knowledge transfer and context-based memory
access. However, these models face limitations
in combining memory systems with low-bit quan-
tized multimodal encoders, often sacrificing either
memory capacity or model precision.

BitMar overcomes these challenges by integrat-
ing 1.58-bit quantization across text and vision en-
coders, alongside a cross-modal memory retrieval
system. The design enables BitMar to store and
retrieve both textual and visual context, improving
memory interactions and enhancing multimodal
generation tasks, all while maintaining computa-
tional efficiency for edge deployment.

3 Method

We introduce BitMar, a deployable quantized mul-
timodal LM for efficient image—text generation
under tight resources. The four-stage pipeline
is: (1) parallel low-bit text/vision encoders; (2)
cross-modal fusion in a shared latent space; (3)
context augmentation via external episodic mem-
ory; (4) autoregressive decoding conditioned on
fused and retrieved signals. Text uses a BitNet
transformer at 1.58-bit precision; vision uses Di-
NOv2 features plus quantization-aware compres-
sion. Fusion aligns 768-D modality latents via
lightweight attention. A fixed-size episodic mem-
ory stores prior multimodal contexts and injects
retrieved vectors into the decoder per layer. Un-
like classic MANNSs (Graves et al., 2016), BitMar
integrates cross-modal retrieval under low-bit con-
straints. The decoder is a BitNet-based autoregres-
sive transformer with streaming attention via atten-
tion sinks for low-latency, long-context generation.

3.1 Text Encoders

Architecture. A 4-layer quantized Transformer
(d=128, h=4) supports up to 256 tokens, balanc-
ing expressiveness and efficiency.

Quantization. Weights: all MHSA/FFN pro-
jections use ternary {—1, 0, +1} with learned per-
layer scales (1.58-bit). Activations: token-wise 8-
bit using per-token max-abs scaling to [—127, 127],
preserving local detail and stable training/infer-
ence.

Attention sinks (streaming). With S=4 sink
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Figure 1: BitMar Architecture. The model processes multimodal inputs: text tokens and DiNOv2-compressed
image features. Quantized encoders (1.58-bit) generate compact text and vision embeddings (z, v), which are fused
via cross-modal attention into shared query representations (Q, Qquery)- A sliding-window attention mechanism
enables long-context processing. A fixed episodic memory matrix (K x C) stores and retrieves multimodal context
vectors through quantized read/write weights (W, W), supporting optional SD-card offloading for edge deployment.

tokens (never evicted) and window W =1020, the
KV cache maintains persistent anchors + recent
tokens. On each new token, the oldest in-window
token is evicted; sink and window sets are merged;
positions are clamped to [0, S+W —1]. This yields
fixed-memory, long-context attention under low-bit
compute.

3.2 Vision Encoders

We use frozen DINOv2 (Oquab et al., 2024) to ex-
tract 768-D patch features offline, avoiding heavy
vision backbones at inference. 2x2 average pool-
ing reduces the number of patches 4 x while keep-
ing 768-D per patch. 2-layer MLP bottleneck then
compresses 768—128 with ReLU and dropout be-
tween layers (parameters Wy € R3%4x768 W, ¢
R128%384) "a]] subsequent fusion/memory/decoder
paths operate in 128-D.

3.3 Cross-Modal Fusion

Given pooled text tokens Z € R™*128 and vision
tokens Vi, € R 128 'we apply standard cross-
attention (Vaswani et al., 2017) (text queries, vision
keys/values; cf. Transformer attention) to obtain
the fused sequence F € R™*128 Al Q/K/V
and fusion projections use 1.58-bit ternary weights
with learned scales; softmax and residual/LN are in
FP32. We then pool F (mean or learned) to a single
vector qmem € R2® to query episodic memory.

3.4 Episodic Memory

We maintain a learnable matrix M € RE*C

(default K=512, C=128) that stores multimodal
episode vectors.

Writing. At step ¢, we compute a pooled query
q: € R¢ and learned write weights W,, € R,

We perform soft multi-slot writes with rate a=0.2
via an outer product:

M~ M+aW,q, . (1)
Reading. We use content-based addressing
(Graves et al., 2016):

W, = softmax(M q;) € RE,

M, = WM e R*¢, @
Regularization. To avoid thrashing, we penalize
abrupt updates to the store with a Frobenius penalty,
Lrg = A||AM||%, AM = M® — M-,
We additionally apply usage-based forgetting to
down-weight stale slots.

