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Abstract

Large language models (LLMs) are increas-
ingly adopted for handling structured data, in-
cluding tabular and relational inputs, despite
mostly being pretrained on unstructured text.
This raises a key question: how effectively
do pretrained representations from language-
focused LLMs transfer to tasks involving struc-
tured inputs? We address this through con-
trolled experiments using two small open-
source LLMs, systematically re-initializing sub-
sets of layers with random weights before fine-
tuning on structured datasets and comparing
results to unstructured datasets. Our analyses
show that, for structured data, most pretrained
depth contributes little, with performance often
saturating after the first few layers, whereas un-
structured tasks benefit more consistently from
deeper pretrained representations. Pretraining
remains useful mainly in low-resource settings,
with its impact diminishing as more training
data becomes available.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities across a wide range
of natural language understanding and generation
tasks. Their success is primarily attributed to large-
scale pre-training on massive corpora of unstruc-
tured text, which equips them with rich linguistic
and semantic representations. However, many real-
world applications, such as medical diagnostics
from laboratory records, financial forecasting from
transaction tables, and recommendation systems
from user profiles, require reasoning over struc-
tured data. This raises a fundamental question: fo
what extent do the pre-training representations of
standard LLMs, mostly optimized for unstructured
language, transfer to downstream tasks that involve
structured inputs?

A growing body of research has explored de-
veloping specialized models for tabular and struc-
tured data. Notable examples include TabLLM

(Hegselmann et al., 2023) and StructGPT (Jiang
et al., 2023) and related approaches, which explic-
itly train models explicitly to consume structured
inputs such as tables or databases, often achieving
strong performance in tasks like clinical decision
support or financial analysis. These works treat
the structured nature of the data as first-class, de-
signing pre-training objectives and architectures
to accommodate strict typing, relational dependen-
cies, and schema alignment. At the same time,
researchers increasingly employ general-purpose
language models for prediction over structured
inputs, motivated by the observation that many
feature values and names carry linguistic mean-
ing. For instance, in clinical settings, a value
such as “shortness of breath” in a symptom col-
umn or “metformin” in a medication field already
encodes rich semantic content that LLMs can inter-
pret through their pre-training. Similarly, feature
names like “heart rate” or “blood pressure” convey
meaningful relations that can guide the model’s
reasoning without requiring explicit schema en-
coding. Complementary lines of work focus on
hybrid reasoning over structured and unstructured
sources: GMELLO (Chen et al., 2024) integrates
knowledge graphs for multi-hop question answer-
ing, SUQL (Liu et al., 2024) enables unified query-
ing over structured data and free text, and LLA-
MACARE (Li et al., 2024) converts structured elec-
tronic health records into textual representations
for downstream language-model training.

Therefore, in our work we consider standard
LLMs, originally pre-trained mostly on unstruc-
tured text, and ask whether their internal rep-
resentations are inherently useful for structured
data tasks once appropriate adaptations are made.
More specifically, we investigate how different
transformer-based (Vaswani et al., 2017) LLM lay-
ers contribute to performance when models are fine-
tuned on both structured and unstructured down-
stream tasks.
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We operationalize “structured data” as datasets
composed of records organized into tables of typed
features (e.g., credit histories, sensor readings).
To make these inputs compatible with text-based
LLMs, we adopt a verbalization strategy, convert-
ing records into natural language sequences. We
then fine-tune LLMSs on classification tasks, and
contrast these results with non-generative tasks in-
volving unstructured text, chosen to stay as compa-
rable as possible in format and complexity.

Inspired by earlier work (Tamkin et al., 2020),
our methodology involves systematically altering
the model’s initialization: keeping a subset of
layers from the original pre-training untouched
while randomizing the rest, and then fine-tuning the
model under these different conditions. By measur-
ing performance and applying linear probing to hid-
den states, we analyze whether pre-trained layers
encode information beneficial to structured tasks,
and how these benefits compare to unstructured
ones. We focus on relatively small generative lan-
guage models (SLMs, up to 1 billion parameters),
as the target tasks in this study are non-generative
and do not require large-scale text generation capa-
bilities.

Our experiments reveal an important insight:
most of the layer weights in a pre-trained SLM,
while highly beneficial for unstructured text tasks,
appear to contribute little to structured data tasks.
In fact, they can often be discarded without loss in
performance when fine-tuning for such tasks.

To summarize, this study is guided by the fol-
lowing research questions:

RQ1: Are the weights of standard generative
SLMs, created by the pre-training phase, beneficial
for fine-tuning the model on downstream tasks that
involve structured data inputs?

RQ2: What effect does reducing the size of train-
ing sets have on the performance of a standard
SLM, when fine-tuned on downstream tasks involv-
ing structured data compared to those involving
unstructured data?

