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Abstract

Chain-of-Thought (CoT) reasoning empowers
Large Language Models (LLMs) with remarkable
capabilities, but typically requires enormous pa-
rameter scales. CoT distillation has emerged as a
promising paradigm to transfer reasoning prowess
into compact student models (SLMs), yet exist-
ing approaches often rely on a solitary teacher,
capping the student’s potential since individual
LLMs often exhibit distinct capability biases and
may suffer from catastrophic forgetting. While
leveraging diverse teachers seems appealing, ef-
fectively fusing their supervision remains chal-
lenging: teacher-student incompatibility risks am-
plifying hallucinations, and passive supervision
fails to ensure genuine logic internalization. To
address this, we introduce COMPACT, a frame-
work that adaptively fuses supervisions from dif-
ferent teachers by dynamically weighting teacher
gradients based on the student’s real-time com-
patibility evaluated by a multi-dimensional met-
ric: (1) Graph-based Consensus to filter mislead-
ing rationales by identifying mainstream reason-
ing paths; (2) Mutual-Information-based Adapt-
ability to detect “epiphany moments” for genuinely
understanding the reasoning process rather than
merely imitating; and (3) Loss-based Difficulty to
assess student receptivity to the teacher’s guidance
and prevent negative transfer. Our experiments
and latent space analysis demonstrate that COM-
PACT effectively integrates diverse reasoning ca-
pabilities without damaging the model’s original
knowledge structure, achieving state-of-the-art per-
formance on various benchmarks while effectively
mitigating catastrophic forgetting. Code available:
https://github.com/CAG-Research/COMPACT.git.

1 Introduction
Large Language Models (LLMs) have demonstrated re-
markable capabilities in complex reasoning tasks, particu-
larly when empowered by Chain-of-Thought (CoT) reason-
ing [Wei et al., 2022; Kojima et al., 2022]. However,
this emergent ability typically requires enormous parame-
ter scales, hindering its practical deployment in resource-
constrained environments. Consequently, CoT distillation
offers a promising solution by transferring the reasoning
strategies of LLMs into compact Student Models (SLMs)
using teacher rationales as supervision [Ho et al., 2022;
Magister et al., 2023; Hsieh et al., 2023].

However, existing distillation approaches typically con-
strain SLMs to fit a single teacher-generated rationale. Ignor-
ing reasoning path diversity that often leads SLMs to merely
mimic the teacher’s superficial style rather than internaliz-
ing the underlying logic [Gudibande et al., 2023], thereby
limiting generalization capabilities. While subsequent meth-
ods attempt to mitigate this by using multiple rationales to
enforce answer consistency [Chen et al., 2023] or employ-
ing decoupled LoRA experts for different reasoning tasks.
However, these methods are still limited by their dependence
on a single teacher model. This poses a significant limi-
tation: as LLMs often have specializations on specific do-
mains, they inevitably exhibit capability biases and suscep-
tibility to catastrophic forgetting [Kirkpatrick et al., 2017;
Liu et al., 2024]. Consequently, no single teacher domi-
nates across all domains. Instead, each model offers unique
strengths and specialized knowledge [Jiang et al., 2023;
Wang et al., 2024]. This necessitates a multi-teacher distil-
lation framework that cultivates a more robust student.

Despite the appeal of collaborative distillation, effectively
synthesizing the reasoning capabilities of different teachers
remains challenging. First, a fundamental incompatibility
exists between teacher distinctiveness and student adaptabil-
ity. Recent studies indicate that teachers imprint recogniz-
able “reasoning signatures” [Chen et al., 2025; Gudibande et
al., 2023]; mismatches in these distributions can severely dis-
rupt the transfer of long-horizon reasoning chains [Wu et al.,
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2025; Magister et al., 2023]. This issue is exacerbated by in-
evitable noise in teacher-generated rationales that makes mix-
ing diverse reasoning paths without proper filtering risky. It
could amplify hallucinations and degrade the reasoning pre-
cision of the distilled models. Second, the definition of an
“optimal teacher” changes during distillation, depending on
the dataset and the student’s current learning progress. Ex-
isting methods largely remain agnostic to this adaptability.
They treat SLMs as passive imitators, lacking mechanisms
to ensure genuine logic comprehension rather than superfi-
cial pattern mimicry, thus failing to align with the student’s
evolving receptive capacity. Third, determining the optimal
fusion paradigm, specifically between supervision-level inte-
gration and parameter-level merging, remains an unresolved
dilemma. Supervision-level approaches are intrinsically con-
strained by the difficulty of quantifying teacher-student com-
patibility in advance. Conversely, while model merging has
been explored as a promising alternative [Ilharco et al., 2023;
Matena and Raffel, 2022; Mitchell et al., 2022], static pa-
rameter addition or averaging (e.g., [Shen et al., 2025]) of-
ten induces conflicts within the parameter space in distillation
tasks. This leads to destructive interference or “cancellation
effects” among diverse supervision signals, resulting in sub-
optimal performance. These challenges necessitate a more
adaptive, student-centric fusion mechanism.