3.4.1 Decoder with Attention Sinks

A 4-layer causal Transformer (d=128, h=4, max
length 256) conditions on fused inputs and re-
trieved memory.

Long-context generation. Each layer, similarly
as the text encoder, maintains KV caches of S sink
tokens and a window of W recent tokens.

Memory integration. M, € R'*!28 is pro-
jected and combined with token embeddings via
either concatenation [z;; M,] (then projected) or
residual addition x;+M,.

Output projection. BitNet-quantized linear
layer (128—50,257) maps to GPT-2 vocab logits;
logits computed in FP32.

3.4.2 Training Objectives

We complement standard Language Modeling
cross-entropy (Vaswani et al., 2017) and an In-
foNCE cross-modal (Oord et al., 2018) term with
a memory-consistency regularizer Equation 3 that

149



penalizes changes between successive writes to the
episodic store, which discourages oscillatory up-
dates and helps retain slot semantics. The total
loss integrates these factors as Equation 4. We set
Lem = 1.5 to prioritize cross-modal alignment, and
Lmem = 0.1 as a light stabilizer.
Memory consistency.
Linem = M, — MU 3)

write write

Total objective.
L="Lim+ 1.5Lcm + 0.1Lmem 4)

Adaptive Training Controller. When a 200-
step EMA of cross-modal cosine similarity drops
by > 0.12 from its recent max (with an >800-step
cooldown), we randomly freeze one encoder or
upweight L.y, for 1,500 steps to prevent modality
collapse.

4 Experimental Setup

Our experimental framework systematically eval-
uates the proposed 14M-parameter BitMar model
across several critical dimensions. We first bench-
mark its performance against established compact
and low-bit baselines to assess overall viability (Ta-
ble 1). We then conduct an analysis of its capabili-
ties across a suite of language understanding and
multimodal tasks to identify specific strengths and
limitations (Table 2). Beyond task performance, we
also investigate the internal dynamics of the model,
examining how the episodic memory evolves from
diffuse to structured activation patterns during train-
ing (Figure 2). Finally, we track the progression of
quantization efficacy throughout the training pro-
cess to validate our low-precision approach (Fig-
ure 3).

4.1 Dataset

The corpus comprises 100M tokens, split evenly
between multimodal captions and text-only data.

Multimodal (50M). From CC3M (Sharma et al.,
2018) and Localized Narratives (Pont-Tuset et al.,
2020), aligned with precomputed DiNOv2 features
(frozen backbone, reused across training).

Text-only (S50M). From BabyLM (Charpen-
tier et al., 2025), spanning six domains (BNC,
CHILDES, Gutenberg, OpenSubtitles, Simple En-
glish Wikipedia, Switchboard).

Mixture. Uniform 50:50 sampling; a 1M-token
hold-out tracks cross-modal alignment (cosine sim-
ilarity) and perplexity.

Preprocessing. GPT-2 BPE tokenizer, max 256
tokens (truncate/pad). Visual features stored as
memory-mapped “.npy”” with on-the-fly compres-
sion for efficient batching.

4.2 Training Configuration

We trained on an NVIDIA A6000 GPU using FP16
and gradient checkpointing. Each step processed
64 sequences, with two-step gradient accumula-
tion yielding an effective batch size of 128. Op-
timization used AdamWS8bit (2 x 10~4) with co-
sine restarts (7p=1000, Tiut=2, Nmin=0.1lr) for
10 epochs. We logged to Weights & Biases ev-
ery 500 steps, including losses (Lim, Lemy Lmem)s
cross-modal alignment metrics, episodic-memory
utilization, attention maps, and FLOPs per step.

