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Abstract

Chain-of-thought (CoT) distillation transfers
reasoning behaviors from a strong teacher to a
smaller student, but prior work reports a capac-
ity gap: distillation may fail when the teacher–
student capability mismatch is large. We revisit
the capacity gap from a practical perspective
by re-examining commonly used experimen-
tal settings. Notably, we find that CoT distil-
lation often degrades performance compared
to the student’s pre-distillation baseline, and
that some settings used in prior work, while
suitable for establishing the capacity gap as a
phenomenon, do not reflect realistic deploy-
ment scenarios. Complementing prior work
that establishes the capacity gap, we evaluate
its practical impact under more realistic settings
and find that it does not consistently dominate;
stronger teachers tend to be preferable when
candidate teachers differ substantially in perfor-
mance. Our results offer practical guidance for
selecting teacher–student pairs in CoT distilla-
tion.

1 Introduction

Large language models (LLMs) demonstrate strong
reasoning when prompted to generate intermedi-
ate steps (chain-of-thought (CoT) prompting; Wei
et al., 2022; Kojima et al., 2022), but the resulting
long outputs raise deployment costs. CoT distilla-
tion mitigates this by training a smaller student to
mimic the reasoning of a larger teacher (Ho et al.,
2023; Li et al., 2023; Fu et al., 2023; Hsieh et al.,
2023; Magister et al., 2023; Shridhar et al., 2023).1

A widely cited concern is the capacity gap: dis-
tillation may fail when the teacher–student capabil-
ity mismatch is large (Li et al., 2025; Chen et al.,
2025), implying that the strongest teacher is not

* Equal contribution.
† This work was done during an internship at CyberAgent.
1CoT distillation typically targets task-specific reasoning

transfer, as opposed to large-scale pretraining-time distillation,
which aims at broad capability acquisition.

always optimal and that practitioners face a costly
hyperparameter search over candidate teachers.

In this paper, we revisit the capacity gap from
a practical perspective. Our aim is not to dis-
pute the existence of the capacity gap, but to
provide a complementary assessment of how
much it matters in a realistic scenario: given
a task that the small, efficient student cannot ad-
equately solve without additional training, which
teacher should be selected to distill into the stu-
dent? We identify two protocol-level issues that
obscure this practitioner’s question in prior work:
(1) configurations are compared only after distil-
lation, without checking whether distillation im-
proves over the pre-distillation baseline (Li et al.,
2025; Chen et al., 2025), and we find that it often
degrades performance; and (2) some experimen-
tal settings do not reflect realistic deployment
scenarios: cross-teacher data filtering keeps only
examples that all candidate teachers solve, strip-
ping stronger teachers of correct data that only they
provide, and larger-student settings evaluate stu-
dents larger than their teacher, deviating from the
efficiency motivation of distillation (Li et al., 2025).

By adding pre-distillation baselines and remov-
ing these constraints, we find that the capacity gap
does not consistently dominate across tasks and
settings, and that when candidate teachers differ
substantially in performance, the benefits of the
stronger teacher outweigh capacity-gap effects.

Our primary contribution is thus a practical re-
examination and revision of evaluation protocols
for CoT distillation, complementary to prior capac-
ity gap studies, with the teacher-selection guideline
as its conditional consequence. Specifically, our
contributions are as follows:

• We identify pitfalls in existing evaluation pro-
tocols from a practical perspective, most no-
tably the missing comparison against the pre-
distillation baseline, which obscures cases

51505



where distillation degrades performance.

• Through systematic experiments across model
families under a more realistic protocol, we
show that capacity-gap effects do not consis-
tently dominate across tasks and settings.

• We derive conditional guidelines for practi-
tioners: first verify that distillation improves
over the pre-distillation baseline, and when
this is confirmed and candidate teachers dif-
fer substantially in performance, prefer the
higher-performing teacher.

2 Preliminaries

2.1 CoT Distillation
CoT distillation aims to transfer the reasoning capa-
bilities of a large teacher model to a smaller, more
efficient student model. The general procedure
consists of two stages.

Rationale Generation. Given an original train-
ing dataset D = {(xi, yi)}Ni=1 with ground-truth
labels yi, the teacher model T generates reasoning
chains (rationales) {r̂i}Ni=1 along with predicted an-
swers {ŷi}Ni=1. To ensure the quality of reasoning
chains, only samples where the predicted answer
matches the ground-truth label are retained:

DCoT = {(xi, r̂i, ŷi) | (xi, yi) ∈ D, ŷi = yi}.
(1)

Student Fine-tuning. The student model S is
fine-tuned on the distillation dataset DCoT to learn
to produce similar reasoning chains. Formally, the
student is trained to minimize the negative log-
likelihood:

L = −
∑

(x,r̂,ŷ)∈DCoT

logPS(r̂, ŷ | x), (2)

where PS denotes the probability distribution of
the student model.

This hard distillation can be viewed as a special
case of sequence-level knowledge distillation (Kim
and Rush, 2016), where the teacher distribution
is approximated via sampling rather than used di-
rectly as a soft distribution (Hinton et al., 2015).
Hard distillation is the dominant paradigm in CoT
distillation because teacher logits are often unavail-
able from proprietary models, and tokenizer mis-
matches across model families preclude logit-level
transfer (Ho et al., 2023; Li et al., 2023; Hsieh et al.,
2023; Magister et al., 2023; Shridhar et al., 2023).

2.2 Capacity Gap

The capacity gap refers to the empirical observa-
tion that distillation may yield suboptimal results
when there is a substantial capability mismatch
between the teacher and student models. Such mis-
match can arise from various sources, including
differences in model size or in reasoning style, e.g.,
short vs. long chain-of-thought (Li et al., 2025).

This phenomenon has been reported in conven-
tional soft knowledge distillation (Lopez-Paz et al.,
2016; Cho and Hariharan, 2019; Mirzadeh et al.,
2020; Jafari et al., 2021). CoT distillation lies on
the same spectrum as soft knowledge distillation
but at the hard-label end (Section 2.1). Capacity
gap analyses developed for soft knowledge distil-
lation therefore do not straightforwardly transfer,
requiring independent empirical investigation.
Prior work has conducted such investigations and
reported the same phenomenon in CoT distillation
(Li et al., 2025; Chen et al., 2025), suggesting
that using CoT from the strongest teacher may not
always be optimal.

However, the practical impact of the capacity
gap under realistic deployment conditions remains
unexamined. Our work is therefore complemen-
tary to these prior studies: rather than disputing
the existence of the gap, we focus on the hard CoT
distillation setting and examine whether commonly
used evaluation protocols reflect realistic deploy-
ment scenarios, thereby assessing how much the
capacity gap actually matters in practice.

3 Pitfalls in Existing Evaluation Protocols

We critically examine experimental protocols com-
monly used in prior capacity gap studies (Li et al.,
2025; Chen et al., 2025) and identify three pitfalls
that may lead to conclusions that do not directly
translate to practical deployment scenarios.

3.1 Pitfall 1: Lack of Pre-Distillation Baseline
Comparison

Prior studies on the capacity gap (Li et al., 2025;
Chen et al., 2025) compare different distillation
configurations only after distillation, without ex-
amining whether distillation itself improves upon
the student model’s pre-distillation performance.
This omission is problematic because recent LLMs
already possess substantial reasoning capabilities
and may already perform well on target tasks with-
out fine-tuning. Therefore, verifying that distilla-
tion actually improves performance is essential for
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(a) Results under the small–large setting.
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(b) Results under the short–long setting.

Figure 1: Performance comparison on five math benchmarks (AIME, AMC, GSM8K, MATH, and OlympiadBench).
We compare the pre-distillation baseline with distilled students. (a) Small–large setting: students distilled from
Qwen2.5-3B-Instruct (Small Teacher) and Qwen2.5-72B-Instruct (Large Teacher). (b) Short–long setting: students
distilled from Qwen2.5-32B-Instruct (Short Teacher) and QwQ-32B-Preview (Long Teacher).

its practical adoption.

Experimental Setup. To examine whether prior
experiments constitute a valid scenario where distil-
lation is expected to be beneficial, we add compar-
isons with pre-distillation baselines to the experi-
mental settings of Li et al. (2025). Our experiments
are based on their publicly available code and data
to ensure consistent experimental settings.2 Below,
we briefly summarize the experimental setup; see
Appendix A for more details.

Training Data and Teacher Models. We use the
distillation datasets publicly released by Li et al.
(2025). These datasets are constructed by gener-
ating CoT rationales for the MATH training set
(Hendrycks et al., 2021) and filtering to retain only
examples where both teachers in each comparison
produce correct answers (see Section 3.2 for a dis-
cussion of the implications of this filtering). Two
teacher comparisons are considered: the small–
large setting, which compares teachers of different
model sizes, specifically CoT from Qwen2.5-3B-
Instruct with Qwen2.5-72B-Instruct (Qwen et al.,

2https://github.com/Small-Model-Gap/
Small-Model-Learnability-Gap

2025); and the short–long setting, which compares
teachers that generate reasoning chains of different
lengths, specifically short CoT from Qwen2.5-32B-
Instruct with long CoT from QwQ-32B-Preview.

Evaluation. We evaluate the student models on
five mathematical reasoning benchmarks of varying
difficulty: MATH, GSM8K (Cobbe et al., 2021),
AMC 2023, AIME 2024, and OlympiadBench (He
et al., 2024). To ensure a fair comparison between
the distilled students and the pre-distillation base-
line, we apply the same evaluation prompt to all
models.

