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Abstract

Distilling reasoning traces from strong large language models into smaller ones is a
promising route to improve intelligence in resource-constrained settings. Existing
approaches face a fundamental trade-off: offline distillation from teacher-generated
traces provides high-quality, sample-efficient supervision but suffers from distri-
butional drift: during training, the student model conditions on teacher-generated
prefixes, whereas during inference the student autoregresses on self-generated pre-
fixes, leading to compounding errors over long reasoning trajectories. Meanwhile,
on-policy or self-distillation methods better match the student’s inference-time dis-
tribution, but require costly online sampling and often produce low-quality traces
in early training. We propose a principled offline reasoning distillation framework
that preserves the efficiency and supervision quality of offline teacher-generated
data while correcting teacher—student distribution drift. It adaptively emphasizes
teacher supervision that is better aligned with the student’s on-policy distribu-
tion. Evaluations on mathematical reasoning benchmarks of GSM8K, MATH,
MATHS00, and harder held-out competition-style tasks, including AMC, AIME,
and OlympiadBench, show that our method improves reasoning accuracy over
prior offline distillation algorithms and yields more stable reasoning traces while
preserving instruction-following capabilities. Our work shows that lightweight,
distribution-correction-aware training can substantially strengthen offline reasoning
distillation without online rollouts."

1 Introduction

Reasoning ability has emerged as a cornerstone of modern large language models (LLMs), largely
driven by scaled model architecture and advances in reinforcement learning (RL)-based post-training
optimization. This capability is particularly important in scientific and engineering domains such as
mathematics, robotics, and physics, where solving problems requires structured, multi-step reasoning
instead of short-horizon token prediction. Despite these advances, high-quality reasoning behavior is
still primarily observed in large or proprietary models. Enabling smaller models to acquire similar
reasoning ability is critical for practical deployment, especially in resource-constrained environments
where efficient and reliable intelligence is required. The ability to transfer reasoning competence
across models without significant performance degradation is crucial.

A common approach to reasoning distillation is to train a smaller student model on reasoning traces
generated by a stronger teacher model. In this paradigm, referred to as offline learning or behavior
cloning, training data are collected from an external model. In contrast, on-policy methods generate
data from the target model itself and update the model using policy-gradient RL techniques such as
GRPO [30] or token-level extensions [21, 42, 43, 46].

Offline distillation offers several advantages. It is typically more sample-efficient, and teacher-
generated trajectories provide higher-quality supervision, especially during early stages of training.
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However, it also faces the inherent limitation of distribution drift: the distribution of teacher-generated
trajectories differs from the distribution induced by the student model during inference. As the student
generates intermediate tokens that deviate from teacher trajectories, it enters support regions that
are underrepresented in the training data. This distribution shift leads to compounding errors and
unreliable behavior. Existing approaches alleviate this issue through refined distillation objectives,
such as bidirectional divergence minimization [17], but these methods do not directly resolve the
distribution mismatch, where the optimization is still focused on a teacher-provided distribution.

We propose a principled method for LLM reasoning distillation that relies solely on offline, teacher-
provided data while reducing the distribution gap to on-policy training. We first design a general
reasoning-eliciting instruction that contextualizes a large teacher model to produce high-quality
reasoning traces. These traces serve as supervision for training a smaller student model. We then
introduce a distribution-corrected objective that incorporates an advantage-based weighting mecha-
nism, enabling the student to better align with trajectories it is likely to encounter during inference.
Our formulation provides an effective approach for reducing the teacher—student distributional drift
and is compatible with most offline distillation frameworks. We focus on mathematical reasoning as
a representative domain. Empirical results across multiple models and math benchmarks demonstrate
that our method consistently improves the reasoning performance of student models in both in-domain
and out-of-domain settings, outperforming existing offline distillation baselines and narrowing the
gap to that of online sampling methods without requiring online interaction.

2 Preliminary

On-policy Learning. On-policy methods, especially on-policy RL, have been widely adopted for
LLM post-training in domains such as math reasoning and safety alignment. The core idea behind
this approach is to fine-tune a pretrained model 7y to maximize accumulated rewards within a domain
Q over self-generated trajectories:

JRL(0) = Eong, ymmo(o) R(Y, 2)], )

where R(z, y) is a reward function that scores a response y (e.g., a reasoning trajectory). Following
the policy gradient principle [32], we derive the following gradient update for Eq. (1):
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Prior work has improved training stability by replacing the reward function R(z, y) with a normalized
Advantage function, tokenizing the optimization formulation, and introducing clipping and model
update constraints [7, 21, 30, 42, 43, 46].

A key advantage of this strategy over supervised fine-tuning (SFT) lies in its on-policy learning: the
data used to optimize the target model is sampled from itself instead of from another behavior policy.
It mitigates distribution drift, where the model encounters underrepresented regions at inference time,
and often benefits out-of-domain generalization.

However, online methods are costly in terms of sample collection and labeling, requiring a notably
higher number of training samples than supervised fine-tuning, and each trajectory requires labeled
rewards. Additionally, for smaller LLMs, the sample quality is also limited by the model’s own
capability, which leads to rare high-return trajectories and slow asymptotic convergence.

Offline Knowledge Distillation. A parallel path towards improving pretrained LLM performance
is knowledge distillation from another stronger model, such as an advanced teacher LLM 7. One
straightforward method is to directly perform SFT on teacher-generated reasoning traces, which
trains the target (student) model 7y to imitate teacher behavior by maximizing the log-likelihood of
teacher-generated responses:
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Here the expectation is taken under the feacher distribution 77, with y drawn from an offline dataset
provided by the teacher model. This behavior-cloning style method is training- and sampling-efficient
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Figure 1: Overview of DISCORD: Standard offline distillation imitates fixed teacher traces under teacher-
generated prefixes, but during inference the student conditions on its own prefixes, causing distribution drift and
compounding errors (left). DISCORD reduces this mismatch by reweighting offline teacher-token supervision
according to the student’s support, emphasizing teacher behaviors that are more reachable under the student’s
inference-time distribution (right).

but is also prone to performance drop induced by distribution drift, since this offline objective does not
directly optimize the target (my) model’s performance when y is sampled from 7y during inference.

Subsequent methods supervise the student model with more refined teacher signals, often by minimiz-
ing a distributional divergence between the teacher and student models, such as the KL-divergence:

Jxkp(0) = Ezng, ymrr(-|2) [Pxe(mr(ylx)|mo(y]2))] - )

Works along this line include optimizing on a reverse KL divergence Dy (mg||7r) [4] or a mixture
of both directions [17]. While these algorithms show empirical performance improvement over
direct SFT, they still inherit a fundamental limitation of offline data: the training objective provides a
biased signal for the student’s on-policy behavior. At inference time, the student model may generate
prefixes that are underrepresented in the offline teacher data, leading to unreliable behavior [1].

3 Methodology: Distribution Corrected Distillation from Offline Data

In this paper, we aim to improve cross-model knowledge distillation for reasoning, where a teacher
LLM with more advanced reasoning ability provides supervision for a student LLM. To elicit strong
teacher behavior, we first design a reasoning instruction as a conditional context ¢ when sampling
traces from the teacher: y ~ 77 (x; ¢), which forms an offline reasoning dataset for student distillation.

Our goal is to retain the data-efficiency benefits of offline distillation while reducing the distributional

gap between teacher-generated traces and the student’s on-policy behavior. The core idea is to

introduce a student-support-aware correction that reweights a training trajectory {z,y ~ 7 (z;¢)}
7o (ylz)

with a density ratio = 2
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where 7 denotes a stop-gradient operation.

Stabilized Transformation. However, directly applying such a density ratio leads to high training
instability, as the density ratio is unbounded and accumulates high variance over long sequences.
We address this in two steps. First, to obtain a bounded and monotonic approximation, we apply a
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coefficient 7 set to 1 by default. It monotonically preserves the ordering induced by the density ratio
while mapping the correction into a bounded range of (0, 1).

sigmoid transformation to the log density ratio: r(y | ) = ¢ (T -log ) , with a temperature

Meanwhile, directly applying r(y | ) as a sequence-level weight still introduces length bias, where

longer trajectories can accumulate larger aggregate log-probability differences that inflate their

correction weights. To mitigate such length bias and variance, we apply token-level approximation,

following a strategy that has also been adopted to stabilize RL training [45]. Specifically, we tokenize

the correction by applying it as gradient weighting r; for each training token y; in a trajectory
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This formulation can be readily applied to different offline distillation backbones. We illustrate with
SFT as the base objective:
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We refer to the proposed framework as DISCORD (Distribution-Corrected Distillation), which
modulates the influence of teacher-provided data supervision based on the student’s current support.
It is also compatible with other offline distillation objectives beyond SFT, such as the KL-based
formulation in Eq. (4) by replacing the gradient of SFT with that of K. minimization (Section 5).

Implications of the Token-Level Correction. The correction weight at token ¢ takes the form
using a default temperature of 1:

Felroy = J(log o (ye | 23y:<1) ) __ o (ye | #3y:<t) '
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It can be interpreted as the posterior probability that token y; was drawn from the student distribution
g over the teacher distribution 77, under a uniform prior over the two models [10]. This also
connects to contrastive decoding [19], which was applied at model inference time by amplifying the
target model’s log-probabilities relative to a weaker model. In contrast, our formulation applies an
analogous principle during fraining, which uses the student-teacher ratio as a soft reweighting to
prioritize learning in regions the student is likely to inhabit at inference time.