RQ3: How do the contributions of individual lay-
ers in a fine-tuned SLM behave when handling
structured data, and how do these behaviors differ
from those observed in unstructured data tasks?

The rest of the paper is organized as follows.
We first describe the methods used in our study,
followed by the experiments addressing the three

research questions. Next, we discuss related work
and conclude with a discussion of our findings.

2 Methods

In this section, we outline the experimental frame-
work used to investigate how relatively small gen-
erative language models (LMs) handle structured
data tasks compared to unstructured, textual ones.

We design a series of experiments to isolate the
contribution of pretrained representations, analyze
the role of model depth, and evaluate how perfor-
mance scales with dataset size. Our analysis com-
bines both representational probing and controlled
weight re-initialization to capture complementary
aspects of model behavior. The following sections
outline the techniques used in our experimental
design.

2.1 Random Re-initialization

To quantify the contribution of pretrained weights,
we conduct a controlled layer re-initialization anal-
ysis. Given a transformer-based (Vaswani et al.,
2017) LM with X layers, we train variants where
the top (i.e., closer to the classification head) y lay-
ers (0 < y < X) are re-initialized with random
values, while the remaining layers retain their pre-
trained values. At one extreme (y = 0), the model
remains entirely pretrained; at the other (y = X), it
is trained from scratch. Re-initialization is applied
to all parameters within the selected layer, includ-
ing those of both the attention and feed-forward
subcomponents. A standard transformer-based LM
consists of an embedding layer, a stack of trans-
former layers, and a final unembedding or classifi-
cation head. We re-initialize only the transformer
layers, keeping both the embedding and unembed-
ding layers fixed, since our goal is to isolate the
effect of pretraining in the contextual layers rather
than in static token embeddings. The unembedding
weights are typically tied to the embedding matrix,
using its transpose, as shown by Press and Wolf
(2017).

By systematically varying y and comparing
downstream task performance, we isolate which
layers contribute most critically to fine-tuning suc-
cess on structured versus unstructured data.

Random re-initialization is drawn from a normal
distribution with zero mean and a standard devia-
tion matching that of the original pretrained layers
in the same model.
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Type Dataset Train Test
Bank Marketing 36,168 9,043
California Housing 16,512 4,128
Structured German Credit 800 200
Adult Income 39,074 9,768
Heart Disease 734 184
SNLI (Bowman et al., 2015) 549,367 9,842
Unstructured ~ SST-2 (Socher et al., 2013) 67,349 1,821
TREC (Voorhees and Tice, 2000) 5,452 500

Table 1: Datasets used in this study. Structured datasets are adapted from the TABLLM framework, consisting
of tabular binary classification tasks. Unstructured datasets are drawn from the GLUE benchmark and evaluate

linguistic understanding.

2.2 Datasets

We use two types of datasets: structured tabular
data and unstructured textual data. The complete
dataset statistics are presented in Table 1. License
information is provided in Appendix E.

Structured data. Inspired by prior research on
language modeling for tabular data, we follow the
experimental setup of the TABLLM framework
and adopt its collection of datasets, which consist
of binary classification tasks designed to evaluate
model performance on structured tabular inputs.
Following previous surveys (Kadra et al., 2021;
Grinsztajn et al., 2022; Borisov et al., 2023), we se-
lect five datasets that include textual feature names
suitable for natural language serialization: Bank
Marketing (45,211 rows; 16 features), California
Housing (20,640; 8), German Credit (1,000; 20),
Adult Income (48,842; 14), and Heart Disease
(918; 11). We adopt the same prompt templates
and serialization strategies as in TABLLM for con-
sistency and comparability.

Unstructured data. To contrast with structured
tasks, we also evaluate the models on three unstruc-
tured datasets from the GLUE benchmark (Wang
et al., 2019): SNLI (Bowman et al., 2015) for natu-
ral language inference, SST-2 (Socher et al., 2013)
for sentiment analysis, and TREC (Voorhees and
Tice, 2000) for question type classification. These
datasets are substantially larger than the tabular
ones and probe semantic and linguistic understand-
ing, offering a complementary perspective on layer
effectiveness and the utility of pretrained weights.

2.3 Evaluation

We use two complementary evaluation perspectives
to assess both task performance and representa-
tional quality.

Evaluation with ROC-AUC and accuracy. For
structured data, we report the Area Under the ROC
Curve (ROC-AUC) as the primary metric, follow-
ing standard practice in tabular-data learning, since
it captures performance across decision thresholds.
For textual benchmarks, we use accuracy as the
main metric, which directly reflects classification
correctness. When referring to performance in the
results, we report ROC-AUC for structured datasets
and accuracy for unstructured datasets.