Student Models and Training. We use Qwen2.5-
{0.5B, 1.5B, 3B, 7B, 14B, 32B}-Instruct as stu-
dent models and fine-tune them on the distillation
datasets using LLaMA-Factory (Zheng et al., 2024).
For all configurations, we use the same training hy-
perparameters as Li et al. (2025).

Results. Figures 1a and 1b show the results in the
small–large and short–long settings, respectively.
We found a striking result: in most configurations,
CoT distillation degrades performance compared
to the student’s pre-distillation baseline. A plau-
sible interpretation is that recent instruction-tuned
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LLMs already possess strong reasoning capabil-
ities acquired through extensive pretraining, and
fine-tuning on teacher-generated rationales does
not necessarily improve, and can degrade, these ex-
isting capabilities. We treat the specific mechanism
as an open question; candidates include forgetting
of pretrained knowledge, rationale-style mismatch,
distribution shift, and teacher-CoT quality lower
than that of the student’s instruction-tuning data.3

This indicates that the experimental setting does
not represent a practical scenario where distilla-
tion is beneficial; comparing distillation strategies
then amounts to comparing degrees of degradation
rather than identifying effective approaches.4

3.2 Pitfall 2: Data Filtering that Neutralizes
Teacher Strength

When comparing different teacher models, Li et al.
(2025) filter the training data to include only exam-
ples where both teachers produce correct answers.
This is a reasonable methodological choice for iso-
lating the capacity gap: by controlling the training
data, one can attribute performance differences
purely to the quality of reasoning chains. In this
sense, prior work provides valid evidence that a
capacity gap can exist under controlled conditions.
However, our goal is to assess how much the capac-
ity gap matters in practice. A practitioner would
use all examples that the teacher solves correctly,
and stronger teachers then provide two advantages:
more training examples due to higher accuracy, and
coverage of harder cases that the other teacher fails
to solve. Cross-teacher filtering eliminates both.5

3As an initial probe into the mechanism, our analysis in
Appendix B provides suggestive evidence: configurations
with fewer parameter updates, and hence plausibly smaller
drift from the initial parameters, suffer less degradation on
MATH-500, which is consistent with an optimization-induced
over-updating account, though it does not yet disentangle the
candidate explanations above.

4We additionally found that such an impractical setting can
lead to misleading artifacts: a strategy proposed in prior work
to mitigate the capacity gap appeared effective, but this was
largely due to hyperparameter discrepancies that reduced the
number of parameter updates rather than achieving genuine
improvements (see Appendix B for details).

5Importantly, cross-teacher filtering should not be con-
fused with curating high-quality training data, which has
proven effective for improving LLM reasoning (Ye et al.,
2025). Quality-based selection retains examples based on their
instructional value, whereas cross-teacher filtering merely re-
stricts data to the intersection of what both teachers solve
correctly, discarding correct examples without any quality-
based rationale. Indeed, our ablation study (Appendix C)
shows that applying cross-teacher filtering to our BBH experi-
ments consistently degrades overall distillation performance,
confirming that this filtering reduces useful supervision rather

3.3 Pitfall 3: Inclusion of Larger-Student
Settings

Some prior experiments include configurations
where the student model is larger than the teacher
model (Li et al., 2025). While such settings are
valid for demonstrating the existence of the capac-
ity gap, they do not align with the practical motiva-
tion for CoT distillation, whose primary goal is to
reduce deployment costs by transferring knowledge
to a smaller model. Since our focus is on assessing
the practical impact of the capacity gap, we restrict
experiments to settings where the student is strictly
smaller than the teacher.

4 Re-Evaluation with Practical Protocols

We now propose a revised evaluation protocol that
addresses the pitfalls in Section 3 and re-examine
whether the capacity gap remains a concern under
realistic conditions.

4.1 Proposed Evaluation Protocol

We propose a practical evaluation protocol con-
sisting of the following modifications to existing
experimental settings.

Modification 1: Task Selection Based on Ex-
pected Distillation Benefits. We first identify
tasks where CoT distillation is likely to yield per-
formance improvements, ensuring that we study
scenarios where distillation is practically meaning-
ful rather than comparing degrees of degradation.

We expect distillation to be most effective when
the task requires knowledge beyond what pre-
training provides. Although many-shot in-context
learning (many-shot ICL; Agarwal et al., 2024)
and distillation differ in mechanism, both aim to
acquire task-specific knowledge from numerous ex-
amples; we therefore hypothesize that tasks where
many-shot ICL is effective are also likely to benefit
from distillation. Honda et al. (2025) report that
many-shot ICL yields no gains on mathematical
benchmarks with recent strong LLMs, but BIG-
Bench Hard (BBH; Suzgun et al., 2023; Srivastava
et al., 2023) remains an exception, likely because
BBH tasks require task-specific patterns not infer-
able from prior knowledge alone. Based on this rea-
soning, we select BBH as our benchmark, expect-
ing that distillation will similarly benefit from the
availability of numerous task-specific examples.

than improving data quality.
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BBH consists of 23 diverse tasks, and we fur-
ther narrow down to tasks where distillation has
substantial room to improve the student. Specifi-
cally, we measure the few-shot ICL performance
of all teacher models and all pre-distillation stu-
dent models on each task, and then compute the
average performance within each group (i.e., the av-
erage across teacher models and the average across
student models). We then retain tasks where the
difference between these averages exceeds a thresh-
old. This selection criterion ensures that there is
sufficient room for the student to learn from the
teacher, yielding tasks well-suited for examining
CoT distillation in realistic scenarios.

Modification 2: Removal of Cross-Teacher Data
Filtering. Instead of filtering training data to the
intersection of examples solved correctly by both
weak and strong teachers (an analytical convention
in prior work), we use each teacher’s full set of cor-
rect examples, reflecting the natural choice a prac-
titioner would make and letting stronger teachers
benefit from their higher accuracy. We acknowl-
edge that this protocol does not fully isolate the
capacity gap, since reasoning quality and data quan-
tity vary together across teachers. However, it suits
our purpose of assessing the overall practical im-
pact of teacher selection rather than its mechanistic
breakdown. As a complementary analysis, Ap-
pendix C applies cross-teacher filtering and finds
that the gains from stronger teachers are driven pri-
marily by increased data quantity rather than by
improved reasoning quality.

Modification 3: Restriction to Efficiency-
Motivated Settings. We restrict our evaluation to
configurations where the student model is smaller
than the teacher model, aligning with the efficiency-
driven motivation for CoT distillation. This allows
us to derive actionable insights for practical deploy-
ment. The settings where knowledge is transferred
from a smaller to a larger model, while theoretically
interesting, fall outside the scope of this study.

4.2 Experimental Setup
Our experimental setup follows that of Section 3.1,
with modifications according to the protocol de-
scribed in Section 4.1. We select BBH tasks where
the average few-shot accuracy gap between teacher
and student model groups exceeds 30 percentage
points, yielding 15 tasks (Appendix A.4). For each
task, we split examples into training and test sets
in a 3:2 ratio. To ensure sufficient student model

sizes while keeping students smaller than teachers,
we use Qwen2.5-14B-Instruct and Qwen2.5-72B-
Instruct as small and large teachers in the small–
large setting; for short–long, we use Qwen2.5-32B-
Instruct and QwQ-32B-Preview as in Section 3.1.
We do not apply cross-teacher filtering; instead,
for each teacher, we retain all examples where that
teacher produces a correct answer. For fair compar-
ison, we apply the same few-shot CoT prompt to
all models, including the pre-distillation baseline.
We also conduct cross-family experiments using
Gemma-2 teachers with Qwen2.5 students to val-
idate that our findings generalize beyond a single
model family (Appendix D).

4.3 Results

Figures 2 and 3 present the results under our prac-
tical evaluation protocol. We discuss the results
further in Section 5. We additionally verify that
these findings hold with Gemma-2 teachers in a
cross-family setting (Appendix D).

Distillation Efficacy. In most configurations, dis-
tilled models outperform the pre-distillation base-
line, confirming that many of the selected tasks rep-
resent valid distillation scenarios. However, some
tasks show limited or negative distillation effects:
in the small–large setting, four tasks (Formal Falla-
cies, Logical Deduction (5) and (7), and Penguins
in a Table), and in the short–long setting, five tasks
(with the addition of Logical Deduction (3)). We
focus our subsequent analysis on the remaining
tasks where distillation consistently improves per-
formance (11 tasks in small–large, 10 tasks in short–
long), and defer discussion of these problematic
tasks to the end of this section.

Capacity Gap Effects. Among tasks where dis-
tillation is effective, capacity gap effects are ob-
served in some cases but their impact varies across
tasks and settings. We identify capacity gap ef-
fects using the following diagnostic pattern: if the
capacity gap were a dominant factor, less capable
teachers would yield better students at the smallest
student sizes, with this advantage diminishing or
reversing as student size increases.6 Using this cri-

6Because we report single-run results on relatively small
per-task test sets (Limitations section), per-task judgments
should be interpreted with care. However, this diagnostic is
asymmetric in a way that protects our main claim: detecting
a capacity gap requires the less capable teacher to actively
outperform the more capable one at small student sizes, so
noise in marginal cases biases toward an inconclusive “no
clear gap” reading rather than a false positive for capacity gap
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Figure 2: Results under the small–large setting on 15 selected BBH tasks with our practical evaluation protocol.
We compare the pre-distillation baseline with students distilled from Qwen2.5-14B-Instruct (Small Teacher) and
Qwen2.5-72B-Instruct (Large Teacher). Teacher Ceiling indicates the few-shot performance of each teacher model.
Tasks with a gray background indicate cases where at least one distilled model underperformed the pre-distillation
baseline. Tasks with a red background indicate cases where the results did not follow the capacity gap hypothesis.

terion, in the small–large setting, we observe such
effects in eight of the eleven distillation-effective
tasks, while Date Understanding, Dyck Languages,
and Tracking Shuffled Objects (7) show no such ef-
fects. In the short–long setting, capacity gap effects
appear only in Temporal Sequences and Tracking
Shuffled Objects (7), while the remaining eight
tasks show no such effects.