We demonstrate in Section 5 that this distribution correction improves distilled model performance
beyond the instruction prompting baseline with a carefully designed reasoning template. In contrast,
several baseline distillation methods can underperform the base model that is prompted with the same
reasoning instruction but without fine-tuning.

4 Related Work

We study offline LLM reasoning distillation that tackles the teacher-student distribution drift on fixed
offline training traces. This work resides at the intersection of knowledge distillation, post-training
optimization, and mathematical reasoning supervision.

Knowledge Distillation (KD). Knowledge Distillation was initially proposed for conventional Al
models, in which a compact student model learns from a stronger teacher via softened predictive
distributions or intermediate representations [2, 3, 13, 27]. This paradigm has been extended to LLMs,
where intermediate rationales beyond final answers can be distilled from a strong teacher to a smaller
student [14-16, 28]. Early reasoning-distillation studies such as Fine-tune-CoT [14] and Distilling
Step-by-Step [15] established the value of teacher-generated rationales as supervision for smaller
models. Subsequent work has studied how the quality, format, and composition of teacher traces affect
distillation. Other studies have improved teacher-generated traces through rationale selection, filtering,
structured explanations, and math-specific data curation [5, 22, 23, 33, 35, 38, 44]. These works
motivated the use of high-quality offline teacher-generated reasoning traces. However, most methods
still train the student model by imitating fixed teacher trajectories under teacher-conditioned prefix
distributions. They therefore leave the training-inference distribution drift relatively underexplored:
the student is optimized under teacher prefixes during training, but autoregresses on its own prefixes
during inference [1, 9, 17, 18].

LLM Post-Training with On-policy vs. Offline Data. A closer line of work tackles this distribu-
tion shift more directly: Online RL and other self-improvement methods optimize on model-generated
trajectories over fixed teacher traces. PPO-style RLHF methods [25, 29] and recent reasoning-oriented
RL methods such as GRPO [7, 30] generate rollouts from the target model and update the model
using outcome or process rewards. Related online or mixed-policy distillation methods, including
GKD [1] and CoTD-PO [24], also use student-conditioned or iteratively generated trajectories to
better match inference-time behavior. These methods directly reduce the gap between training and
inference distributions, but they require additional online sampling, substantially more training-time
tokens, and often encounter low-quality student-generated traces early in training. A complementary
line of work focuses on redesigning the distillation directions. MiniLLM [9], DistiLLM [18], and
ToDi [17] modify autoregressive knowledge-distillation losses through reverse KL, skewed KL, or
token-wise divergence control, to better align training and generation behavior. Methods such as
DistiLLM still require online student sampling to minimize the reverse KL divergence. Our method
resides in the purely offline setting, but focuses on the correction at a different level: instead of
changing the divergence measure, we adaptively reweight teacher-token supervision based on the
student—teacher distribution mismatch. In this sense, our method changes how the offline teacher
supervision is allocated, thus producing a distribution-corrected training signal while preserving the
sample efficiency of fixed teacher traces. Our formulation can be readily combined with SFT and
other KL-based divergence measures. Compared with online methods such as GKD and CoTD-PO,



our method remains fully offline without requiring student rollouts. Prior offline distillation work,
such as ToDi, has mainly been applied to the instruction-following domain; we studied DISCORD’s
effect in mathematical reasoning distillation as an empirically more challenging domain (Sec 5.2).

Math Reasoning Supervision and Evaluation. Mathematical reasoning also motivates fine-
grained supervision: uniform imitation treats all teacher tokens equally, even though an early
algebraic or logical error can propagate through an entire solution. This has motivated process-level
supervision and verifier-style frameworks. Outcome-level verifiers and reward models judge complete
solutions or final answers [6, 31], while process-supervised methods provide finer-grained feedback
on intermediate reasoning steps [20, 34, 36]. Related correction-based frameworks further use teacher
feedback to identify and revise erroneous reasoning traces [41].

Our work is complementary to this literature: we design a chain-of-thought reasoning template to
elicit strong reasoning traces from the teacher model without introducing a new verifier or search
procedure. We then move beyond uniform token imitation and use mismatch-aware reweighting to
emphasize teacher supervision that better aligns with the student-conditioned inference distribution.

S Experiments

We evaluate our method on mathematical reasoning benchmarks across diverse teacher-student
configurations, varying model families, sizes, and tasks, with both in- and out-of-domain assessment
and qualitative trace analysis. We provide additional results on more experimental settings in the
Appendix C. Our main experiments were organized around four questions:

Q1. Does our offline distillation method improve the student model’s reasoning compared to state-of-
the-art offline distillation counterparts (Section 5.2)?

Q2. Is the distillation benefit consistent across different model families (Section 5.3)?

Q3. Does the method actually reduce teacher-student behavior divergence under student-generated
prefixes during inference time (Section 5.4)?

Q4. Does the resulting student reasoning performance reflect higher quality in correctness, concise-
ness, and reliability (Section 5.5)?

QS. Why do we adopt the proposed transformations for stabilizing the distribution correction weights
instead of alternative formulations (Section 5.6)?

5.1 Experimental Setup: Baselines, Metrics, and Evaluation Protocols

Models and Teacher Reasoning Instruction. We used Qwen2.5-7B-Instruct and Qwen2.5-14B-
Instruct as teachers [26], with Qwen2.5-3B-Instruct, Qwen2.5-1.5B-Instruct, and Llama-3.2-3B as
students. Teacher traces were generated offline using a structured reasoning prompt (Appendix B)
that elicits five stages: problem understanding, strategy selection, solution, verification, and final
answer. We retained only traces where the teacher’s final answer is correct for distillation training.
The same generation-and-filtering pipeline was used for both MATH and GSMS8K training data.

Benchmarks. For in-domain evaluation, we distill on MATH [12] and GSMS8K [6] training splits
and evaluate on their corresponding test sets, e.g., using MATHS500 [20] for MATH-trained check-
points. For out-of-domain (OOD) evaluation, models trained on MATH were further tested on
OlympiadBench [11]>, Omni-Math [8], and AMC23, which do not appear in the training domain.

Baselines. We compared both fully offline distillation objectives and an online baseline. SFT uses
the basic cross-entropy loss on teacher-generated reasoning traces. KL uses KL divergence to measure
teacher-student distribution difference on the same offline traces, symmetric KL combines forward
KL and reverse KL divergence terms, following the broader line of LLM distillation work that studies
forward/reverse KL combinations and bidirectional divergence objectives [17, 40]. ToDi [17] is
an offline distillation baseline. GKD [1] is an online method reported for reference that relies on
frequent sampling of student-generated traces for training. For objectives where our correction is
applicable, including SFT and KL, the DISCORD-augmented variant applies the proposed token-level
reweighting to the same fixed teacher traces. See Appendix G for detailed formulation. We also
report the base model, the CoT-prompted student, and the CoT-prompted teacher as reference points
for interpreting lower-bound, prompting-only, and teacher-level performance.

2For OlympiadBench, we evaluated all performance on the non-combinatorics subset as all training corpora contain no
combinatorics problems.



Table 1: Distillation from Qwen2.5-7B-Instruct — Qwen2.5-3B-Instruct. DISCORD generally improves
over offline baselines on both in-domain and out-of-domain tasks, while also outperforming the training-free
instruction-prompting approach. "w/ CoT Instruct”" denotes model performance instructed by our proposed
reasoning template without training. All entries are accuracy (%). Parenthesized metrics indicate performance
changes introduced by DISCORD relative to the corresponding base objective, where available.

In-Domain Performance Out of Domain Performance
Model / method MATHS00 GSMSK OlympiadBench Omni-Math AMC23
Reference models
Qwen2.5-3B (base) 42.60 55.19 25.19 17.50 32.50
Qwen2.5-3B w/ CoT Instruct 60.20 81.12 29.81 28.50 35.00
Qwen2.5-7B 55.80 69.07 34.04 27.00 35.00
Qwen2.5-7B w/ CoT Instruct (teacher) 69.40 88.78 39.04 36.50 45.00
GKD (online distillation) 62.80 83.62 33.00 32.00 35.00
Offline distilled methods
58.00 83.47 31.00 26.50 32.50
SFT w/ DISCORD 62.60 (174.60) 83.02(10.45) 31.70 (10.70) 29.50 (13.00) 40.00 (17.50)
ToDi 59.20 83.09 31.20 28.00 37.50
KL 59.00 83.93 30.00 26.00 32.50
Symmetric KL 59.20 83.55 28.65 28.50 37.50
Symmetric KL w/ DISCORD 61.80(12.60) 83.55(40.00) 30.38 (11.73) 29.00 (10.50) 37.50(40.00)

Evaluation metrics. Final-answer accuracy (1) is our primary metric computed using a
mathematical-equivalence pipeline. Distributional ExAccErr |: For divergence measurement, we
evaluated the additional teacher-student next-token distribution gap induced by conditioning on
student-generated prefixes rather than teacher prefixes. The initial definition was proposed in
MiniLLM [9]. Appendix H provides the detailed formulation. Reasoning reliability: In Section 5.5,
we evaluated whether correct answers produced by our method are supported by stable reasoning
quality using both automatic metrics and Al-as-Judge annotations. See Appendix C for more details.

5.2 Reasoning Accuracy Comparison

This subsection evaluates final-answer accuracy along two axes: (i) whether DISCORD improves
fully offline teacher-trace distillation compared with prior art, and (ii) how offline distillation methods
compare with online training with student-rollouts such as GKD, and how they compare with
tuning-free methods using a carefully designed reasoning instruction. The results lead to three main
observations:

First, DISCORD yields the most consistent gains on MATH-style reasoning tasks, where solutions
typically require longer reasoning traces and prefix drift is more likely to affect generation. As shown
in Table 1, on the in-domain MATH500 benchmark, DISCORD improves the corresponding offline
objectives in the main Qwen settings. The gains are not limited to standard teacher-CoT SFT: our
method also improves the symmetric-KL objective in multiple settings, suggesting that the proposed
correction can serve as a flexible reweighting mechanism for different offline distillation losses.

