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Abstract

Frontier labs employ computationally intensive reinforcement learning pipelines to
enhance base models’ performance on mathematical and logical reasoning tasks.
However, the extent to which these improvements represent newly learned capabili-
ties versus activation of latent abilities remains unclear. We address this question by
demonstrating that both sample-efficient and parameter-efficient training methods
successfully elicit reasoning capabilities, but only from sufficiently large base
models. We find that finetuning with as few as 29 DeepSeek R1 reasoning traces
is sufficient to recover substantial reasoning performance in the 32B parameter
version of Qwen2.5-Instruct, while the 1.5B and 7B versions see small or nega-
tive gains despite improvements in validation loss. Furthermore, we show that a
rank-1 LoRA with just 0.03% as many trainable parameters achieves substantial
performance improvements on 32B models, demonstrating that these gains are
not simply a consequence of larger models having greater training capacity. Our
findings reveal that reasoning capabilities can be efficiently elicited from large
models through minimal data and parameter updates, while smaller models fail
to benefit from these same efficient methods. This stark difference in learning
efficiency suggests that general reasoning capabilities may already be partially
latent in larger models, with important implications for our understanding of how
capabilities emerge with scale.

1 Introduction

Modern large language models are trained specifically to do chain-of-thought (CoT) reasoning [7, 11],
usually through computationally expensive reinforcement learning pipelines, or through supervised
finetuning using a large number of samples. These models perform substantially better on mathemati-
cal and logical reasoning benchmarks compared to models that don’t have this additional training.
DeepSeek has previously released a suite of distilled reasoning models based on Qwen2.5-Instruct,
which were trained using 800k examples of reasoning traces from their 671B parameter R1 model[3].

Recent work has shown that a significant amount of this performance can be efficiently trained into
base models using small, curated datasets of reasoning traces from CoT reasoning models. Sky-T1
[5] uses a dataset of 17,000 reasoning traces to achieve performance comparable to OpenAI’s o1
model, while s1 [6] achieves even higher performance using just 1000 examples from DeepSeek
R1. Additional work has shown that representations useful for reasoning are already present in base
models, suggesting that reasoning capabilities may be elicited rather than taught [10].

In this work, we investigate the limits of sample efficient training across various model scales by
finetuning 1.5B, 7B, 14B, and 32B parameter models in the Qwen2.5-Instruct model family [8].
We train using subsets of the s1k-1.1 dataset, from as few as 29 examples up to the full 1000-example
dataset (excluding a small subset for validation). We evaluate our trained models on challenging
reasoning benchmarks including AIME 2024, AIME 2025, and GPQA Diamond [1, 9].

Code for this paper is available at https://github.com/jnward/scale-dependent-elicitation

39th Conference on Neural Information Processing Systems (NeurIPS 2025) Workshop: Efficient Reasoning.

https://github.com/jnward/scale-dependent-elicitation


1.5B 7B 14B 32B
Model Size

20

0

20

40

60

80

100

120

Pe
rfo

rm
an

ce
 R

ec
ov

er
ed

 (%
)

AIME 2024 & 2025
Deepseek-R1-Distill-Qwen (skyline)
Qwen2.5-Instruct (baseline)
Full finetune (928 examples)
Full finetune (464 examples)
Full finetune (232 examples)
Full finetune (116 examples)
Full finetune (58 examples)
Full finetune (29 examples)

7B 14B 32B
Model Size

75

50

25

0

25

50

75

100

125

Pe
rfo

rm
an

ce
 R

ec
ov

er
ed

 (%
)

GPQA Diamond

Deepseek-R1-Distill-Qwen (skyline)
Qwen2.5-Instruct (baseline)
Full finetune (928 examples)
Full finetune (464 examples)
Full finetune (232 examples)
Full finetune (116 examples)
Full finetune (58 examples)
Full finetune (29 examples)

Figure 1: Performance recovery for full-parameter finetunes of models of various sizes us-
ing datasets of various sizes on AIME (left) and GPQA Diamond (right). Recovered % is
(Scoretrained − Scorebase)/(Scoreskyline − Scorebase) × 100%. No performance difference between
base and DeepSeek models was observed at 1.5B for GPQA, so data for this model size is omitted.