To address these challenges, we propose COMPatibility-
Aware Multi-teacher CoT DistillaTion (COMPACT). Unlike
static parameter merging that often incurs parameter conflicts,
COMPACT employs a dynamic weighting mechanism that
treats teacher-specific updates as independent task vectors to
avoid interferences. This approach allows the student to se-
lectively synthesize gradients from the most compatible and
high-quality teachers at the instance level, effectively pre-
venting the “cancellation effects” in post-hoc merging. Cen-
tral to this framework is a Multi-Dimensional Evaluation
mechanism designed to quantify teacher-student compatibil-
ity through three distinct metrics: (1) Graph-based Consen-
sus, which constructs a semantic similarity graph of teacher
outputs to filter isolated noise and identify mainstream rea-
soning paths; (2) Mutual-Information-based Adaptability,
an information-theoretic probe that detects “epiphany mo-
ments” in the student’s learning process to distinguish gen-
uine logic comprehension from rote memorization; and (3)
Loss-based Difficulty, which assesses the student’s receptiv-
ity to a teacher’s guidance to prevent negative transfer. Fur-
thermore, to ensure robustness across diverse reasoning paths,
we impose a consistency constraint that encourages the stu-
dent to produce stable predictions regardless of different rea-
soning patterns.

Extensive evaluations across In-Distribution (ID) and Out-
of-Distribution (OOD) benchmarks demonstrate that COM-
PACT achieves state-of-the-art performance, significantly en-
hancing the multi-dimensional capabilities of distilled SLMs.
Furthermore, latent space analysis reveals that our method
enables the internalization of teacher knowledge without dis-
rupting the student’s original representation space, confirm-
ing the model’s superior ability to mitigate catastrophic for-
getting while absorbing diverse reasoning patterns. Our main
contributions are summarized as follows:

1. We identify the limitations of single teacher supervision
and static parameter merging in CoT distillation, specif-
ically the issues of parameter conflict, and the neglect of
students’ evolving adaptability.

2. We propose an effective multi-teacher distillation frame-
work that leverages student-centroid multi-dimensional
evaluation to adaptively internalize teacher capabilities
while effectively mitigating catastrophic forgetting.

3. We creatively introduce Mutual Information (MI) to de-
tect “epiphany moments” during distillation, enabling
the distinction between genuine logic internalization and
superficial pattern mimicry to enhance generalization.

4. Extensive experiments and latent space analysis confirm
that COMPACT effectively synthesizes the strengths of
diverse teachers, achieving the trade-off between supe-
rior performance and stability in preventing forgetting.

2 Related Work
2.1 Chain-of-Thought Distillation from LLMs
While Chain-of-Thought (CoT) reasoning has empowered
Large Language Models (LLMs) to tackle tasks that pre-
viously seemed impossible, these emergent capabilities are
heavily dependent on massive parameter scales. Small Lan-
guage Models (SLMs) often struggle to actively generate
coherent reasoning chains, driving efforts to distill the ca-
pabilities of LLMs into compact students [Ho et al., 2022;
Magister et al., 2023; Hsieh et al., 2023]. To prevent students
from learning superficial shortcuts, methods like SCOTT
[Wang et al., 2023] enforce rationale-prediction consistency
by contrastive decoding, while [Chen et al., 2024] proposes
maximizing mutual information between prediction and ex-
planation tasks. Beyond single-path imitation, MCC-KD
[Chen et al., 2023] leverages diverse rationales to regularize
predictions, and UniCoTT [Zhuang et al., 2025] proposes a
unified framework to transfer knowledge from diverse struc-
tural CoTs. Recently, EDIT [Dai et al., 2025] utilizes a
mistake-driven mechanism to assist students in distinguishing
reasoning steps. However, despite these sophisticated mech-
anisms, existing paradigms predominantly rely on a single
teacher model. This reliance confines the student’s potential
to the boundaries of a specific teacher’s knowledge distribu-
tion and reasoning biases, necessitating collaborative multi-
teacher distillation that leverages complementary expertise.

