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ABSTRACT

Knowledge distillation has emerged as a crucial technique for compressing large
language models into more deployable versions. While existing approaches focus
on transferring knowledge at different length-based linguistic granularities (e.g.,
tokens, phrases, sequences), they often fail to capture the intrinsic hierarchical
attention mechanisms that modern language models utilize. We propose SHARP
(Structured Hierarchical Attention Rank Projection), a novel distillation framework
that effectively transfers knowledge across different architectural granularities of
transformer models. Our approach introduces an orthogonal rank space projection
mechanism that decomposes attention patterns into token-level, head-level, and
layer-level representations, enabling parallel optimization pathways across differ-
ent granularities while preventing gradient interference between complementary
features. Through extensive experiments on both natural language generation
(NLG) and understanding (NLU) tasks with teacher models ranging from 350M
to 6.7B parameters distilled to a 125M parameter student model, we demonstrate
that SHARP consistently outperforms existing distillation methods, achieving an
average 5.2% average improvement in perplexity across NLG tasks across all tasks,
with gains reaching 7.2% for larger teacher models (6.7B). The method shows par-
ticularly strong performance on NLG tasks, with consistent improvements across
all model scales.

1 INTRODUCTION

Multi-granularity distillation extends the traditional knowledge transfer framework by simultaneously
capturing information at multiple structural levels within the model architecture. This sophisticated
approach targets knowledge transfer across various granularities, including token-level predictions,
intermediate layer representations, attention distributions, and architectural feature maps (Liu et al.,
2022a). By imposing multiple alignment constraints between teacher and student models, multi-
granularity distillation aims at enriching the learning signal and providing more comprehensive
guidance to the student (Agarwal et al., 2024a). Empirical studies have shown that incorporating
such diverse supervision signals can yield superior performance compared to single-objective distil-
lation methods, particularly in complex language understanding tasks requiring nuanced semantic
comprehension and contextual reasoning capabilities (Liu et al., 2022b).

Multi-granularity distillation faces a crucial challenge: gradient interference during knowledge
transfer. Figure 1a visualizes this problem through t-SNE projection of attention representations from
OPT-350M, showing substantial overlap between token-level (blue), head-level (green), and layer-
level (red) attention patterns. We measured average pairwise cosine similarity of 0.68± 0.12 across
1000 randomly sampled attention patterns, indicating severe entanglement. This causes competing
gradient signals that destabilize optimization—updates beneficial for one attention level counteract
others, leading to compromised learning trajectories and degraded performance on complex reasoning
tasks.

Various research efforts have attempted to address these limitations, yet each approach has encoun-
tered significant challenges. Methods employing distillation loss weighting or dynamic scheduling
schemes merely mask the interference rather than eliminating it (Jiao et al., 2019), as these approaches
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(a) Conventional (b) SHARP

Figure 1: t-SNE visualization comparing representation structure between conventional distillation
and SHARP with orthogonal rank spaces, showing improved separation of granularities.

simply adjust the relative importance of conflicting gradients without resolving their fundamental
opposition. In practice, this leads to unstable training dynamics where improvements in one granu-
larity (e.g., token-level) often come at the expense of another (e.g., layer-level), requiring extensive
hyperparameter tuning that yields only marginal improvements. The introduction of inter-layer skip
connections or auxiliary architectural modules (Sun et al., 2020) has shown promise in mitigating
interference issues, yet these approaches introduce additional optimization complexities that prove
challenging to tune effectively and often lead to architectural overhead that undermines efficiency
gains. Other studies (Sun et al., 2019; Haidar et al., 2021) have explored sophisticated layer mapping
strategies to align teacher and student representations more effectively, but optimization conflicts
persist due to the gradient conflicts that impede convergence between different granularity objectives.
When optimizing for multiple granularities simultaneously. These approaches do not adequately
address to address the root cause of gradient interference, instead implementing workarounds that
achieve marginal improvements at the cost of increased system complexity and reduced generalizabil-
ity across model architectures.