Comparisons with tuning-free prompting further highlight this effect. In the 7B—3B setting, SFT un-
derperforms the instruction-prompted student on MATH500, while DISCORD achieves performance
beyond instruction prompting. This indicates that direct behavior cloning on teacher traces may
weaken the student’s potential for reasoning elicitation, whereas our method allocates supervision
more effectively to teacher tokens that remain compatible with the student’s own generation behavior.

Results on GSM8K are less discriminative, likely because the task requires shorter reasoning traces
and is less impacted by prefix distribution drift. Strong baselines already plateau after training on
traces generated by our reasoning instruction. For example, in the 7B—3B setting, SFT+D1SCORD
is slightly below SFT on GSMS8K, and symmetric KL+DI1SCORD is tied with symmetric KL, even
though DISCORD improves the corresponding MATHS500 results and several OOD benchmarks.
We consider GSMS8K as a shorter-trace setting where the benefit of distribution correction is less
pronounced. This interpretation is consistent with our ablations in Section 5.6 and Appendix A,
where different transformations of the correction weight have more pronounced effects on longer
MATH-style tasks, whereas GSM8K is less sensitive to a specific correction-weighting design.

Second, the improvements transfer to OOD competition-style benchmarks. In the 7B—3B setting,
D1sCoRD outperforms the corresponding offline objectives on several OOD evaluations, includ-
ing OlympiadBench, Omni-Math, and AMC23. These results suggest that distribution-corrected
distillation improves generalization to related competition-style mathematical reasoning tasks.



Table 2: Accuracy (%) of Student Models Distilled from Qwen2.5-14B-Instruct. MATH500 and GSM8K
reported performance of models distilled using MATH and GSMSK training data split, respectively.

14B — 3B 14B — 1.5B
Model / method MATHS00 GSMSK MATHS00 GSMSK
Reference models
Qwen2.5-3B (base) 42.60 55.19 - -
Qwen2.5-3B w/ CoT Instruct 60.20 81.12 - -
Qwen2.5-1.5B (base) - - 19.80 21.76
Qwen2.5-1.5B w/ CoT Instruct - - 43.60 50.34
Qwen2.5-14B 56.40 71.19 56.40 71.19
Qwen2.5-14B w/ CoT Instruct 71.20 90.07 71.20 90.07
Distilled student
SFT 59.60 81.27 41.00 67.32
SFT + DISCORD 61.80 (12.20) 82.79 (11.52) 45.40 (14.40) 69.75 (12.43)
ToDi 60.40 82.34 45.40 69.29
KL 57.60 82.03 37.40 70.81
Symmetric KL 61.40 81.80 44.20 69.75
Symmetric KL + DISCORD 61.20(10.20) 82.49 (10.69) 50.20 (16.00) 70.28 (10.53)

Third, our method narrows the gap to online student-rollout distillation. GKD remains stronger on
some in-domain and OOD benchmarks, as expected, because it trains on student-conditioned online
samples and directly observes the student’s rollout distribution. In contrast, DISCORD uses only
fixed teacher traces, yet achieves stronger performance than offline baselines. Concretely, DISCORD
generates no student-rollout tokens during training and uses only 3.12 GPU-hours, while GKD
generates about 2.86M online student-rollout tokens and requires 49.56 GPU-hours, about 15.9 x
more compute. This suggests that our distribution-corrected distillation can approach the benefits of
online training while preserving the sample efficiency of offline learning.

5.3 Robustness Across Model Distillation Settings
We further examined the robustness of differ-
ent methods under varying teacher-student size
configurations and model families. Table 2 re-
ports results using Qwen2.5-14B-Instruct as the
teacher and Qwen2.5-3B-Instruct or Qwen2.5-
1.5B-Instruct as the student, which are consis-

Table 3: MATHS500 accuracy for Qwen2.5 — Llama-
3.2-3B distillation. DISCORD consistently improves
offline baselines across model families.

Method / Teacher Model Qwen2.5-7B Qwen2.5-14B

Reference models

. . . .. . Llama direct 22.60 22.60

tent with the main findings: our distribution cor- jama CoT 43.20 43.20
rection method generally improves offline distil- Qwen 7B CoT 69.40 -

Qwen 14B CoT - 71.20

lation objectives across both student sizes, and

is most beneficial for longer mathematical rea- Distilled student
SFT 49.40 50.00

soning traces, where teacher-student prefix mis-  gpr,piscorD 52.40(13.00) 52.00(12.00)
match has more room to affect generation. For ToDi 48.80 49.20
the 14B—3B setting, SFT+DI1sCORD improves I;Lm L gg-gg ig-gg
over SFT on both MATH500 and GSM8K, with sim: KL+DISCORD 50.80 ('w(»()) 51.00 (¢1.2(>>

gains of 2.20 and 1.52 points, respectively. For
the smaller 14B—1.5B setting, the gains are larger on MATH500.

To isolate the effect of the student model family, we also distilled a Llama-3.2-3B student from
Qwen?2.5 teachers using the same objectives as in the main experiments, and evaluated the resulting
models on MATHS00. As shown in Table 3, the cross-family results are consistent with the primary
findings in Section 5.2: the DISCORD-augmented objectives remain competitive with baselines
that minimize teacher-student logit divergence and outperform the untuned base model with CoT
instructions. In both teacher settings, SFT+DI1SCORD is the strongest distilled method, which
improves over SFT by 3.0 and 2.0 points, respectively. Consistent with Section 5.2, adding DiISCORD
also improves the symmetric-KL objective in both settings. These results suggest that the proposed
mismatch-aware reweighting remains effective across different distillation settings.

5.4 Distribution Divergence Measurement

To evaluate reasoning robustness under student-generated prefixes, we sampled prefixes from the base
student before training instead of from teacher traces. Specifically, we randomly sampled 200 MATH
test problems and let the base student model generate partial solutions. From each partial solution,
we truncated prefix horizons with ¢ € {32, 64, 128, 256} tokens. Figure 2 reports ExAccErr () for
SFT and our method, where lower values indicate smaller divergence between the student model’s
continuation answers and the expected answer distribution under the given prefixes. Specifically, each
continuation answer is sampled from the trained student model conditioned on a provided prefix.



As the prefix horizon ¢ increases, SFT exhibits
a notably growing ExAccErr, which indicates
that its behavior becomes increasingly unstable
when conditioned on longer student-generated
reasoning prefixes. In contrast, DISCORD keeps
ExAccErr stable across prefix lengths. This in-
dicates that our proposed distribution correction
improves robustness to prefix drift and reduces
the amplification of errors introduced by student-
generated intermediate reasoning. Overall, this
result shows that the benefit of DISCORD is not
limited to final-answer accuracy. By reducing
sensitivity to long student-generated prefixes, it
better preserves reliable continuation behavior
within support regions likely to be visited by
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Figure 2: Comparing policy divergence (ExAccErr):
A base model provides reasoning prefixes truncated at
length ¢ € {32,64,128,256}. Lower ExAccErr in-
dicates less divergence in continuation behavior under
student-generated prefixes. DISCORD remains more

student models robust to prefix drift than SFT as prefix length increases.

5.5 Reasoning Quality Analysis

In addition to the improved final-answer accuracy and reduced teacher-student distribution drift as
shown above, we examined whether performance gains of our method manifest in the generated
reasoning traces themselves. In particular, we investigated whether the correct answers are supported
by more logically coherent and stable reasoning traces, and whether reducing the distribution drift in
training alleviates typical generation failures such as repetition, post-answer continuation (i.e., non-
stop generation after providing a final answer), and inconsistent final answers (i.e., providing multiple
distinct answers). For fair comparisons, we focused primarily on commonly-correct examples where
both SFT and DiSCORD produce the correct final answer.

Reasoning Trace Pattern Quality. To exam-
ine whether our method improves generation
patterns, we compared DISCORD with the SFT

Table 4: Comparing reasoning-trace quality be-
tween SFT and DISCORD. Lower values indicate
more desirable traces.

baseline using four automatic trace-quality met- OlympiadBench MATH

rics: mean trace length in characters (Mean len), etric SFT _ DiSCORD  SFT _ DISCORD

the fraction of repeated 4-grams in the gener-  yicunien. | 53281 16510 4383.0 1357.9

ated trace (Rep. 4-gram), the rate of contin- Rep. 4-gram | 0.5603 0.3288 0.6514 0.2698
- - o Post-answer |, 0.6000 0.1000 0.7900 0.1500

uing generation after emitting a final answer Muli-answer 4 0.5900 0.0000 0.7500 0.0000

(Post-answer), and the rate of producing multi-
ple distinct final-answer statements within the same trace (Multi-answer). As shown in Table 4,
on MATH, our method decreases the mean trace length from 4383.0 to 1357.9 characters and the
multiple-answer rate from 0.75 to 0, while also substantially lowering repetition and post-answer
continuation rates. A similar pattern also appears on OlympiadBench. Beyond improving final-answer
accuracy, even within the commonly correct subset, DISCORD yields cleaner generation patterns
by producing shorter traces with fewer repetitions, post-answer continuations, and multiple-answer

failures. - sET

OlympiadBench

Cleanliness

: Validity

Self-consistency

DISCORD

Evaluation of Reasoning Trace Quality. To complement the
automatic metrics above, we further evaluated the generated traces
using GPT-5.4 mini as a judge with a predefined rubric. The rubric
covers five dimensions: cleanliness, validity (i.e., whether the
reasoning is valid when the answer is correct), self-consistency,
reasoning quality, and verification quality. Appendix D provides
the definitions of each metric, the scoring protocol, and the full
results. As shown in Figure 3, these Al-as-judge annotation results
are consistent with the evaluation using automatic metrics in Table
4. Crucially, this suggests that the shorter responses produced by
D1sCORD are not merely more concise but also more logically
coherent and internally consistent. The detailed results further
show that DISCORD reduces the fraction of traces with a correct
final answer but flawed reasoning from 26% to 11% on Olympiad-
Bench and from 20% to 7% on MATH. In addition, DISCORD

Verification
quality

Reasoning
quality

MATH

Cleanliness

Verification

quality Validity

Reasoning

" Self-consistency
quality

Figure 3: Comparing reasoning
trace quality.



receives higher reasoning and verification quality scores. These results together indicate a qualitative
improvement in the reasoning traces underlying the final-answer accuracy gains.