2.2 Model Combining and Merging in LLMs
To break the capability bounds of individual models, recent
approaches dynamically combine multiple LLMs during in-
ference. Methods like Mixture-of-Agents [Wang et al., 2024]
fuse intermediate activations, while LLM-Blender [Jiang et
al., 2023] ranks and ensembles final outputs. However, run-
time ensembles inevitably incur inference overhead and high
latency (Time to First Token). Model merging [Yang et al.,
2024] provides a more efficient solution by combining param-
eters into a single model. Advanced techniques surpass naive
averaging by preserving functional capabilities; for instance,
Fisher-Weighted Averaging [Matena and Raffel, 2022] uti-
lizes diagonal Fisher information to approximate the poste-
rior distribution, outperforming direct averaging. Similarly,
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Figure 1: Overview of our COMPACT framework. The framework consists of three main components: (1) A frozen Teacher Model Pool
generating diverse rationales; (2) A Multi-Dimensional Evaluation Metric that dynamically computes Adaptability (SMI ), Consensus (Scons),
and Difficulty (SPPL) scores; and (3) An Adaptive Gradient Fusion mechanism that updates the student model using compatibility-aware
dynamic weights αk(x) derived from these scores.

Task Arithmetic [Ilharco et al., 2023] demonstrates that task-
specific vectors can be algebraically manipulated to change
model behavior, enabling the modular addition or removal
of capabilities without retraining. Other works extend these
concepts to patch specific model failures [Ilharco et al., 2022;
Mitchell et al., 2022] or disentangle weight magnitude from
direction to adapt pre-trained models [Yu et al., 2024]. How-
ever, these merging frameworks usually assume that tasks are
orthogonal in parameter space[Ilharco et al., 2023]. This
assumption fails in multi-teacher distillation, where differ-
ent teachers could provide conflicting reasoning paths for the
same problem that leads to interference. In contrast, our ap-
proach adapts parameter fusion to the distillation setting, aim-
ing to unify diverse reasoning patterns while dynamically re-
solving interferences between different teacher distributions.

3 Method
3.1 Preliminaries and Problem Formulation
Let Mθ denote the student model parameterized by θ. Given
an input question x and a gold answer ygold, we assume ac-
cess to a set of K heterogeneous teacher models. For each in-
put, these teachers generate a set of diverse rationales (CoTs),
denoted as Y = {y1, y2, . . . , yK}. Our goal is to update θ by
synthesizing the supervision signals from Y . We formulate
the parameter update rule based on the concept of Task Arith-
metic [Ilharco et al., 2023]. We treat the gradient from each
teacher k as a specific “task vector” ∆θk. The global update
is defined as a dynamic weighted summation:

θnew = θold +
K∑

k=1

αk(x) ·∆θk (1)

where αk(x) is a dynamic weighting coefficient condi-
tioned on the student’s real-time adaptability to teacher k.

3.2 Multi-Dimensional Dynamic Evaluation
To determine the optimal weighting coefficients αk(x), we
introduce a multi-dimensional evaluation mechanism, which
assesses each teacher’s rationale quality from the student’s
perspective across three dimensions: adaptability, consensus,
and difficulty.
MI-based Adaptability Score (SMI ). A core challenge in
CoT distillation is determining whether a student is genuinely
internalizing the reasoning logic or merely mimicking sur-
face textual patterns. Recent findings in information-theoretic
analysis of LLMs [Qian et al., 2025] reveal that the genuine
reasoning manifests as “Information Peaks” (sudden reduc-
tions in the uncertainty of the final answer), occurring specif-
ically at critical “Thinking Tokens” (e.g., Therefore, Because,
Wait). These tokens act as indicators where the model con-
solidates prior context to deduce the next logical step.