4.3 Hyperparameters

The model architecture employs a four-layer text
encoder with 128-dimensional hidden states. The
episodic memory module comprises 512 slots, each
with 128 dimensions, balancing memory footprint
with recall capacity. For long-context streaming,
we maintain four sink tokens with a sliding window
of 1020 tokens. Training utilizes weighted losses
with cross-modal and memory consistency coef-
ficients of 1.5 and 0.1, respectively. An adaptive
controller triggers memory freezing when align-
ment metrics drop by 0.12 from their recent maxi-
mum, applying 1,500-step freezes with a minimum
interval of 800 steps between interventions.

4.4 Benchmarks and Baselines

We evaluate on six language benchmarks: ARC-
Easy, BoolQ, HellaSwag, WinoGrande, Com-
monsenseQA, and MMLU, plus multimodal tasks
aligned with DiNOv2 features. Outputs are evalu-
ated by accuracy and compared against baselines
(Bonsai 0.5B, OLMo-BitNet 1B, Falcon3-1.58bit
7B, LLaMA3-8B-1.58, and BitNet b1.58 2B). Be-
yond benchmarks, we track the effectiveness of
quantization and episodic activations to assess rep-
resentational efficiency and memory use.

5 Results and Discussion

5.1 BitMar’s performance

Figure 2 shows episodic memory slot activations
over training. Early on Figure 2(a), activations are
weak and scattered, with minor specialization or
proper storage. By late training Figure 2(b), acti-
vations strengthen and differentiate, indicating se-
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lective storage of contextual features. This progres-
sion demonstrates that extended joint optimization
enables the memory to evolve into a more struc-
tured, capacity-efficient component for long-term
context integration.

Epoch 0

T e Epoch 9
Step 20000

Steg 970000
[hpe T I 1 |

x I il 4 [
(a) (b)

Figure 2: Episodic Memory Activation Patterns. (a)
Early training shows scattered and weak activations
with minimal specialization. (b) Late training exhibits
stronger and more differentiated activations, reflecting
the emergence of structured memory representations.

We measure the quantization effectiveness E,
inspired by (Zhu et al., 2016), as the zero-weight
fraction in ternary weights across BitNet-quantized
layers, where a higher value means more compres-
sion.

As training progresses (Figure 3), F, gradually
increases and stabilizes at 42.8%, demonstrating ef-
fective compression without degrading downstream
performance.

Quantization/Compression_Effectiveness

N

200k 400k 600k 800k

Figure 3: Quantization effectiveness over training
epochs.

Table 1 compares BitMar-14M with low-bit
baselines. Despite its small size (14M param-
eters), it achieves competitive performance on
BoolQ (42.8) and WinoGrande (54.6), demonstrat-
ing strength in binary reasoning and coreference.

On ARC-Easy (28.3) and HellaSwag (30.0), it lags
larger models, reflecting limits in multi-step reason-
ing. CommonsenseQA (24.6) and MMLU (27.9) re-
main challenging due to restricted factual coverage.
Still, BitMar achieves non-trivial accuracy across
all tasks, confirming that extreme compression
can yield usable models for targeted workloads,
though with expected trade-offs in knowledge-
heavy benchmarks.

As shown in Table 2, BitMar achieves an
average 60.5% across finetuned NLP bench-
marks, with strong results on paraphrase (QQP:
70.2%, MRPC: 69.1%) and reading comprehension
(BoolQ: 66.5%), but weaker performance on infer-
ence (MNLI: 42.3%, RTE: 54.0%). Multimodal
tasks yield modest scores (21-25%), with the best
results on EWoK (24.9%), likely benefiting from
episodic memory. Linguistic analysis shows rea-
sonable syntax (BLIMP: 48.7%) and compositional
reasoning (51.5%), but poor morphological pro-
ductivity (WUG: -0.16/-0.22). Overall, BitMar bal-
ances extreme efficiency with usable performance,
excelling in lightweight reasoning while struggling
on complex multimodal and morphological tasks.

5.2 Ablation Study: Episodic Memory

Evaluated under BabyLLM 2025 evaluation pipeline
(same as Table 2).

Efficiency. As Table 3 reports, a fixed retrieved
vector supplies context each step, reducing long-
range attention while keeping 1.58-bit compute.

Zero-shot accuracy in A (pp). Table 4 reports
the performance differences on zero-shot tasks.
Overall, the results suggest that incorporating addi-
tional contextual information generally enhances
task accuracy.