Reasoning Trace Case Study. We further analyzed representative examples from one in-domain
dataset, MATH, and one out-of-domain dataset, OlympiadBench. A concise case summary and
representative trace analyses are provided in Appendix I. The examples illustrate two qualitative
patterns. (1) First, in failure-recovery cases, where DISCORD answers correctly while the SFT
baseline fails (example A-D), our method more reliably preserves the underlying reasoning structure
of the teacher solution, even when it does not exactly reproduce the teacher’s surface-level formatting,
such as the section headers: “PLAN”, “VERIFICATION”, etc. Specifically, in the OlympiadBench
divisor-counting problem, DISCORD does not verbatim reproduce the teacher’s verification section
titled "VEriFICATION", but it keeps the teacher’s core logic by using the correct factorization and
checks the resulting answer consistently. In contrast, the SFT baseline follows the expected template
more closely, but its verification step uses an incorrect factorization and counting argument that
leads to the wrong answer. (2) Second, in overlap-correct cases (example E-H), where both models
reach the correct final answer, DISCORD often produces a cleaner and more direct solution, with
fewer unnecessary branches and more relevant checks. These observations are consistent with
the aforementioned metrics: DISCORD can improve reasoning trace reliability by preserving core
reasoning content instead of verbatim imitating the teacher’s formatting.

Overall, our qualitative studies indicate that DISCORD improves reasoning trace reliability beyond
final-answer accuracy. On commonly correct examples, our method yields cleaner and more logically
stable traces; in failure-recovery cases, it more often preserves the mathematical structure needed to
reach the correct answer. These findings imply that student-support-aware distribution correction
strengthens offline reasoning distillation not by enforcing surface-level template imitation, but by
reallocating teacher supervision toward reasoning behaviors that the student can more reliably carry
through at inference time.

5.6 Comparing Alternative Correction-Weight Designs

Table 5 compares several correction-weight  Taple 5: Comparing the effects of varying correction-weight
designs under the same prompt and eval- designs. Results are evaluated on MATH500 using Qwen 7B
uation setting. The rows evaluate our — 3B distilled model. A; = logps(y: | -) — logpr(y: | -).
proposed weighting from Eq. (7) against

. . . ; Variant ‘Weight / objective Acc.
chpped exponentlal.welghtlng, the raw log- oo o — 1 e
ratio, and a one-sided ReLU transform. Tobi token-wise KL interpolation 59.20

: : _ DiIsCorD, 7 = 1.0 o(A¢/1.0) 62.60
Our formulation achieves Fhe strongest re- ) Ceopp, 7 — 2.0 o(A;/2.0) 62.40
sult among the tested variants and inher- DisCorD, r = 4.0 o (A /4.0) 62.20
: : : : : Raw ratio exp(Ay) 61.20
its a theorencgl interpretation grounded in ClipExp.c = 5.0 xn(clin(Ae, —5,5)) 6200
noise-contrastive estimation. ReLU max(A¢, 0) 57.80

6 Conclusion and Future Work

We propose a simple yet effective offline distillation method for mitigating teacher—student distribu-
tion drift in tasks requiring long reasoning traces. Our method keeps the training data fully offline but
reweights teacher-token supervision based on a student—teacher support ratio, thereby prioritizing
teacher behaviors that are more compatible with the student’s inference-time distribution. Comprehen-
sive evaluation on mathematical reasoning benchmarks shows that our method improves final-answer
accuracy over strong offline baselines, narrows the gap to online student-rollout distillation, and yields
more logical and higher-quality reasoning traces. While our experiments focus on mathematical
reasoning, the proposed method can be extended to other long-horizon generation settings, including
code generation, scientific reasoning, and tool-use agents. Future work may include integrating our
method with off-policy or online training to better balance data efficiency and distillation efficacy.
Another future direction is to decouple teacher trace generation from distribution correction scoring:
when a trace-generating teacher is unavailable or unknown, a proxy reference model—potentially a
weaker one—or an arbitrary policy may be used to approximate the support-ratio weights. This may
preserve the core benefit of prioritizing student-reachable tokens while offering greater flexibility in
the trade-off between teacher data quality and robustness to training-inference distribution shift.
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Appendix

A DISCORD Temperature Tuning

Table 6 reports the sigmoid temperatures used for the DisCORD-augmented rows in the main result
tables. We tune this temperature within each teacher—student setting and base objective, rather than
using a single global value across all experiments. This is because the scale of the student—teacher
log-probability gap can change with teacher size, student capacity, dataset, and whether DisCORD is
applied on top of SFT or symmetric KL.. For MATH-trained checkpoints, the same temperature is used
for the MATHS500 in-domain evaluation and for the OOD evaluations, since the OOD benchmarks
reuse the MATH-trained models. GSMS8K results are listed separately because they come from
independently trained GSM8K checkpoints.

Table 6: Sigmoid temperatures used by the DisCORD rows in the main-result tables. MATH-trained
checkpoints are evaluated on MATHS500 and also reused for the OOD benchmarks; GSM8K numbers
come from separately trained GSM8K checkpoints.

Teacher — student Base objective MATH 7 MATHS500 GSMSK 7 GSMSK
Qwen2.5-7B — Qwen2.5-3B SFT 1.0 62.60 8.0 83.02
Qwen2.5-7B — Qwen2.5-3B symmetric KL 2.0 61.80 8.0 83.55
Qwen2.5-14B — Qwen2.5-3B SFT 4.0 61.80 4.0 82.79
Qwen2.5-14B — Qwen2.5-3B symmetric KL 8.0 61.20 8.0 82.49
Qwen2.5-14B — Qwen2.5-1.5B SFT 4.0 45.40 4.0 69.75
Qwen2.5-14B — Qwen2.5-1.5B symmetric KL 1.0 50.20 1.0 70.28

B Teacher Chain-of-Thought Prompt

We designed this teacher CoT prompt ourselves to elicit structured, self-verifying reasoning with
explicit understanding, strategy, solution, and verification stages. Following established prompt
design principles such as role specification, explicit output structure, and self-consistency checks
[37, 39], we refined the template on a held-out sample of training questions and did not tune the
prompt against the evaluation benchmarks.

<role>

You are a distinguished mathematics researcher and olympiad problem solver
with expertise across all mathematical domains, from elementary algebra to
advanced proof-based mathematics. You approach each problem with the rigor of
peer-reviewed research and the creativity of competitive mathematics.

</role>

<instructions>

You will be presented with mathematical problems of varying difficulty. Your
goal is to provide solutions with complete transparency of reasoning, catching
and correcting any errors through systematic verification. If your initial
approach does not work, try alternative methods.

For every problem, respond using EXACTLY the following sections and order:
. <understanding>...</understanding>

. <strategy>...</strategy>

. <solution>...</solution>

. <verification>...</verification>

. Answer: \boxed{FINAL_ANSWER}

GO WN P

## 1. UNDERSTAND

<understanding>

- Identify what is given and what needs to be found
- Note any constraints or special conditions
</understanding>

## 2. PLAN

<strategy>

- Outline your solution approach step-by-step

- Identify which mathematical techniques/theorems you will use
- Consider if there are multiple viable approaches

- Explain why you chose this particular strategy

</strategy>
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## 3. SOLVE

<solution>

Execute your plan with complete transparency:

- Show every calculation and transformation

- Justify each step with mathematical reasoning

- State which theorems/properties you are applying

- If you get stuck, explicitly note it and try a different approach
</solution>

## 4. VERIFY

<verification>

- Check your solution rigorously

- Substitute your answer back into the original problem

- Verify it satisfies all given conditions

- Review each step for logical errors or computational mistakes

If you find ANY error:

- Clearly state what the error was
- Explain why it occurred

- Show the corrected step

- Re-verify the corrected solution
</verification>

## 5. FINAL ANSWER

Present your final answer in the following format:
Answer: \boxed{FINAL_ANSWER}

</instructions>

C Training and Evaluation Audit Details

This section collects the implementation details used to make the experimental comparisons auditable.
The main comparison is objective-level: within each teacher—student—dataset setting, all offline
objectives are trained on the same retained teacher-generated trace corpus and differ only in the loss
or token weighting applied to that corpus.

Training corpus construction. For MATH-family experiments, teacher traces are generated from
the MATH training split (7,500 source problems). For GSM8K experiments, teacher traces are
generated from the GSMS8K training split (7,473 source problems). Each source problem is prompted
once with the structured teacher prompt in Appendix B; the generated trace is then filtered by the
same final-answer equivalence judge used in evaluation. We retain only teacher-correct traces for
distillation. The retained subset, retained count, and average teacher-trace length are fixed before
student training and are shared by all offline objectives within the corresponding teacher—student
setting. Cross-family Llama experiments reuse the same Qwen?2.5 teacher-trace construction pipeline
as the Qwen-student experiments.