Based on this, we design SMI to measure the information
gain triggered by the teacher’s rationale at these specific piv-
otal moments. We monitor the “epiphany moments” where
the student’s hidden states significantly reduce uncertainty
about the final answer ygold. For each token t in the reason-
ing chain yk, we compute the log-likelihood of generating the
correct answer using the student’s current hidden state ht,k:

Iproxy(t, k) =
1

|ygold|

|ygold|∑
j=1

logPθ(y
(j)
gold|ht,k) (2)

We define the information gain as ∆It,k = Iproxy(t, k) −
Iproxy(t−1, k). To focus on reasoning steps rather than trivial
non-reasoning tokens, we apply a semantic mask Mt,k which
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assigns higher weights to predefined “Thinking Tokens” (e.g.,
“Therefore”, “So”) and a small weight ϵ otherwise. We cal-
culate the final adaptability score by aggregating the positive
information gains:

SMI,k =

Tk∑
t=1

ReLU(∆It,k) ·Mt,k (3)

Where Tk is the length of the reasoning chain. A high
SMI,k indicates that the reasoning path provided by teacher
k successfully triggers “epiphany moments” in the student’s
latent space, signaling effective logical transfer.
Graph-based Consensus Score (Scons). Since individual
teachers may hallucinate convincing but incorrect reasoning
paths, we introduce a consensus score to identify the main-
stream logic to filter noises. Unlike external evaluation mod-
els, we construct a semantic consensus graph directly within
the student’s own representation space. This ensures that the
selected teacher is not only correct but also aligned with the
student’s current semantic understanding.

We treat the K reasoning paths as nodes in a fully con-
nected graph. For each path yk, we extract the feature vec-
tor vk from the student’s hidden state at the final valid token
(EOS). To measure semantic affinity, we project these vectors
using the student model’s own attention projection matrices
(WQ and WK from the final transformer layer), which pre-
serves the model’s native similarity metric. We compute the
pairwise attention matrix A ∈ RK×K :

Aij = Softmax

(
(Qgraph)i · (Kgraph)

T
j√

d

)
(4)

Where Qgraph = WQv, Kgraph = WKv. The consen-
sus score is derived from the degree Centrality of the graph,
defined as the sum of incoming attention weights:

Scons,k =
∑
j ̸=k

Ajk (5)

Paths with high centrality represent the mode of the dis-
tribution in the student’s semantic space, effectively filtering
out outlier hallucinations and providing reliable supervision.
Difficulty Penalty (SPPL). While SMI (although related to
student’s capability) and Scons evaluate the intrinsic quality
of the rationales, they ignore the student’s receptivity. A ratio-
nale may be logically sound but expressed with a complexity
or distribution shift that far exceeds the student’s current ca-
pacity, making it difficult to absorb effectively. To mitigate
this, we introduce a difficulty probe to measure the learn-
ability of each reasoning path. We quantify this using the
Negative Log-Likelihood (NLL) of the teacher’s rationale yk
evaluated by the student model itself. This serves as a direct
proxy for the distributional gap between the teacher’s super-
vision and the student’s current knowledge state:

SPPL,k = − 1

Tk

Tk∑
t=1

logPθ(yk,t|x, yk,<t) (6)

A lower SPPL,k indicates the reasoning path lies within
the student’s “Zone of Proximal Development” [Chen et al.,

2025], accessible enough to ensure stable gradient updates
while preventing the student from being overwhelmed by ex-
cessively perplexing supervision. By integrating this penalty,
the framework dynamically lowers the weights of rationales
that are incompatible with the student, prioritizing effective
knowledge transfer over exposure to complex reasoning.
Dynamic Weight Generation. The final fusion weight αk is
obtained by normalizing the fusion of these three scores:

Scorek = β1·N (SMI,k) + β2 · N (Scons,k)− β3 · N (SPPL,k)

αk =
exp(Scorek/τ)∑K
j=1 exp(Scorej/τ)

(7)

where N (·) denotes Z-Score normalization among teachers.