Regressions. We observe two regressions. First,
regarding WUG morphology, correlations are nega-
tive, —0.36 for adjectives and —0.16 for past tense,
indicating reduced morphological productivity un-
der extreme quantization. Second, reading align-
ment scores are lower with memory (0.44/0.11)
than without (1.11/0.66), suggesting that episodic
conditioning can dampen psycholinguistic align-
ment. Tuning memory capacity or injection strat-
egy may mitigate this.

Fine-tuning. No significant changes on
BoolQ/MNLI/MRPC/MultiRC/QQP/RTE/WSC,
suggesting memory mainly affects generation, not
supervised heads.
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Model Native 1-bit ARC-Easy BoolQ HellaSwag WG CQA MMLU
Bonsai 0.5B v 58.25 58.44 48.01 5446 1843 25.74
OLMo-BitNet 1B v 25.38 52.48 25.88 51.54 1949 2547
Falcon3-1.58bit 7B X 65.03 72.14 59.46 60.14 67.08 42.79
LLaMA3-8B-1.58 8B X 70.71 68.38 68.56 60.93  28.50 35.04
BitNet b1.58 2B v 74.79 80.18 68.44 7190 71.58 53.17
BitMar-14M (Ours) v 28.32 42.83 30.04 54.57 24.57 27.90

Table 1: Benchmark performance on language understanding tasks. A v'indicates models trained natively with
1-bit precision. All reported values correspond to task accuracy (%), illustrating BitMar’s competitive performance
under extreme compression. [WG-WinoGrande; CQA-CommonsenseQA]

Category Task Primary Metric Score
Finetune NLP BoolQ Accuracy 66.5%
MNLI Accuracy 42.3%
MRPC Accuracy 69.1%
MultiRC Accuracy 57.6%
QQP Accuracy 70.2%
RTE Accuracy 54.0%
WSC Accuracy 63.5%
Multimodal DevBench Visual Vocab Acc. 21.2%
VQA Accuracy 21.4%
Winoground Accuracy 23.8%
World Knowledge EWOK Accuracy 24.9%
Linguistic BLIMP Accuracy 48.7%
Reasoning Compositional ~ Accuracy 51.5%
Entity Tracking  Accuracy 31.2%
Psycholing. Reading Comp.  Score 0.44
Morphology Wug Adj. Corr. -0.16
Wug Past Corr. -0.22

Table 2: BitMar results on BabyLM evaluation tasks.

Metric Mem. On Mem. Off
Throughput (tok/s) 57.3 7.7
Latency/token (ms) 17.3 129.8
Energy (J) 1.90 9.17
RAM (MB) 956 1,076

Table 3: Inference ablation metrics. Comparison of
throughput, latency, energy consumption, and memory
usage.

Ablation Summary. Episodic Memory is ~7.5x
faster, using 79% less energy and 11% less VRAM
in our tests. It delivers 3 — 4 percentage point
gains on entity/property reasoning and multimodal
QA, though morphology and some psycholinguis-
tic alignment metrics can degrade. Overall, combin-
ing attention sinks with episodic memory enables
efficient long-context use under tight resource bud-
gets.

6 Conclusion

BitMar-14M is a compact 1.58-bit multimodal
language model using BitNet quantization, Di-
NOV2 vision compression, cross-modal fusion, an
attention-sink decoder for efficient long-context

Task A (pp)
Entity Tracking (Split 1) +2.9
Entity Tracking (Split 2) +4.1
COMPS +3.4
BLiMP +0.6
VQA +3.4
EWoK (Split 1) -1.6
EWoK (Split 2) +1.0
Winoground —-1.6
DevBench No effect

Table 4: Ablation results on episodic memory. Per-
formance differences (A, in percentage points), positive
values indicate improvements when memory is enabled.

reasoning, and an external episodic latent memory
for deployment on resource-constrained edge de-
vices. With adaptive training, it maintains stable
alignment and memory use despite its tiny size.
Though less accurate than larger low-bit models on
knowledge-heavy tasks, it performs competitively
on binary reasoning and coreference, showing that
1.58-bit compression and efficient design can en-
able multimodal reasoning with drastically reduced
compute and storage.
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