To address these challenges, we propose SHARP (Structured Hierarchical Attention Rank Projection),
a novel distillation framework that fundamentally reconceptualizes multi-granularity knowledge
transfer through attention-based decomposition. Our framework extracts these distinct attention
patterns and projects each into separate orthogonal rank spaces prior to distillation, effectively
creating dedicated subspaces that minimize cross-component gradient interference. Figure 1b demon-
strates how SHARP’s orthogonal rank space projections effectively separate these attention patterns,
eliminating destructive gradient interference. This mathematical decomposition ensures that the
projected attention representations maintain their semantic integrity while enabling parallel opti-
mization pathways that prevent the conflicting gradients observed in conventional approaches. The
student model employs a carefully designed integration module that reconstructs these disentangled
attention representations into a coherent knowledge structure without reintroducing interference
patterns. Through extensive theoretical analysis, we demonstrate that SHARP reduces gradient
interference by a factor of |G| (number of granularities) in theory, leading to improved convergence
and performance observed in conventional multi-granularity distillation. Experimental results across
diverse benchmarks confirm that our approach yields consistent performance gains across model
scales, showing particular effectiveness for smaller teacher models where resource efficiency is
crucial. The primary contributions of our work can be summarized as follows:

• Orthogonal rank space projection: We introduce a mathematical framework that signifi-
cantly reduces in multi-granularity distillation by projecting attention patterns into separate
orthogonal subspaces.

• Structured decomposition mechanism: Our approach separates token, head, and layer-
level attention patterns while preserving their unique linguistic properties through a novel
integration module that prevents interference reintroduction.

• Consistent performance gains: SHARP outperforms existing methods by up to 3-7% on
NLG tasks and NLU tasks, with greater improvements observed for smaller teacher models.
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2 RELATED WORK

Knowledge Distillation. Early KD methods transfer knowledge through softened logits (Hinton
et al., 2015) or intermediate representations (Koratana et al., 2019). Recent LLM-specific approaches
include MiniLLM’s reverse divergence optimization (Gu et al., 2023b), DistiLLM’s contrastive
learning (Ko et al., 2024), and SpecKD’s interleaved sampling (Xu et al., 2025). However, these
methods focus on single-granularity transfer or treat multiple granularities independently, without
addressing gradient interference between different attention levels.

Multi-granularity Learning. Prior work has explored token, phrase, and sequence-level repre-
sentations (Ding et al., 2021) using hierarchical attention (Gou et al., 2023) or multi-view learning
(Xu et al., 2013). In distillation contexts, some methods combine token-level contrastive learning
with sequence-level consistency (Xu et al., 2023b). These approaches lack explicit mechanisms to
handle interference between granularities, leading to suboptimal knowledge transfer when learning
complementary representations.

Orthogonal Representations. Orthogonality constraints improve training stability and representation
learning (Li et al., 2020). Recent distillation work decomposes knowledge into orthogonal subspaces
(Roy et al., 2023) or uses rank-based alignment (Cui et al., 2024). However, existing methods maintain
orthogonality within single granularities rather than between different attention levels, missing the
opportunity to eliminate cross-granularity gradient interference.

Our Contribution. Unlike prior work, SHARP explicitly addresses gradient interference in multi-
granularity distillation by projecting token, head, and layer attention patterns into orthogonal rank
spaces. This mathematical decomposition enables parallel optimization without conflicting gradi-
ents, achieving superior performance compared to methods that either ignore interference or treat
granularities independently.

Figure 2: The SHARP distillation framework with |G| orthogonal projection spaces (one per granu-
larity). Example shown for |G| = 3 with token, head, and layer granularities.

3 PROBLEM FORMULATION

We formally characterize the gradient interference in multi-granularity distillation, where simultane-
ous optimization of token, head, and layer objectives creates conflicting gradient directions.