We uncover a stark pattern in learning efficiency: larger base models show substantial performance
gains across all tested dataset sizes, while smaller models struggle to improve even with the maximum
number of training examples. The 32B model finetuned with only 29 examples sampled from s1k-1.1
bridges as much as 80% of the GPQA performance gap between the base model and the skyline
DeepSeek-R1-Distill-Qwen-32B model, while the same training pipeline and dataset applied
to the 14B parameter model actually worsens reasoning performance. We additionally find that
finetuning with larger datasets can improve reasoning performance in the 14B parameter model, but
no tested dataset size improves reasoning performance in the 1.5B parameter model.

This pattern is not simply a result of smaller models overfitting to the training data. We train with early
stopping based on validation loss, and show that all finetuned models achieve significant validation
loss improvements. This shows that all models learn patterns which generalize to held-out data,
but only larger models learn patterns that translate to improved reasoning capabilities. Smaller
models instead appear to learn narrow statistical regularities, improving validation metrics without
generalizing to enhanced reasoning abilities.

Finally, we demonstrate that the superior training efficiency of larger models is not merely a conse-
quence of having a greater number of parameters which can be optimized. We show that a rank-1
LoRA [4], representing only 0.03% of the full model’s trainable parameters, is enough to recover
70-80% of the performance on the fully finetuned 32B model when trained on the full s1k-1.1 dataset.

Our contributions are:

We show that the effectiveness of sample-efficient reasoning training drops off substantially as
model size decreases. 32B models benefit from as few as 29 training examples while ≤ 7B models
show small or negative improvements even when trained with > 30× as many examples.

We demonstrate that smaller models learn dataset patterns without generalizing to reasoning
capabilities. Small models achieve comparable decreases in validation loss, but this doesn’t translate
to performance on reasoning evals.

We show that parameter-efficient finetuning methods are enough to capture the majority of
reasoning performance lift in larger models. A rank-1 LoRA recovers up to 80% of the performance
of the 32B model finetuned on the same dataset, demonstrating that training efficiency gains in larger
models are not merely a consequence of having more trainable parameters.

2 Methodology

We extract subsets of the s1k-1.1 dataset using random sampling without replacement. We first
extract a 72-example held-out evaluation set, which stays constant among all experiments. The
remaining 928 training examples are subsampled into 6 different datasets with varying sizes: 928,
464, 232, 116, 58, and 29 examples with smaller datasets being strict subsets of larger ones. We
perform full-parameter finetunes using each of these datasets on each of the 1.5B, 7B, 14B, and 32B
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Figure 2: Scatter plot showing the relationship between validation loss decrease and reasoning
performance for different model sizes. × symbols represent centroids of all training runs (29 to 928
training examples) for each model size. All models experience improvements in validation loss, but
this only translates to improved reasoning performance in larger models.

versions of Qwen2.5-Instruct, implementing early stopping based on validation loss. Additionally,
we initialize a rank-1 LoRA for each of the 4 base model sizes to adapt every layer’s attention
and MLP projection matrices (q, k, v, o, up, gate, down), training on the full 1000-examples of
s1k-1.1 without a held-out validation set. We evaluate all models using the aime2024, aime2025,
and gpqa-diamond-cot-zeroshot tasks using lm-evaluation-harness [2], computing means
and standard error over four total runs for each model/task combination. Full training details are
provided in Appendix A.1.

3 Discussion

Larger models gain more performance from smaller datasets Our data shows a clear relationship
between model scale and performance recovery from sample-efficient training. Our finetuned 32B
model achieves significant performance improvements on both AIME and GPQA when trained with
only 29 reasoning examples, while the 14B model sees performance degradation on both benchmarks
when trained with the same dataset (Figure 1). While a larger dataset with 928 examples is effective
at extracting performance from the 14B model, the recovered performance is less than that of the 32B
model, and the 1.5B model sees no gain from any of the tested datasets. Exact performance values
can be found in Table 1.

This pattern suggests a scale-dependent threshold for sample-efficient training. As model size
increases, the minimum dataset size required for positive performance gains appears to decrease:
larger models need fewer training samples to learn reasoning.

Smaller models learn narrow patterns We investigate whether the failure of smaller models to
gain reasoning performance is merely a consequence of overfitting to training data. In Figure 2,
we plot validation loss improvement versus reasoning performance gain for each model size. We
find that the 14B models actually experience greater validation loss improvements compared to 32B
models, and 7B models see the greatest validation loss improvements out of all 4 model sizes, on
each dataset. The 1.5B models see the smallest improvement in validation loss, but this improvement
is still substantially positive. This data indicates that all model sizes are learning patterns which lead
to improved prediction of held-out validation data.

