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Distilling reasoning traces from strong teacher models has become the standard recipe for building
capable small language models. Yet reasoning traces are 5-20x longer than standard instruction fine-
tuning (IFT) outputs, meaning every practitioner who chooses reasoning distillation implicitly forgoes
training a larger IFT model on the same compute budget. Whether this trade-off is worthwhile remains
unaddressed. We study it with a controlled experiment: a single teacher generates paired IFT and
reasoning outputs for identical prompts by toggling only its reasoning mode, isolating supervision format
as the sole variable. Training students at five scales (0.5B to 14B) and evaluating on 18 benchmarks, we
find that at matched FLOPs, IFT lies on or near the Pareto frontier across the majority of configurations.
Reasoning reaches the Pareto frontier only on open-ended tasks at 7B and above. Even there, a sequential
curriculum mixing just 25-50% reasoning data with IFT captures most of the accuracy benefit at far
lower compute cost.
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1. Introduction

Reasoning distillation has become the dominant training recipe for capable small language models
(Guo et al., 2025; Yang et al., 2025; Rastogi et al., 2025). Yet every reasoning trace is 5-20x longer
than a standard IFT output (Figure 1), and this length gap has a direct cost: training on reasoning data
consumes proportionally more compute. A practitioner with a fixed budget who chooses reasoning
distillation implicitly gives up the option of training a larger IFT model instead, an alternative that
standard scaling laws suggest is a highly efficient use of additional compute (Kaplan et al., 2020;
Hoffmann et al., 2022). Whether reasoning justifies this cost has not been studied: DeepSeek-R1
(Guo et al., 2025), s1 (Muennighoff et al., 2025), and Snell et al. (2024) all evaluate at fixed model
sizes, leaving the compute-allocation question entirely open. This leads directly to our question:

For a given compute budget, should a practitioner invest in reasoning distillation, or train a larger
IFT model?

To isolate the effect of supervision format from all other variables, we use a single teacher that
generates paired IFT and reasoning outputs for identical prompts by toggling its reasoning mode on
and off. Both formats are thus distilled from the same teacher weights in a controlled setup, ensuring
that supervision format is the sole variable. We train Qwen2 .5 students at five scales (0.5B to 14B),
track FLOPs precisely across all configurations, and evaluate on 18 benchmarks spanning four task
families. We replicate all key findings using a second teacher-student pair (Nemotron-Super-49B
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Figure 1 | Compute overhead of reasoning distillation. Each point is a benchmark-model-size pair.
X-axis: extra-token factor when switching from IFT to reasoning supervision. Y-axis: accuracy gain
(%). The overhead is large (5-20x) and heterogeneous across tasks.

with Gemma-3; Appendix G), confirming that results are not specific to a single architecture or teacher.
This yields three findings:

* Scaling IFT is compute-efficient by default. At matched training and inference FLOPs, IFT
models lie on or near the Pareto frontier across the majority of configurations. Reasoning only
approaches the frontier on open-ended tasks and at larger scales (§3).

* Format and capacity jointly determine the value of reasoning. Output format, rather than
knowledge domain, is the primary predictor: open-ended tasks consistently benefit from reasoning
distillation, whereas multiple-choice tasks do not. Model capacity acts as a secondary prerequisite,
as reasoning captures the Pareto frontier only at 7B parameters and above (§4).

* A little reasoning goes a long way. In the regime where reasoning is beneficial, a sequential
curriculum using just 25 to 50% reasoning data captures most of the accuracy benefit at a fraction
of the training cost. Furthermore, mixed training below the 50% threshold delivers enhanced
accuracy while strictly maintaining efficient inference costs (§5).

Together, these findings provide a systematic answer to the compute allocation question in
reasoning distillation.

2. Experimental Setup

2.1. Distillation

Controlled paired design. Our central methodological challenge is to compare IFT and reasoning
supervision without confounding label quality with supervision format. We address this by using a
single teacher, Qwen3-235B-A22B (Yang et al., 2025), to generate both formats for every prompt:
IFT outputs are produced with reasoning mode disabled, reasoning outputs with it enabled. Student
models in the IFT condition are trained on {(question, answer) pairs; in the reasoning condition on
(question, trace, answer) tuples. Because both formats come from the same teacher weights and the
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Table 1 | Average scores for IFT versus reasoning distillation by model size, corpus, and task format.
A denotes absolute accuracy shifts from standard IFT. Accuracy breakdowns by dataset are detailed
in Appendix J.

same prompts, supervision format is the sole independent variable.

Students. We train Qwen2.5 base models (Qwen-Team, 2024) at five parameter scales: 0.5B, 1.5B,
3B, 7B, and 14B. Students are drawn from a different model family than the teacher to limit shared
pretraining overlap. Training data covers two domains: a general-purpose corpus of 1.3M pairs from
Infinity-Instruct (Liet al., 2025), and a reasoning-centric corpus of 300K pairs from the math
subset of the L1ama-Nemotron-Post-Training-Dataset (Bercovich et al., 2025).

Training. We study sequential training across reasoning proportions p € {0%, 25%, 50%, 75%, 100%},
where p is the percentage of reasoning instances in the dataset. At p = 0% the model sees only IFT
supervision; at p = 100% only reasoning supervision. Intermediate values correspond to a curriculum
where IFT examples come first, followed by reasoning examples. We also evaluate a mixed training
baseline in which IFT and reasoning data are shuffled together within a single phase (§5). All models
train for one epoch on 16 H100 GPUs with a fixed global batch size of 32; learning rates are selected
by grid search (Appendix C).

2.2. Evaluation

Tasks. Our evaluation centers on 18 benchmarks structured along two dimensions: domain (gen-
eral vs. math) and answer format (multiple-choice (MC) vs. open-ended (OE)). This taxonomy
defines four task families: General-MC (winogrande (Keisuke et al., 2020), openbookqga (Mi-
haylov et al., 2018), mmlu-misc (Hendrycks et al., 2021)), General-OE (squad (Rajpurkar et al.,
2016), coga (Reddy et al., 2019), ifeval (Zhou et al., 2023)), Math-MC (aqua-rat (Ling et al.,
2017), mmlu-math (Hendrycks et al., 2021), mmlu-pro-math (Wang et al., 2024)), and Math-OE
(gsm8k (Cobbe et al., 2021), math-500 (Lightman et al., 2024), aime (Zhang and Math-AI, 2025)).
Additional tasks are introduced selectively in §4 to address specific experimental needs.