3.3 Consistency-Enhanced Branch Optimization
To prevent the student from overfitting to specific stylistic
patterns of any single teacher, we design a dual-objective loss
function for each teacher branch k.
Supervised Fine-Tuning (SFT). The primary objective is the
standard causal language modeling loss on the teacher’s path:

LSFT,k = −
∑
t

logP (yk,t|x, yk,<t) (8)

Multi-CoT Consistency (MCon). We enforce a consistency
constraint on the answer span. Even if using different reason-
ing paths, the probability distribution over the final answer Pa

should remain consistent across high-quality teacher paths.
We minimize the Bidirectional KL-Divergence between the
current branch k and other branches j:

LMCon,k =
∑
j ̸=k

αj ·DKL (Pa(·|x, yk)||(Pa(·|x, yj))) (9)

This term encourages the student to achieve outcome-
consistency regardless of the reasoning topology. The total
loss for branch k is:

Lk = LSFT,k + λLMCon,k (10)

3.4 Adaptive Parameter Fusion
Finally, we execute the parameter update. While theoreti-
cally formulated as the fusion of task vectors in the parame-
ter space (where ∆θk is equivalent to η∇Lk), we implement
this efficiently by automatic differentiation on the dynami-
cally weighted objective:

LFinal =
K∑

k=1

αk(x) · Lk (11)

This generate equivalent gradient aggregation ∇θLFinal =∑K
k=1 αk(x)∇θLk without the overhead of per-branch gradi-

ent storage. By optimizing LFinal, the student effectively up-
dates its parameters in the direction of interpolated task vec-
tors. This allows the student to prioritize the most instructive
and robust reasoning paths for each specific instance.
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In-Distribution Out-Of-Distribution

Method MATH500 GSM8K SVAMP Avg. gain CSQA StrategyQA GPQA-D Avg. gain

Qwen2.5-7B

Base (Qwen2.5-7B-Instruct) 77.20 92.36 90.33 ↑4.14 83.45 68.68 30.30 ↑6.69
SBS [Hsieh et al., 2023] 77.40↑ 0.20 94.77↑ 2.41 93.00↑ 2.67 ↑2.38 83.20↓ 0.25 67.25↓ 1.43 27.46↓ 2.84 ↑8.20
MCC [Chen et al., 2023] 82.20↑ 5.00 90.52↓ 1.84 91.00↑ 0.67 ↑2.86 81.72↓ 1.73 67.03↓ 1.65 26.77↓ 3.53 ↑9.00
Committee [Li et al., 2025] 77.25↑ 0.05 88.34↓ 4.02 91.51↑ 1.18 ↑5.07 80.52↓ 2.93 64.19↓ 4.49 36.6↑ 6.3 ↑7.20
MoT[Shen et al., 2025] 81.60↑ 4.40 94.37↑ 2.01 93.00↑ 2.67 ↑1.14 83.20↓ 0.25 66.81↓ 1.87 37.88↑ 7.58 ↑5.01
Ours w/ fusion 82.70↑ 5.50 95.30↑ 2.94 94.31↑ 3.98 – 83.59↑ 0.14 72.93↑ 4.25 46.39↑ 16.09 –

Llama3.1-8B

Base (Llama3.1-8B-Instruct) 46.00 83.89 87.00 ↑4.28 74.77 70.74 21.71 ↑2.68
SBS [Hsieh et al., 2023] 52.60↑ 6.60 86.96↑ 3.07 87.67↑ 0.67 ↑0.84 75.02↑ 0.25 71.05↑ 0.31 19.70↓ 2.01 ↑3.16
MCC [Chen et al., 2023] 53.00↑ 7.00 85.01↑ 1.12 83.33↓ 3.67 ↑2.80 73.33↓ 1.44 67.99↓ 2.75 18.53↓ 3.18 ↑5.13
Committee [Li et al., 2025] 51.93↑ 5.93 81.83↓ 2.06 87.84↑ 0.84 ↑2.71 74.95↑ 0.18 70.87↑ 0.13 18.47↓ 3.24 ↑3.65
MoT[Shen et al., 2025] 50.80↑ 4.80 86.73↑ 2.83 85.00↓ 2.00 ↑2.40 74.94↑ 0.17 67.25↓ 3.49 23.74↑ 2.03 ↑3.11
Ours w/ fusion 53.56↑ 7.56 88.25↑ 4.36 87.93↑ 0.93 – 76.26↑ 1.49 71.72↑ 0.98 27.27↑ 5.56 –