Offline Training Protocol and hyperparameters. Within a teacher—student setting and data split,
the fully offline methods (SFT, KL, symmetric KL, ToDi, and DiISCORD-augmented variants) are
trained on the same retained teacher-correct examples and use the same offline training recipe:
AdamW with learning rate 3 x 1075, weight decay 0.01, cosine decay with 5% warmup, gradient
clipping at norm 1.0, bfloat16 mixed precision, maximum sequence length 2048, random seed 42,
and effective batch size 16. For MATH-family runs, this corresponds to micro-batch size 1 with
gradient accumulation 16; for GSMS8K, micro-batch size 2 with gradient accumulation 8. The number
of epochs is fixed within each matched setting and base objective, so changes in Table 1, Table 2, and
Table 3 are not attributable to different amounts of offline teacher data or different offline training-
token budgets. Hyperparameters that define an objective itself, such as the KL./ToDi temperature or
the sigmoid temperature for DISCORD, are selected per setting and base objective and are reported
in the corresponding table captions or rows when they differ.

Online Protocol and hyperparameters. GKD is reported separately because it is not a compute-
matched offline baseline. It uses student rollouts during training and follows its own on-policy recipe:
AdamW with learning rate 3 x 1076, weight decay 0.01, cosine decay with 5% warmup, gradient
clipping at norm 1.0, maximum sequence length 2048, effective batch size 16, 8 = 0.5 following
the original paper setting, and one training epoch in the reported runs, with the on-policy mixing
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parameter A specified by the corresponding run. We therefore treat GKD as an online reference rather
than as evidence about the matched offline training-token budget.

Evaluation protocol. All methods in a setting use the same evaluation prompt, greedy decoding
protocol, and maximum generation length. The generation caps are 2048 new tokens for GSMS8K,
MATHS500, and 4096 new tokens for AMC23, Omni-Math and OlympiadBench. Final-answer
correctness is judged by GPT-5.4-mini using the same mathematical-equivalence prompt for every
method. The judge is not given the method identity and is instructed to ignore reasoning quality
and compare only the final answer. If a solution contains multiple candidate answers, the judge

follows the explicitly marked final answer, such as one introduced by “final”, “answer”, “therefore”,
or \boxed{}. The full judge prompt appears in Appendix D.

Compute resources. Experiments were run on SLURM-managed GPU clusters. Unless otherwise
noted, training and evaluation jobs used NVIDIA A100 40GB GPUs; GPU-hours are reported as the
number of allocated GPUs multiplied by wall-clock runtime. In the main 7B—3B comparison, the
D1SCORD run uses no online student-rollout tokens and requires 3.12 GPU-hours, whereas the GKD
online baseline generates about 2.86M student-rollout tokens and requires 49.56 GPU-hours. The
reported GPU-hour comparison covers training compute for the matched distillation setting; teacher-
trace generation, benchmark evaluation, and GPT-5.4-mini judge calls are one-time preprocessing or
evaluation costs shared across methods within each setting.

D Evaluation Details and Correctness Judge

Main in-domain evaluation uses MATH500 [20] for MATH-trained checkpoints (n = 500) and
GSMSK [6] for GSM8K-trained checkpoints (n = 1,319). OOD evaluation uses the non-
combinatorics portion of OlympiadBench 0E_TO_maths_en_COMP (n = 520 after removing combi-
natorics problems), the fixed Omni-Math D3/D4 paper subset [8] (n = 200), and AMC23 (n = 40).
We exclude OlympiadBench combinatorics problems because the MATH teacher-trace training corpus
used here contains no combinatorics examples.

All distilled checkpoints are evaluated with the same finetuning-style prompt template and greedy
decoding. We use generation caps of 2048 new tokens for GSM8K, MATH500, and AMC23, and
4096 new tokens for Omni-Math and OlympiadBench.

We judge final-answer correctness with GPT-5.4-mini. The judge is instructed to ignore reasoning
quality and compare only the final answer by mathematical equivalence. The prompt template is as
below:
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You are a strict but fair math answer judge.

You will be given:

(1) the original problem,

(2) GOLD_REFERENCE: the dataset-provided solution or ground-truth answer,
(3) MODEL_SOLUTION: the model's full solution, which may include reasoning.

Your task:
Decide whether the MODEL_SOLUTION's FINAL ANSWER is mathematically equivalent
to the GOLD_REFERENCE's FINAL ANSWER.

Important:

- Ignore reasoning quality and intermediate steps.

- Focus ONLY on the final answer implied or explicitly stated by the model.

- If the model gives multiple candidate answers, use the one explicitly marked
as final, e.g., "final", "answer", "therefore", or \boxed{}.
If ambiguous, infer the intended final result from the last stated conclusion.

- If the model never clearly gives a final answer, mark WRONG.

- Judge by mathematical equivalence, not by string match.

Equivalence rules:

- Ignore superficial formatting such as LaTeX wrappers, commas, spaces, and
trailing ".0".

- Treat simplified and unsimplified exact forms as equivalent when they
represent the same mathematical value.

- For numeric answers, allow exact vs. decimal if they are mathematically equal.

- If the problem asks for an integer count or AMC/AIME-style numeric answer,
extra text is fine as long as the final answer itself is correct.

- If the model states a wrong value anywhere as the final answer, mark WRONG.

Return exactly one word: CORRECT or WRONG.

Problem:
{question}

GOLD_REFERENCE:
{gold_reference}

MODEL_SOLUTION:
{model_solution}

Your judgement (CORRECT or WRONG):

Table 7: Al-assisted trace annotation on the same 100-example overlap-correct samples as Table 4.

GPT-5.4-mini is used as the trace judge. Higher is better for all criteria except Reasoning-invalid but

finally correct, where lower is better.
(a) OlympiadBench

(no combinatorics) (n = 100)

(b) MATH (n = 100)

Criterion SFT Ours Criterion SFT Ours
Clean and reliable 46/100 88/100 Clean and reliable 29/100 90/100
(46.0%) (88.0%) o (29.0%) (90.0%)
Reasoning-invalid but 26/100 11/100 Ee’alslomng—mvalld but 22(())/ (1)({)70 ;/(1)?70
finally correct (26.0%) 11.0%) natly correct ‘ (20.0%) (7.0%)
Higher self-consistency 10/100 63/100 H¥gher self—co.nsmtency 4/100 69/100
Higher reasoning quality 10/100 54/100 Higher reasoning quality 8/100 75/100
Higher verification quality 34/100 40/100 Higher verification quality 31/100 53/100

Pairwise rows report strict wins according to the corresponding judge score; ties are omitted from both columns. The
full prompt and aggregation protocol are provided in Appendix E.

E Al-Assisted Trace Annotation Protocol

The table aggregates the single-trace judgments as follows. Clean and reliable counts traces whose
overall_verdict is clean_and_reliable. Reasoning-invalid but finally correct counts traces
whose reasoning_invalid_but_finally_correct flag is yes. For the pairwise rows, we
compare the two single-trace scores for the same problem: Higher self-consistency compares
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self_consistency_score, Higher reasoning quality compares reasoning_quality_score,
and Higher verification quality compares verification_quality_score. We report strict wins
only; ties are omitted from both columns.

For Table 7, we use the same 100-example overlap-correct MATH and OlympiadBench. Each
problem contributes two traces, one from SFT baseline and one from DISCORD. We evaluate each
trace independently with GPT-5.4-mini using the prompt below.

You are an expert evaluator of mathematical reasoning traces.
You will be given:

- TASK_INFORMATION: the math problem the model was supposed to solve.
- GOLD_ANSWER: the reference final answer or reference solution.
- MODEL_OUTPUT: the model's full reasoning trace and final answer.

Your job is to evaluate the quality and reliability of MODEL_OUTPUT as a
mathematical reasoning trace.

Important scope:

1. Evaluate one trace at a time. Do not compare models in this prompt.

2. Distinguish final-answer correctness from reasoning quality.

3. Pay special attention to whether the trace is internally self-consistent,
whether it contains a substantive mathematical error before the first final
answer, whether it verifies its result in a meaningful way, and whether the
final answer may be correct despite unreliable reasoning.

4. If the trace becomes repetitive, contradictory, or continues after the final
answer, treat that as a reasoning-trace quality issue even if the final
answer is correct.

What you must check

A. Final-answer correctness
. Determine whether the final answer given by the model is correct relative to
GOLD_ANSWER.
2. If the model gives multiple candidate final answers, treat that as a serious
reliability issue.
3. If the final answer is missing, malformed, or impossible to identify, mark it
as ambiguous.

-

. Self-consistency

. Check whether the trace is logically consistent with itself.

. Look for contradictions between earlier derivation and later verification.

. Look for answer changes, inconsistent variable use, incompatible intermediate
claims, or incompatible restatements of the result.

w N =W

C. Substantive error before the first final answer

1. Check whether there is a real mathematical or logical error before the first
final answer appears.

2. Count only substantive errors: wrong algebra, wrong arithmetic, wrong
counting argument, wrong unit conversion, invalid inference, use of a false
statement, or an unsupported claim that materially affects the derivation.