Definition 1 (Gradient Interference). Let Li and Lj be distillation losses defined over parameter
space Θ. The gradient interference at θ ∈ Θ is:

Ii,j(θ) = 1− cos(∇θLi,∇θLj) = 1− ⟨∇θLi,∇θLj⟩
∥∇θLi∥ · ∥∇θLj∥

(1)
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Lemma 1 (Interference Impact). For L =
∑n

i=1 λiLi with weights λi > 0 and learning rate η, the
expected progress in loss reduction is bounded by:

E[L(θ)− L(θ − η∇θL)] ≤ η

n∑
i=1

λ2
i ∥∇θLi∥2

1− 1

n

∑
j ̸=i

Ii,j(θ)

 (2)

High interference (Ii,j(θ) ≈ 2) indicates opposing gradients, while low interference (Ii,j(θ) ≈ 0)
indicates approximately aligned gradients. Our empirical measurements show average pairwise
cosine similarity of 0.68± 0.12 in conventional methods, indicating substantial gradient interference.
SHARP’s orthogonal projections reduce this interference by constraining ∥(W gi)TW gj∥F < 0.01.
Proof in Appendix B.1.

4 PROPOSED METHOD

4.1 OVERVIEW

We propose SHARP (Structured Hierarchical Attention Rank Projection), which addresses gradient
interference in multi-granularity distillation through orthogonal decomposition. By projecting differ-
ent attention granularities into approximately orthogonal subspaces, we reduce gradient interference
by over 95% (empirically measured) while preserving semantic content. Figure 2 illustrates the
SHARP pipeline: extracting attention patterns at three granularities, projecting each into separate
subspaces with orthogonality constraints, computing distillation losses independently, and integrating
representations through multi-head attention.

We denote the set of granularities as G = {token, head, layer}, with projection matrices W g ∈ RD×d

mapping to orthogonal rank spaces, where D is the hidden dimension and d is the projection
dimension (d≪ D).

4.2 ATTENTION GRANULARITY DECOMPOSITION

We decompose transformer attention into three complementary granularities. Let Ab,l,h ∈ RS×S

denote the attention matrix for batch item b ∈ {1, . . . , B}, layer l ∈ {1, . . . , L}, and head h ∈
{1, . . . ,H}. We aggregate these as follows:

Atoken[b, i, j] =
1

LH

L∑
l=1

H∑
h=1

Al,h[b, i, j] (global token dependencies) (3)

Ahead[b, h, i, j] =
1

L

L∑
l=1

Al,h[b, i, j] (head-specific patterns) (4)

Alayer[b, l, i, j] =
1

H

H∑
h=1

Al,h[b, i, j] (layer-wise progression) (5)

Each attention pattern Ag is transformed into hidden representations Hg ∈ RB×D through pooling
and projection: Hg = ϕg(A

g), where ϕg ensures dimensional consistency. These granularities
capture complementary aspects: token-level encodes persistent lexical relationships, head-level
preserves syntactic specialization, and layer-level reflects the progression from surface to semantic
features—aligning with the hierarchical nature of transformer processing.

4.3 ORTHOGONAL RANK SPACE PROJECTION

The core innovation of SHARP lies in projecting each attention granularity into approximately
orthogonal subspaces. For each granularity g ∈ G, we define projection matrices W g ∈ RD×d with
the soft orthogonality constraint:

∥(W gi)TW gj∥F < ϵ, ∀gi, gj ∈ G, i ̸= j (6)
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where ϵ = 0.01 in all our experiments. This ensures approximately orthogonal subspaces rather
than perfect orthogonality, balancing interference reduction with optimization stability.
Proposition 1 (Reduced Gradient Interference). For losses Lgi and Lgj defined on projections Zgi

and Zgj , the gradient interference in the projected subspace satisfies:

|⟨∇W giLgi ,∇W gjLgj ⟩| ≤ ϵ · ∥∇W giLgi∥ · ∥∇W gjLgj∥ (7)

We maintain orthogonality through: (1) QR decomposition initialization, and (2) regularization
loss Lortho =

∑
i̸=j ∥(W gi)TW gj∥2F . This soft constraint proves more stable than hard orthogonal

projections during optimization.