Qwen2.5-1.5B

Base (Qwen2.5-1.5B-Instruct) 50.40 72.81 79.33 ↑3.25 74.20 58.07 24.75 ↑4.14
SBS [Hsieh et al., 2023] 49.80↓ 0.60 73.91↑ 1.10 78.52↓ 0.81 ↑3.35 73.46↓ 0.74 56.55↓ 1.52 22.99↓ 1.76 ↑5.48
MCC [Chen et al., 2023] 53.60↑ 3.20 70.54↓ 2.27 79.80↑ 0.47 ↑2.78 71.32↓ 2.88 56.99↓ 1.08 20.71↓ 4.04 ↑6.80
Committee [Li et al., 2025] 58.10↑ 7.70 73.69↑ 0.88 77.98↓ 1.35 ↑0.84 71.21↓ 2.99 59.43↑ 1.36 27.07↑ 2.32 ↑3.91
MoT[Shen et al., 2025] 54.00↑ 3.60 74.45↑ 1.64 75.25↓ 4.08 ↑2.86 71.79↓ 2.41 58.08↑ 0.01 28.71↑ 3.96 ↑3.62
Ours w/ fusion 56.20↑ 5.80 75.08↑ 2.27 81.00↑ 1.67 – 75.37↑ 1.17 58.73↑ 0.66 35.33↑ 10.58 –

Table 1: Performance comparison of COMPACT and other methods. ↑ and ↓ indicate the relative improvement/decrease to the base model.
Avg. gain calculates the average relative gain of our method toward baselines. All baselines are trained on their original settings.

4 Experiments
4.1 Experimental Setup
Datasets. We evaluate COMPACT on several benchmarks
to verify performance and generalization: (1) In-Distribution
mathematical reasoning benchmarks: MATH500, GSM8K,
SVAMP. (2) Out-Of-Distribution commonsense benchmarks:
CSQA, StrategyQA, GPQA-Diamond.
Implementation Details. We employ DeepSeek-R1-Llama-
70B, Qwen2.5-70B, Llama-3.1-70B and QWQ-32B as
teacher models. For students, we select Qwen2.5-1.5B,
Qwen2.5-7B, and Llama3.1-8B to evaluate scalability and ar-
chitectural universality. We train models for 8 epochs(1.5B)
and 6 epochs(7B/8B) with a learning rate of 1 × 10−4 for
7B/8B models and 5× 10−5 for the 1.5B model.
Baselines. We evaluate COMPACT against diverse base-
lines: (1) Zero-shot base models, specifically Qwen2.5-1.5B-
Instruct, Qwen2.5-7B-Instruct, and Llama3.1-8B-Instruct;
(2) SbS-KD [Hsieh et al., 2023], representing vanilla CoT
distillation; (3) MCC-KD [Chen et al., 2023], a multi-path
approach enforcing consistency; (4) MoT [Shen et al., 2025],
baseline method that averages parameters over fine-tuned stu-
dents; (5) Committee [Li et al., 2025], a mistakes-aware
method that simulates a peer-review among teachers.

4.2 Main Results
Table 1 presents the performance of our method against base-
lines across three student architectures. COMPACT consis-
tently outperforms all baselines on In-Distribution (ID) rea-
soning tasks. Compared to multi-teacher baselines like MoT
and Committee, COMPACT demonstrates superior perfor-
mance and robustness. The performance gains are consis-
tent across diverse model families and scales. Notably, the

1.5B student distilled via COMPACT even surpasses the 7B
and 8B Base model on GPQA-D, highlighting the method’s
ability to compress reasoning capabilities into lightweight
models efficiently. Crucially, COMPACT excels in preserv-
ing general capabilities. While baselines often suffer from
catastrophic forgetting, our method achieves improvement on
evaluated OOD tasks. This confirms that our compatibility-
aware weighting effectively isolates reasoning enhancement
from general knowledge retention, preventing the tax on ver-
satility often paid by standard distillation. Figure 3 shows the
dynamic weighting scores for different teachers during train-
ing on MATH dataset. Detailed analysis see Appendix C.