LLM-as-a-Judge. Answers are scored by a majority-vote jury of three judge models: L1lama-3.3-
70B-Instruct (Grattafiori et al., 2024), Nemotron-Ultra-253B-v1 (Bercovich et al., 2025), and
GPT-0SS-120B (Agarwal et al., 2025). Each judge follows a two-step protocol: first extracting
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the final answer from the model output while ignoring any intermediate reasoning, then assessing
its semantic equivalence to the reference. This ensures that scores reflect answer correctness, not
trace quality, and prevents reasoning-trained models from receiving credit for verbose but wrong
answers. Median absolute error across judges is 1.2 points; pairwise agreement is below 2 points on
all benchmarks. Distilled models are evaluated zero-shot while base checkpoints rely on three-shot
prompting. Full prompts and judge statistics are provided in Appendix B.

Compute cost. Because reasoning traces are 5-20x longer than IFT outputs, reasoning training
and inference consume proportionally more compute for both forward and backward passes. We
systematically track this overhead in FLOPs and report the formula used in Appendix D. This disparity
is the foundation for the compute-matched comparisons in §3.

3. Is Reasoning Worth the Compute Cost?

We approach this question in three distinct steps: comparing the two supervision formats at equal
model size, at matched training compute, and at matched inference compute.

3.1. At Fixed Size, Reasoning Helps

To establish an initial baseline, Table 1 presents the raw performance of both supervision paradigms
across all model sizes and the two relevant training corpora: the general-purpose one derived from
Infinity-Instruct and the math-centric one derived from L1ama-Nemotron-Post-Training-
Dataset.

General-purpose training. Reasoning supervision consistently outperforms IFT when trained on the
general-purpose corpus, with the largest gains on open-ended and mathematical tasks. On Math-OE,
a 3B reasoning model already surpasses the 14B IFT baseline outright (55.4 vs. 53.7); on General-OE,
it comes within 1.4 points of it (64.7 vs. 66.1). On both MC families, the 14B reasoning model
narrows the performance gap with the teacher to within 4-5 points, despite being roughly 17x smaller.
The pattern holds across nearly all conditions with one notable exception: on General-MC, IFT leads
at 0.5B, and the two formats remain effectively tied at 1.5B. However, from 3B onward, reasoning
re-establishes a definitive lead.

Math-centric training. When trained on the math-centric corpus, reasoning supervision again
outperforms IFT from 1.5B onward on math tasks. More strikingly, from 3B upward, math-centric
reasoning models surpass even general-purpose reasoning on both Math-OE (57.5 vs. 55.4) and
Math-MC (72.2 vs. 70.9), despite training on just 300K samples compared to 1.3M. However, this
specialization comes at a cost: on general-domain tasks, math-centric reasoning lags well behind
general-purpose reasoning at smaller scales, and the gap closes only partially by 14B (General-MC:
90.3 vs. 90.4; General-OE: 69.2 vs. 74.2). Conversely, standard IFT models trained on the exact
same math-centric corpus do not exhibit this penalty, remaining competitive on general-domain
tasks across all tested scales. This demonstrates that the general-task degradation is tied to the
reasoning format rather than the math-centric data itself. This penalty is particularly severe at
smaller scales, demonstrating that distilling general capabilities from a reasoning-intensive domain
(e.g., mathematical problem solving or code generation, as commonly used in RL pipelines) strictly
requires larger parameter counts. Consequently, we report the remainder of our experiments with
the general-purpose training corpus.
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Figure 2 | Accuracy as a function of training FLOPs (top) and inference FLOPs (bottom) for IFT and
reasoning models on the general-purpose corpus. Each point corresponds to one model size; curves
are saturating growth fits to the observed data (see Appendix D for details).

The limits of parameter-matched comparisons. Both supervision formats improve with model size,
but at different rates. IFT improves steadily across all four task families, exhibiting consistent gains at
each size step; yet even at 14B, it remains well below teacher accuracy, with the largest gap appearing
on open-ended tasks. Reasoning scales more steeply and outperforms IFT in 70% of scale-corpus
configurations (28 out of 40 pairs), though not uniformly. While these results make a strong case
for reasoning at a fixed parameter count, this comparison carries a fundamental limitation: equal
model size does not imply equal compute. Because a 3B reasoning model consumes substantially
more FLOPs than a 3B IFT model, this disparity changes the efficiency picture entirely.

3.2. At Fixed FLOPs, IFT Dominates

In this section, we shift our focus to compute efficiency by plotting accuracy against training and
inference FLOPs for IFT and reasoning distillation on the general-purpose corpus.

Training efficiency. Contrary to the fixed capacity comparison, when compute is held constant
rather than model size, the efficiency picture reverses entirely. Figure 2 reveals that IFT models
define the Pareto frontier of performance as a function of the training budget, with no reasoning
configuration matching the accuracy of a compute-equivalent IFT model at any tested scale. This
establishes that scaling model size is a more compute-efficient strategy for maximizing performance
across the majority of our evaluations. For example, on general multiple-choice tasks, despite being
twice the size, a 7B IFT model required 5x less training compute to achieve similar accuracy compared
to a 3B reasoning-distilled model. While the cost overhead is smaller on open-ended tasks, a gap
remains; for instance, on open-ended math tasks, a 7B IFT model achieves performance similar to a
1.5B reasoning model while being 1.6x less costly to train. However, we observe that the performance
gap at matched training FLOPs continuously narrows with model scale, suggesting this disparity may
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Figure 3 | Accuracy as a function of training FLOPs (top) and inference FLOPs (bottom) for IFT and

reasoning models on reasoning-intensive tasks.
close beyond 14B parameters.

Inference efficiency. Shifting focus from training to deployment, the pattern holds (Figure 2).
Because reasoning models generate outputs 7-15x longer than standard IFT models of the same size,
their inference cost is substantially higher at every scale. On OE tasks, reasoning models still generate
outputs approximately 7x longer than their compute-equivalent IFT counterparts, yet they approach
or even join the Pareto frontier. On MC tasks, however, this overhead grows to ~10-15x%, causing
reasoning models to fall well behind IFT efficiency across most evaluated scales.

4. What Drives Reasoning Efficiency?

§3 demonstrates that while standard IFT generally dominates at fixed compute, systematic exceptions
emerge for open-ended tasks at larger parameter scales. This section investigates why output format
and model capacity dictate when reasoning distillation justifies its computational overhead.

4.1. Format Predicts Value; Domain Does Not

Reasoning models incur significantly higher overhead on multiple-choice tasks than on open-ended
tasks across diverse domains, questioning whether distillation efficiency is driven by domain complexity
or output format.