Effect of Teacher Performance Gap. Although
capacity gap effects are present in some config-
urations, we identify a consistent practical pat-
tern: when there is a substantial performance
gap between teacher models, as observed in Dyck

dominance. A three-seed re-run on four representative tasks
(Appendix F) supports this reading: seed averaging leaves
the task-level conclusions for these tasks unchanged, and no
capacity gap pattern robust to seed variation emerges.

Languages and Word Sorting (Table 16), higher-
performing teachers produce better or compara-
ble distilled students. This finding suggests that,
even when capacity gap effects exist, the benefits
of stronger teachers outweigh these effects when
the teacher performance difference is large.

Analysis of Ineffective Distillation Tasks. For
the tasks where distillation shows limited effective-
ness (Formal Fallacies, Logical Deduction, Pen-
guins in a Table), capacity gap patterns appear in-
consistently across settings, and even for Formal
Fallacies, where the teacher performance gap is
relatively large, stronger teachers do not yield a
consistent advantage. Thus, when distillation it-
self is ineffective for a task, neither capacity gap
considerations nor teacher strength provide reliable
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Figure 3: Results under the short–long setting on 15 selected BBH tasks with our practical evaluation protocol.
We compare the pre-distillation baseline with students distilled from Qwen2.5-32B-Instruct (Short Teacher) and
QwQ-32B-Preview (Long Teacher). Teacher Ceiling indicates the few-shot performance of each teacher model.
Tasks with a gray background indicate cases where at least one distilled model underperformed the pre-distillation
baseline. Tasks with a red background indicate cases where the results did not follow the capacity gap hypothesis.

guidance for teacher selection. However, since
practitioners should not apply distillation to such
tasks in the first place, this absence of guidance is
not a practical concern.

5 Discussion

In this section, we synthesize our results into action-
able recommendations for practitioners considering
CoT distillation.

Guideline 1: Verify distillation efficacy against
the pre-distillation baseline. Unlike earlier mod-
els that required task-specific training, recent
LLMs possess substantial zero-shot and few-shot
reasoning capabilities and may already perform
well on target tasks without any fine-tuning. Con-
sequently, distillation is not guaranteed to improve

performance and may even cause degradation. Be-
fore deploying a distilled model or comparing dis-
tillation strategies, practitioners should confirm that
distillation yields genuine improvements over the
student’s pre-distillation performance.

Since verifying this through actual fine-tuning
is costly, a lightweight proxy is desirable. Our re-
sults suggest that few-shot ICL performance gaps
between teacher and student models may serve this
purpose: in our BBH experiments, tasks selected
based on large ICL gaps showed effective distil-
lation in most configurations, indicating that this
approach can potentially reduce the cost of identi-
fying suitable tasks for CoT distillation.

Several pieces of evidence support the gener-
ality of this proxy beyond the setup used to de-
rive it. Across teacher families and data domains,
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applying the same 30 percentage-point threshold
to our Gemma-2 cross-family experiments (Ap-
pendix D) selects only tasks where distillation in-
deed improves over the baseline, and applying it to
the math tasks in Section 3.1 yields no tasks above
the threshold, consistent with our finding that dis-
tillation does not help there. The threshold is also
validated on both sides of the 30-point cutoff (Ap-
pendix E): newly distilling three BBH tasks whose
ICL gap falls just below the threshold (in the 20–30
point band) shows that distillation is not reliably
effective on any of them, while most tasks selected
under stricter cutoffs of 35 or 40 points remain
distillation-effective (8 of 10 and 6 of 8, respec-
tively, in both teacher settings). Broader validation
across more benchmarks and model families, as
well as exploration of alternative selection criteria,
remains an important direction for future work.

Guideline 2: If distillation is beneficial and
teacher performance differs substantially, pre-
fer the higher-performing teacher. Our results
indicate that when there is a substantial perfor-
mance gap between candidate teachers, higher-
performing teachers produce better or comparable
distilled students, regardless of student model size.
We therefore state this as an explicitly conditional
recommendation: if distillation has been verified to
improve over the pre-distillation baseline (Guide-
line 1) and candidate teachers differ substantially
in performance, then practitioners should select the
higher-performing teacher. Where distillation it-
self is ineffective for a task, neither capacity gap
considerations nor teacher strength provide reli-
able guidance for teacher selection, and the present
guideline does not apply (Section 4.3). Although
this guideline may appear intuitive, prior capacity
gap findings imply a costly search over weaker can-
didate teachers even when a substantially stronger
one is available; showing that this search can be un-
necessary in such cases is itself a practically useful
outcome.

This practical benefit of stronger teachers has
multiple components, of which increased training
data, a natural consequence of higher teacher ac-
curacy, is a major one. Our ablation with cross-
teacher filtering (Appendix C) equalizes data sizes
across teachers and shows that, in the two tasks
where the stronger teacher provides substantially
more data (Dyck Languages and Word Sorting,
1.3–1.8×), the stronger-teacher advantage largely
disappears, while most tasks with smaller data size

differences (at most about 1.1×) remain largely un-
changed. A data size ratio of around 1.3× may thus
serve as a rough reference for when the stronger
teacher’s data-quantity advantage becomes practi-
cally decisive, though this is derived from a limited
number of tasks and should be treated as an approx-
imate heuristic rather than a rigid criterion. When
the performance gap is small, practitioners may
consider other factors such as computational cost
or reasoning chain length, as shorter chains reduce
inference costs.7

6 Related Work

6.1 Knowledge Distillation

CoT distillation builds upon knowledge distillation
(Hinton et al., 2015) and sequence-level knowledge
distillation (Kim and Rush, 2016). As discussed
in Section 2.1, hard distillation—supervised fine-
tuning on teacher-generated sequences (Ho et al.,
2023; Li et al., 2023; Hsieh et al., 2023; Magister
et al., 2023; Shridhar et al., 2023)—is the dominant
paradigm.8 It has also been widely adopted for
transferring general knowledge (West et al., 2022;
Mukherjee et al., 2023) or reasoning traces for test-
time scaling (Muennighoff et al., 2025).

6.2 Capacity Gap in Knowledge Distillation

The capacity gap is also observed in conventional
soft knowledge distillation (Lopez-Paz et al., 2016;
Cho and Hariharan, 2019; Mirzadeh et al., 2020;
Jafari et al., 2021). These analyses, however, rely
on access to the teacher’s full output distribution
(e.g., logit-based KL objectives or temperature an-
nealing) and do not directly transfer to the hard
CoT distillation studied here, where the student is
trained only on sampled sequences (Section 2.1);
the bridge is nonetheless tight, as Kim and Rush
(2016) place sequence-level hard knowledge dis-
tillation on the same spectrum as soft knowledge
distillation by approximating the teacher distribu-
tion via sampling, and the same phenomenon has
been empirically reported in this regime (Li et al.,
2025; Chen et al., 2025). Zhang et al. (2025) study

7Even when generation length is explicitly capped, capac-
ity gap effects do not emerge consistently: in a budget-capped
re-evaluation of the BBH students from our main experiments
(Appendix G), students distilled from the short teacher prevail
in some configurations under tight budgets, yet for the smallest
(0.5B) student the long teacher’s student stays ahead at every
budget.

8While Fu et al. (2023) partially employ soft distillation via
KL divergence minimization, they fall back to hard distillation
depending on tokenizer alignment.
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the capacity gap in task-agnostic LM distillation,
but their controlled setting, where the student is
initialized by pruning the teacher, does not reflect
practical scenarios involving independently pre-
trained models. Our contribution is an empirical
re-evaluation of the capacity gap in hard CoT dis-
tillation under practical conditions, complementary
to Li et al. (2025) and Chen et al. (2025): prior
work establishes the gap under controlled proto-
cols, whereas we assess how much it matters once
realistic deployment factors are allowed in.

6.3 Advances beyond Teacher Selection

Beyond teacher selection, other work addresses
the challenge that student models cannot perfectly
replicate teacher reasoning. Approaches include
improving faithfulness of distilled rationales (Wang
et al., 2023), curriculum learning (Feng et al.,
2024), augmenting students with external symbolic
knowledge bases (Liao et al., 2025), multi-CoT
consistent distillation (Chen et al., 2023), and self-
guided rationale selection (Yan et al., 2025). These
efforts are orthogonal to our focus on teacher selec-
tion: they address the separate problem of bridging
the imitation gap given a fixed teacher–student pair.

7 Conclusion

We revisited the capacity gap in CoT distillation
from a practical perspective, focusing on deploy-
ment scenarios that genuinely call for distilla-
tion: cases where a small, efficient student cannot
adequately handle the target task from pretrain-
ing alone, such as tasks involving proprietary or
domain-specific data with task-specific patterns
unavailable from the student’s pretraining. We
identified pitfalls in existing evaluation protocols,
most notably the lack of comparison against pre-
distillation baselines, and proposed a more realistic
protocol. Complementary to prior work that es-
tablishes the capacity gap under controlled con-
ditions, our experiments across model families
(Qwen2.5 in the main experiments and Gemma-2
in Appendix D) show that its practical impact is not
universal and can be outweighed by the overall ben-
efits of stronger teachers, of which increased train-
ing data availability is a major component. Based
on these findings, we recommend two conditional
guidelines: always verify that distillation improves
upon the pre-distillation baseline, and if this is con-
firmed and candidate teachers differ substantially in
performance, prefer the higher-performing teacher.