4.4 KNOWLEDGE TRANSFER AND INTEGRATION

Within each subspace, we compute distillation loss using cosine similarity:

Lg = 1− cos(Zg
S , Z

g
T ) = 1−

⟨Zg
S , Z

g
T ⟩

∥Zg
S∥ · ∥Z

g
T ∥

(8)

chosen for its scale invariance and bounded range [0, 2]. After independent optimization in subspaces,
we integrate representations via multi-head attention:

Hint = MHA([Z token, Zhead, Z layer]) (9)

which learns to weight granularity contributions based on context.

The complete training objective is:

LSHARP = λtaskLtask + λdistill

∑
g∈G

αgLg + λorthoLortho (10)

with typical values λtask = 0.3, λdistill = 0.6, λortho = 0.1, and
∑

g αg = 1.

Computational Overhead. SHARP introduces additional parameters |G| · Dd for projection
matrices. With d = 384, D = 768, and |G| = 3, this adds approximately 0.9M parameters. The
computational overhead is primarily from projections O(|G| ·BDd) per batch, resulting in roughly
25-30% additional computation time but achieving 2-3× faster convergence in practice.

4.5 TRAINING ALGORITHM AND OPTIMIZATION

Algorithm 1 SHARP Training

Require: Teacher T , Student S, Dataset D, Epochs E
Ensure: Trained student model S

1: Initialize W g via QR decomposition for g ∈ G
2: for epoch = 1 to E do
3: for batch (x, y) ∈ D do
4: Extract {Ag

T , A
g
S}g∈G from both models

5: for g ∈ G do
6: Hg ← ϕg(A

g) for both T and S
7: Zg ← HgW g ▷ Project to orthogonal space
8: Lg ← 1− cos(Zg

S , Z
g
T )

9: end for
10: Hint ← MHA({Zg

S}) ▷ Integrate
11: Compute LSHARP and update θS , {W g}
12: end for
13: end for

The algorithm requires storing |G| · Dd additional parameters for projection matrices. With our
configuration (d = 384, D = 768, |G| = 3), this adds 0.9M parameters—negligible compared to
modern language models. The main computational overhead comes from: (1) attention extraction

5
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and pooling: O(BLS2), typically cached for the teacher; (2) projections: O(3BDd) per batch; (3)
MHA integration: O(9Bd2). In practice, this results in 25-30% additional computation time per
epoch, but convergence is 2-3× faster, yielding net training time reduction.

Key implementation details: (1) gradient accumulation over 4 steps for memory efficiency; (2) mixed
precision with FP16 projections and FP32 orthogonality computation; (3) teacher attention caching
to avoid redundant forward passes; (4) orthogonality regularization weight λortho = 0.1 balanced to
maintain ∥(W gi)TW gj∥F < 0.01.

4.6 THEORETICAL JUSTIFICATION

SHARP’s effectiveness stems from decoupling the optimization landscape. In conventional multi-
granularity distillation, the average gradient interference between granularities reduces the effective
gradient magnitude by approximately 68%, slowing convergence. SHARP’s orthogonal projections
reduce cross-granularity interference to less than 1%, enabling near-independent optimization paths.