Isolating format from domain. To disentangle these factors further, we evaluate three additional
reasoning-intensive domains featuring one open-ended and one multiple-choice benchmark each: law
(mmlu_pro_law (Wang et al., 2024), consumer_qga (Guha et al., 2023)), code (mmlu_pro_code,
C_Code_Summarization (Liu et al., 2020)), and physics (mmlu_pro_physics, scibench (Wang
et al., 2023)). Holding the knowledge domain constant while varying task format provides a precise
test. If domain dictates efficiency, reasoning-intensive tasks will uniformly favor reasoning models.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 6



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

Conversely, if output format dominates, open-ended and multiple-choice versions of the same domain
will diverge, with one capturing or resting near the Pareto frontier alongside IFT models, and the
other falling behind.

Output format dictates efficiency for reasoning-intensive tasks. As initially illustrated in Figure 2
and further complemented by Figure 3, the two task formats exhibit a clear divergence: open-ended
benchmarks place reasoning models on or near the Pareto frontier for both training and inference
efficiency, while a significant gap remains for multiple-choice evaluations. For example, on C_Code_-
Summarization, a 7B reasoning model matches an IFT model at identical inference cost with a
training overhead of only 1.3x. Conversely, on multiple-choice benchmarks like mmlu_pro_code,
a 10x inference compute gap exists between a 7B IFT model and a 3B reasoning model achieving
similar performance, although this narrows with scale. These results confirm that while knowledge
domain exerts marginal influence (math and reasoning-intensive multiple-choice tasks benefit slightly
more than general ones), output format strictly dictates efficiency. For open-ended setups, this
Pareto equivalence transforms the architectural decision into a practical exchange between model
capacity and generation length, allowing practitioners to deploy smaller reasoning models for memory
constraints, or larger IFT models to minimize latency.

4.2. Model Capacity Determines Whether Traces Help or Hurt

While output format dictates where reasoning distillation is computationally viable, model capacity
acts as a strict secondary prerequisite.

Reasoning dominates from 7B upward. Beyond this capacity threshold, reasoning models reliably
capture both the training and inference Pareto frontiers. On open-ended tasks (Figure 2, Figure 3),
reasoning models match or exceed IFT accuracy while maintaining optimal compute efficiency. On
multiple-choice tasks, reasoning models at this scale surpass IFT in absolute accuracy, though they
incur higher inference costs that deviate from established scaling trends.

Incorrect traces are longer, not deeper. The relative difference in inference cost between consecu-
tive reasoning model scales decreases steadily with model size (Figure 2, Figure 3, and highlighted in
Appendix I). Plotting the generation length of correct versus incorrect reasoning traces against model
size and accuracy (Figure 4) reveals a consistent relationship: across all scales and task families,
incorrect answers yield traces 1.5 to 2x longer than correct ones. Rather than reflecting deeper
processing, longer traces correlate directly with failure. Qualitative inspection reveals smaller models
frequently explore dead ends or restate problems without making tangible progress. As capacity
increases, two phenomena emerge:

1. The length ratio between failures and correct answers shrinks (from roughly 2x at 0.5B to 1.5x at
14B), indicating larger models allocate generation effort more efficiently.

2. Because accuracy inherently increases with scale, the average output length naturally gravitates
toward the shorter, correct trace length.

Conversely, average generation length for smaller models is skewed by long, incorrect traces, severely
degrading the accuracy to inference cost ratio. This makes small reasoning models computationally
expensive and practically ineffective. While this strong correlation makes trace length a natural
confidence signal (similar to multi sampling strategies utilizing answer length as an uncertainty
measure (Hassid et al., 2025)), attempting a simple early stopping strategy based on length thresholds

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 7



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

General-MC General-OE Math-MC Math-OE
12000 100
c —_
=3 75 R
& 8000 =
g 50 E
= 3
§ 4000 5 2
oLIAm HEm AR nfn wiln i | N¥n Win Win ofs ols | 0

0.5 3

15 7
Student Size (B)

14 0.5 3

15 7
Student Size (B)

14 0.5 3

1.5 7
Student Size (B)

14 0.5 3

1.5 7
Student Size (B)

14

I Overall Failures N Successes

Figure 4 | Answer length analysis across student sizes and correctness in reasoning models.

proved unsuccessful. The reduction in inference FLOPs is entirely offset by a corresponding drop in
accuracy without shifting the Pareto frontier, an outcome we consequently report in Appendix H.

Format and capacity jointly define the beneficial regime. Together, output format and model ca-
pacity define when reasoning distillation earns its compute cost. open-ended formats make reasoning
a viable alternative to IFT: both reach comparable accuracy on the efficiency frontier, reducing the
choice to a deployment constraint. Scaling beyond 7B pushes this further: reasoning overtakes IFT
on the frontier, becoming the dominant strategy for open-ended tasks.

5. Leveraging IFT and Reasoning with Hybrid Data Mixtures

§3 demonstrates that reasoning distillation boosts performance but carries a steep compute premium,
with training and inference costs running 5 to 20x higher than standard IFT. §4 traced this overhead
to smaller models generating inefficiently: producing long traces that correlate with failure rather
than reasoning depth, driving up costs without proportionate accuracy gains. This section investigates
whether this computational burden can be reduced. We study two hybrid strategies blending IFT-
and reasoning-style data in varying proportions: sequential training (IFT followed by reasoning) and
mixed training (both data types combined and shuffled in a single training pass).

Sequential training recovers most reasoning gains with minimal reasoning data. Sequential
training addresses a direct question: how much reasoning data is required? Figure 5 demonstrates
that performance gains emerge at just a 25% reasoning ratio (meaning 75% IFT data followed by
25% reasoning traces) and remain broadly consistent across task families and model sizes, with the
notable exception of the smallest models (0.5B and 1.5B) evaluated on general multiple-choice tasks.
At every intermediate ratio (25%, 50%, and 75%), sequential models successfully rest on the Pareto
frontier for open-ended tasks. This matches the efficiency of full reasoning distillation at a mere
fraction of its training cost.

Mixed training enables reasoning improvements without increasing inference cost. Mixed
training pursues a distinctly different objective. Rather than strictly maximizing overall accuracy,
it investigates whether a model can acquire reasoning capabilities while still retaining the concise
output style typical of standard IFT. Figure 6 demonstrates that this is achievable below a specific
data threshold. At reasoning proportions between 25 and 50%, models improve substantially over
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Figure 5 | Impact of the reasoning proportion on downstream performance in the sequential training
scenario (standard IFT first, then reasoning). A 25% reasoning proportion captures most gains on
Math_OE at a fraction of the compute. Results show the accuracy gap relative to the IFT baseline
(0%).

the IFT baseline on mathematical tasks while maintaining short outputs. This allows them to gain
accuracy without incurring the typical inference compute penalty.