Limitations

Benchmark and Model Scope. Our practical
evaluation focuses exclusively on BBH as the
benchmark where CoT distillation demonstrates
genuine improvements over pre-distillation base-
lines. While this limits the generalizability of our
findings, we note that BBH comprises diverse tasks
spanning various reasoning types, and our task se-
lection procedure specifically targeted scenarios
where the capacity gap is most likely to mani-
fest. Regarding model scope, we provide initial
cross-family validation using Gemma-2 teachers
in Appendix D, but further validation across di-
verse model families remains important. We be-
lieve BBH represents an appropriate testbed for
examining the practical impact of the capacity gap;
nevertheless, future work should extend this evalua-
tion to other domains where CoT distillation proves
effective, such as code generation and instruction
following.

Confounded Factors in Practical Evalua-
tion. By removing cross-teacher data filtering
(Section 4.1), our protocol does not allow us to dis-
entangle the individual contributions of increased
data quantity and improved reasoning quality that
stronger teachers provide. However, this is an
intentional design choice: our goal is to assess the
overall practical impact of using stronger teachers
under realistic deployment conditions, rather
than to isolate the capacity gap as a phenomenon.
While this approach limits our ability to provide
mechanistic explanations, it directly addresses
the practitioner’s question of which teacher to
select given real-world constraints. We conduct
additional experiments with cross-teacher filtering
in Appendix C, which confirm that filtering
consistently degrades distillation performance, that
capacity gap effects remain inconsistent even under
equalized data sizes, and that the advantage of
stronger teachers is largely driven by increased data
quantity, more than by differences in CoT quality.

Scope of Claims Regarding the Capacity Gap.
Our findings do not refute the existence of the ca-
pacity gap; indeed, both prior work (Li et al., 2025;
Chen et al., 2025) and our own results confirm that
it manifests in some tasks and settings. Rather, our
contribution is to show that when candidate teach-
ers differ substantially in performance, the benefits
of stronger teachers outweigh capacity gap effects.
When candidate teachers perform similarly, capac-
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ity gap effects may play a larger role, and other
factors such as computational cost or reasoning
chain length may guide teacher selection. Future
work should develop more fine-grained selection
criteria for such cases.

Statistical Reliability. Due to the high computa-
tional cost of distillation across configurations, we
report single-run results for most configurations,
following Li et al. (2025). The BBH test sets are
also relatively small (approximately 100 examples
per task after splitting), which may amplify noise in
per-task results. To assess this risk, we repeated dis-
tillation with three random seeds on four representa-
tive tasks (Appendix F); seed averaging leaves our
task-level conclusions on these tasks unchanged,
and no capacity gap pattern robust to seed varia-
tion emerges. As noted in Section 4.3, our capacity
gap diagnostic is asymmetric, so noise in marginal
cases biases toward inconclusive readings rather
than false positives for capacity gap dominance; in
addition, our conclusions are drawn from patterns
observed across many tasks and settings rather than
from individual task-level judgments, further miti-
gating this limitation.

Task Selection Threshold. Our task selection
criterion (a 30 percentage-point gap between
teacher and student ICL performance averages)
is not derived from theoretical considerations and
may require adjustment for other benchmarks or
model families. Its primary role is to pre-select
the tasks a practitioner would realistically consider
distilling, relying only on information available
before distillation (few-shot ICL performance);
serving as a proxy for distillation efficacy is a
secondary role. Accordingly, the threshold does
not guarantee that distillation will be effective;
indeed, some of the selected tasks turned out to
show limited or negative distillation effects (Sec-
tion 4.3), and we do not claim that the exact value
of 30 is a universally valid efficacy proxy. Even
so, its effectiveness as a proxy is validated beyond
the setup used to derive it, across teacher families
(Gemma-2), data domains (math), and both sides of
the 30-point cutoff (Guideline 1 in Section 5), and
our conclusions on the capacity gap are themselves
unchanged with Gemma-2 teachers (Appendix D)
and on either side of the cutoff (Appendix E).
Moreover, the inclusion of both effective and
ineffective distillation scenarios reflects the
realistic uncertainty practitioners face, providing
a practical testbed for examining the capacity gap.
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Hyperparameter Value

Method
Stage SFT
Finetuning type Full
DeepSpeed config ds_z3_config.json
Flash attention FA2

Dataset
Template qwen
Max samples 10,000
Cutoff length 8,192
Preprocessing workers 32

Training
Batch size (per device) 2
Gradient accumulation steps 1
Learning rate 1.0e-5
Number of epochs 2
LR scheduler Cosine
Precision BF16

Evaluation
Validation size 0.01
Eval batch size (per device) 1
Eval strategy Steps
Eval steps 100

Table 1: Hyperparameters for full fine-tuning of smaller
student models.

A Experimental Setup Details

This section provides a detailed description of the
experimental setup. All experiments are conducted
on four NVIDIA A100 GPUs, each with 80GB of
memory. Due to the high computational cost of
distillation across various configurations, we report
results from a single run, following Li et al. (2025),
except for the multi-seed reliability analysis in Ap-
pendix F, which repeats representative configura-
tions with three random seeds. The datasets used
in our experiments are all in English and publicly
available for research use.

A.1 Models

We use models from the Qwen2.5 family in our ex-
periments. For student and teacher models, we use
Qwen2.5-{0.5B, 1.5B, 3B, 7B, 14B, 32B, 72B}-
Instruct, available at https://huggingface.co/
collections/Qwen/qwen25. For the long-CoT
teacher in the short–long setting, we use QwQ-
32B-Preview, available at https://huggingface.
co/Qwen/QwQ-32B-Preview.

Hyperparameter Value

Method
Stage SFT
Finetuning type LoRA
Lora Target All
DeepSpeed config ds_z3_config.json
Flash attention FA2

Dataset
Template qwen
Max samples 10,000
Cutoff length 8,192
Preprocessing workers 32

Training
Batch size (per device) 1
Gradient accumulation steps 1
Learning rate 1.0e-4
Number of epochs 2
LR scheduler Cosine
Precision BF16
Warmup ratio 0.03

Evaluation
Validation size 0.01
Eval batch size (per device) 1
Eval strategy Steps
Eval steps 100

Table 2: Hyperparameters for LoRA fine-tuning of
larger student models (14B and 32B).

A.2 Hyperparameters

Following the codebase of Li et al. (2025), we
use LLaMA-Factory (Zheng et al., 2024) for fine-
tuning student models. Table 1 summarizes the hy-
perparameters used in our experiments. For larger
student models (14B and 32B), we employ LoRA
(Hu et al., 2022) following Li et al. (2025). The
LoRA-specific hyperparameters are provided in Ta-
ble 2.

A.3 MATH Data

Table 3 summarizes the distillation datasets used
in Section 3.1. These datasets were publicly re-
leased by Li et al. (2025). They were constructed
by generating CoT rationales for the MATH train-
ing set (Hendrycks et al., 2021) and retaining
only examples where both teachers in each set-
ting (small–large or short–long) produce correct
answers. Datasets within the same setting have
identical sizes due to this cross-teacher filtering
(see Section 3.2).

Table 4 summarizes the evaluation benchmarks
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Distillation Data Size Source

MATH w/ Small Teacher 4,539 https://huggingface.co/datasets/UWNSL/MATH_training_split_distill_small_teacher
MATH w/ Large Teacher 4,539 https://huggingface.co/datasets/UWNSL/MATH_training_split_distill_large_teacher
MATH w/ Short Teacher 5,383 https://huggingface.co/datasets/UWNSL/MATH_training_split_short_cot
MATH w/ Long Teacher 5,383 https://huggingface.co/datasets/UWNSL/MATH_training_split_long_cot

Table 3: Distillation datasets for MATH experiments in Section 3.1.

Evaluation Data Size Source

MATH 5,000 https://huggingface.co/datasets/EleutherAI/hendrycks_math
GSM8K 1,319 https://huggingface.co/datasets/openai/gsm8k
AMC 2023 40 https://github.com/Small-Model-Gap/Small-Model-Learnability-Gap/tree/main/

lm-evaluation-harness/math_eval_data/amc23
AIME 2024 30 https://github.com/Small-Model-Gap/Small-Model-Learnability-Gap/tree/main/

lm-evaluation-harness/math_eval_data/aime24
OlympiadBench 675 https://github.com/Small-Model-Gap/Small-Model-Learnability-Gap/tree/main/

lm-evaluation-harness/math_eval_data/olympiadbench

Table 4: Evaluation benchmarks for MATH experiments in Section 3.1.

Task Description

Date Understanding Read dates from context and answer questions involving format conversion or duration calculation.
Dyck Languages Complete a parenthesis sequence by supplying the missing closing brackets.
Formal Fallacies Determine the logical validity of an informal argument.
Logical Deduction {3, 5, 7} Given clues about the relative positions of 3, 5, or 7 objects, identify the correct position of a specified

object.
Penguins in a Table Answer questions about specific penguins or their counts based on a table of penguin attributes.
Reasoning Colored Objects Given a description of object arrangements, identify the color of a specified object.
Ruin Names Alter exactly one character of a given artist, band, or movie name to produce a humorous variant.
Salient Translation Error Compare a German source sentence with an erroneous English translation and classify the type of

translation error such as proper nouns, numbers, or negation.
Temporal Sequences Determine the time period during which a specific event occurred, given a person’s daily schedule.
Tracking Shuffled Objects {3, 5, 7} Track a series of swap operations on 3, 5, or 7 objects and identify the final owner of each object.
Word Sorting Sort a list of words into alphabetical order.

