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Abstract

We investigate self-training of large language
models (LLMs), in which models are recur-
sively trained on their own generated text. Prior
studies have reported conflicting outcomes in
this setting: some find evidence of performance
gains (i.e., self-improvement), while others ob-
serve performance degradation (i.e., model col-
lapse). To clarify this discrepancy, we use the
OLMo-2 models as non-toy LLMs and perform
multiple rounds of continual pre-training using
self-generated text with varying data synthesis
and filtering strategies. Our experiments show
that naive self-training does not improve ei-
ther perplexity on the original pre-training cor-
pus nor downstream task performance, regard-
less of model size. These results suggest that
model collapse observed in naive self-training
is inherent to the training procedure, while self-
improvement likely owes its success not to the
model’s autonomous refinement but to human-
designed, strategic synthetic pipelines that in-
ject external intelligence.

1 Introduction

Training large language models (LLMs) on LLM-
generated synthetic data has become an increas-
ingly popular research paradigm (Gunasekar et al.,
2023; Grattafiori et al., 2024; Yang et al., 2025;
Qin et al., 2025; DatologyAl et al., 2025). A typ-
ical approach uses a sufficiently powerful model
to produce synthetic text, which is then used to
train a smaller, more efficient model. However, a
fundamental question remains: who generates the
synthetic data for improving the powerful model
itself? This question naturally leads to the idea
of self-training, in which a model is recursively
trained on its own generated text.

Recent studies on self-training report seem-
ingly contradictory outcomes. Some claim self-
improvement, where model performance continues
to increase through iterative self-training (Huang
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pipeline using self-generated text. In Step 1, we sample
texts from the current model. In Step 2, we optionally
filter the sampled texts based on their perplexities. In
Step 3, we continue pre-training the model on its own
generated texts. This process is repeated iteratively.

etal., 2022; Li et al., 2024; Shang et al., 2025). Oth-
ers warn of model collapse, where model perfor-
mance deteriorates over iterations (Shumailov et al.,
2024; Wang et al., 2025a; Drayson et al., 2025;
Herel and Mikolov, 2024; Wang et al., 2025b). Un-
derstanding the cause of this discrepancy is the
focus of this work.

A closer look at prior research reveals that
these opposing findings often stem from differ-
ent experimental designs. Studies reporting self-
improvement typically employ strong, non-toy
LLMs, adopt strategic data generation pipelines
(e.g., crafted prompts, task-aware sampling, and/or
quality filtering), and evaluate improvements on
downstream tasks. In contrast, studies reporting
model collapse usually rely on small toy models,
use naive data generation procedures (e.g., uncon-
ditional text generation), and evaluate degradation
in perplexity on the original pre-training corpus.
Such discrepancies obscure whether the success or
failure of self-training arises from the initial model
quality, the data synthesis pipeline, or the evalua-
tion metrics.

To disentangle these factors, we conduct a sys-
tematic investigation using non-toy LLMs while de-
liberately adopting a simple data synthesis pipeline.
Specifically, we perform multiple rounds of recur-
sive, continual pre-training on the OLMo-2 fam-
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ily (Team OLMo et al., 2025). We examine the
effects of data synthesis strategies and quality filter-
ing methods on both downstream task performance
and perplexity on the original pre-training corpus.

Experiments show that, across all conditions,
model performance consistently degrades in both
metrics, indicating model collapse rather than self-
improvement. These results suggest that model
collapse observed in naive self-training is not
merely due to weak base models or evaluation
metric choices, but rather inherent to the train-
ing procedure itself. Conversely, studies that re-
port self-improvement likely owe their success not
to autonomous model refinement, but to human-
designed, strategic synthetic pipelines that inject
external intelligence into the loop.