Mixed training exhibits a phase transition once reasoning data becomes predominant, col-
lapsing into purely reasoning-driven behavior. While mixed training remains beneficial at lower
proportions of reasoning data, a clear mode switch emerges beyond the 50% threshold. Models
begin to default entirely to reasoning style generation at inference time, which completely erases
any inference cost advantage. Output lengths converge toward full reasoning distillation, while
accuracy remains slightly behind that of sequential training at the 75% mark. Extending the benefits
of mixed training beyond this point would likely require an explicit mechanism to control exactly
when reasoning is invoked (Byrd and Srivastava, 2022; AlKhuzaey et al., 2024), a promising direction
we leave for future work.

Sequential and mixed training serve complementary objectives. Sequential training reduces the
training compute required to approach full reasoning performance: utilizing just 25% reasoning data
recovers most accuracy gains at a fraction of the cost. Mixed training reduces inference cost: below
the 50% threshold, models improve over standard IFT while preserving output brevity. Together,
these findings establish that committing fully to reasoning distillation is unnecessary. When training
compute is the primary constraint, sequential mixing efficiently captures most performance gains;
when inference cost is the constraint, mixed training below the 50% threshold offers a practical
middle ground.
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6. Related Work

Instruction tuning and reasoning. Instruction Fine-Tuning (IFT) has been the standard recipe for
aligning LLMs with human instructions (Wei et al., 2021; Ouyang et al., 2022; Chung et al., 2024).
Chain-of-Thought (CoT) extended this paradigm by supervising intermediate reasoning steps, yielding
strong gains on arithmetic, symbolic, and commonsense reasoning benchmarks (Rajani et al., 2019;
Nye et al., 2021; Cobbe et al., 2021; Wei et al., 2022; Kojima et al., 2022).

Knowledge distillation. Knowledge Distillation (KD) transfers capabilities from strong teachers
to smaller students (Bucilua et al., 2006; Hinton et al., 2015). Beyond representation-based KD,
text-based distillation has become central for reasoning: large teacher models generate either IFT-
or reasoning-style traces that guide student learning (Kim and Rush, 2016; Zhou and Chiam, 2023;
Hsieh et al., 2023; He et al., 2023). This approach reduces the cost of expensive RL while preserving
performance (Guo et al., 2025; Yang et al., 2025; Rastogi et al., 2025). Despite its widespread adoption,
the structural conditions under which reasoning distillation is actually more compute-efficient than
standard IFT remain underexplored.

Compute-optimal scaling. The relationship between model capacity, dataset size, and training
compute has been extensively formalized to guide the efficient pretraining of large language models
(Kaplan et al., 2020; Hoffmann et al., 2022). Recently, this framework has expanded to encompass
inference time scaling, revealing that allocating additional compute during generation can systemati-
cally enhance reasoning capabilities (Snell et al., 2024; Brown et al., 2024; Muennighoff et al., 2025).
Recent research extends this analysis to API-based models, evaluating performance as a function of
token cost (Chen et al., 2026) and finding analogous cost heterogeneity.

7. Conclusion

In this paper, we investigate whether the compute overhead of reasoning distillation is justified
compared to scaling standard IFT, as a function of training and inference budgets. Surprisingly,
while reasoning models boost raw performance, standard IFT lies on or near the Pareto frontier for
the vast majority of configurations. Reasoning reaches the frontier only when two conditions hold
simultaneously: the tasks require an open-ended output format rather than a specific knowledge
domain, and the models contain at least 7B parameters. Below this capacity threshold, answer length
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is dictated by failure, which heavily inflates inference costs. Additionally, we demonstrate that hybrid
approaches can significantly reduce these compute costs. A sequential curriculum using just 25 to 50%
reasoning data recovers most of the accuracy benefit at a fraction of the training cost, while mixed
training below a 50% corpus mix threshold improves accuracy while strictly preserving standard IFT
inference efficiency.

Limitations

This study focuses on models up to 14B parameters, covering the typical regime where distillation is
utilized to enhance small model performance. While this reflects a practically motivated experimental
setup, and our results establish that reasoning models capture the Pareto frontier at 7B (a finding
further confirmed at the 14B scale), additional scaling experiments are necessary to verify whether the
identified conditions remain stable beyond this capacity. Additionally, this work specifically examines
the distillation paradigm. At the model scales we consider, reinforcement learning typically underper-
forms distillation and incurs substantially higher training costs, suggesting that our core observations
may remain consistent in that setting. Nevertheless, a dedicated study using reinforcement learning
remains a promising avenue for future work to confirm this hypothesis.

Ethics Statement

A central motivation of this work is to better contextualize the increasing emphasis on raw accuracy in
modern language model development. Recent advances have led practitioners to adopt increasingly
complex training and inference strategies, often involving substantially higher computational costs,
in pursuit of incremental performance gains. While such gains are valuable, they are frequently
reported without a clear account of their associated training and inference efficiency trade-offs.
In this paper, we aim to provide a more balanced perspective by explicitly evaluating reasoning
distillation and instruction fine-tuning under matched compute budgets. By quantifying both training
and inference FLOPs alongside accuracy, we hope to encourage a more cost-aware evaluation of
model design choices. Our findings suggest that simpler and more efficient approaches, such as
IFT or carefully designed hybrid curricula, can often match or approach the performance of more
expensive reasoning-based training regimes. We do not argue against the use of compute-intensive
methods when they are justified by downstream needs. However, we emphasize the importance of
aligning model complexity with practical constraints and deployment requirements. We hope this
work contributes to a broader shift toward more targeted model development, where improvements
in accuracy are systematically weighed against their computational and environmental costs. We
additionally release all code and paired training datasets (IFT and reasoning outputs for the exact
same inputs) to enable reproducibility and future controlled studies on reasoning.
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A. Distillation Setup Positioning

While frontier laboratories increasingly rely on reinforcement learning (RL) to train their largest
models, recent technical reports from DeepSeek-R1 (Guo et al., 2025), Qwen3 (Yang et al., 2025),
and Magistral (Rastogi et al., 2025) consistently identify distillation as the standard approach for
training smaller models within the same family. These works show that small- and mid-scale models
trained solely with RL are both less performant and less sample-efficient than models distilled from
stronger teachers.