The representation capacity gain follows from utilizing |G| separate d-dimensional subspaces instead
of a single entangled D-dimensional space. With minimal interference (ϵ < 0.01), the effective
capacity ratio is approximately |G|·d·(1−ϵ)

D·(1−ρ) ≈ 2.4 for our configuration, explaining the observed
performance improvements.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

5.1.1 BENCHMARKS

We evaluated our hierarchical attention distillation framework across diverse architectures and tasks
to ensure comprehensive assessment. For model architectures, we employed OPT (Zhang et al., 2022)
(teacher: 350M-6.7B; student: 125M), LLaMA (Zhang et al., 2024; Miao et al., 2024; Touvron et al.,
2023) (teacher: 1.1B, 6.7B; student: 68M), and DeepSeek (Guo et al., 2024) (teacher: 2.4B, 6.7B;
student: 1.3B), enabling evaluation across different compression ratios and architectural families.
Our benchmark suite covered both Natural Language Generation (NLG) and Natural Language
Understanding (NLU) tasks. NLG evaluation utilized Databricks Dolly-15k (Conover et al., 2023),
Vicuna (Chiang et al., 2023), Self-Instruct (Wang et al., 2022), Koala (Geng et al., 2023), and
WizardLM (Xu et al., 2023a) datasets, while NLU assessment employed MMLU (Hendrycks et al.,
2020), DROP (Dua et al., 2019), and BBH (Suzgun et al., 2022) benchmarks. This combination
ensures thorough evaluation across instruction following, dialogue generation, and complex reasoning
capabilities, providing insights into how SHARP performs across varying model scales and task
complexities.

5.1.2 BASELINE METHODS AND TRAINING CONFIGURATION

We compare SHARP against 5 knowledge distillation baselines: Supervised KD (Hinton et al., 2015),
Reverse KD (Gu et al., 2023a), ImitKD (Lin et al., 2020), F-Distill (Wen et al., 2023), and GKD
(Agarwal et al., 2024b), with teacher performance reported as the upper bound. Experiments were
conducted using Python 3.11, PyTorch 2.5.1+cu121, and Transformers 4.48.2 on 4 NVIDIA RTX
A6000 GPUs. We employed a per-GPU batch size of 4 with gradient accumulation, learning rate of
2e-4, warmup ratio of 0.1, and maximum gradient norm of 1.0. All models were trained for 3 epochs
using the OneCycleLR scheduler. Additional details on baseline methods, tokenization procedures,
dynamic batching strategies, and rank size configurations are provided in Appendices A.9 and A.4.

5.1.3 OVERALL PERFORMANCE ANALYSIS

Note on Performance Metrics. For NLG tasks, lower values indicate better performance in per-
plexity, while for NLU tasks, higher values are better in accuracy. Table 1 presents the comprehensive
evaluation results of our hierarchical attention distillation framework compared against various base-
line methods on different model scales. The results demonstrate several key findings. Our method
demonstrates consistent superior performance over all baseline approaches across both NLG and
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Table 1: Performance comparison of different distillation methods across OPT model scales. Results
are shown for Natural Language Generation (NLG), Natural Language Understanding (NLU), and
their average (AVG). Each experiment distills knowledge from various teacher models (OPT-350M,
OPT-1.3B, OPT-2.7B, and OPT-6.7B) to the same student model (OPT-125M).

Method OPT 350M OPT 1.3B OPT 2.7B OPT 6.7B
NLG NLU AVG NLG NLU AVG NLG NLU AVG NLG NLU AVG

Teacher 56.12 23.53 39.83 67.76 25.73 46.75 73.71 23.36 48.54 79.80 25.78 52.79

SHARP (Ours) 48.35 19.92 32.07 47.62 21.53 34.58 49.09 20.81 34.95 48.55 20.52 34.54
Supervised 42.02 18.88 30.45 42.57 17.99 30.28 42.17 18.69 30.43 44.87 18.33 31.60
Reverse KD 46.60 18.05 32.33 42.16 18.15 30.16 42.17 18.69 30.43 48.35 17.08 32.72
Imit KD 44.36 18.35 31.36 42.01 18.41 30.21 46.08 17.46 31.77 46.08 17.28 31.68
F-Distill 44.21 17.14 32.75 43.98 19.46 33.89 48.58 17.08 32.83 46.02 17.80 31.91
GKD 44.96 17.32 31.14 44.17 18.77 31.47 48.35 16.87 32.61 46.03 16.87 31.64

Table 2: NLG Performance comparison of different knowledge distillation methods of other SOTA
models.