3. Do not count mere verbosity, repetition, or formatting noise as a substantive
error by itself.

4. If the trace has only a small gap or a minor imprecision that does not
clearly break the reasoning, use the minor_or_repairable label.
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Overall reasoning quality

1. Judge whether the trace is high, medium, or low quality as reasoning.

2. High quality means mathematically sound, coherent, relevant, and easy to
trust.

3. Medium quality means mostly usable but somewhat noisy, incomplete,
repetitive, or weakly justified.

4. Low quality means hard to trust because of substantial errors, severe
inconsistency, degeneration, or obvious unreliability.

E. Verification quality

1. Judge whether the trace includes a meaningful verification or checking step.

2. High verification quality means the trace checks the final result against
the problem conditions, validates key assumptions, catches and repairs any
detected issue, or otherwise gives a substantive reason to trust the answer.

3. Medium verification quality means there is some checking, but it is shallow,
incomplete, or mostly restates the answer.

4. Low verification quality means verification is absent, perfunctory, plainly
wrong, or contradicted by the trace.

5. Do not reward a trace for merely having a section named "verification" if the
content does not actually verify the reasoning or answer.

F. Post-final-answer degeneracy

1. Check whether the trace continues in a degenerate way after the first final
answer.

2. Examples include repeated final answers, looped restarts, repeated markdown
blocks, contradictory re-verification, or self-dialogue after already
answering.

3. If there is no meaningful post-answer degeneration, mark none.

G. Reasoning-invalid-but-finally-correct

1. Use yes only when the final answer is correct but the reasoning still
contains a substantive mathematical or logical error that should reduce trust
in the trace.

2. Do not use yes for traces that are merely verbose or repetitive if the actual
reasoning before the first final answer is still mathematically valid.

Produce a structured evaluation with exactly these fields:

- final_answer_correctness: one of {"correct", "wrong", "ambiguous“}
- final_answer_correctness_score
- exp_final_answer_correctness

- self_consistency: one of {"consistent", "minor_tension", “self_contradictory"}
- self_consistency_score
- exp_self_consistency

- substantive_error_before_first_final_answer: one of {"none", "minor_or_repairable", "present"}
- substantive_error_before_first_final_answer_score
- exp_substantive_error_before_first_final_answer

- reasoning_quality: one of {"high", "medium", "low"}
- reasoning_quality_score
- exp_reasoning_quality

- verification_quality: one of {"high", "medium", "low"}
- verification_quality_score
- exp_verification_quality

- post_final_answer_degeneracy: one of {"none", "mild", "severe"}
- post_final_answer_degeneracy_score
- exp_post_final_answer_degeneracy

- reasoning_invalid_but_finally_correct: one of {"yes", "no"}
- exp_reasoning_invalid_but_finally_correct

- overall_verdict: one of {"clean_and_reliable", "correct_but_unreliable",
"mixed", "incorrect_due_to_math", “incorrect_due_to_degeneracy"}
- overall_notes
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Scoring rubric (strict)
Use a 1 to 10 score for each scored field.

1) final_answer_correctness_score

- 10: final answer exactly correct

- 7 to 9: essentially correct up to trivial formatting differences
- 4 to 6: ambiguous, incomplete, or difficult to parse

- 1 to 3: wrong

2) self_consistency_score

- 10: fully consistent throughout

- 8 to 9: mostly consistent, only small tension or mild redundancy
- 5 to 7: noticeable tension, but not a full contradiction

- 1 to 4: clear contradiction, incompatible claims, or answer drift

3) substantive_error_before_first_final_answer_score

- 10: no substantive error before the first final answer

- 7 to 9: mostly sound, only minor or repairable issue

- 1 to 6: substantive mathematical or logical error is present

4) reasoning_quality_score

- 10: mathematically strong, coherent, concise enough, easy to trust
- 7 to 9: mostly strong but somewhat noisy or repetitive

- 4 to 6: mixed quality, partially useful but not fully reliable

- 1 to 3: low quality, strongly unreliable or degenerate

5) verification_quality_score

- 10: strong verification that checks the answer and key constraints
- 7 to 9: useful verification with only minor gaps

- 4 to 6: weak or partial verification

- 1 to 3: missing, vacuous, incorrect, or contradictory verification

6) post_final_answer_degeneracy_score

- 10: no post-answer degeneration

- 7 to 9: mild extra continuation, but still mostly controlled

- 4 to 6: noticeable repetition or unnecessary continuation

- 1 to 3: severe degeneration, looping, restart, or repeated answer dumping

How to choose overall_verdict

- clean_and_reliable:
final answer is correct, reasoning is consistent, no substantive pre-answer
error, useful reasoning quality, and no major degeneration

- correct_but_unreliable:
final answer is correct, but the trace is unreliable because of contradiction,
severe degeneration, poor verification, or reasoning_invalid_but_finally_correct
= yes

- mixed:
trace has partial value but is noisy, incomplete, or moderately unreliable
without fitting the cleaner categories above

- incorrect_due_to_math:
final answer is wrong primarily because of a mathematical or logical mistake

- incorrect_due_to_degeneracy:
final answer is wrong primarily because the trace collapses into repetition,
restart, truncation, or post-answer drift

Additional requirements:

Output valid JSON only.

. Do not add markdown fences.

. Use exactly the field names listed above.

. Keep explanations short but specific.

. Do NOT use unicode characters; use ASCII and LaTeX only.

G WN -

F Distributional ExAccErr Raw Results

For the Al-assisted trace-annotation results on the same overlap-correct setting, see Table 7.
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Table 8: Raw values underlying Figure 2. Values are distributional ExAccErr scores on the 200-
example teacher-correct MATH sample. Lower is better.

Method =32 (=64 (=128 (=256 Mean final
SFT (uniform CoT) 31.53 42.68 58.57 67.38 70.77
Ours (sigmoid) 32.12 34.68 36.46 38.91 41.02

G DiSCoORD Applied to KL Distillation Objective

For KL-based offline distillation, we apply the same token-level sigmoid correction used in Eq. (5) to
the teacher—student next-token divergence. The corresponding loss is

LRAAPSCOD(G) =B 6 v (ic) [Z 7t Dru(Tr (- | 2, y<i0) [[mo(- [ 2,y<)) |, (6)
t

where

To(ye | T, y<t) ) ‘ o

Ty = lo
' U<T gﬁT(yt\%ya;C)

Here 7 denotes a stop-gradient distribution and 7 is the sigmoid temperature.

H Definition of ExAccErr Metric

We follow the original MiniLLM-style ExAccErr definition. For an input question z, let y* =
(yi,...,yr) denote the teacher CoT rollout and let y™ = (yi",...,y7 ) denote the rollout of

method m € {SFT, Ours}. At step ¢, given a prefix z.;, we define the teacher—student next-token
gap as

di"(z<t) = KL(pr (- | , 2<¢) [ g (- | @, 2<1))
where pr and ¢, are the teacher and method-m student next-token distributions, respectively. We
then accumulate this gap under teacher prefixes and under method-m student prefixes:

4 14
'Z;Lachcr (E) = Z d;n(yzt)v grtludont (E) = Z d;n (y?t)a
t=1 t=1

and define o N gm '
ExAccErr™ (f) _ studengm) — (tge)acher( ) % 100%.

teacher

Lower metrics are desirable.

I Reasoning Trace Case Study

Table 9 summarizes the eight qualitative examples discussed in Section 5.5. Examples A-D are
failure-recovery cases, where DISCORD reaches the correct final answer while the SFT baseline
fails. Examples E-H are overlap-correct cases, where both student models answer correctly and the
comparison focuses on trace quality. To keep the appendix concise, we summarize all eight cases and
reproduce the original raw traces for two representative cases only.

Table 9: Summary of qualitative reasoning-trace cases.
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Case Dataset

ID

Type

Main contrast

A MATH

B MATH

C OlyBench

D OlyBench

E MATH

F MATH

G OlyBench

H OlyBench

108

705

2438

2776

2041

640

2785

2441

Recovery

Recovery

Recovery

Recovery

Both correct

Both correct

Both correct

Both correct

Ratio algebra: DISCORD uses y = 2x and verifies the sub-
stitution; SFT reverses the ratio relation and solves the wrong
equation.

Finite braking sequence: DISCORD sums the arithmetic se-
quence to 225; SFT introduces an irrelevant geometric-series
framing before reaching an unstable solution.

Functional equation: DISCORD follows the direct chain 0 +—
3 — 9; SFT recurses through unknown values such as f(1)
and outputs 69.

Divisor count: DISCORD preserves the teacher’s factorization
K = (2T + 1)(T + 1)2 = 43 - 222; SFT mis-factors K and
selects 743.

Both solve the right-triangle problem; DISCORD uses the
complementary-angle identity more directly, while SFT is more
template-heavy.

Both derive h~1(5) = 3/2; DISCORD stops after one clean
derivation, while SFT repeats the same solution block after the
final answer.

Both compute the units digit correctly; DISCORD gives a com-
pact modular-cycle argument, while SFT appends an unneces-
sary code-style verification.

Both students apply inclusion—exclusion correctly; DISCORD
is shorter and avoids repeated counting steps.

Representative failure-recovery trace: Example D.

ID: 2776

MODEL: Ours
JUDGE_CORRECT: True
CATEGORY: Number Theory
GOLD ANSWER:

43

TRACE START
" “markdown
## 1. Problem Statement

Given \( T = 21 \), we need to determine the number of positive divisors of \( 20°T \cdot 23°T \). Let's denote this number
< by \( K \). We are then asked to find the greatest prime factor of \( K \).