Table 5: Descriptions of the 15 BBH tasks used in our experiments.

used in Section 3.1. MATH and GSM8K (Cobbe
et al., 2021) are standard mathematical reason-
ing benchmarks; we use their test and validation
splits, respectively. AMC 2023, AIME 2024, and
OlympiadBench (He et al., 2024) are competition-
level benchmarks designed to assess advanced
mathematical problem-solving abilities. Follow-
ing Li et al. (2025), we conduct evaluations using
the evaluation script from their official implemen-
tation along with lm-evaluation-harness (Gao
et al., 2024).

A.4 BBH Data

We use 15 tasks from BBH (Suzgun et al., 2023;
Srivastava et al., 2023) based on the selection cri-
terion described in Section 4.1. Table 5 provides
brief descriptions of the selected tasks. Table 16
presents the complete few-shot ICL performance
of the pre-distillation models.

Each task contains 250 examples, except for
Penguins in a Table, which contains 146 exam-

ples. For each task, we split examples into training
and test sets in a 3:2 ratio. For distillation, we
prompt each teacher model to generate CoT ra-
tionales for the training examples and retain only
those where the teacher produces a correct final
answer. Unlike the MATH experiments, we do
not apply cross-teacher filtering; each teacher’s dis-
tillation dataset consists of all examples that the
respective teacher solves correctly, as described in
Section 4.1. All evaluations are conducted using
lm-evaluation-harness, which loads the BBH
data and uses few-shot CoT prompts.

B Artifacts from Comparing Degradation

As demonstrated in Section 3.1, existing exper-
imental settings exhibit an undesirable situation
where distillation degrades performance compared
to the pre-distillation baseline. This is problematic
not only because it undermines the practical rele-
vance of the experiments, but also because it can
lead to misleading evaluations of proposed strate-
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Figure 4: Effect of effective batch size alignment on
distillation performance (MATH-500, small–large set-
ting). (10 × BS) indicates configurations with 10 times
the original effective batch size (batch size × gradient
accumulation steps).

gies. When distillation consistently harms perfor-
mance, any approach that appears to improve re-
sults may simply be mitigating the degree of degra-
dation rather than achieving genuine improvements.
We illustrate this concern with a concrete example
from prior work.

Li et al. (2025) proposed mix distillation, which
combines rationales from different teachers in a
fixed ratio to mitigate the capacity gap. However,
the original implementation uses different hyperpa-
rameters from the baseline: mix distillation uses a
batch size of 5 with 4 gradient accumulation steps,
while standard CoT distillation uses a batch size of
2 with 1 accumulation step. This discrepancy ap-
pears to stem from the mixing ratio: rationales are
combined in a 4:1 ratio, requiring larger batches
and more accumulation steps to ensure each param-
eter update reflects rationales from both teachers.
Since the number of epochs is fixed at 2 and other
hyperparameters such as learning rate remain the
same, mix distillation performs 10 times fewer pa-
rameter updates than the baseline.9

To isolate the contribution of the data construc-
tion strategy, the core component of mix distilla-
tion, we aligned the effective batch size (batch size
× gradient accumulation steps) across all meth-
ods. Specifically, we trained students (Qwen2.5-
7B-Instruct) using small-teacher and large-teacher
distillation data with the same effective batch size
as mix distillation (10 × the original). We used
MATH-500 as the test set and evaluated at fine-

9Mix distillation performs N
5×4

× 2 = N
10

updates, while
standard distillation performs N

2×1
× 2 = N updates, where

N is the dataset size.

Teacher No Filter Filtered Diff.

Small 67.49 65.70 −1.78
Large 67.95 64.34 −3.61

Short 68.09 64.92 −3.16
Long 69.09 66.11 −2.97

Table 6: Average accuracy across 15 BBH tasks (aver-
aged over four student sizes) with and without cross-
teacher filtering. Diff. = Filtered − No Filter.

grained iteration intervals to examine the effect of
the number of update steps. Figure 4 presents the
results. When batch size and gradient accumulation
are aligned, standard distillation with large-teacher
data achieves comparable or better performance
than mix distillation: Large (10 × BS) matches or
outperforms Mix-Large (10 × BS). This confirms
that, in this setting, differences in the number of
update steps make it difficult to properly compare
distillation strategies.

Beyond this evaluation concern, the analysis
also provides an initial probe into the degrada-
tion mechanism observed in Section 3.1: configu-
rations with fewer parameter updates, and hence
plausibly smaller drift from the initial parameters,
consistently suffer less degradation on MATH-500.
This is consistent with an explanation based on
optimization-induced drift, i.e., over-updating away
from a well-tuned instruction-tuned initialization,
although it does not disentangle forgetting, distri-
bution shift, and rationale-style mismatch, which
remain open questions.

C Effect of Cross-Teacher Filtering on
BBH

To disentangle the effects of data quantity and rea-
soning quality, we repeated our BBH experiments
(Section 4) with the cross-teacher filtering protocol
used in prior work, where training data is restricted
to examples that both teachers solve correctly.

Table 6 reports the average accuracy across all
15 BBH tasks (averaged over four student sizes:
0.5B, 1.5B, 3B, 7B). Cross-teacher filtering con-
sistently degrades average accuracy compared to
the unfiltered setting. Notably, the degradation
is asymmetric in the small–large setting (Large:
−3.61 vs. Small: −1.78). The data reduction is
likewise asymmetric: as shown in the bottom row
of Table 7, filtering shrinks the large teacher’s data
from 1,928 to 1,684 examples in total (−12.7%)
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Small–Large Short–Long

Task Small Large Ratio Filtered Short Long Ratio Filtered

Date Understanding 136 138 1.01 129 136 135 1.01 130
Dyck Languages 49 90 1.84 44 88 61 1.44 47
Formal Fallacies 126 137 1.09 123 135 150 1.11 135
Logical Deduction (3) 148 147 1.01 146 148 146 1.01 146
Logical Deduction (5) 123 137 1.11 113 130 138 1.06 120
Logical Deduction (7) 116 125 1.08 99 126 125 1.01 106
Penguins in a Table 84 86 1.02 84 86 84 1.02 83
Reasoning about Colored Objects 139 148 1.06 137 149 150 1.01 149
Ruin Names 130 133 1.02 123 125 124 1.01 115
Salient Translation Error Detection 99 93 1.06 81 105 97 1.08 89
Temporal Sequences 144 150 1.04 144 150 146 1.03 146
Tracking Shuffled Objects (3) 135 150 1.11 135 149 149 1.00 148
Tracking Shuffled Objects (5) 132 147 1.11 130 150 146 1.03 146
Tracking Shuffled Objects (7) 132 146 1.11 128 149 146 1.02 145
Word Sorting 76 101 1.33 68 93 127 1.37 85

Total 1,769 1,928 1,684 1,919 1,924 1,790

Table 7: Training data sizes for the BBH distillation experiments. For each teacher pairing, we report the number
of training examples that each teacher solves correctly, which constitutes its distillation dataset in the unfiltered
setting; the ratio between these two numbers, dividing whichever is greater by the other (Ratio); and the number of
examples that both teachers solve correctly, which is used under cross-teacher filtering (Filtered). In each setting,
the highest ratio among the tasks is shown in bold and the second highest is underlined. The bottom row reports the
total data sizes over the 15 tasks.

but the small teacher’s only from 1,769 to 1,684
(−4.8%). Filtering thus ends up disproportionately
penalizing the stronger teacher, stripping it of its ad-
ditional correct examples. In the short–long setting,
no such asymmetry appears, either in the degrada-
tion (Short: −3.16 vs. Long: −2.97) or in the total
data size (1,919 vs. 1,924 examples). However,
since the two teachers solve different examples,
filtering still removes a similarly large amount of
data from both (down to 1,790 examples; −6.7%
and −7.0%), and both degrade to a similarly large
extent. Across the four teachers, the size of the
degradation thus corresponds to the amount of data
lost to filtering (Small: −4.8% data, −1.78 points;
Short and Long: about −7%, −3.16 and −2.97;
Large: −12.7%, −3.61), indicating that the degra-
dation under filtering is driven by the loss of train-
ing data.

Per-task accuracies behind these averages are
provided in Tables 12–15. The effect of filtering is
most visible in Dyck Languages and Word Sorting,
where the stronger teacher provided substantially
more data in the unfiltered setting (approximately
1.3–1.8× more examples; Table 7). Without fil-
tering, the stronger teacher consistently produced
better or comparable students regardless of student

size in these tasks. Equalizing data sizes through fil-
tering substantially weakened this pattern. Specif-
ically, in Dyck Languages, the average absolute
accuracy gap between students of the two teachers
(across student sizes) shrank from 18.50 points (un-
filtered) to 3.25 points (filtered) in the small–large
setting, and from 15.50 to 5.75 points in the short–
long setting. In Word Sorting, the gap shrank from
5.00 to 1.75 points in the small–large setting, and
from 11.50 to 4.75 points in the short–long setting.
These results provide direct evidence that the ad-
vantage of stronger teachers is largely driven by
increased data quantity, more than by differences
in CoT quality between the two teachers.

D Generalization to a Different Model
Family

Our main experiments use the Qwen2.5 family for
both teachers and students. To examine whether
our findings generalize beyond a single model
family, we conduct additional experiments using
Gemma-2-{9B, 27B}-it (Team et al., 2024) as
teachers while keeping the same Qwen2.5 students.
This cross-family setting follows Li et al. (2025),
who also employed Gemma-2-9B-it and Gemma-
2-27B-it as small and large teachers in their small–
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Figure 5: Results on 5 selected BBH tasks with Gemma-2 teachers and Qwen2.5 students. We compare the
pre-distillation baseline with students distilled from Gemma-2-9B-it (Small Teacher) and Gemma-2-27B-it (Large
Teacher). Teacher Ceiling indicates the few-shot performance of each teacher model. Tasks with a red background
indicate cases where the results did not follow the capacity gap hypothesis.

large setting. As in Li et al. (2025), we evaluate
only the small–large setting since the Gemma-2
family does not include a long-CoT teacher.