Evaluation with probing. Beyond task-level
metrics, to address RQ3, we examine how infor-
mation is internally represented across layers. For
each intermediate layer’s hidden state, we extract
activations and train lightweight classifiers—linear
logistic regression—to predict the gold labels, fol-
lowing standard probing methodologies (Conneau
et al., 2018; Tenney et al., 2019b). This layer-wise
probing approach provides a fine-grained view of
how structured information is encoded at different
depths, revealing which layers capture the most dis-
criminative representations and whether redundant
encoding occurs in deeper layers.

3 Experiments

We begin by describing the general experimental
setup and then present the experiments designed
to address the three research questions outlined
above.

3.1 Experimental Settings

All models are fine-tuned on the provided train-
ing splits and evaluated on validation and test sets.
Training runs for up to ten epochs with early stop-
ping based on validation-set performance, mea-
sured after each epoch. Each experiment is re-
peated with three random seeds for robustness. For
layer-wise evaluation, we employ a regularized Lo-
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Figure 1: Comparison of pretrained models vs. randomly re-initialized models. Blue bars (left) correspond to
structured datasets, while orange bars (right) correspond to unstructured datasets. Dark shades indicate pretrained
models, and light shades indicate randomly re-initialized models. Each block contains four bars: the two leftmost
solid bars represent the pretrained and randomly re-initialized variants of the L1ama-3.2-1B-Instruct model, and
the two rightmost hatched bars represent the same corresponding variants of Gemma-3-1B.

gistic Regression (LoR) probe trained using 5-fold
cross-validation. Implementation details, including
optimizer settings, batch sizes, prompt templates,
and the LoR configuration, are provided in Ap-
pendix A.

We employ two recent small generative lan-
guage models, Llama-3.2-1B-Instruct (Tou-
vron et al., 2024) and Gemma-3-1B(Mesnard and
the Gemma Team, 2025), as representative architec-
tures for analyzing the role of pretraining in trans-
fer to structured data tasks. Both are open-weight,
transformer-based models that preserve the design
principles of their larger counterparts while remain-
ing computationally efficient for extensive probing,
layer truncation, and controlled fine-tuning. Their
compact size enables controlled and interpretable
experiments without the confounding effects of
scale, making them ideal for isolating the repre-
sentational contribution of pretrained weights to
structured-data tasks. More information about why
we choose to experiment with these two models is
provided in Appendix B. Model license informa-
tion is provided in Appendix E.

Re-initialization is fully random and consistent
per seed. Our code and full experimental configu-
rations are publicly available. !

lhttps ://github.com/DanielFadlon/
pretraining-for-structured

3.2 RQI1: Importance of Pretrained Weights
in Fine-Tuning on Structured Data

To isolate the contribution of pretraining from ar-
chitectural or capacity-related factors, we compare
two variants of the same model architecture: (1) a
fully pretrained version and (2) an identical model
whose parameters are entirely re-initialized with
random weights. We fine-tune each model variant
on all downstream tasks and evaluate its perfor-
mance across the two data type categories, compar-
ing the results to analyze their relative effectiveness.
By contrasting their performance, we can quantify
the specific advantage conferred by pretraining and
determine whether the observed gains arise from
learned representations or merely from the model’s
architectural expressiveness.

Figure 1 presents the results across both struc-
tured and unstructured datasets. As illustrated,
the performance gap between the pretrained and
randomly initialized models is notably small for
structured datasets. In several instances, the model
trained from random initialization performs com-
parably to, or even exceeds the pretrained version.
These results indicate that, for structured data, a
substantial portion of the model’s effectiveness
stems from its architectural design and fine-tuning
process rather than from the linguistic knowledge
acquired during pretraining.

In contrast, for unstructured datasets, the gap
remains pronounced, emphasizing the continued
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Figure 2: Performance gap (in percentage points) between pretrained and randomly re-initialized model variants
across varying training set sizes. Solid lines denote L1ama-3.2-1B-Instruct; dashed lines denote Gemma-3-1B.
Markers correspond to individual tasks (e.g., SST-2). Positive values indicate a gain from pretraining. Structured
data results are shown on the left; unstructured data on the right.

importance of pretrained representations even after
extensive fine-tuning with a relatively large num-
ber of examples. However, for structured datasets,
across tasks that vary in training set size, from the
larger Bank Marketing dataset (45,211 rows, 16
features) to the smaller Heart Disease dataset (918,
11), this advantage largely disappears, revealing a
fundamental difference in how pretraining effects
carry over across data types.