In particular, DeepSeek reports that a model distilled from DeepSeek-R1 substantially outperforms
its RL-only counterpart across benchmarks (Guo et al., 2025, Appendix F.1), achieving an average
score of 71.55 compared to 58.45. Similarly, Mistral finds that a Mistral-Small-24B model distilled
from Magistral-Medium reasoning traces attains a higher average score than an RL-only counterpart
(60.71 vs. 58.91; Rastogi et al., 2025, Table 3). These results establish distillation not merely as a
pragmatic choice for controlled experiments, but as a necessary ingredient for strong performance at
smaller scales.

B. Prompting Details

This section provides examples of paired IFT-reasoning data (Table 3, Table 4), as well as the detailed
prompts used for answer generation (Table 5) and evaluation by LLM judges (Table 6).

C. Training Hyperparameters

All training runs are performed for a single epoch on an identical number of samples with a global
batch size of 32 items distributed across 16 H100 GPUs. This setup ensures that the number of samples
per forward and backward pass remains strictly constant between standard IFT and reasoning training.
The learning rate follows a Warmup-Stable-Decay (WSD) schedule (Shen et al., 2024) (150-step
linear warmup, constant plateau, and 300-step linear decay to 10% of the peak value), using the
AdamW_fused optimizer (Loshchilov and Hutter, 2017). Peak learning rates are selected via grid
search over {2x107°, 1x107°, 7x107°, 5x107%, 3x107¢, 2x107°, 1x107°}. Table 2 lists the peak
learning rates for all models and data formats.

Model Reasoning IFT
Qwen2.5-0.5B 2e-5 le-5
Qwen2.5-1.5B le-5 7e-6
Qwen2.5-3B 7e-6 5e-6
Qwen2.5-7B 5e-6 3e-6
Qwen2.5-14B 3e-6 le-6
Gemma3-1B 2e-5 le-5
Gemma3-4B 5e-6 3e-6
Gemma3-12B 2e-6 le-6

Table 2 | Peak learning rates selected for each student model and training data format.

D. FLOPs Computation

We compute training and inference FLOPs following Hoffmann et al. (2022).
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feed-forward output logits
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D.1. Notations

The following notation is used throughout the FLOPs computation formulas:

V : vocabulary size

* dpodel - hidden dimension of the model
* dg : dimension of feed-forward layers

* h: number of attention heads

* N; : number of transformer layers

* [ : sequence length

* 1, : prompt length

* I, : generation length

* N, : number of training samples

D.2. Training FLOPs

Equations 1 to 3 present the FLOPs computations associated with model training as a function of the
model architecture and sequence length.
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D.3. Inference FLOPs

Equations 4 to 6 detail the FLOPs required for model inference as a function of the model architecture,
input sequence length, and output sequence length.

E. Details on Interpolation Curves

To predict the impact of further model scaling, we fit a saturating growth function to the observed
data: f(x) = a + (1 — exp(—yx?%)), where x denotes FLOPs and f(x) gives interpolated accuracy.
Parameters are constrained so that «,8 > 0, a + B does not exceed teacher accuracy, y > 0, and
0 < & < 1. The function is fitted by minimizing mean absolute error.

F. Extended Task Evaluation

Main results for law, code, and physics domains are presented in §4 (Figure 3). Below we provide
additional analyses: reasoning ratio sensitivity and inference Pareto analysis for these domains
(Figure 7, Figure 8).

G. Alternative Teacher-Student Configurations

We extend our study using Nemotron-Super-49B-v1.5 as teacher with Gemma 3 students (1B,
4B, 12B), training on 200K general-domain pairs (Figure 9, Figure 10, Figure 11).

H. Generation Early-Stopping

Leveraging the observation that incorrect reasoning traces are typically longer, we designed a simple
early stopping strategy. However, as shown in Figure 12, this approach fails to improve the Pareto
frontier, as any reduction in inference cost comes directly at the expense of accuracy. Conversely,
certain mathematical tasks actively benefit from extended generation lengths in the reasoning setting
(Figure 13), demonstrating that reasoning models are capable of extrapolating well beyond their
training time trace lengths.

I. Inference Cost Scaling Trends

We fit log-linear curves to inference FLOPs as a function of model size (Figure 14). For General-OE,
Math-MC, and Math-OE, scaling exponents are closely aligned between IFT and reasoning, consistent
with reasoning answers shortening slightly faster as model size increases. For General-MC, reasoning
models display larger scaling coefficients, reflecting higher cost for marginal gains.

J. Task-Level Results

Figures 15 to 21 show task-level breakdowns of the aggregated results presented in the main body.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 18



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

Question

Answer

Lotto 6/49 is one of three
national lottery games in
Canada. Launched on June
12, 1982, Lotto 6/49 was
the first nationwide Cana-
dian lottery game to allow
players to choose their own
numbers. Previous national
games, such as the Olympic
Lottery, Loto Canada and
Superloto used pre-printed
numbers on tickets. Lotto
6/49 led to the gradual
phase-out of that type of lot-
tery game in Canada. Based
on the paragraph above can
we conclude that Canada’s
Lottery 6/49 was very popu-
lar in the 70s?

IFT: No, we cannot conclude that "Canada’s Lottery 6/49 was very
popular in the 70s" based on the paragraph. The text states that
Lotto 6/49 was launched on June 12, 1982, which is after the
1970s, so the statement is incorrect.

Reasoning: <think> Okay, let’s see. The user is asking if we can
conclude that Canada’s Lotto 6/49 was very popular in the 70s
based on the given paragraph. First, I need to check the dates
mentioned.

The answer should state that the conclusion is incorrect because
the game started in 1982, which is after the 70s.</think>

No, we cannot conclude that "Canada’s Lottery 6/49 was very
popular in the 70s" based on the paragraph. The text explicitly
states that Lotto 6/49 was launched on June 12, 1982, which is
in the early 1980s, not the 1970s. The paragraph also notes that
earlier national lottery games (e.g., Olympic Lottery, Loto Canada,
Superloto) used pre-printed numbers and were phased out after
Lotto 6/49’s introduction. There is no information provided about
the popularity of any lottery games in the 1970s, nor was Lotto
6/49 even in existence during that decade. The conclusion is
therefore unsupported.

I know that the answer to
the question What are iso-
lators found in microwave
antennas made of? is in A
necessary condition for the
aforementioned reciprocity
property is that the mate-
rials in the antenna and
transmission medium are lin-
ear and reciprocal. Most
materials used in antennas
meet these conditions, but
some microwave antennas
use high-tech components
such as isolators and circu-
lators, made of nonrecipro-
cal materials such as ferrite.
These can be used to give
the antenna a different be-
havior on receiving than it
has on transmitting, which
can be useful in applications
like radar. Can you tell me

IFT: The isolators found in microwave antennas are made of non-
reciprocal materials such as ferrite.