2 Methodology

We study recursive pre-training, in which an LLM
generates text that is then used to further pre-train
the model. Figure 1 illustrates the pipeline. We
start with a capable, non-toy base LLM. In each
round R € N, the current model repeatedly sam-
ples a prefix of K € Zx( tokens! uniformly at
random from the pre-training corpus and generates
the continuation, until a total of N € N synthetic to-
kens is accumulated. To examine the effect of qual-
ity consideration, we optionally apply perplexity-
based filtering (Marion et al., 2023), which parti-
tions generated texts into low-, middle-, and high-
perplexity tiers. To this end, We use the current
model to compute sample-level perplexity for each
generated text. When this filtering is enabled, the
model over-generates 3/N tokens, and we retain
N tokens according to the perplexity. The result-
ing synthetic corpus is then used for continual pre-
training.

At the end of each round, we evaluate the cur-
rent model’s perplexity on the original pre-training
corpus and its performance on downstream tasks.

3 Experiments

We conducted experiments using the OLMo-2 fam-
ily (Team OLMo et al., 2025), a suite of non-toy
LLMs that deliver competitive performance on di-
verse downstream tasks. Crucially, OLMo-2 pro-
vided access to its pre-training corpora, allowing us
to assess the perplexity on the original training data.
This accessibility was an essential requirement for
investigating our research question.

'K = 0 indicates an empty prompt.
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Figure 2: Average downstream task score shift across
generations.

3.1 Training Setup

We used the OLMo-2 family (Team OLMo et al.,
2025) for our experiments. Specifically, we
employed the 7B-> and 13B-parameter’ models.
These models were trained through a two-stage
pre-training process. In Stage-1, the model was
pre-trained from scratch on the OLMo-Mix-1124
corpus*; in Stage-2, continual pre-training (also
known as mid-training) was conducted on the
Dolmino-Mix-1124 corpus’. Unless otherwise
noted, we used the model checkpoints obtained
after the Stage-1 pre-training. For each round, we
generated one billion tokens (i.e., N = 10°) in to-

Zhttps://huggingface.co/allenai/
OLMo-2-1124-7B

Shttps://huggingface.co/allenai/
OLMo-2-1124-13B

4https://huggingface.co/datasets/allenai/
olmo-mix-1124

5https://huggingface.co/datasets/allenai/
dolmino-mix-1124
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| MMLU ARC-C HSwag WinoG NQ DROP AVG | PPL
OLMo-2-7B
R = 0 (Base model) 59.8 72.6 81.3 75.8  29.0 40.7 599 | 11.038
K=0R=1 59.9 72.0 81.1 753 283 40.2 595 | 11.340
K=0R=2 59.2 71.7 81.0 74.7 269 39.8 589 | 11.654
K=0R=3 59.4 71.8 80.9 743 260 389 58.6 | 11.836
K=3R=1 59.5 72.1 80.9 747 279 404 592 | 11.643
K=3 R=2 58.9 70.7 80.7 733 284 403 58.7 | 11.790
K=3R=3 58.6 70.6 80.6 734 275 40.0 584 | 11.987
K=64 R=1 59.7 73.0 81.8 74.7  29.1 40.2  59.8 | 11.498
K=64 R=2 59.7 72.8 81.7 744 28.5 40.1 59.5 | 11.791
K=64 R=3 59.1 722 81.2 74.1 278 39.3  59.0 | 12.011
OLMo-2-13B

R = 0 (Base model) 63.4 80.2 84.8 794 345 49.6 653 | 9.607
K=0R=1 62.9 79.5 84.1 7777 337 49.1 645 | 9.316
K=0R=2 62.6 78.7 83.9 78.5 329 487 642 | 9.955
K=0R=3 61.9 78.6 83.3 78.1 33.0 46.9 63.6 | 10.242
K=3R=1 63.5 79.0 84.5 779 33.6 493 646 | 9.635
K=3 R=2 62.8 78.5 83.7 78.1 33.0 47.8 64.0 | 9.861
K=3R=3 61.4 77.1 83.3 775 329 46.6  63.1 | 10.072
K=64 R=1 62.8 78.6 83.8 717 322 48.8 640 | 9.633
K=64 R=2 62.2 78.7 84.0 717 322 487 639 | 9.883
K=64 R=3 62.3 78.5 83.8 77.1 320 482 63.6 | 10.116

Table 1: Downstream performance and perplexity on the pre-training corpora. Rows are grouped by the initial
checkpoint. In each group, the first row reports the results for the initial model; the indented rows are the results

after applying continual pre-training.