To conclude RQ1, our results indicate that for
structured datasets, pretrained weights contribute
little, and in some cases not at all, to the overall
performance of the model. However, this finding is
unlikely to generalize to all settings. In many real-
world transfer learning scenarios, the amount of
training data is limited or partially observed, condi-
tions in which pretrained knowledge may become
substantially more valuable. This leads to our next
question: how does the amount of training data
affect the relative advantage of pretraining? We
explore this in the following section.

3.3 RQ2: Impact of Training Set Size

To study whether the impact of pretraining on mod-
els fine-tuned for structured data tasks depends on
the amount of training data available, we perform
a controlled scaling analysis. For each structured
dataset, we fine-tune both the pretrained and the
randomly re-initialized variants on smaller subsets
of the training data. This design allows us to assess
whether pretrained representations become more
beneficial when data is limited, as commonly hy-
pothesized in transfer learning.

Like before, we repeat each run three times, sam-
pling a different training subset from the full dataset
while maintaining a consistent set of random seeds
across tasks. In other words, we use three distinct
seeds, each determining one training subset of the
target size for every dataset.

Figure 2 shows the performance difference, mea-
sured in percentage points, between the pretrained
model variant and the randomly re-initialized
variant, across different training-set sizes for
Llama-3.2-1B-Instruct and Gemma-3-1B. Since
each experiment is repeated three times, we com-
pute the mean performance across the three runs
for each model variant and then calculate the differ-
ence between these two mean values. For absolute
performance numbers see Appendix C.

When trained on the full dataset (appears as All
in the figure), the two variants trained on struc-
tured datasets achieve similar results, consistent
with our findings in RQ1. However, as the training
set size decreases, a modest but consistent advan-
tage for the pretrained model emerges. The differ-
ence is most pronounced at intermediate sizes (e.g.,
128-512 samples), where the pretrained model
leverages prior knowledge to generalize better from
limited examples.

Although the absolute numbers are not shown in
the figure, at the smallest data scale (32 samples),
both model variants perform poorly, suggesting that
neither architecture nor pretraining can compen-
sate for extreme data scarcity. Conversely, when
the data size increases to 1,024 samples or more,
the gap narrows substantially—indicating that as
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Figure 3: Layer-wise probing performance for the pretrained Llama-3.2-1B-Instruct model (leff) and
Gemma-3-1B (right) on structured and unstructured tasks using Logistic Regression probes.

the model gains sufficient exposure to structured
examples, the architectural capacity alone becomes
sufficient to capture the task structure.

For unstructured datasets, a somewhat different
pattern emerges. The gaps between the pretrained
and randomly re-initialized variants remain sub-
stantial across all training set sizes, though they
decrease sharply when the full training data is used.
It is important to note that the final curve segments,
from 512 samples to the full dataset, are not directly
comparable across datasets because their total train-
ing sizes differ. Nevertheless, these results indicate
that pretrained weights consistently benefit models
fine-tuned on unstructured data, particularly when
training data is limited, but also to a meaningful
extent even when large training sets are available.

To conclude RQ2, our findings show that for
structured datasets, pretraining provides a clear ad-
vantage mainly in low-resource settings, while its
contribution becomes marginal as the amount of
supervised training data increases.

3.4 RQ3: Layer Analysis

Building on the evidence that pretrained represen-
tations provide useful information for tasks involv-
ing structured data, we next examine where these
effects are concentrated within the model. Specifi-
cally, we analyze which layers carry the most im-
pactful weights and how this pattern differs be-
tween structured and unstructured data settings.
This comparison allows us to observe how pre-
training influences the fine-tuning dynamics and
representation depth across domains.

Probing layer representations. To investigate
where pretrained representations contribute most
to structured data performance, we first probe
each layer’s activation vector of the pretrained

model in a zero-shot setting. This analysis mea-
sures the representational quality of each hidden
layer, that is, its ability to capture informative
latent features relevant to the target task. Fig-
ure 3 comprises two subfigures, each illustrating
the probing results obtained via LoR for a differ-
ent model: Llama-3.2-1B-Instruct on the left
and Gemma-3-1B on the right. Both show a similar
trend, where unstructured tasks (different shades of
orange) exhibit a steadily improving pattern across
layers, while structured tasks (different shades of
blue) display an almost flat line. This indicates that
deeper layers contribute little additional value for
structured inputs, suggesting that most of the use-
ful inductive bias is already captured in the lower
layers.