Applying the same 30 percentage-point gap
threshold used in Section 4.1, we select 5 tasks
for distillation: Ruin Names, Temporal Sequences,
Tracking Shuffled Objects (5), Tracking Shuffled
Objects (7), and Word Sorting. The pre-distillation
performance of all models is reported in Table 17.

Figure 5 presents the results. Among the 5 se-
lected tasks, distillation is effective in all of them,
consistently improving over the pre-distillation
baseline. Regarding capacity gap effects, only 1 out
of 5 tasks (Temporal Sequences) exhibits such ef-
fects, where the smaller teacher (9B) yields better
students at smaller student sizes. In the remain-
ing 4 tasks, the larger teacher (27B) consistently
produces better or comparable students across all
student sizes. These results are consistent with our
main findings from the Qwen-only experiments
(Section 4), confirming that the impact of capacity
gap effects does not consistently dominate across
tasks, even when a different teacher model family
is used.

E Validation of the Task-Selection
Threshold

Our practical protocol selects BBH tasks whose
ICL gap between the teacher and student group av-

erages exceeds 30 percentage points (Section 4.1).
This appendix validates the threshold on both sides
of the cutoff: from below, by newly distilling three
tasks just under the threshold, and from above, by
re-reading our results under stricter cutoffs.

Distillation below the Threshold. We newly dis-
till three BBH tasks from the 20–30 point band just
below the cutoff (Table 16): Multistep Arithmetic
Two (ICL gap 28.8), Object Counting (28.9), and
Disambiguation QA (26.4). The protocol is identi-
cal to that of the main BBH experiments (Qwen2.5
students, the same four teachers, no cross-teacher
filtering). Table 8 reports the results, which rein-
force the threshold in two respects.

First, distillation is not reliably effective on any
of the three tasks. Every one of them has configu-
rations where the distilled student falls below the
pre-distillation baseline, so none of them meets
the efficacy criterion of consistent improvement in
either teacher setting. Even the closest case fails:
on Disambiguation QA in the short–long setting,
the long teacher improves at every student size, but
the short teacher’s 7B student only ties its base-
line of 75.0. None of the tested below-threshold
tasks would thus qualify as distillation-effective,
suggesting that the threshold reflects a real change
in distillation reliability rather than an arbitrary
single point.
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Task (ICL Gap) Student Baseline Small Large Short Long

Multistep Arithmetic Two (28.8)

0.5B 27.0 58.0 89.0 62.0 83.0
1.5B 67.0 83.0 65.0 84.0 93.0
3B 90.0 83.0 89.0 94.0 98.0
7B 95.0 73.0 88.0 96.0 82.0

Object Counting (28.9)

0.5B 48.0 53.0 40.0 43.0 26.0
1.5B 56.0 50.0 53.0 51.0 44.0
3B 62.0 52.0 45.0 51.0 48.0
7B 82.0 55.0 56.0 53.0 40.0

Disambiguation QA (26.4)

0.5B 29.0 53.0 41.0 55.0 34.0
1.5B 51.0 71.0 35.0 55.0 58.0
3B 61.0 79.0 59.0 79.0 66.0
7B 75.0 87.0 88.0 75.0 82.0

Table 8: Accuracy on the test split for three BBH tasks whose ICL gap falls just below the 30-point threshold (in
the 20–30 point band), distilled under the same protocol as the main experiments. Baseline is the pre-distillation
few-shot accuracy; Small/Large (Qwen2.5-14B/72B-Instruct) and Short/Long (Qwen2.5-32B-Instruct/QwQ-32B-
Preview) denote students distilled from the respective teachers. Underlined scores fall below the pre-distillation
baseline.

Second, our capacity gap conclusions also hold
below the cutoff. On Multistep Arithmetic Two,
the more capable teachers produce the best 0.5B
students (89.0 vs. 58.0 for large vs. small; 83.0 vs.
62.0 for long vs. short), the opposite of capacity gap
dominance. On Object Counting, the small–large
winner alternates with student size. Only Disam-
biguation QA in the small–large setting shows a ca-
pacity gap pattern, and it does not carry over to the
short–long setting. As Table 16 shows, the teacher
ICL accuracies on these three tasks are within 5.2
points of each other in each setting, so the data-
quantity advantage that drives Dyck Languages
and Word Sorting (Section 5) does not apply here;
this matches our analysis of ineffective distillation
tasks (Section 4.3).

Stricter Cutoffs. Since ICL gaps are already
measured for all tasks (Table 16), stricter cutoffs
can be checked on our existing results without new
runs. Table 9 summarizes the outcome for cutoffs
of 30, 35, and 40 points. Most selected tasks re-
main distillation-effective under the stricter cutoffs
(8 of 10 at >35 and 6 of 8 at >40, in both teacher
settings), so the proxy keeps identifying suitable
tasks. The capacity gap pattern also stays incon-
sistent across settings at every cutoff, and the two
tasks where the stronger teacher’s data-quantity
advantage drives the result (Dyck Languages and
Word Sorting) remain included even at the strictest
cutoff. Our conclusions therefore do not hinge on

Small–Large Short–Long

Cutoff #Tasks Effective Gap-Cons. Effective Gap-Cons.

>30 15 11 8 10 2
>35 10 8 6 8 2
>40 8 6 4 6 2

Table 9: Sensitivity of our findings to the task-selection
cutoff. #Tasks counts the BBH tasks whose ICL gap
(Table 16) exceeds the cutoff; for each teacher setting,
Effective counts the selected tasks where distillation
consistently improves over the pre-distillation baseline,
and Gap-Cons. counts the effective tasks that exhibit
the capacity-gap diagnostic pattern (Section 4.3). The
>30 row is the setting used in the main experiments.

the exact value of 30; the threshold is an opera-
tional heuristic whose primary role is to pre-select
the tasks a practitioner would realistically consider
distilling (see the Limitations section).

F Multi-Seed Reliability Analysis

Our main results are reported from a single run per
configuration due to the high computational cost
of distillation. To assess seed-level variability, we
repeat distillation with three random seeds on four
representative tasks. Because the findings most
in need of verification are those that run counter
to expectations from prior work, namely that dis-
tillation can fail to improve the student and that
capacity gap patterns can be absent, we specifically
select tasks carrying these readings: Formal Fal-
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Task Student Baseline Small Large Short Long

Dyck Languages
0.5B 1.0 4.3 ± 2.9 10.7 ± 3.1 10.3 ± 1.2 6.0 ± 1.0
1.5B 1.0 13.0 ± 1.7 49.7 ± 2.1 40.0 ± 2.6 19.0 ± 6.0
3B 2.0 36.7 ± 11.2 44.7 ± 11.5 53.7 ± 7.8 33.7 ± 8.4

Date Understanding
0.5B 36.0 49.3 ± 3.5 57.0 ± 1.7 60.0 ± 5.6 64.3 ± 3.1
1.5B 53.0 85.3 ± 1.2 86.0 ± 1.0 81.0 ± 1.7 82.0 ± 1.7
3B 67.0 87.3 ± 3.5 87.0 ± 1.0 85.0 ± 5.2 84.0 ± 3.6

Formal Fallacies
0.5B 53.0 51.7 ± 2.9 50.7 ± 3.1 51.7 ± 1.2 49.3 ± 6.1
1.5B 53.0 57.0 ± 4.6 61.3 ± 2.1 54.7 ± 3.1 59.7 ± 5.5
3B 63.0 65.3 ± 4.2 71.7 ± 2.5 63.0 ± 3.5 73.3 ± 1.5

Penguins in a Table
0.5B 32.2 39.5 ± 7.6 37.3 ± 10.3 40.1 ± 12.7 42.4 ± 2.9
1.5B 64.4 68.4 ± 2.6 68.9 ± 8.4 65.5 ± 2.0 70.1 ± 4.3
3B 81.4 80.2 ± 5.4 77.4 ± 4.3 81.9 ± 1.0 84.2 ± 8.4

Table 10: Multi-seed distillation results on four representative BBH tasks. Accuracy on the test split is reported as
mean ± standard deviation over three random seeds; Baseline is the pre-distillation few-shot accuracy on the same
test split. Underlined scores indicate that the mean falls below the pre-distillation baseline.

lacies and Penguins in a Table, where distillation
showed limited efficacy in the single-run results
(Section 4.3), and Date Understanding and Dyck
Languages, distillation-effective tasks where no
capacity gap pattern was observed (Section 4.3).
The runs cover the three smallest students (0.5B,
1.5B, and 3B) and both teacher settings. Table 10
reports the mean and standard deviation over the
three seeds.