4.3 Latent Representation Stability Analysis
To investigate the internal adaptation of the student model
during distillation, we conducted a PCA analysis on the la-
tent representations of the layers in Qwen2.5-1.5B distilled
by different methods. Following the framework proposed by
[Xu et al., 2025] and [Wu et al., 2025], we project the acti-
vations of the distilled students onto the principal component
basis constructed from the original, undistilled student.
Methodology and Rationale. The PCA shift (∆) measures
the Euclidean distance between the centroids of latent repre-
sentations before and after distillation. A large shift indicates
a drastic reorganization of the student’s feature space, often
signaling structural degradation or low corpus affinity. An
ideal distillation should achieve knowledge absorption with-
out structural destruction. This requires the student to ex-
hibit controlled adaptation on in-distribution tasks (learning
reasoning patterns) while maintaining near-zero shift on out-
of-distribution tasks (preserving general capabilities).
Analysis on In-Distribution (ID) Reasoning Tasks. Figure
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Figure 4: Layer-wise PCA shift of latent representation in Qwen2.5-
1.5B distilled by various methods. COMPACT exhibits minimal
shift, confirming its stability in preserving the general capabilities.

4(a) visualizes the representational shift on the ID reasoning
dataset (MATH500). Naive Parameter Averaging exhibits the
largest dispersion (high shift), confirming our hypothesis that
static averaging induces gradient conflicts among heteroge-
neous teachers. Single Teacher Distillation shows a moder-
ate and directional shift, reflecting the Style Signature effect,
where the student is forced to reorganize its cognitive struc-
ture to mimic a specific teacher’s distribution, potentially at
the cost of its original structural stability. In contrast, COM-
PACT maintains a representation centroid tightly aligned with
the original student with minimal shift. This suggests that
COMPACT successfully identifies the most compatible paths,
embedding new reasoning capabilities smoothly into the stu-
dent’s existing manifold without destructive reorganization.
Analysis on Out-of-Distribution (OOD) Tasks. Figure 4(b)
illustrates the shift on OOD datasets (CSQA), serving as a

proxy for catastrophic forgetting. Ideally, the latent represen-
tation of OOD tasks should remain invariant to preserve pre-
existing knowledge. However, baselines exhibit substantial
distributional shifts, indicating their indiscriminate supervi-
sion damages the student’s original knowledge space. Con-
versely, COMPACT achieves near-zero shift. This confirms
that our compatibility-aware weighting successfully disentan-
gles reasoning internalization from general knowledge reten-
tion, thereby preserving the student’s general capabilities.

4.4 Fine-grained Capability Analysis
To conduct a holistic assessment beyond simple accuracy,
we employ the FLASK evaluation framework [Ye et al.,
2023], which decomposes model capabilities into four dimen-
sions comprising 12 fine-grained skills across four primary
abilities: Logical Thinking (Correctness, Robustness, Effi-
ciency), Background Knowledge (Factuality, Commonsense,
Metacognition), Problem Handling (Comprehension, Com-
pleteness, Insightfulness), and User Alignment (Readability,
Conciseness, Harmlessness). Results are shown in Figure 2.
Breaking Capability Boundaries through Adaptive Fu-
sion. Figure 2(a) confirms that different teachers excel in spe-
cific domains and the style signature phenomenon. While the
naive parameter averaging (MoT) attempts to combine these
abilities and shows gains in Logical Correctness and Com-
pleteness, it suffers a critical failure in Logical Robustness,
accompanied by increased hallucinations (lower Factuality
and Commonsense Understanding). This confirms that con-
flicting gradient directions neutralize the specialized exper-
tise of individual teachers while disrupting the student’s orig-
inal knowledge structure, ultimately leading to mediocrity.
In contrast, leveraging a dynamic weighting mechanism, the
COMPACT-distilled student effectively breaks these capabil-
ity boundaries, synthesizing the complementary strengths of
diverse teachers to achieve superior performance.
Robustness and Genuine Comprehension. Specific capa-
bility gains directly validate our multi-dimensional evaluation
metrics. (1) Robustness via Consensus: COMPACT holds a
significant lead in Factuality and Commonsense Understand-
ing. We attribute this to the Graph-based Consensus (Scons)
metric, which effectively filters out hallucinations from in-
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dividual teachers, ensuring the student internalizes only the
mainstream correct logic. (2) Insightfulness via Information
Gain: The superior performance in Insightfulness and Com-
pleteness validates the MI-based Adaptability (SMI ) metric.
Unlike baselines that rely on rote memorization of surface
patterns, the high mutual information guidance fosters gen-
uine logic comprehension, empowering the student to gener-
ate more complete and novel reasoning paths.