## 2. Solution

### Step 1: Simplify the Expression
First, simplify the expression \( 20~T \cdot 23°T \):

\[ 20°T = (272 \cdot 5)°T = 2~{2T} \cdot 5°T \]
\[ 23°T = 23T \]
Thus,

\[ 20°T \cdot 23°T = 2~{2T} \cdot 5T \cdot 23°T \]

### Step 2: Determine the Number of Divisors
The number of positive divisors of a number \( n = p_1~{e_1} \cdot p_2~{e_2} \cdots p_k~{e_k} \) is given by:
\[ (e_1 + 1)(e_2 + 1) \cdots (e_k + 1) \]

For \( 20T \cdot 23°T = 2°{2T} \cdot 5-T \cdot 23T \), the exponents are \( 2T \), \( T \), and \( T \). Therefore, the

< number of divisors \( K \) is:
\[ K= (2T + 1)(T + 1)(T + 1) \]

### Step 3: Substitute \( T = 21 \)
Substitute \( T = 21 \) into the expression for \( K \):

\[ K = (2 \cdot 21 + 1)(21 + 1)(21 + 1) \]
\[ K = (42 + 1)(22)(22) \]
\[ K = 43 \cdot 22 \cdot 22 \]

### Step 4: Factorize \( K \)
Factorize \( K \):

43 \cdot 2272 \]

43 \cdot (2 \cdot 11)~2 \]
43 \cdot 4 \cdot 11~2 \]
43 \cdot 4 \cdot 121 \]

P
RRR=N
[T

### Step 5: Identify the Greatest Prime Factor
The prime factors of \( K \) are 43, 2, and 11. Among these, the greatest prime factor is 43.

## 3. Final Answer
\

\boxed{43}
N

TRACE END

MODEL: SFT
JUDGE_CORRECT: False
CATEGORY: Number Theory
GOLD ANSWER:

43

TRACE START

* " “markdown

## 1. UNDERSTAND

We are given \( T = 21 \) and need to determine the number of positive divisors of \( 20~T \cdot 23°T \). Specifically, we
< want to find the greatest prime factor of this number.

## 2. PLAN
To solve this, we first express \( 20°T \cdot 23°T \) in terms of its prime factors:
\[ 20°T = (272 \cdot 5)°T = 2°{2T} \cdot 5°T \]
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\[ 23°T = 23°T \]

Thus,
\[ 20°T \cdot 23~T = 2°{2T} \cdot 5°T \cdot 23T \]

The number of positive divisors of a number \( n = p_1~{e_1} \cdot p_2~{e_2} \cdots p_k~{e_k} \) is given by:
\[ (e_1 + 1)(e_2 + 1) \cdots (e_k + 1) \]

plying this formula to our expression:
\% 27{2T} \cdot 5°T \cdot 23°T = 2-{2 \cdot 21} \cdot 5°{21} \cdot 23~{21} \]

So, the exponents are \( e_1 =42 \), \(e_2 =21 \), and \( e_3 = 21 \).
## 3. SOLVE
Using the formula for the number of divisors:
(42 + 1)(21 + 1)(21 + 1) \]
\[ K = 43 \cdot 22 \cdot 22 \]
First, calculate \( 43 \cdot 22 \):
\[ 43 \cdot 22 = 43 \cdot (20 + 2) = 43 \cdot 20 + 43 \cdot 2 = 860 + 86 = 946 \]

Next, multiply by 22 again:
\[ 946 \cdot 22 = 946 \cdot (20 + 2) = 946 \cdot 20 + 946 \cdot 2 = 18920 + 1892 = 20812 \]

Thus, the number of positive divisors \( K \) is:
\[ K = 20812 \]

## 4. VERIFY

To verify, we check if 20812 can be factored into its prime components:
\[ 20812 = 2 \times 10406 \]

\[ 10406 = 2 \times 5203 \]

\[ 5203 = 7 \times 743 \]

Since 743 is a prime number, the complete factorization is:
\[ 20812 = 2°2 \times 7 \times 743 \

The greatest prime factor is indeed 743.
## 5. FINAL ANSWER
\boxed{743}

“markdown
## 6. FINAL ANSWER

\boxed{743}
\]

“markdown
## 7. FINAL ANSWER

\[
\boxed{743}
" "markdown

## 8. FINAL ANSWER

\[
\boxed{743}
\]

“markdown

MODEL: Teacher
JUDGE_CORRECT: True
CATEGORY: Number Theory
GOLD ANSWER:

43

TRACE START
</question>
</instructions>

## 1. UNDERSTAND
We are given \( T = 21 \) and need to determine the number of positive divisors of \( 20"{21} \cdot 23°{21} \). We then need
<> to find the greatest prime factor of this number of divisors.

## 2. PLAN

To solve this, we first express \( 20°{21} \cdot 23~{21} \) in its prime factorized form. Then, we use the formula for
<> finding the number of divisors of a number based on its prime factorization. Finally, we analyze the resulting

< expression to find the greatest prime factor of the number of divisors.

. Prime factorize \( 20 \) and \( 23 \).

Use the formula for the number of divisors.
. Factorize the resulting number of divisors.
. Identify the greatest prime factor.

# 3. SOLVE

. **Prime factorization*:

- \( 20 = 272 \cdot 5 \)

- \( 23 \) is a prime number.

=3 AW

2. xkExpress \( 207{21} \cdot 237{21} \) in prime factorized formxx:

%?A{21} = (272 \cdot 5)~{21} = 2~{42} \cdot 5-{21}

\[
23~{21} = 23~{21}
\]
Therefore,
20~{21} \cdot 23-{21} = 2~{42} \cdot 5°{21} \cdot 23~{21}
\1
3. **Number of divisors formulax:
For a number \( n = p_1~{e_1} \cdot p_2-{e_2} \cdots p_k~{e_k} \), the number of positive divisors \( D(n) \) is given
— by:
D(n) = (e_1 + 1)(e_2 + 1) \cdots (e_k + 1)
\1
Applying this to our number:

D(2°{42} \cdot 5°{21} \cdot 23°{21}) = (42 + 1)(21 + 1)(21 + 1) = 43 \cdot 22 \cdot 22
\]

4. **Factorize the number of divisors#*:

%? \cdot 22 \cdot 22 = 43 \cdot 2272 = 43 \cdot (2 \cdot 11)~2 = 43 \cdot 272 \cdot 11~2

## 4. VERIFY
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- The prime factors of \( 43 \cdot 2 2 \cdot 1172 \) are \( 2, 11, \) and \( 43 \).
- The greatest prime factor is \( 43 \).

Thus, the greatest prime factor of \( K \) is indeed \( 43 \).
## 5. FINAL ANSWER

\boxed{43}

}%ACE END

EXAMPLE E
DATASET: MATH

Analysis. The problem asks for the greatest prime factor of the divisor count of 207237 with T' = 21.
The teacher’s core solution is 207237 = 22757237 and K = (2T + 1)(T + 1)? = 43 - 222.
DisCORD preserves this divisor-count factorization and identifies 43. SFT follows the surface
template more closely, but its verification incorrectly factors 20812 as 22 - 7 - 743 and therefore
changes the answer to 743. This shows that DISCORD need not copy the teacher’s headings to retain
the mathematical structure that matters.

Representative overlap-correct trace: Example F.

MODEL: Qurs

JUDGE_CORRECT: True

CATEGORY: algebra

GOLD ANSWER:

$h~{-1}(5)$ is defined as the number $y$ such that $h(y)=6$. Thus, we solve the equation $$\frac{i+y}{2-y} = 5.$$Multiplying
<s Dboth sides by $2-y$, we have $$1+y = 5(2-y).$$Expanding gives $$1+y = 10-5y,$$then adding $5y-1$ to both sides gives

— $8$6y = 9.$$Finally, we divide both sides by $6$ and simplify to get $y=\boxed{\dfrac{3}{2}}$.

Note that we can check our work by plugging $\dfrac{3}{2}$ into the formula for $h$: $$\dfrac{i+\frac32}{2-\frac32} =
— \dfrac{\left(\frac52\r1ght)}{\left(\fracl2\r1ght)} 5,$$which is what we expected.

TRACE START

" "markdown

## 1. Identify the function and its inverse

Given the function \( h(y) = \frac{l + y}{2 - y} \), we need to find the inverse function \( h~{-1}(y) \).

## 2. Set up the equation for the inverse
To find the inverse, we start by setting \( z = h(y) \):
\[ z = \frac{1 + yH2 - y} \]

## 3. Solve for \( y \) in terms of \( z \)
Rearrange the equation to solve for \( y \):

\[z(2-y)=1+y

\[ 2z - zy =1+y\]

\[2z - 1=y + zy \]

\ 2z - 1=y +2)\]

\ = \frac{2z - 1}{1 + z} \]

Thus, the inverse function is:

\[ b~{-1}(y) = \frac{2y - 1}{1 + y} \]

## 4. Substitute \( y = 5 \) into the inverse function
Now, substitute \( y = 5 \) into the inverse function:
\[ h~{-1}(5) = \frac{2(5) - 1}{1 + 5} \]

\[ h~{-1}(5) = \frac{10 - 1}{6} \]

\[ h~{-1}(5) = \frac{9}{6} \]

\[ h~{-1}(5) = \frac{3}{2} \]

## 5. Final Answer
The value of \( h~{-1}(5) \) is:

t?oxed{\frac{3}{2}}

TRACE END

MODEL: SFT

JUDGE_CORRECT: True

CATEGORY: algebra

GOLD ANSWER:

$h~{-1}(5)$ is defined as the number $y$ such that $h(y)=5$. Thus, we solve the equation $$\frac{i+y}{2-y} = 5.$$Multiplying
<y Dboth sides by $2-y$, we have $$1+y = 5(2-y).$$Expanding gives $$1+y = 10-5y,$$then adding $5y-1$ to both sides gives

— $8$6y = 9.$$Finally, we divide both sides by $6$ and simplify to get $y=\boxed{\dfrac{3}{2}}$.