Counterintuitively, we find that the greater relative improvement in validation loss for 14B and
7B models does not translate to greater relative improvement on reasoning benchmarks. As noted
previously, the 32B models see significantly greater performance improvements compared to 14B
models, which themselves see greater performance improvements compared to 7B models. Despite
experiencing the greatest improvements in validation loss, 7B models see little to no improvement on
reasoning tasks.

These trends suggest that the nature of the patterns learned may differ fundamentally between
large and small models: smaller models learn statistical regularities which improve performance on
validation data, while larger models learn more general patterns which also improve performance on
generative reasoning tasks. This interpretation aligns with the hypothesis that reasoning capabilities
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Figure 3: Performance scores for baseline model, skyline model, full-parameter finetune, and LoRA.

may be partially latent in larger models, only requiring light training to elicit, while smaller models
must learn these capabilities from scratch.

LoRA performance recovery We show that the reasoning performance gains observed in large
models can be mostly achieved through minimal parameter modifications. A rank-1 LoRA trained
on all layers and projection matrices of the 32B parameter model encodes only 0.03% as many
trainable parameters, but still achieves 70-80% of the performance improvement which full-parameter
finetuning achieves using the largest dataset (Figure 3).

This finding has two important implications. First, it shows that the superior performance gain
exhibited by larger models is not merely a result of having more trainable parameters: they see similar
gains when we restrict parameter updates significantly. Second, the fact that rank-1 updates are
sufficient to elicit reasoning performance indicates that the new representations required to encode
reasoning capabilities are themselves minimal, further suggesting that important representations or
mechanisms required for reasoning capabilities are already latent in larger base models.

4 Conclusion

We investigate the scale-dependent nature of sample-efficient reasoning elicitation across the Qwen2.5-
Instruct model family. We find that reasoning performance can be elicited from a 32B parameter
model using as few as 29 training examples, while smaller models require more data and gain less
performance. This difference cannot be trivially explained by overfitting: all trained models achieve
improved validation loss, with 7B and 14B models experiencing greater improvements in validation
loss compared to the 32B model. This disconnect is consistent with larger models possessing latent
structures useful for reasoning, while smaller models may lack these structures and instead learn to
express narrow, less general patterns. We additionally show that a rank-1 LoRA is enough to capture
most of the performance gain in our finetuned 32B model, highlighting how reasoning capabilities
require only minimal parameter changes to be expressed in larger models. Our findings underscore
how reasoning behavior elicitation becomes easier as a function of model scale, with important
implications for understanding how large base models may have substantial latent capabilities.

Limitations Several limitations should be considered when interpreting our results. First, we only
evaluate reasoning performance on two different benchmarks. While we think these benchmarks
provide a large amount of signal into the general reasoning capabilities of our studied models,
additional benchmarks may reveal differences in how reasoning capabilities in other domains are
elicited. We also only evaluate one model family, Qwen2.5-Instruct, using traces from only the
s1k-1.1 dataset. Other models or datasets may yield different patterns. Additionally, we were not able
to explore the effects of training with a larger number of reasoning examples due to computational
costs–this analysis would likely provide a better understanding of how small models can learn
reasoning capabilities. Finally, while our results suggest that reasoning capabilities may be latent in
large models, this study lacks mechanistic evidence to prove this hypothesis. Future work should
address these limitations to better understand the nature of reasoning capability elicitation.
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A Appendix

A.1 Training and Evaluation

Full-parameter Finetuning Details For all experiments, we use the AdamW optimizer with a
learning rate of 1e-5 and a cosine schedule, and weight decay of 1e-4. We choose the last checkpoint
which is within 0.1 nats of the best validation loss for each run. We find experimentally that this 0.1
nat allowance results in improved performance on reasoning benchmarks when smaller datasets are
used. We allow all experiments to train for up to 300 steps with a batch size of 16.
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LoRA Finetuning Details The LoRA is trained using the same pipeline and hyperparameters as
the full-parameter finetunes, but with a learning rate of 1e-3.

Evaluation Details For all experiments, we use a maximum completion length of 29000 tokens
and sample with temperature = 0.6.

Reference models We define baseline as the same-size Qwen2.5-Instruct model and skyline as the
same-size DeepSeek-R1-Distill-Qwen model used in our plots; all Recovered % values use these
references.