Controlled layer re-initialization. To further
validate these observations, we conduct a con-
trolled experiment in which we progressively re-
initialize higher layers (closer to the classification
head) while keeping a fixed number of lower layers
pretrained. Figure 4 shows the fine-tuned perfor-
mance as a function of the number of preserved
pretrained layers, ranging from O to 16, for both
model architectures used in this study. For in-
stance, a value of 4 on the x-axis indicates that the
model retains the original pretrained weights for
the first four layers, while layers 5 through 16 are
randomly re-initialized. The results align with the
probing analysis: in unstructured tasks (different
shades of orange), each additional pretrained layer
yields a gradual improvement in accuracy, though
for TREC this improvement plateaus earlier. In
contrast, for structured tasks (different shades of
blue), the benefit of additional pretrained layers
saturates almost immediately after the first layer.
In many cases, models retaining only the first or
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second pretrained layer perform comparably to, or
even slightly better than, the fully pretrained model
(represented by 16 on the x-axis).

Layer truncation. Finally, to isolate whether
this early-layer effectiveness stems from its in-
teraction with deeper transformer blocks or from
genuinely informative weights, we repeat the ex-
periment using truncated models containing only
one transformer layer connected directly to the lan-
guage modeling head. As shown in Figure 5, these
lightweight model configurations achieve perfor-
mance comparable to the full model, confirming
that the most impactful pretrained representations
for structured data reside within the very first layer.
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Figure 5: Performance comparison when fine-tuning
only the first transformer layer (1-layer-truncated).
Each block shows L1ama-3.2-1B-Instruct results on
the left (solid bars) and Gemma-3-1B results on the
right (hatched bars). Purple shades represent 1-layer-
truncated variants, dark blue indicates pretrained mod-
els, and light blue corresponds to randomly initialized
weights.

To conclude RQ3, our findings highlight a clear
distinction between structured and unstructured
datasets. In unstructured tasks, knowledge builds
progressively through deeper layers, while in struc-

tured data tasks, nearly all transferable information
resides in the lower layers. This suggests that fu-
ture model architectures or adaptation strategies
for structured data may benefit more from optimiz-
ing the lower layers rather than depending on deep
pretrained stacks.

4 Related Work

The growing body of research on transfer and adap-
tation in language models has revealed that pre-
trained representations are not uniformly useful
across layers, domains, or data modalities. Our
work builds on this line of inquiry by examining
how and where pretrained knowledge persists when
language models are fine-tuned on structured data.

4.1 Pretrained Models on Structured Data

Recent efforts have begun testing the adaptability
of pretrained LLMs to tabular or otherwise struc-
tured inputs. Rabbani et al. (2025) show that fine-
tuning GPT-based models on serialized tables can
outperform traditional machine-learning baselines
(i.e., XGBoost), implying that pretraining on text
gives these models a broad ability to capture pat-
terns useful for non-textual, structured data as well.
Structure-aware parameter-efficient approaches for
fine-tuning, such as TableLoRA introduced by He
et al. (2025), further demonstrate that explicitly en-
coding table geometry in LoRA adapters improves
performance, suggesting that structural awareness,
rather than raw language exposure, drives much
of the gain. Extending this idea, Rubachev et al.
(2025) and Garg et al. (2025a) adapt the TabPFN
family through continual pretraining on real tables,
finding that better alignment between pretraining
and downstream data modalities yields consistent
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improvements. Together, these studies establish
that pretrained language models can transfer to
structured settings, but they leave open which com-
ponents of the model actually enable this transfer
and whether the observed benefits arise from the
pretrained weights themselves or from the trans-
former architecture’s inherent capacity to adapt to
such data. Our work addresses this question di-
rectly by analyzing the layer-wise contribution of
pretrained weights in such domains.

4.2 Contributions of Individual Layers to
Fine-Tuning

A complementary research thread investigates how
different layers evolve during fine-tuning. Early
probing studies by Merchant et al. (2020) and
Zhou and Srikumar (2022) revealed that fine-tuning
mainly reshapes higher layers, while lower layers
remain largely stable, suggesting that base represen-
tations learned during pretraining are preserved and
reused. More recent large-scale analyses, such as
the alignment experiments of Harada et al. (2025),
confirm that the strongest correlation with down-
stream gains often arises in mid-level layers rather
than the deepest ones. The most influential method-
ological contribution in this area (Tamkin et al.,
2020), introduced partial re-initialization to isolate
the contribution of specific layers in a BERT (De-
vlin et al., 2019) model. They showed that when
the fine-tuning training set is limited in size, only a
few early layers carry meaningful transferable sig-
nal; as the data grows, more layers become useful.
This idea, that transferability is localized yet depen-
dent on training set size, serves as a central premise
of our work, which reexamines it in the context of
structured, non-linguistic data using decoder-style
small language models.