Note that we can check our work by plugging $\dfrac{3}{2}$ into the formula for $h$: $$\dfrac{1+\frac32}{2-\frac32} =

< \dfrac{\left (\frac52\right)}{\left (\fraci2\right)} = 5,$$which is what we expected.

TRACE START

** “markdown

## 1. UNDERSTAND

Given the function \( h(y) = \frac{l + y}{2 - y} \), we need to find the inverse function \( h~{-1}(x) \) and then determine

— \Ch{-1}(8) \).
## 2. PLAN

To find the inverse function, we start by setting \( z = h(y) \). This gives us:
\[ z = \frac{l + yH2 - y} \]

We solve this equation for \( y \) in terms of \( z \):

\[z(2-y)=1+y\]

\[2z - zy =1+ y\]

\[2z - 1=y + zy \]

\[22—1= y +2z)\]

\[y \frac{Qz - 11 + 2z} \]

Thus, the inverse function is:

\[ b~{-1}(x) = \frac{2x - 1}{1 + x} \]

Next, we substitute \( x = 5 \) into the inverse function to find \( h~{-1}(5) \):
\[ b~{-1}(5) = \frac{2(5) - 1}{1 + 5} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]
## 3. SOLVE

Using the derived formula for the inverse function:

\[ h~{-1}(x) = \frac{2x - 1}1 + x} \]
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Substitute \( x = 5 \):
\[ h~{-1}(5) = \frac{2(5) - 1M1 + 5} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]

## 4. VERIFY

To verify, we check if \( h(h~{-1}(5)) =5 \):

\[ h\left (\frac{3}{2M\right) = \frac{il + \frac{3}{2}}{2 - \frac{3}{2}} = \frac{\frac{2 + 3}{2}}{\frac{4 - 3}{2}} =
—  \frac{\frac{5}{2}}{\frac{1}{2}} = 5 \]

Since \( h(h~{-1}(5)) = 5 \), our solution is correct.

## 5. FINAL ANSWER
Answer: \boxed{\frac{3}{2}}
" “markdown
" “markdown
## 1. UNDERSTAND
Given the function \( h(y) = \frac{l + y}2 - y} \), we need to find the inverse function \( h~{-1}(x) \) and then determine

— \(Ch{-1}(5) \).

## 2. PLAN
To find the inverse function, we start by setting \( z = h(y) \). This gives us:
\[ z = \frac{1 + yH2 - y} \]

e solve this equation for \( y \) in terms of \( z \):
[z(2-y)=1+y\]

[2z -2zy=1+y\]

[2z - 1=y + zy \]

[2z -1=y1+2)\]

[y = \frac{2z - 1}{1 + z} \]

Thus, the inverse function is:

\[ h*{-1}(x) = \frac{2x - 1}1 + x} \]

13(8) \):
\frac{3}{2} \]

Next, we substitute \( x = 5 \) into the inverse function to find \

(
\[ h~{-1}(8) = \frac{2(5) - 1}{1 + 5} = \frac{10 - 1}{6} = \frac{9}{6

## 3. SOLVE
Using the derived formula for the inverse function:
\[ h~{-1}(x) = \frac{2x - 1}{1 + x} \]

h~{-
} =

Substitute \( x = 5 \):
\[ h~{-1}(5) = \frac{2(5) - 1}{1 + B} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]

## 4. VERIFY

To verify, we check if \( h(h~{-1}(8)) =5 \):

s h\left(\frac{3}{2}\r1ght) \frac{l + \frac{3}{2}}{2 - \frac{3}{2}} = \frac{\frac{2 + 3}{2}}{\frac{4 - 3}{2}} =
—  \frac{\frac{5}2}}{\frac{1}{2}} = 5 \]

Since \( h(h~{-1}(5)) = 5 \), our solution is correct.

## 5. FINAL ANSWER
Answer: \boxed{\frac{3}{2}}

* “markdown
## 1. UNDERSTAND
Given the function \( h(y) = \frac{l + y}{2 - y} \), we need to find the inverse function \( h~{-1}(x) \) and then determine

— \Ch~{-1}(8) \).

## 2. PLAN
To find the inverse function, we start by setting \( z = h(y) \). This gives us:
\[ z = \frac{l + y}{2 - y} \]

We solve this equation for \( y \) in terms of \( z \):
\[2z(2-y)=1+y\]

\[2z - zy =1+ y\]

\[2z - 1=y +2zy\]

\[22—1= y(1 +z)\]

\[y \frac{Qz - 1H1 + z} \]

{? , the inverse function is:

h~{-1}(x) = \frac{2x - 1}{1 + x} \]

Next, we substitute \( x = 5 \) into the inverse function to find \( h~{-1}(5) \
\[ h~{-1}(5) = \frac{2(5) - 1}{1 + 5} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]

## 3. SOLVE
Using the derived formula for the inverse function:
\[ b{-1}(x) = \frac{2x - 1}{1 + x} \]

Substitute \( x = 5 \):
\[ h~{-1}(5) = \frac{2(5) - 131 + 5} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]

## 4. VERIFY

To verify, we check if \( h(h~{-1}(5)) =

\ [ h\left(\frac{3}{2}\r1ght) \frac{1l + \frac{3}{2}}{2 - \frac{3}{2}} = \frac{\frac{2 + 3}{2}}{\frac{4 - 3}{2}} =
— \frac{\frac{5}{2}}{\frac{1}{2}} = 5 \]

Since \( h(h~{-1}(5)) = 5 \), our solution is correct.

## 5. FINAL ANSWER
Answer: \boxed{\frac{3}{2}}

** “markdown
## 1. UNDERSTAND
Given the function \( h(y) = \frac{l + y}{2 - y} \), we need to find the inverse function \( h~{-1}(x) \) and then determine

— \Ch~{-1}(5) \).

## 2. PLAN
To find the inverse function, we start by setting \( z = h(y) \). This gives us:
\[ z = \frac{l + yH2 - y} \]

We solve this equation for \( y \) in terms of \( z \):
\[z(2-y)=1+y\]

\[2z -zy=1+7y\]

\[2z - 1=y +zy\]

\ [ 22 -1 =y +2)\]

\[ y = \frac{2z - 111 + z} \]

Thus
\

s, the inverse function is:

[ h~{-1}(x) = \frac{2x - 1H1 + x} \]

Next, we substitute \( x = 5 \) into the inverse function to find \( h~{-1}(5) \):
\[ b~{-1}(5) = \frac{2(5) - 1}{1 + 5} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]
## 3. SOLVE

Using the derived formula for the inverse function:

\[ h*°{-1}(x) = \frac{2x - 1}1 + x} \]
Substitute \( x = 5 \):
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\[ h={-1}(8) = \frac{2(5) - 1}{1 + 6} = \frac{10 -
TRACE END

MODEL: Teacher T
TRACE START
</role>

<response>

## 1. UNDERSTAND

Given the function \( h(y) = \frac{l + y}{2 - y} \), we need to find the inverse function \( h~{-1}(x) \) and specifically
< evaluate \( h~{-1}(5) \).

## 2. PLAN
To find \( h~{-1}(5) \), we first need to determine the inverse function \( h~{-1}(x) \). This involves solving the equation
— \(x = \frac{1 + y}2 - y} \) for \( y \) in terms of \( x \).

Once we have the inverse function, we substitute \( x = 5 \) to find \( h~{-1}(5) \).

## 3. SOLVE
Let's start by setting up the equation for the inverse:

\[ x = \frac{1 + y¥{2 - y} \]
We solve for \( y \):

1. Multiply both sides by \( 2 - y \):
\[x(2-y)=1+y \{

2. Distribute \( x \):
[2x -xy=1+y\]l

3. Rearrange to isolate terms involving \( y \) on one side:
\[2x -1=xy+y\]

4. Factor out \( y \) on the right-hand side:
\[2x -1=y&+1)\]

5. Solve for \( y \):
\[ y = \frac{2x - 1Hx + 1} \]

Thus, the inverse function is:

\[ h~{-1}(x) = \frac{2x - 1}x + 1} \]

Now, we substitute \( x = 5 \) into the inverse function:

\[ h~{-1}(5) = \frac{2(s) - 1}{5 + 1} = \frac{10 - 1}{6} = \frac{9}{6} = \frac{3}{2} \]

## 4. VERIFY
To verify, we check if substituting \( y = \frac{3}{2} \) into the original function \( h(y) \) gives us \( 5 \):

\[ b\left(\frac{3}{2M\right) = \frac{i + \frac{3}{2}}{2 - \frac{3}{2}} = \frac{\frac{2 + 3}{2}}{\frac{4 - 3}{2}} =
—  \frac{\frac{s5}{2}}{\frac{1}{2}} = 5 \]

Since the substitution confirms that \( h\left(\frac{3}{2}\right) = 5 \), our solution is correct.

## 5. FINAL ANSWER

Answer: \boxed{\frac{3}{2}}
</response>

TRACE END

EXAMPLE G
DATASET: OlympiadBench no-combinatorics

Analysis. Both students correctly compute h~1(5) = 3/2 for h(y) = (1 +y)/(2 — y). DISCORD
derives the inverse once and stops after the boxed answer. SFT derives the same answer, but then
restarts and repeats the same understand—plan—solve block multiple times after the final answer. The
answer is correct in both cases, but DISCORD produces a cleaner and more stable trace, which is the
qualitative distinction we see in the overlap-correct examples.
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