The seed-averaged results reveal no capacity gap
pattern robust to seed variation. Our diagnostic
pattern for capacity gap effects requires the less
capable teacher (small or short) to actively outper-
form the more capable one (large or long) at the
smallest student sizes, with the advantage dimin-
ishing as the student grows (Section 4.3). Across
the 24 comparisons in Table 10 (four tasks, three
student sizes, and two settings), leads of the less
capable teacher are, with one exception discussed
below, at most 2.8 points (Penguins in a Table at 3B,
80.2± 5.4 vs. 77.4± 4.3) and stay within the seed-
level variation. The exception is Dyck Languages
in the short–long setting, where the short teacher
leads at every student size. This lead, however,
does not fit the capacity gap signature: it jumps
from 4.3 points at 0.5B to about 20 points at the
two larger sizes rather than diminishing, and the
short teacher is the stronger teacher on this task
(few-shot accuracy 58.8 vs. 40.4), so the lead is
consistent with the data-quantity explanation (Sec-
tion 5; Appendix C). In contrast, the advantage of
a substantially stronger teacher (Section 4.3) re-

mains clearly visible above the seed-level variation.
Among the four tasks, Dyck Languages is the only
one where the teachers differ substantially in perfor-
mance, and its stronger teacher leads well beyond
the seed variation in both settings: the short teacher
in the short–long setting, as discussed above, and
the large teacher in the small–large setting (few-
shot accuracy 61.2 vs. 31.6), which leads by 6.4
points at 0.5B and by 36.7 points at 1.5B (49.7±2.1
vs. 13.0 ± 1.7), the latter an order of magnitude
above the seed variation. The multi-seed results
therefore provide no support for capacity gap dom-
inance on any of the four tasks.

Beyond the capacity gap pattern, seed averag-
ing also preserves the distillation-efficacy readings:
Date Understanding and Dyck Languages remain
distillation-effective, while Formal Fallacies and
Penguins in a Table remain tasks with limited dis-
tillation efficacy (underlined scores in Table 10).
The task-level conclusions drawn in the paper thus
remain unchanged for all four tasks.

G Evaluation under a Fixed Inference
Budget

Practitioners who prefer short reasoning to save
inference costs may cap the generation length at
deployment, in which case a student can be cut off
in the middle of its reasoning. To examine how
capacity gap effects behave under such a constraint,
we re-evaluate the BBH students from our main ex-
periments (Section 4) under fixed generation bud-

51523



Student N=128 N=512 N=1024 N=4000

0.5B 32.7 (115) / 33.7 (115) 46.8 (194) / 48.5 (213) 46.9 (211) / 49.1 (251) 46.9 (299) / 49.1 (449)
1.5B 44.1 (114) / 43.1 (116) 67.3 (193) / 66.6 (209) 67.4 (210) / 68.0 (240) 67.4 (284) / 68.2 (339)
3B 48.3 (114) / 46.7 (116) 75.7 (193) / 74.3 (222) 75.9 (207) / 76.5 (267) 75.9 (244) / 76.6 (448)
7B 50.1 (114) / 47.5 (116) 81.0 (198) / 78.7 (226) 82.7 (215) / 82.2 (269) 83.1 (235) / 82.6 (413)

Table 11: Macro-average accuracy over the 15 BBH tasks under a fixed inference budget of N generated tokens in
the short–long setting, obtained by re-evaluating the students with the maximum generation length capped at N
tokens. Each cell shows the accuracy of the short teacher’s / long teacher’s student, with the mean number of tokens
actually generated at that budget in parentheses; bold marks the better of the pair.

gets, capping the maximum generation length at N
tokens and scoring with each task’s original evalua-
tion configuration. Table 11 reports macro-average
accuracy over the 15 tasks for the students distilled
from the short and long teachers, together with the
mean number of tokens actually generated at each
budget, i.e., the effective inference cost.

A tight budget can indeed make the short teacher
preferable, but not consistently. At N=128 to 512,
the short teacher leads for the 1.5B, 3B, and 7B
students (e.g., 81.0 vs. 78.7 for the 7B student at
N=512). However, at 0.5B, the long teacher wins
at every budget, including N=128, where trunca-
tion nearly equalizes the tokens consumed across
models; at 7B, the short teacher stays ahead even
at N=4000, where truncation is rare and unlikely
to explain the advantage; and at 1.5B and 3B, the
ranking returns to the long teacher by N=1024,
with differences within one point. A limited infer-
ence budget therefore does not uniformly favor the
short-CoT teacher: the preferable teacher varies
with student size and budget, consistent with our
central claim that capacity gap effects do not con-
sistently dominate.

H Use of AI Assistants

AI assistants were used for translation, improving
the fluency of the text, and aggregating the experi-
mental results into tables and figures. All outputs
were reviewed and verified by the authors.
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Small Teacher (14B) Large Teacher (72B)

Task 0.5B 1.5B 3B 7B 0.5B 1.5B 3B 7B

Date Understanding 50.0 87.0 90.0 91.0 56.0 87.0 89.0 95.0
Dyck Languages 6.0 14.0 26.0 36.0 11.0 49.0 56.0 40.0
Formal Fallacies 58.0 63.0 59.0 68.0 51.0 56.0 74.0 76.0
Logical Deduction (3) 52.0 87.0 96.0 93.0 50.0 84.0 96.0 93.0
Logical Deduction (5) 29.0 36.0 59.0 62.0 21.0 57.0 61.0 75.0
Logical Deduction (7) 19.0 45.0 54.0 58.0 18.0 43.0 42.0 53.0
Penguins in a Table 45.8 66.1 74.6 84.7 49.2 74.6 79.7 79.7
Reasoning about Colored Objects 41.0 77.0 83.0 92.0 34.0 77.0 85.0 90.0
Ruin Names 66.0 80.0 82.0 83.0 58.0 79.0 74.0 85.0
Salient Translation Error Detection 49.0 59.0 67.0 73.0 34.0 42.0 61.0 61.0
Temporal Sequences 78.0 85.0 97.0 100.0 62.0 70.0 98.0 99.0
Tracking Shuffled Objects (3) 95.0 100.0 97.0 100.0 69.0 99.0 98.0 100.0
Tracking Shuffled Objects (5) 99.0 85.0 99.0 98.0 94.0 99.0 100.0 100.0
Tracking Shuffled Objects (7) 39.0 94.0 99.0 96.0 56.0 97.0 100.0 99.0
Word Sorting 18.0 30.0 37.0 42.0 15.0 30.0 39.0 57.0

Table 12: Per-task accuracy on BBH without cross-teacher filtering in the small–large setting, i.e., our main
experiments (the exact scores plotted in Figure 2).

Short Teacher (32B) Long Teacher (QwQ)

Task 0.5B 1.5B 3B 7B 0.5B 1.5B 3B 7B

Date Understanding 53.0 77.0 80.0 93.0 67.0 84.0 88.0 89.0
Dyck Languages 12.0 35.0 56.0 56.0 5.0 18.0 26.0 48.0
Formal Fallacies 51.0 53.0 59.0 67.0 33.0 57.0 75.0 74.0
Logical Deduction (3) 34.0 81.0 95.0 95.0 50.0 85.0 91.0 97.0
Logical Deduction (5) 25.0 53.0 65.0 74.0 39.0 41.0 62.0 83.0
Logical Deduction (7) 14.0 38.0 39.0 60.0 22.0 44.0 46.0 57.0
Penguins in a Table 52.5 69.5 83.1 88.1 44.1 66.1 89.8 88.1
Reasoning about Colored Objects 33.0 71.0 82.0 91.0 46.0 77.0 85.0 96.0
Ruin Names 60.0 76.0 82.0 84.0 58.0 74.0 79.0 78.0
Salient Translation Error Detection 33.0 55.0 66.0 70.0 47.0 54.0 58.0 65.0
Temporal Sequences 75.0 90.0 99.0 100.0 67.0 88.0 98.0 99.0
Tracking Shuffled Objects (3) 95.0 100.0 95.0 99.0 94.0 100.0 100.0 98.0
Tracking Shuffled Objects (5) 87.0 93.0 100.0 100.0 85.0 99.0 98.0 99.0
Tracking Shuffled Objects (7) 68.0 90.0 100.0 99.0 57.0 99.0 99.0 99.0
Word Sorting 7.0 30.0 35.0 62.0 17.0 42.0 47.0 74.0

Table 13: Per-task accuracy on BBH without cross-teacher filtering in the short–long setting, i.e., our main
experiments (the exact scores plotted in Figure 3).

51525



Small Teacher (14B) Large Teacher (72B)

Task 0.5B 1.5B 3B 7B 0.5B 1.5B 3B 7B

Date Understanding 51.0 81.0 91.0 92.0 55.0 85.0 80.0 91.0
Dyck Languages 3.0 12.0 28.0 37.0 1.0 12.0 23.0 43.0
Formal Fallacies 52.0 48.0 65.0 71.0 53.0 59.0 67.0 77.0
Logical Deduction (3) 45.0 76.0 92.0 95.0 39.0 83.0 93.0 96.0
Logical Deduction (5) 30.0 45.0 55.0 74.0 28.0 42.0 56.0 59.0
Logical Deduction (7) 17.0 37.0 49.0 60.0 13.0 40.0 41.0 58.0
Penguins in a Table 35.6 64.4 83.1 88.1 32.2 66.1 78.0 81.4
Reasoning about Colored Objects 35.0 74.0 85.0 90.0 25.0 76.0 84.0 87.0
Ruin Names 59.0 76.0 76.0 81.0 40.0 77.0 74.0 80.0
Salient Translation Error Detection 31.0 46.0 62.0 64.0 34.0 43.0 58.0 67.0
Temporal Sequences 82.0 96.0 97.0 98.0 65.0 96.0 99.0 100.0
Tracking Shuffled Objects (3) 85.0 99.0 98.0 99.0 83.0 99.0 99.0 100.0
Tracking Shuffled Objects (5) 85.0 94.0 97.0 100.0 77.0 94.0 99.0 99.0
Tracking Shuffled Objects (7) 41.0 94.0 99.0 98.0 43.0 93.0 100.0 99.0
Word Sorting 9.0 28.0 35.0 52.0 8.0 25.0 36.0 50.0

Table 14: Per-task accuracy on BBH under cross-teacher filtering in the small–large setting (see Table 12 and
Figure 2 for unfiltered results).