4.3 Model Truncation and Efficient
Sub-models

Efficiency-driven studies offer additional insight
into which parts of a model matter most. Sajjad
et al. (2023) demonstrate that removing upper lay-
ers of BERT or RoBERTa (Liu et al., 2019) barely
affects GLUE accuracy, implying that the lower
layers contain most transferable capacity. Kave-
hzadeh et al. (2024) extended this observation to
decoder architectures, showing that sub-models
with only thirty-six out of forty layers can per-
form on par with the full L1ama-2-13B. Similarly,
works exploring top-layer re-initialization, such as
(Zhang et al., 2020), report improved stability once

task-specific patterns replace pretraining artifacts.
These findings indicate that substantial pretrained
capacity can be preserved even after removing or re-
initializing higher layers, suggesting a non-uniform
distribution of pretrained knowledge across depth.

4.4 Fine-Tuning Behavior and Transfer
Learning

A broader body of work examines how pretrained
language models behave under limited supervision
and domain mismatch. A first line of research
shows that fine-tuning pretrained language models
in low-data regimes is often unstable and prone
to overfitting (Dodge et al., 2020; Mosbach et al.,
2020; Perez et al., 2021).

In contrast, (Hegselmann et al., 2023; Garg et al.,
2025b) show that even a small number of highly
out-of-distribution examples can enable effective
transfer under minimal supervision.

While studies on truncation focus on identifying
which layers preserve pretrained competence, com-
plementary work examines how layers adapt during
fine-tuning. Layer-wise analysis further indicated
that transferable information in pretrained models
is concentrated in early components: lower layers
encode surface-level features and remain relatively
stable across tasks, while higher layers capture se-
mantic abstractions and adapt strongly during fine-
tuning (Tenney et al., 2019a; Merchant et al., 2020).
Consistent with this observation, studies on cross-
domain transfer show that adapting only the early
representations—such as token embeddings—can
be sufficient for effective transfer, with deeper lay-
ers primarily supporting task-specific refinement
(Artetxe et al., 2020).

Taken together, these studies support a consistent
conclusion across tasks and domains: the benefit of
pretraining is localized, data-dependent, and often
tied to learning input structure rather than high-
level task semantics. Our findings on structured
data align closely with this pattern.

5 Discussion

Architecture versus pretraining: what truly
matters for structured data. Our results sug-
gest that, once sufficient labeled data is available,
most of the performance on structured classifica-
tion tasks comes from the model’s architecture
and the supervised fine-tuning process rather than
from deep pretrained representations. In practice,
the transformer’s structural design—its attention
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mechanisms and capacity to model feature interac-
tions—appears sufficient to learn the relationships
present in tabular data. Pretraining contributes
only marginally beyond the earliest layers. These
findings extend earlier observations on partial re-
initialization and layer truncation, showing that
transferable knowledge is concentrated near the
model’s input interface and that this behavior per-
sists when language models are adapted to serial-
ized structured data. From a practical standpoint,
pretraining should be regarded as helpful mainly in
low-data regimes rather than as a necessary condi-
tion for deep models to perform well on structured
inputs.

Locating transferable knowledge. Both the
layer-wise probing and progressive re-initialization
analyses indicate that most reusable information re-
sides in the model’s input interface, particularly in
the embedding layer and the first transformer block.
This pattern aligns with the kinds of cues available
in serialized tables. Feature names such as heart
rate or metformin provide linguistic anchors that
the model can interpret, while recurring numerical
and formatting patterns, for example, blood pres-
sure readings like “132/88”, thousands separators,
or units such as “mg/dL”, form systematic input
patterns that the model can exploit. This sensitivity
to input format echoes findings from studies on
tokenization and arithmetic robustness (e.g., Singh
and Strouse, 2024), which show that even small
variations in number formatting can degrade per-
formance. Overall, transfer in structured data tasks
appears to rely on shallow structural patterns rather
than on deep semantic generalization.

6 Conclusion

This study addressed three research questions ex-
amining how pretrained language models transfer
to structured data tasks. Through probing and layer
re-initialization experiments, we found that, unlike
in unstructured NLP tasks, most of the transferable
signal for structured classification is concentrated
in the first pretrained layer. Building on this in-
sight, we showed that truncated models retaining
only the earliest layer can match or even surpass
the performance of fully pretrained counterparts.
Overall, our results reveal the limited importance
of model depth and large-scale pretraining in struc-
tured domains, suggesting that future work should
focus on lightweight, domain-aligned architectures
and pretraining strategies tailored to the statistical

and relational properties of structured data.

Limitations

This study has several limitations that should be ac-
knowledged. First, our experiments focus solely on
classification tasks. This choice makes evaluation
straightforward and enables precise measurement
of performance differences, but it also limits the
generalizability of our findings to other task types.
Future research could explore whether similar pat-
terns hold for regression, ranking, or generation
tasks.