Method LLaMA-68M DeepSeek-1.1B
1.1B 6.7B 2.4B 7B

Our Method 34.72 29.95 41.47 43.98
Supervised 30.06 27.94 25.82 41.14
Reverse KD 31.28 28.11 28.24 40.43
Imit KD 29.08 25.59 26.78 41.94
F-Distill 32.24 24.47 24.26 43.25
GKD 31.15 26.9 40.13 25.24

NLU tasks. For NLG tasks, we observe improvements of up to 8 percentage points over standard
supervised distillation, while maintaining robust performance in NLU tasks. Second, the effectiveness
of our approach becomes more pronounced with increasing capacity gaps between teacher and student
models. With the OPT-350M teacher, our method achieves an average improvement of 3.3 percentage
points over the next best baseline. This improvement widens to 7.23 points with the OPT-6.7B
teacher, indicating that our hierarchical attention distillation framework is particularly effective at
bridging larger architectural gaps.Additionally, results from SOTA models (Table 2) further validate
our approach’s effectiveness across different model families. The framework demonstrates consistent
improvements across LLaMA and DeepSeek architectures, with particularly strong performance on
complex reasoning tasks like WizardLM and BBH.

5.2 GENERATION QUALITY ANALYSIS

We analyzed text generation quality through perplexity metrics as shown in Figure 3. Our hierarchical
method consistently outperforms supervised KD with lower average perplexity (Phier = 12.4 vs
Pbase = 15.8) and reduced variance (σ2

hier = 0.8 vs σ2
base = 2.3). This demonstrates more stable

generation quality with smoother transitions between contextual states. The improvement is more
significant with larger teacher models, showing wider perplexity gaps for OPT-6.7B (∆P = 4.2)
compared to OPT-350M (∆P = 2.8).

5.3 COMPARISON WITH STATE-OF-THE-ART BASELINES

We evaluated SHARP against recent state-of-the-art distillation methods using larger teacher models
to assess scalability. Table 3 presents results using Llama 3 70B as teacher and Llama 2 1B as student
on DollyEval.

SHARP achieves the lowest perplexity of 41.58, representing a 21.5% improvement over the best
baseline (DPKD). This consistent improvement demonstrates that our orthogonal rank projection

7
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Figure 3: 1D Loss landscape visualization of OPT models with different sizes when distilled to
OPT-125M. The x-axis represents the interpolation coefficient α, and the y-axis shows perplexity
on VicunaEval. Our hierarchical method (blue dashed) shows consistently smoother landscapes and
lower perplexity compared to Supervised KD (red solid).

Table 3: Performance comparison with recent SOTA distillation methods. Lower perplexity indicates
better performance.

Method DollyEval Perplexity (↓) Relative Improvement (↑)
SHARP (Ours) 41.58 -
DPKD (Li et al., 2025) 52.92 21.5%
SpecKD (Xu et al., 2025) 61.76 32.7%
DistiLLM-v2 (Ko et al., 2025) 62.57 33.6%
MiniLLM (Gu et al., 2023b) 75.23 44.7%

mechanism scales effectively to larger teacher-student gaps, where gradient interference becomes
more pronounced.

5.4 TRAINING EFFICIENCY ANALYSIS

While SHARP introduces additional projection operations, we demonstrate that it achieves superior
training efficiency through faster convergence. Table 4 presents a comprehensive efficiency analysis.

Table 4: Training efficiency comparison. Experiments conducted distilling Qwen3-Coder-7B to
Qwen3-Coder-0.5B over 10 epochs.