‘ MMLU ARC-C HSwag WinoG NQ DROP AVG ‘ PPL

OLMo-2-7B
R = 0 (Base model) 59.8 72.6 81.3 75.8 29.0 40.7 599 | 11.038
K=0R=1 59.9 72.0 81.1 753 283 40.2 595 | 11.340
K =0, R=1, Low-PPL 60.0 72.9 81.8 75.1 285 40.6 59.8 | 11.432
K =0, R =1, Mid-PPL 59.9 72.8 82.3 75.6  28.1 413 599 | 11.374
K =0, R=1, High-PPL 59.8 72.8 81.4 74.8 27.8 40.2  59.5 | 11.398

Table 2: Downstream performance and perplexity by different verification settings.

tal to train the next round model. To generate each
instance, we conditioned the model on a prompt
of K = {0, 3,64} tokens sampled from OLMo-
Mix-1124, the pre-training corpus for Stage-1. We
performed recursive continual training up to R = 3
rounds for each setting.

We followed the training configurations used
in the Stage-2 pre-training of the OLMo-2 family.
Specifically, we employed the AdamW optimizer
with peak learning rates of 6e-5 for the 7B models
and 9e-5 for the 13B models, scheduled to decay
to zero by the end of training.

We ran experiments on a GPU cluster in which
each node had eight NVIDIA H200 GPUs. Gen-
erating one billion tokens took less than one node-
day for both 7B and 13B models. Continual pre-
training on 1B tokens required again less than one
node-day for both 7B and 13B models.

3.2 Evaluation Metrics

We evaluated the performance on downstream tasks
as well as perplexity on the original training cor-
pus. As for the downstream tasks, we targeted the
following benchmark datasets which were used in
Team OLMo et al. (2025): MMLU (Hendrycks
et al., 2020), ARC-Challenge (ARC-C) (Clark
et al., 2018), HellaSwag (HSwag) (Zellers et al.,
2019), WinoGrande (WinoG) (Sakaguchi et al.,
2021), Natural Questions (NQ) (Kwiatkowski et al.,
2019), and DROP (Dua et al., 2019). As a sum-
mary for these tasks, we computed the average
score across the benchmarks (AVG). We calculated
the perplexity (PPL) on the OLMo-Mix-1124 cor-
pus.

3.3 Results

Table 1 shows our main results, while Figure 2 illus-
trates the score shift across generations for each set-
ting. We observed that recursive self-training failed
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| MMLU ARC-C HSwag WinoG NQ DROP AVG | PPL
OLMo-2-7B
R = 0 (Base model) 59.8 72.6 81.3 75.8 29.0 40.7 599 | 11434
K =0, R =1 from Stage-1 59.9 72.0 81.5 75.1  29.0 409 59.7 | 11.752
dolmino-mix, R = 1 60.9 73.8 82.1 76.2 293 410 60.6 | 11.104
olmo-mix, R =1 63.9 79.5 83.9 764 343 59.8 663 | 11.104
OLMo-2-13B
R = 0 (Base model) 63.4 80.2 84.8 794 345 49.6 653 | 10.500
K=0R=1 62.9 79.5 84.1 77.7 337 49.1 64.5 | 10.603
dolmino-mix, R = 1 59.1 80.1 85.2 81.3 35.1 50.9 653 | 10.060
olmo-mix, R =1 64.5 80.7 84.4 779 345 48.7 65.1 | 10.216

Table 3: Downstream performance and corpus perplexity, using the pre-training corpus for training.