Second, we evaluate only two relatively small
open-source models, which makes it possible to
perform detailed and repeated analyses. However,
this limited scope may reduce the breadth of our
conclusions. Expanding the study to include addi-
tional architectures and larger-scale models could
offer a more complete understanding of how pre-
training effects vary across model families.

Finally, although we consider a reasonable range
of structured and unstructured tasks, our dataset
collection remains modest. Testing on a wider vari-
ety of datasets and domains would help confirm the
stability of our observations and clarify the extent
to which they generalize.

Our work is intended solely for research pur-
poses. We believe that our work poses no potential
risks.
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A Appendix: Training Details

All experiments were conducted on a multi-GPU
workstation equipped with 4 x NVIDIA GeForce
RTX 3090 GPUs, providing a total of 96GB dis-
tributed GPU memory. We estimate that all experi-
ments combined required approximately 500 hours
of computation time.

Our training approach combines both parameter-
efficient fine-tuning with LoRA and regular full
fine-tuning with float16. For each task, we adopt
a dual-focus training setup, in which the model is
fine-tuned on the complete prompt together with
the corresponding target response.

LoRA Configuration . We employ Low-Rank
Adaptation (LoRA) (Hu et al., 2021) for parameter-
efficient fine-tuning only on fully pretrained mod-
els alongside standard full fine-tuning. We used
the following configuration: Rank (r): 64; Alpha
(a): 32; Scaling factor: «/r = 0.5; Trainable
parameters: ~0.5% of total parameters.

For each task, the best performance obtained
across these settings is reported as the pretrained
fine-tuned result.

Weight Injection Strategies We used two strate-
gies: (1) FULLY-RANDOM: re-initialize a per-
centage of randomly selected parameters; (2)
SELECTED-LAYERS: target specific layers for re-
initialization; For both, we re-initialize the trans-
formers layer by layer with random wights yielded
from a normal distribution with mean O and same
std as the source transformer.
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Figure 6: The performance of each task as a function the training size. the left figure present the structured tasks
and the right side present the unstructured tasks. The shape present the task. The blue solid lines are the pretrained
model and the dashed lines are the random weights models.

Training Hyperparameters Table 2 presents our  parallelization across available CPU cores.
training configuration. We train for 10 epochs with
a learning rate of 2 x 10~% and weight decay of B Appendix: Model Selection
0.01. We use a warmup ratio of 0.06, applying
warmup for 6% of total training steps. We compared Llama-3.2-1B-Instruct with
larger variants in the same model family, and con-
Logistic Regression Setup. We train a reg- cluded that it is competitive in performance on
ularized Logistic Regression (LoR) classifier  the tasks that we care about in this study. Table
implemented as a pipeline consisting of a 3 summarizes the performance of several Llama
StandardScaler for feature normalization fol-  model variants under two regimes: zero-shot learn-
lowed by a LogisticRegression model. Model  ing and supervised fine-tuning. The results illus-
hyperparameters are selected using 5-fold cross-  trate that large-scale pretraining provides some
validation with GridSearchCV, optimizing for initial capability even without task-specific adap-
ROC-AUC (binary) or weighted one-vs-rest ROC-  tation (e.g., LLaMA-3.3-70B-Instruct reaches
AUC (multiclass). 81% on structured datasets), yet substantial gains
For binary classification, we evaluate both L1  appear only after fine-tuning (up to 94% with
and L2 regularization using the liblinear (L1) LLaMA-3.1-8B-Instruct). The consistent im-
and 1bfgs (L2) solvers, with the regularization  provement across Adult Income, Heart Disease,
strength C' € {0.1,1.0,10.0}. For multiclass  and Bank benchmarks highlights that while pre-
classification, we use the 1bfgs (L2), saga (L1), trained representations offer a reasonable initializa-
and liblinear (L2 fallback) solvers, employing a  tion, effective adaptation to structured inputs still
multinomial loss for 1bfgs/saga and a one-vs-rest  requires task-level optimization. Notably, in the
scheme for liblinear. zero-shot setting, Llama-3.1-8B-Instruct correctly
All models are trained with balanced class identifies the California Housing task as out-of-
weights, a maximum of 2,000 iterations, and full ~ distribution and responds by indicating that fine-
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Hyperparameter Value
Learning rate 2x 1074
Epochs 10
Weight decay 0.01
Warmup ratio 0.06
Gradient accumulation 16 steps
Per-device batch size 2
Optimizer AdamW

Table 2: Training hyperparameters for all experiments.

tuning is required, a behavior not observed for the
other datasets.