Reasoning: <think> Okay, let’s see. The user is asking about
what isolators found in microwave antennas are made of. They
provided a passage that should contain the answer. First, I need
to read through the passage carefully. The key part here is where
it mentions isolators and circulators. The sentence says, "made of
nonreciprocal materials such as ferrite." So the answer should be
ferrite. Wait, but let me make sure. The passage starts by talking
about reciprocity in antennas, but then introduces isolators and
circulators as exceptions. It says these components are made
of nonreciprocal materials. The example given is ferrite. So
yes, the answer is definitely ferrite. I should check if there are
any other materials mentioned, but the text only lists ferrite as
an example. The user might be looking for that specific term.
No other materials are named here. So the answer should be
ferrite.</think>

Answer: The isolators found in microwave antennas are made of
ferrite, a nonreciprocal material.

4
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Table 3 | Examples of generated data from Infinity-Instruct, showing pairs of IFT and reasoning
answers. Reasoning traces are shortened with ... due to their length.
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Question

Answer

Solve the following math
problem. Make sure to put
the answer (and only the
answer) inside \boxed{?}.
Evaluate the limit

|

i n—-10 3n+1
1

n—oo

n+

3n+1
n-10 . Step

n+1
10

n
1
1+n

IFT: We are asked to evaluate the limit: lim,_,. (

n-10 _ ”(1_%) _ -

1: Simplify the base expression “—3= = (1 1) =
n|l+=

6_33

. Final Answer:

(3 + 1) = -33. Now exponentiate: L
\boxed{e~{-33}}

Total characters: 1,417

Reasoning: <think> Okay, so I need to evaluate the limit as
n — oo of (”n‘+110)3"+1. Hmm, let’s see. I remember that limits
involving expressions raised to variables can sometimes be solved

using the exponential function and

3n+l _
n+l

Thus: InL ~ lim, ,,(3n + 1) - (_A

n+1

) = -11 - lim,
~11 - 3 = —33. Exponentiating both sides: L = e~33. Final Answer:
\boxed{e~{-33}}

Total characters: 11,225

Solve the following math
problem. Make sure to put
the answer (and only the
answer) inside \boxed{}.
Find the number of inte-
ger solutions to the equation
xyz = 2003.

IFT: We are asked to find the number of integer solutions to the
equation xyz = 2003. Step 1: Prime Factorization. First, factor
2003: 2003 +17 =117.823 (not divisible by 17).

Try dividing by small primes up to V2003 =~ 44.76.
Eventually, we find: \boxed{12}.

Total characters: 2,806

Reasoning: <think> Okay, so I need to find the number of integer
solutions to the equation xyz = 2003. Hmm, let me start by
understanding what exactly the problem is asking for. We need all
ordered triples of integers (x, y, z) such that when you multiply
them together, you get 2003.

Thus, only the above 12 combinations are valid. Final Answer:
\boxed{12}.

N
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pairs of IFT and reasoning answers with character counts.
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Benchmark Instruction

gsm8k Solve the following math problem. Make sure to put the answer (and
only answer) inside \boxed{}.

math_500 Solve the following math problem. Make sure to put the answer (and
only answer) inside \boxed{}.

aime Solve the following math problem. Make sure to put the answer (and
only answer) inside \boxed{}.

mmlu_math Solve the following math problem. Make sure to put the answer (and

only answer) inside \boxed{}.

mmlu_pro_math

Solve the following math problem. Make sure to put the answer (and
only answer) inside \boxed{}.

aqua_rat

Solve the following math problem. Make sure to put the answer (and
only answer) inside \boxed{}.

winogrande

Given a sentence with a blank (_) and two possible options, choose the
option that correctly fills the blank so that the sentence makes the most
logical sense. Make sure to put the answer (and only answer) inside
\boxed{}.

openbookqa

Select the option that best completes the scenario based on everyday
reasoning about cause and effect. Make sure to put the answer (and
only answer) inside \boxed{}.

squad

Read the passage and answer the question by selecting the text span
from the passage that best answers it. Make sure to put the answer (and
only answer) inside \boxed{}.

mmlu_misc

Answer the following multiple-choice question by selecting the option
that best fits the correct knowledge. Make sure to put the answer (and
only answer) inside \boxed{}.

coga Read the passage and answer the question by selecting the text span
from the passage that best answers it. Make sure to put the answer (and
only answer) inside \boxed{}.

ifeval Answer the following instruction.

Table 5 | Instruction prompts used for answer generation across evaluation benchmarks.
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Benchmark

Instruction

Default

You will be given a Question, a User Answer (only its ending is shown due to
length), and a Ground Truth.

Your task is not to answer the question, but to say if the user answer is equivalent
in meaning to the ground truth.

First, extract the final result from both the User Answer and the Ground
Truth Answer, based on the Question.

Then, compare the two final results and determine whether they convey the
same meaning.

If they are equivalent, respond with \boxed{yes}.

If they are not equivalent, or if the User Answer does not contain a valid answer,
respond with \boxed{no}.

Question:
{question}

User Answer:
{answer}

Ground Truth:
{truth}

ifeval

You will be given an Instruction and a User Answer (only its ending is shown due
to length).

Your task is not to answer the Instruction, but to determine whether the User
Answer follows all the formal requirements stated in the Instruction. If the User
Answer contains a thinking process, you should ignore it and only focus on the
final answer.

First, identify every explicit requirement in the Instruction (e.g., no com-
mas, maximum word count, required word occurrences, formatting rules).
Then, compare the User Answer against these requirements.

If all requirements are satisfied, respond with \boxed{yes}.

If any requirement is violated, respond with \boxed{no}.

Question:
{question}

User Answer:
{answer}

Table 6 | Instruction prompts used for LLM-based answer assessment. Judge models follow a two-step
protocol: first extracting the final answer while ignoring intermediate reasoning, then assessing
semantic equivalence against the reference. We validated reliability through human verification
and inter-judge agreement. Across all benchmarks, the median absolute error is 1.2, with pairwise
comparisons confirming alignment: 0.9 (Nemotron vs. Llama), 1.0 (Nemotron vs. GPT-OSS), 1.8

(Llama vs. GPT-0OSS).
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Multiple Choice Open Ended
100
75
g
>
8 50
)
Q
<
25
0
10 10" 10" 10" 10" 10"
Inference FLOPs Inference FLOPs
consumer-gqa mmlu-pro-law cssd-benchmark mmlu-pro-code mmlu-pro-physics scibench
100 femmregy e
S e o [ S B s l B
B | [ --meSeesem——— a8 /’JB B - N
& 50 A P A-Aizf e B
s & Y m A =] & <
H — A B / (=] )
Q H A . d o AA
g7 44y 0 - At " x
H H "
o B % : £ ¥ e
10" 10" 10" 10" 10" 10" 10 10" 10" 10 10" 10" 10 10" 10" 10 10" 10"

Inference FLOPs

Teacher

Inference FLOPs

A IFT 5]

Reasoning

Inference FLOPs

@

0.5B

Inference FLOPs

o 1.5B

Inference FLOPs

© 3B @

Figure 8 | Accuracy vs. inference FLOPs for law, code, and physics tasks.