Win-SC (%) Win-S1-PTC (%) Tie (%)

OLMo-2-7B
K=0R=1 10.82 86.32 2.86
K=0R=2 6.24 91.42 2.34
K=0R=3 1.44 98.16 0.40
K=3R=1 7.80 91.06 1.14
K=3 R=2 2.76 96.64 0.60
K=3 R=3 1.44 98.16 0.40
K=64 R=1 19.14 78.94 1.92
K =64 R=2 15.89 81.11 3.00
K=64 R=3 12.94 83.58 3.48
OLMo-2-13B
K=0R=1 18.02 77.24 4.74
K=0R=2 11.72 85.00 3.28
K=0R=3 7.42 90.34 2.24
K=3R=1 12.32 86.02 1.66
K=3 R=2 4.20 94.74 1.06
K=3 R=3 2.48 96.90 0.62
K=64 R=1 19.38 78.04 2.58
K=64 R=2 15.10 82.78 2.12
K=64 R=3 14.78 82.64 2.58

Table 4: Pairwise evaluation results comparing the synthetic corpus (SC) against the original Stage-1 pre-training
corpus (S1-PTC; OLMo-Mix-1124). “Win-SC” and “Win-S1-PTC” denote the percentages of samples in which SC
and S1-PTC are judged better, respectively, and “Tie” denotes the percentage of samples judged equally good.

to improve model performance in all cases, indicat-
ing model collapse rather than self-improvement.
Regardless of the choice of K token prefixes, down-
stream task accuracy did not increase in any gen-
erations (R = {1, 2, 3}), and perplexity either re-
mained unchanged or worsened. Additionally, as
shown in Table2, filtering generated data by per-
plexity did not contribute to performance gains.

4 Analyses

4.1 Control Experiments

We conducted control experiments to disentan-
gle whether the observed performance changes
stemmed from the nature of the generated data
or from other factors (e.g., an overly high learn-
ing rate). Concretely, starting from the Stage-1
checkpoints, we continued pre-training on 1B to-

kens sampled from Dolmino-Mix-1124, the corpus
used for Stage-2 pre-training. We contrasted this
setting with continued pre-training on a 1B-token
synthetic corpus generated from the Stage-1 check-
points using our pipeline with K = 0. Apart from
the corpus, all hyper-parameters and procedures
were the same as those described in Section 3.1.
Table 3 shows the results. Continual pre-training
on the actual corpus for 7B model improved perfor-
mance across all of downstream tasks and reduced
perplexity and for 13B model, its score in some
tasks decreased from that of base model, but in
most of tasks these were higher than K =0, R =1
setting. These results indicate that the failure of
self-improvement arises from the quality of the syn-
thetic data rather than the training configurations.
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Win-SC (%) Win-S2-PTC (%) Tie (%)

OLMo-2-7B
K=0R=1 5.56 92.54 1.90
K=0R=2 3.08 95.96 0.96
K=0R=3 1.52 97.76 0.72
K=3R=1 3.42 95.94 0.65
K=3R=2 0.90 98.78 0.32
K=3R=3 0.36 99.40 0.24
K=64 R=1 11.44 87.12 1.44
K =64 R=2 8.98 89.60 1.42
K=64 R=3 7.26 91.78 0.96
OLMo-2-13B
K=0R=1 18.02 77.24 4.74
K=0R=2 11.72 85.00 3.28
K=0R=3 7.42 90.34 2.24
K=3R=1 6.52 92.27 1.20
K=3 R=2 1.73 97.78 0.49
K=3 R=3 0.72 99.05 0.23
K=64 R=1 10.58 87.38 2.04
K =64 R=2 9.04 89.50 1.46
K=64 R=3 8.22 90.22 1.56

Table 5: Pairwise evaluation results comparing the synthetic corpus (SC) against the original Stage-2 pre-training
corpus (S2-PTC; Dolmino-Mix-1124). “Win-SC” and “Win-S2-PTC” denote the percentages of samples in which
SC and S2-PTC are judged better, respectively, and “Tie” denotes the percentage of samples judged equally good.