Short Teacher (32B) Long Teacher (QwQ)

Task 0.5B 1.5B 3B 7B 0.5B 1.5B 3B 7B

Date Understanding 52.0 80.0 83.0 92.0 55.0 75.0 85.0 84.0
Dyck Languages 1.0 7.0 24.0 38.0 1.0 10.0 31.0 25.0
Formal Fallacies 50.0 45.0 62.0 65.0 42.0 51.0 54.0 70.0
Logical Deduction (3) 48.0 73.0 88.0 96.0 47.0 82.0 93.0 96.0
Logical Deduction (5) 29.0 47.0 56.0 69.0 29.0 46.0 54.0 74.0
Logical Deduction (7) 10.0 41.0 38.0 62.0 18.0 36.0 47.0 67.0
Penguins in a Table 37.3 64.4 74.6 83.1 39.0 71.2 89.8 84.7
Reasoning about Colored Objects 31.0 72.0 85.0 90.0 41.0 77.0 86.0 94.0
Ruin Names 48.0 64.0 78.0 85.0 45.0 69.0 74.0 81.0
Salient Translation Error Detection 33.0 47.0 64.0 69.0 51.0 50.0 60.0 64.0
Temporal Sequences 81.0 81.0 95.0 97.0 71.0 72.0 100.0 100.0
Tracking Shuffled Objects (3) 95.0 100.0 100.0 100.0 94.0 99.0 99.0 98.0
Tracking Shuffled Objects (5) 82.0 98.0 99.0 99.0 89.0 99.0 99.0 99.0
Tracking Shuffled Objects (7) 63.0 99.0 99.0 100.0 64.0 94.0 97.0 99.0
Word Sorting 9.0 28.0 30.0 59.0 11.0 33.0 41.0 60.0

Table 15: Per-task accuracy on BBH under cross-teacher filtering in the short–long setting (see Table 13 and
Figure 3 for unfiltered results).
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Student Teacher

Task 0.5B 1.5B 3B 7B Avg. (S) 14B 32B 72B QwQ Avg. (T) Gap (T−S)

Boolean Expressions 75.2 88.0 88.8 96.4 87.1 99.2 100.0 100.0 96.8 99.0 11.9
Causal Judgement 48.7 59.9 54.5 60.4 55.9 65.8 69.0 71.7 67.9 68.6 12.7
Date Understanding 30.4 53.6 66.4 82.4 58.2 91.2 92.0 93.2 89.6 91.5 33.3
Disambiguation QA 31.2 49.2 63.6 69.2 53.3 82.4 79.2 82.8 74.4 79.7 26.4
Dyck Languages 0.0 0.0 3.6 11.2 3.7 31.6 58.8 61.2 40.4 48.0 44.3
Formal Fallacies 53.2 52.0 62.4 70.4 59.5 84.4 88.8 89.2 98.4 90.2 30.7
Geometric Shapes 22.0 28.8 49.2 66.4 41.6 54.4 58.4 54.8 70.8 59.6 18.0
Hyperbaton 55.2 72.8 74.4 90.0 73.1 99.6 98.8 99.2 99.6 99.3 26.2
Logical Deduction (3) 37.6 59.2 70.0 86.8 63.4 97.6 98.8 98.0 97.6 98.0 34.6
Logical Deduction (5) 22.4 33.2 45.6 59.2 40.1 80.4 88.4 92.0 90.0 87.7 47.6
Logical Deduction (7) 22.0 34.4 32.8 45.6 33.7 77.2 83.6 83.6 83.6 82.0 48.3
Movie Recommendation 37.2 48.4 74.0 66.4 56.5 74.0 78.0 80.4 87.6 80.0 23.5
Multistep Arithmetic Two 30.8 60.8 91.2 94.8 69.4 97.6 96.8 100.0 98.4 98.2 28.8
Navigate 58.4 73.6 90.0 95.2 79.3 98.0 98.8 99.2 97.2 98.3 19.0
Object Counting 53.6 58.8 63.2 78.4 63.5 92.4 90.0 97.6 89.6 92.4 28.9
Penguins in a Table 32.9 61.6 79.5 94.5 67.1 97.9 99.3 99.3 96.6 98.3 31.2
Reasoning about Colored Objects 20.8 62.0 75.6 90.0 62.1 95.2 98.4 99.2 99.6 98.1 36.0
Ruin Names 24.0 36.0 42.8 66.0 42.2 84.8 84.8 89.2 82.0 85.2 43.0
Salient Translation Error Detection 12.0 33.2 46.0 54.8 36.5 67.6 72.0 65.6 66.8 68.0 31.5
Snarks 46.6 57.3 64.6 79.8 62.1 84.3 87.1 91.6 93.3 89.0 27.0
Sports Understanding 48.8 73.2 82.0 87.2 72.8 90.4 90.4 94.8 91.2 91.7 18.9
Temporal Sequences 24.8 15.2 45.6 81.6 41.8 97.6 100.0 100.0 98.4 99.0 57.2
Tracking Shuffled Objects (3) 32.4 41.2 67.6 88.8 57.5 89.6 99.6 100.0 99.6 97.2 39.7
Tracking Shuffled Objects (5) 15.6 18.8 39.6 77.2 37.8 90.0 100.0 98.4 97.6 96.5 58.7
Tracking Shuffled Objects (7) 17.2 16.4 26.4 65.6 31.4 85.6 99.6 98.0 97.6 95.2 63.8
Web of Lies 59.6 80.8 100.0 99.2 84.9 99.6 100.0 100.0 100.0 99.9 15.0
Word Sorting 4.4 6.8 16.0 29.2 14.1 50.8 63.2 68.4 83.6 66.5 52.4

Table 16: Results of few-shot ICL performance on BBH for pre-distillation models (Qwen2.5-{0.5B, 1.5B, 3B, 7B,
14B, 32B, 72B}-Instruct and QwQ-32B-Preview). Avg. denotes the group average for student and teacher models,
respectively. Tasks with a performance gap (Gap = Teacher Avg. − Student Avg.) exceeding 30 percentage points
are highlighted in gray; these tasks are selected for our distillation experiments.
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Student Teacher (Gemma-2)

Task 0.5B 1.5B 3B 7B Avg. (S) 9B 27B Avg. (T) Gap (T−S)

Boolean Expressions 75.2 88.0 88.8 96.4 87.1 91.6 91.2 91.4 4.3
Causal Judgement 48.7 59.9 54.5 60.4 55.9 63.1 66.8 65.0 9.1
Date Understanding 30.4 53.6 66.4 82.4 58.2 81.6 83.6 82.6 24.4
Disambiguation QA 31.2 49.2 63.6 69.2 53.3 75.6 82.4 79.0 25.7
Dyck Languages 0.0 0.0 3.6 11.2 3.7 9.2 9.2 9.2 5.5
Formal Fallacies 53.2 52.0 62.4 70.4 59.5 60.8 71.6 66.2 6.7
Geometric Shapes 22.0 28.8 49.2 66.4 41.6 52.0 54.8 53.4 11.8
Hyperbaton 55.2 72.8 74.4 90.0 73.1 77.2 98.4 87.8 14.7
Logical Deduction (3) 37.6 59.2 70.0 86.8 63.4 82.8 91.6 87.2 23.8
Logical Deduction (5) 22.4 33.2 45.6 59.2 40.1 57.2 61.2 59.2 19.1
Logical Deduction (7) 22.0 34.4 32.8 45.6 33.7 50.4 54.8 52.6 18.9
Movie Recommendation 37.2 48.4 74.0 66.4 56.5 59.6 73.2 66.4 9.9
Multistep Arithmetic Two 30.8 60.8 91.2 94.8 69.4 83.6 90.0 86.8 17.4
Navigate 58.4 73.6 90.0 95.2 79.3 58.8 98.0 78.4 −0.9
Object Counting 53.6 58.8 63.2 78.4 63.5 88.0 95.6 91.8 28.3
Penguins in a Table 32.9 61.6 79.5 94.5 67.1 93.8 93.8 93.8 26.7
Reasoning about Colored Objects 20.8 62.0 75.6 90.0 62.1 79.6 88.4 84.0 21.9
Ruin Names 24.0 36.0 42.8 66.0 42.2 82.4 85.6 84.0 41.8
Salient Translation Error Detection 12.0 33.2 46.0 54.8 36.5 63.2 60.0 61.6 25.1
Snarks 46.6 57.3 64.6 79.8 62.1 80.9 87.1 84.0 21.9
Sports Understanding 48.8 73.2 82.0 87.2 72.8 92.4 94.4 93.4 20.6
Temporal Sequences 24.8 15.2 45.6 81.6 41.8 84.4 98.0 91.2 49.4
Tracking Shuffled Objects (3) 32.4 41.2 67.6 88.8 57.5 67.6 85.2 76.4 18.9
Tracking Shuffled Objects (5) 15.6 18.8 39.6 77.2 37.8 76.4 86.8 81.6 43.8
Tracking Shuffled Objects (7) 17.2 16.4 26.4 65.6 31.4 68.8 80.4 74.6 43.2
Web of Lies 59.6 80.8 100.0 99.2 84.9 100.0 100.0 100.0 15.1
Word Sorting 4.4 6.8 16.0 29.2 14.1 47.6 83.2 65.4 51.3

Table 17: Results of few-shot ICL performance on BBH for pre-distillation models (Qwen2.5-{0.5B, 1.5B, 3B,
7B}-Instruct as students and Gemma-2-{9B, 27B}-it as teachers). Avg. denotes the group average for student and
teacher models, respectively. Tasks with a performance gap (Gap = Teacher Avg. − Student Avg.) exceeding 30
percentage points are highlighted in gray; these tasks are selected for our distillation experiments.
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