Inference FLOPs

7B © 14B

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026.

23



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

100 General-MC General-OE Math-MC Math-OE
L 751
3
o 501
—
=}
o
< 251
o ! !
1 4 12 1 4 12 1 4 12 1 4 12
Student Size (B) Student Size (B) Student Size (B) Student Size (B)
100 mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 mmlu-misc
g 75
oy
© 50 A
=1
g 251
0 ! A !
1 4 12 1 4 12 1 4 12 1 4 12 1 4 12 1 4 12
Student Size (B) Student Size (B) Student Size (B) Student Size (B) Student Size (B) Student Size (B)
100 winogrande openbookqga ifeval
R 754 N
>
8 507
=1
g 251
0 ! !
1 4 12 1 4 12 1 4 12 1 4 12 1 4 12
Student Size (B) Student Size (B) Student Size (B) Student Size (B) Student Size (B)

----- Teacher I Base I General-IFT [ General-Reasoning

Figure 9 | Performance of Nemotron-Gemma teacher-student configuration.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 24



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

w
o

A Accuracy (%)
o

40 1

A Accuracy (%)

=20

401

A Accuracy (%)

-20

Figure 10 | Impact of reasoning ratio for the Nemotron-Gemma configuration at 4B.

=
w

201

Reasoning Ratio (%)

mmlu-math

mmlu-pro-math

Reasoning Ratio (%)

aqua-rat

Reasoning Ratio (%)

gsm8k

math-500

General-MC General-OE Math-MC Math-OE
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100

Reasoning Ratio (%)

mmlu-misc

ST

20 1

(e

0 25 50 75 100
Reasoning Ratio (%)

winogrande

0 25 50 75 100
Reasoning Ratio (%)

openbookqga

0 25 50 75 100
Reasoning Ratio (%)

squad

0 25 50 75 100
Reasoning Ratio (%)

coqa

0 25 50 75 100
Reasoning Ratio (%)

ifeval

o

A\/A/A__A

Vadh

0 25 50 75 100
Reasoning Ratio (%)

0 25 50 75 100
Reasoning Ratio (%)

0 25 50 75 100
Reasoning Ratio (%)

0 25 50 75 100
Reasoning Ratio (%)

—~— 4B

0 25 50 75 100
Reasoning Ratio (%)

0 25 50 75 100
Reasoning Ratio (%)

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026.

25



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

Accuracy (%)

General-MC General-OE Math-MC Math-OE
S R I P
751 j 1 e 1
/ Pa— B
A e & / {
504 1 i / 1 !
2511 ] 4 " 1
; : K .
1 H 4 m =]
ol ; ; ; - ; ; Ak ; — K ;
1012 1013 1014 1012 1013 1014 1012 1013 1014 1012 1013 1014
Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs
mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 mmlu-misc
100 i i i i
—~ o) Y
X 751 o 1 1 B / 1 1 £
= i - / /
@ 501 H 1 Y 1 f / 1 -
g 25 A 1 1 A ] 4 | "
K m & b { o Pl |
0 4 ] ah B I 4 ] & B 1
1612 1dl3 1614 1d12 1613 1614 1612 1613 1614 1612 1d13 1614 1612 1613 1614 1612 1613 1614
Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs
winogrande openbookqga squad coga ifeval
100 i 1 i
ool - BB SRR
g\g L e 1 1 1 1
i y { @ i
8 50{a-~ 1+ 14 1 / 1 e
5 | = ; | /
$ 254l t ] T 1 4w 1
ol | L Lo L. 48
1012 1013 104 1012 1013 104 1012 1013 104 1012 1013 104
Inference FLOPs Inference FLOPs

1012 1013 104
Inference FLOPs

Inference FLOPs

---- Teacher

Inference FLOPs

A IFT =]

Reasoning [¢)

1B 4B

o 12B

Figure 11 | Accuracy vs. inference FLOPs for the Nemotron-Gemma configuration.

26

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026.



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

General-MC General-OE Math-MC Math-OE
1001 1

;\? 751

3

© 501

c

3

9]

[v] L

<< 25 /,r

01 ¢ 4 4 1 4
101 1012 1013 1014 1011 1012 1013 1014 o1 1012 1013 1014 1011 1012 1013 1014

Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs

A IFT [ Reasoning © 0.5B © 1.5B o 3B © 7B O 14B

Figure 12 | Inference-cost impact of generation early-stopping. Each model is evaluated at five
maximum-length thresholds (Oth, 25th, 50th, 75th, 100th answer length percentiles).

100 mmlu-math math-500 aime

~ 751
X
>
@ 50 |
I
=1
o
[}
< 251 i

0- i

0.5 1.5 3 7 14 0.5 1.5 3 7 14 0.5 1.5 3 7 14
Student Size (B) Student Size (B) Student Size (B)

s 16k mmwm 32k

Figure 13 | Impact of increasing maximum generation length (16K to 32K tokens) on math tasks.

1015 General-MC General-OE Math-MC Math-OE

£ 104 ] K
9

.

S 1013 1

C

g

2

£ 10%24 E

YRea = 3.42e + 12 x x082 YRea =2.77€ + 12 x x08> YRea = 2.29€ + 13 x x068 YRea =2.67€ + 13 x x077
Yirr=2.10e + 11 x x°38 yirr=4.79 + 11 x x%94 yirr=2.11le + 12 x x°7% Yirr=2.89e + 12 x x°87

0 20 40 60 0 20 40 60 0 20 40 60 0 20 40 60
Student Size Student Size Student Size Student Size
e IFT e Reasoning —— IFT (Fitted & Extended) @ —— Reasoning (Fitted & Extended)

Figure 14 | Inference FLOPs vs. student model size. Power-law fits show scaling coefficients for IFT
and reasoning.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 27



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

Accuracy (%)

Accuracy (%)

100

751

50

25+

100

751

50

254

0_
05 15 3

0_
05 15 3

mmlu-math

mmlu-pro-math

aqua-rat

math-500

7 14
mmlu-misc

T0515 3 7 14
winogrande

7 14
Student Size (B)

---- Teacher

“0515 3 7 14
Student Size (B)

mm Base |

7 14
openbookqga

05 15 3

“05 15 3

7 14

ifeval

0515 3 7 14
Student Size (B)

General-IFT

[ General-Reasoning

0515 3 7 14
Student Size (B)

T05 15 3

7 14
Student Size (B)

Figure 15 | Task-level downstream performance of mono-phasic models.