4.2 Analysis on Diversity

Motivated by the observation that perplexity-based
filtering did not translate into performance gains,
we hypothesized that synthetic data might degraded
diversity. For each synthetic corpus, we encoded
its texts into dense vectors with the the embedding
model and computed the cosine similarity matrix
between all embeddings. Let .S be the set of off-
diagonal, upper-triangular cosine similarities. Our
diversity score is:

Diversity = 1 — mean(S),

the complement of the average pairwise similarity
(higher is more diverse). In addition, we report the
statistics (mean, median, min, max) for descriptive
analysis. To quantify the diversity of generated
corpora, we used the Multilingual-ES sentence em-
bedding model (Wang et al., 2024).

Table 6 shows the results. However, no consis-
tent relationship was observed between the diver-
sity scores and downstream task performance. This
suggests that insufficient data diversity is unlikely
to be the primary factor driving the observed per-
formance degradation.

4.3 Analysis on Quality

As additional investigation of the synthetic data,
we conducted a relative evaluation of its quality
as pre-training data compared to original corpus,

using GPT-40 (OpenAl et al., 2024).% As shown
in Table 4 and Table 5, across all settings, OLMo-
Mix-1124 and Dolmino-Mix-1124 were rated as
better than the synthetic data by an large propor-
tion. Moreover, this proportion increased with later
rounds. These results indicate that the synthetic
data is markedly inferior to original corpus as pre-
training data. Based on these results, the difference
of data quality is considered as a major factor that
contributed to the performance degradation.

5 Conclusion

In this work, we investigated about the mixed
results of self-training using non-toy large lan-
guage models through simple recursive pre-training
on self-generated data, conducting experiments
across multiple model sizes and data synthesis
strategies. Our results consistently showed that
self-improvement did not occur under any of the
tested methods. These results suggest that model
collapse observed in naive recursive training is
inherent to the training procedure itself, wheres
self-improvement likely owes its success not to
the model’s autonomous refinement but to human-
designed, strategic synthetic pipelines that inject
external intelligence.

The prompt can be found in Appendix B.
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Limitations

Our experiments were conducted using open-
source models from the OLMo-2 family, selected
for their high reproducibility and accessibility.
While these models are among the strongest open
models currently available, they remain substan-
tially smaller than state-of-the-art closed models
such as GPT-5 or Claude 4. Consequently, our find-
ings may not fully capture the behaviors of larger
proprietary systems, which could exhibit different
dynamics in self-improvement or model collapse.
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A Diversity of Generated Texts

Table 6 provides the detailed diversity statistics of
generated texts.

Model mean median
OLMo-2-7B 0.2423 0.2333
K=0R=1 0.2340 0.2268
K=0,R=2 0.2258 0.2195
K=0R=3 0.2182 0.2132
K=3R=1 0.2221 0.2191
K=3R=2 0.2105 0.2081
K=3R=3 0.2001 0.1980
K =64, R = 0.2246 0.2218
K =64, R = 0.2120 0.2094
K =64, R = 0.1947 0.1927
K=0R=1 0.2456 0.2383
K=0R=1 0.2412 0.2318
K =0, R =1, High-PPL 0.2141 0.2097
OLMo-2-13B 0.2365 0.2313
K=0R=1 0.2475 0.2392
K=0,R=2 0.2313 0.2268
K=0,R=3 0.2312 0.2268
K=3R=1 0.2248 0.2219
K=3R=2 0.2113 0.2087
K=3R=3 0.2012 0.1989
K=64,R=1 0.2246 0.2218
K =64, R=2 0.2120 0.2094
K=64,R=3 0.2016 0.1993

Table 6: Diversity of generated texts.

B Evaluation Prompt for Synthetic Data

Listing 1: Prompt used for pairwise data quality evalua-
tion

Please act as an impartial judge and evaluate
the quality of two text passages.

You should choose the passage that is of higher
overall quality as potential training data
for large language models.

Your evaluation should consider clarity,
coherence, informativeness, naturalness,
factuality, and absence of noise or
artifacts.

Avoid any position biases and ensure that the
order of the texts does not influence your
decision.

Do not favor verbosity. Be objective and provide

a short explanation.

After providing your explanation, output your
final verdict strictly in one of these
formats:

"[[AI]" if text A is better, "[[B]]" if text B
is better, or "[[C]]" for a tie.
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