For the core analyses, we focus on small-scale
open-source models—Llama-3.2-1B-Instruct
and Gemma-3-1B—which balance between archi-
tectural expressiveness and interpretability. Their
modest size enables systematic layer-wise re-
initialization, probing, and resource-efficient repli-
cation. Both families are instruction-tuned and
publicly available, facilitating reproducibility and
alignment with the broader small-language-model
research trend. Moreover, Llama and Gemma dif-
fer slightly in tokenizer design and pretraining cor-
pus, providing a useful contrast between decoder-
only architecture and compact transformer, allow-
ing us to test whether observed effects general-
ize across pretraining pipelines rather than being
model-specific artifacts.

C Appendix: The Impact of Data Size

Figure 6 complements the gap analysis presented in
Figure 2 by showing absolute performance trends
across data sizes. For structured tasks (left panels),
both pretrained and randomly initialized models
start from comparable accuracy when datasets are
scarce. Pretrained variants converge faster, but the
gap narrows as training data grow—by the full-
data regime, both models reach nearly identical
scores. In contrast, unstructured tasks (right pan-
els) show a consistent and large advantage for pre-
trained weights: models trained from scratch re-
main substantially below their pretrained baselines
even with full supervision.

D Al Assistants

‘We utilized Al assistants, such as ChatGPT, to as-
sist with code formatting, phrasing suggestions,
and LaTeX styling during writing. All outputs
were reviewed and edited by the authors, ensuring
no content was generated or used without human
verification.

E License

We detail the models and datasets we use and their
respective licenses in Table 4. We use all resources
in accordance with their original intended purpose.

F Preserved Layers Experiments

In some experiments shown in Figure 4 in the
text, mainly with Gemma-3-1B, we received re-
sponses that did not follow the textual format
specified in the prompt. We treated such out-
puts as hallucinations and excluded experiments
where the hallucination rate was high. As a result,
for certain layer-level experiments, only a single
seeded run was used instead of three, which is the
standard for all other settings. Specifically, for
Gemma-3-1B on the SNLI task, we used a single
seed for layers 4, 5, and 9, while for layer 11, no
valid runs were obtained for either Gemma-3-1B or
Llama-3.2-1B-Instruct. For all other tasks, we
report on three seeded runs using both models.
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Setting Model Income Heart Bank Credit-g Cal-housing

Zeroshoy  L1ama-3.3-70B-Instruct ~ 81.60  87.10 5952 50.56 81.86
Llama-3.1-8B-Instruct 82.08 75.60 60.37 48.55 -

Finetuned  Llama-3.1-8B-Instruct  91.80 9405 9334 7425 100

e-tunee 1 jama-3.2-1B-Instruct 88.55  93.13 9230  77.87 100

Table 3: Performance comparison (in ROC-AUC %) across models and settings on structured datasets.

Heart Prompt Example

Given the patient condition: Age: 58, Sex: M, Chest Pain Type: ATA, Resting
blood pressure: 130, Serum cholesterol: 251, Fasting blood sugar > 120 mg/dl:
0, Resting electrocardiogram results: Normal, Maximum heart rate achieved: 110,
Exercise-induced angina: N, ST depression induced by exercise relative to rest: 0.0,
Slope of the peak exercise ST segment: Up.

Does the coronary angiography of this patient show a heart disease?

Bank Prompt Example

Based on the following bank information about the client: age: 31, type of job: tech-
nician, marital status: married, education: university.degree, has credit in default?:
no, has housing loan?: yes, has personal loan?: no, contact communication type:
cellular, last contact month of year: aug, last contact day of the week: Thursday,
last contact duration (in seconds): 95, number of contacts performed during this
campaign and for this client: 1, number of days that passed by after the client was
last contacted from a previous campaign: 999, number of contacts performed before
this campaign and for this client: 0, outcome of the previous marketing campaign:
nonexistent.

Does this client subscribe to a term deposit?

SST2 Prompt Example

Consider the following sentence: "It ’s a charming and often affecting journey."
Based on its content, determine whether the sentiment expressed is positive or
negative?

Figure 7: Examples of hydrated prompts for structured and unstructured tasks. Each task is phrased as a natural-
language query—structured inputs (e.g., Bank Marketing) ask a factual question, while unstructured inputs (e.g.,
SST-2) require subjective interpretation.

Artifact Type License

Bank Marketing Dataset CC BY 4.0
California Housing Dataset CCBY 4.0

German Credit Dataset CCBY 4.0

Adult Income Dataset CC BY 4.0

Heart Disease Dataset CCBY 4.0

SNLI Dataset CC BY-SA 4.0

SST-2 Dataset CCO0 1.0

TREC Dataset CCBY 4.0
Llama-3.2-1B-Instruct  Model = Llama 3.2 Community License
Gemma-3-1B Model Gemma Terms of Use

Table 4: License and usage summary of all datasets and models used in this study.

3365