4.5 Ablation Study
To rigorously verify the contribution of each component,
we conducted ablation studies on the Qwen2.5-1.5B student
model. The results are summarized in Figure 5. We calcu-
lated the average relative degradation rate (%) and the shift in
stability (Standard Error of the Mean, SEM) across all tasks.
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Figure 5: Comprehensive ablation study on model performance.
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Superiority of Dynamic Weighting over Static Merging.
The “Direct Avg.” baseline, while improving upon the
base model, consistently underperforms the full COMPACT
framework. Notably, “Direct Avg.” baseline exhibits signif-
icantly higher variance (e.g., SEM of 1.85 on average). This
instability suggests that without compatibility-aware weight-
ing, the student is subject to destructive gradient interfer-
ence, whereas COMPACT’s dynamic weighting stabilizes the
learning trajectory by selecting the most compatible paths.
Effectiveness of Graph-based Consensus (Scons). Remov-
ing Scons results in a 4.60% performance drop on ID reason-

ing tasks and a 5.51% drop on OOD tasks. More critically,
the lack of consensus filtering significantly amplifies the vari-
ance of the student’s performance: the average SEM doubles
(2.08×) on ID tasks and increases by 1.19× on OOD tasks.
As illustrated in Figure 6(c), the removal introduces signifi-
cant stochasticity into the optimization landscape that signif-
icantly hampers convergence efficiency and leads to an ele-
vated final loss plateau. This validates Scons is essential for
mitigating gradient conflicts and ensuring stable convergence.
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Figure 7: Comparison of mutual information trajectories.

Effectiveness of MI-based Adaptability (SMI ). The re-
moval of the mutual information regularization causes the
steepest decline in generalization capabilities, with a signifi-
cant 9.65% average drop across OOD tasks and 1.11× SEM
increase on ID stability. Figure 6(a) also evidences a “col-
lapse to mediocrity”, where the student model exclusively
exploits the low-entropy supervision of less capable gener-
alist teachers (Qwen2.5/Llama3.1) while discarding the high-
fidelity but complex reasoning of experts (QWQ/DeepSeek-
R1). Figure 7 confirms our COMPACT framework success-
fully transfers the “epiphany” capabilities of strong teachers
to the student. The distilled student model demonstrates more
and sharper peaks while the original student model exhibits a
relatively flat and low-entropy trajectory.
Effectiveness of Loss-based Difficulty (SPPL). Excluding
the difficulty penalty (SPPL) leads to comprehensive degra-
dation, with an average drop of 2.80% on ID and 8.60% on
OOD tasks. Its absence triggers higher volatility: ID variance
increases by 1.95× and OOD variance by 1.39×. This also
exacerbates catastrophic forgetting (Figure 6(b)); the student
overfits to the hard distribution of Teacher 2 at the expense
of its proficiency with the generalist teachers, validating the
penalty’s role as a crucial compatibility adjuster that prevents
distributional drift and preserves general capabilities.

5 Conclusion
In this work, we propose COMPACT, a novel compatibility-
aware multi-teacher distillation framework that dynamically
fuses heterogeneous teacher gradients through instance-level
weighting. By integrating multi-dimensional metrics for con-
sensus, adaptability, and difficulty, COMPACT successfully
synthesizes the complementary strengths of diverse teachers,
effectively resolving the “cancellation effect” of static merg-
ing and minimizing representational drift. Extensive experi-
ments demonstrate that our method achieves state-of-the-art
performance with high data efficiency while preserving the
student’s general capabilities, offering a robust approach for
distilling diverse intelligence into compact models.
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