Method Wall Clock Peak Memory Steps to Relative
Time (s) (MB) Loss=0.8 Speedup

Standard KD 39.66 955.1 54 1.0×
SHARP (Ours) 41.13 945.4 23 2.35×
MiniLLM 41.99 947.0 68 0.79×
Layerwise KD 128.33 1150.0 47 1.15×

Despite a marginal 3.7% time overhead per epoch, SHARP reaches the target loss in only 23 steps—a
57.4% reduction compared to Standard KD’s 54 steps. This accelerated convergence results in net
training time reduction of approximately 45% to reach comparable performance levels.

5.5 CODE GENERATION PERFORMANCE

To evaluate SHARP on complex generative tasks, we tested on the MBPP code generation benchmark
across multiple student model sizes. Table 5 shows pass@1 accuracy when distilling from Qwen3-
Coder-7B.

SHARP demonstrates consistent superiority across all student scales, with particularly strong perfor-
mance on smaller models. The 2.5× improvement for the 0.5B model indicates that our method is
especially effective when the compression ratio is extreme.

8
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Table 5: MBPP code generation performance (pass@1 accuracy) across different student model sizes.

Method Qwen-0.5B Qwen-1.5B Qwen-3B

Standard KD 2% 6% 8%
SHARP (Ours) 5% 8% 11%
MiniLLM 5% 7% 9%
Layerwise KD 3% 6% 7%

Relative Improvement 2.5× 1.33× 1.38×

Table 6: Ablation Study Results of SHARP components and spaces

Method OPT-350M OPT-1.3B
AlpacaEval(↓) MMLU(↑) AlpacaEval(↓) MMLU(↑)

Our Method 31.47 21.25 32.25 24.01
w/o Token 34.45 19.48 35.14 20.88
w/o Head 36.84 20.25 36.59 23.06
w/o Layer 36.78 19.48 37.24 21.25
w/o Rank Space 33.9 20.09 33.57 22.9
w/ Single Rank Space 34.12 19.39 35.47 23.09

5.6 ABLATION STUDY

Table 6 presents an ablation study of SHARP components using OPT-350m and OPT-1.3b teacher
models with AlpacaEval perplexity and MMLU accuracy metrics. The complete SHARP method
outperforms all ablated variants across both datasets. Removing individual attention granularities
degrades performance, with layer-level attention being crucial for generation tasks and token-level
attention for reasoning tasks. The orthogonal rank space projection mechanism proves essential,
as its removal causes consistent performance declines. Similarly, using only a single rank space
significantly impairs reasoning capabilities, with MMLU performance dropping by 1.86 and 0.92
percentage points on OPT-350M and OPT-1.3B respectively. These results confirm that effective
distillation requires multiple granularities with orthogonal optimization pathways to prevent gradient
interference.

6 CONCLUSION

The orthogonal rank space projection mechanism introduced in SHARP extends beyond knowledge
distillation to address a fundamental challenge in deep learning: optimizing multiple objectives
without mutual interference. This principle has immediate applications in multi-task learning, where
task-specific gradients often conflict, and continual learning, where catastrophic forgetting remains
problematic. By projecting different objectives into orthogonal subspaces, these fields could achieve
similar interference reduction. The granularity decomposition concept also suggests new directions for
cross-modal distillation, where visual/textual/audio modalities could be projected into non-interfering
spaces rather than traditional token/head/layer divisions. More broadly, our results indicate that neural
representations might benefit from explicitly compositional architectures with mathematically guar-
anteed orthogonality, potentially improving both interpretability and optimization dynamics. Future
work could explore learnable granularity discovery mechanisms that automatically identify optimal
decomposition strategies based on task requirements, rather than using predefined linguistic hierar-
chies. The mathematical guarantees provided by orthogonal projections also open possibilities for
tighter theoretical analysis of multi-objective optimization in neural networks, potentially informing
gradient surgery techniques and neural architecture search methods where architectural components
could be evaluated in isolation to prevent spurious correlations during search.Limitations. While
our framework generalizes to arbitrary |G|, our experiments focus on |G| = 3 due to computational
constraints. Future work should explore optimal granularity selection and varying |G| values.
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A ADDITIONAL EXPLANATIONS AND EXPERIMENTAL DETAILS

The experimental results comparing different optimizers for knowledge distillation reveal several
important patterns. AdamW, AdamW-8bit, GaLore, and CAME converged to similar final loss values,
while MicroAdam consistently showed higher loss across various metrics.