A.2 Additional Data

1.5B 7B 14B 32B
Model Size

0

10

20

30

40

50

60

70

Ab
so

lu
te

 p
er

fo
rm

an
ce

 (%
)

1.2

12.1 12.5
14.6

16.2

22.9

42.1

0.4

4.2 4.6

34.2

15.4

23.8

36.2

0.4

12.9

25.8

45.8

10.8

29.2

49.2

0.8

15.0

32.1

49.6

19.2

35.4

53.8

24.6

44.6

58.8

64.6

AIME 2024 & 2025
Base
LoRA
FT-29
FT-58
FT-116
FT-232
FT-464
FT-928
DeepSeek

1.5B 7B 14B 32B
Model Size

0

10

20

30

40

50

60

70

Ab
so

lu
te

 p
er

fo
rm

an
ce

 (%
)

26.6

34.6

41.7

45.2

10.6

25.6

47.6

55.4

16.9 16.8

30.7

56.1

17.6

33.6

48.9

55.6

19.3

31.6

49.1

57.4

16.0

31.9

52.8

59.7

16.7

35.5

54.8

59.1

11.0

36.7

54.4

57.7

26.1

40.3

58.0 57.1

GPQA Diamond
Base
LoRA
FT-29
FT-58
FT-116
FT-232
FT-464
FT-928
DeepSeek

Figure 4: All measured absolute performance values.
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Table 1: Performance on AIME (2024 & 2025) and GPQA Diamond across model sizes and training
configurations, including mean +/- std err over 4 seeds.

Model Size Configuration AIME (%) GPQA (%)

1.5B

Qwen2.5-Instruct (base) 1.25± 0.64 26.64± 1.17
DeepSeek-R1-Distill 24.58± 0.93 26.14± 1.55
LoRA (1000 examples) 0.00± 0.00 10.61± 0.80
Full finetune (29 examples) 0.42± 0.42 16.92± 0.33
Full finetune (58 examples) 0.00± 0.00 17.55± 1.45
Full finetune (116 examples) 0.42± 0.42 19.32± 0.88
Full finetune (232 examples) 0.00± 0.00 16.04± 0.38
Full finetune (464 examples) 0.83± 0.48 16.67± 1.97
Full finetune (928 examples) 0.00± 0.00 10.98± 0.52

7B

Qwen2.5-Instruct (base) 12.08± 0.93 34.60± 1.67
DeepSeek-R1-Distill 44.58± 1.91 40.28± 0.38
LoRA (1000 examples) 16.25± 1.42 25.63± 0.63
Full finetune (29 examples) 4.17± 0.83 16.79± 2.03
Full finetune (58 examples) 15.42± 2.08 33.59± 0.98
Full finetune (116 examples) 12.92± 1.65 31.57± 0.67
Full finetune (232 examples) 10.83± 0.83 31.94± 1.70
Full finetune (464 examples) 15.00± 0.90 35.48± 0.95
Full finetune (928 examples) 19.17± 1.27 36.74± 1.37

14B

Qwen2.5-Instruct (base) 12.50± 0.83 41.67± 1.55
DeepSeek-R1-Distill 58.75± 2.62 57.95± 2.08
LoRA (1000 examples) 22.92± 1.85 47.60± 0.83
Full finetune (29 examples) 4.58± 0.93 30.68± 1.56
Full finetune (58 examples) 23.75± 2.67 48.86± 1.14
Full finetune (116 examples) 25.83± 1.73 49.12± 0.48
Full finetune (232 examples) 29.17± 1.60 52.78± 0.96
Full finetune (464 examples) 32.08± 1.50 54.80± 1.63
Full finetune (928 examples) 35.42± 2.34 54.42± 1.51

32B

Qwen2.5-Instruct (base) 14.58± 1.05 45.20± 1.85
DeepSeek-R1-Distill 64.58± 1.72 57.07± 0.65
LoRA (1000 examples) 42.08± 1.85 55.43± 1.29
Full finetune (29 examples) 34.17± 1.86 56.06± 1.50
Full finetune (58 examples) 36.25± 1.97 55.56± 1.58
Full finetune (116 examples) 45.83± 2.12 57.45± 1.51
Full finetune (232 examples) 49.17± 1.60 59.72± 0.91
Full finetune (464 examples) 49.58± 2.96 59.09± 1.44
Full finetune (928 examples) 53.75± 2.08 57.70± 0.56
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