A Accuracy (%)

A Accuracy (%)

A Accuracy (%)

A Accuracy (%)

0515 3 7 14
Student Size (B)

Bmm Math-IFT  mmm Math-Reasoning

30 mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 aime
PO -——fp--0 s
/ -10000 ©
201 ; qc)
’/ |
- / F5000 5
101 1/ g
II 2
e Lo <
01 1 <
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 O 25 50 75 100 0 25 50 75 100
30 mmlu-misc winogrande openbookqa squad coqa ifeval
=
r10000 ©
201 s
t5000
10 g
L B S et A ] o]
L |e==822-=®8=""0 I P Lo g
01 '@”' —_ <
0 25 50 75 100 O 25 50 75 100 O 25 50 75 100 O 25 50 75 100 O 25 50 75 100 O 25 50 75 100
Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%)
—— Sequential (Accuracy)  —=— Mixed (Accuracy) -@-- Sequential (Length) @ Mixed (Length)
Figure 16 | Task-level comparison of sequential and mixed training.
mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 aime
401
oA i
0 25 50 75 100 O 25 50 75 100 O 25 50 75 100 O 25 50 75 100 0 25 50 75 100 0 25 50 75 100
mmlu-misc winogrande openbookga squad coqa ifeval
401
20
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%) Reasoning Ratio (%)
—— 0.5B —#— 1.5B —e— 3B —e— 7B —e— 14B

Figure 17 | Task-level impact of the reasoning ratio.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026.

28



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

consumer_ga mmlu_pro_law cssd_benchmark  mmlu_pro_code mmlu_pro_physics scibench
100 gpoo| | K
S A""%gt - o0
S 754 A b Boey] - Bg9o-
« 8 -60- 7 H
> FR) B D.BO oo 090
& 501..-A%e E Beee- P - ¥ Bwes-
£ & 500 e oo S
I} It | /."ig. % moeo A -4 000 J ,""%O !
o 2571 -4 AT 000 ! # Slae o080
< : 4805 ! 4--8 000 ) 45300
04t 14 i : 1 4 B0
1019 1020 1010 1020 1019 1020 1019 1020 1019 1020 1019 1020
Training FLOPs Training FLOPs Training FLOPs Training FLOPs Training FLOPs Training FLOPs
A 0% B 25% o 50% e 75% o 100% o 0.5B o 15B o 3B o 7B o 14B
Figure 18 | Task-level accuracy vs. training FLOPs.
mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 aime
100 E E
_ae--- =
8 754 Am 1 ,_—JID A—dua .Amdl 1 T
> A B y ) £ ad
@ 50+ A 1 Y i | 1 K m
5 P /m S m £ 4 o
3 .5l 4 ] A I’y 4 ] A ¥
£ 1 & g ! ] ; o i
: ; i ! i A g
04t 1 i i i S ato
1012 1013 1014 1012 1013 1014 1012 1013 104 1012 1013 1014 1012 1013 1014 1012 1013 104
mmlu-misc winogrande openbookqga squad coqga ifeval
100 = E k] - E
— Al b 7P B
g 5] L d - — sh g" A ] ol
oy " asEE i h A
g 5014 1wt = ® 4 a A 1 /A A-Eree
3 | U ’ i & £ & @
2 2571 11 ! ! 14 "mB
ol I} | E I ¢l
" 1012 1013 1014 TT1012 1013 1014 " 1012 1013 104 I10'12 1013 104 '10'12 1013 104 1012 1013 104
Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs Inference FLOPs
A IFT o Reasoning o 0.5B o 1.5B o 3B o 7B o 14B
Figure 19 | Task-level accuracy vs. inference FLOPs.
mmlu-math mmlu-pro-math aqua-rat gsm8k math-500 aime
- - 100
= 15000 E E E _
E=1 o
= 3 - 75 &
910000 1 1 1 >
- L + 50 ©
¢ S
G 5000 L L 1 25 9
s <
- - ] 0
0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14
mmlu-misc winogrande openbookqga squad coqga ifeval
- - 100
% 3000 1 1 1 <
2 L - 75 &
4 i i >
g 2000 | | 50 §
=3
§ 1000 r E 1 25 3
s <
- - ] 0
0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14

Student Size (B) Student Size (B)

B Overall

Student Size (B)

Figure 20 | Task-level answer length analysis.

[ Failures

Student Size (B)

s Successes

Student Size (B) Student Size (B)

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026.

29



Scale or Reason? A Compute-Equivalent Analysis of Reasoning Distillation

Accuracy (%)

Accuracy (%)

100

751

50+

254

100

751

mmlu-math

mmlu-pro-math aqua-rat gsm8k math-500 aime
0- | "
0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14
mmlu-misc winogrande openbookqa squad coqga ifeval
0_ E
0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14 0515 3 7 14

Student Size (B)

Student Size (B)

Student Size (B)

Student Size (B)

Student Size (B)

05 15 3 7 14
Student Size (B)

0shot B 1 shots B 3 shots 5 shots

Figure 21 | Base student performance across 0-shot and few-shot settings.

Accepted the Conference on Empirical Methods in Natural Language Processing (EMNLP) 2026. 30



	Introduction
	Experimental Setup
	Distillation
	Evaluation

	Is Reasoning Worth the Compute Cost?
	At Fixed Size, Reasoning Helps
	At Fixed FLOPs, IFT Dominates

	What Drives Reasoning Efficiency?
	Format Predicts Value; Domain Does Not
	Model Capacity Determines Whether Traces Help or Hurt

	Leveraging IFT and Reasoning with Hybrid Data Mixtures
	Related Work
	Conclusion
	Distillation Setup Positioning
	Prompting Details
	Training Hyperparameters
	FLOPs Computation
	Notations
	Training FLOPs
	Inference FLOPs

	Details on Interpolation Curves
	Extended Task Evaluation
	Alternative Teacher-Student Configurations
	Generation Early-Stopping
	Inference Cost Scaling Trends
	Task-Level Results