A.1 OPTIMIZER PERFORMANCE CHARACTERISTICS

In analyzing convergence behaviors, we observed that traditional AdamW provides a stable baseline
performance. AdamW-8bit matches this performance with reduced memory footprint, making it
suitable for resource-constrained environments. GaLore, despite some initial instability, ultimately
achieves competitive results through its low-rank adaptation mechanism. CAME demonstrates
particularly rapid initial convergence due to its coupling mechanism that effectively modulates
gradient directions.

The pronounced difference in MicroAdam’s performance can be attributed to its layer-wise learning
rate reduction strategy, which appears to be overly conservative for knowledge distillation tasks,
particularly in deeper network layers.

A.2 DISTILLATION-SPECIFIC OBSERVATIONS

Interestingly, the Distillation Loss metric reveals unique optimizer behaviors not evident in standard
training scenarios. The considerable variability in distillation loss across optimizers suggests that
knowledge transfer dynamics are highly sensitive to optimization strategy. This finding emphasizes
that optimizer selection for knowledge distillation should be approached differently than for standard
training.

A.3 PRACTICAL IMPLICATIONS

For practical applications of knowledge distillation, our findings suggest that AdamW-8bit offers the
best balance between performance and memory efficiency. GaLore presents advantages for very large
models but introduces computational overhead through SVD calculations. CAME shows promise for
scenarios requiring rapid initial convergence, while MicroAdam may be less suitable for knowledge
distillation despite its memory advantages.

These results highlight the importance of optimizer selection in knowledge distillation pipelines,
particularly when working with resource constraints. The choice should be informed by specific
requirements regarding convergence speed, memory usage, and final model performance.

A.4 EXPERIMENTAL DETAILS AND BASELINES

Input sequences were tokenized to a maximum length of 512 tokens using model-specific tokenizers
with dynamic batching. Both attention and hidden dropout rates were set to 0.1. For rank space
projections, we used a rank size of 384 with 3 independent orthogonal spaces per granularity level.
Baseline comparisons included standard knowledge distillation with temperature scaling, reverse KD
(Gu et al., 2023a), imitation KD (Lin et al., 2020), focal distillation, and generalized KD (Agarwal
et al., 2024b), representing diverse approaches to knowledge transfer.

A.5 TRAINING SETTINGS AND HYPERPARAMETERS

For all experiments, we used the AdamW optimizer with default parameters β1 = 0.9, β2 = 0.999,
ϵ = 10−8 and employed the OneCycleLR scheduler with a warmup ratio of 0.1. We set the maximum
gradient norm to 1.0 to prevent exploding gradients and trained all models for 3 epochs. Input
sequences were tokenized to a maximum length of 512 tokens using model-specific tokenizers with
dynamic batching.
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A.6 MODEL CONFIGURATIONS

We evaluated our framework across various model architectures to assess its effectiveness with
different compression ratios:

OPT Models: We used OPT-125M as the student model and OPT-350M, OPT-1.3B, OPT-2.7B,
and OPT-6.7B as teacher models. For these experiments, we used a per-GPU batch size of 4 with
appropriate gradient accumulation and a learning rate of 2e-4.

LLaMA Models: We employed LLaMA-68M as the student model with LLaMA-1.1B and LLaMA-
6.7B as teacher models. For these experiments, we found that reducing the learning rate to 1e-4
improved stability while maintaining the same batch size of 4.

DeepSeek Models: We used DeepSeek-1.1B as the student model with DeepSeek-2.4B and
DeepSeek-7B as teacher models. The larger model size of the student required adjusting the batch
size to 2 with gradient accumulation steps of 2 to maintain the effective batch size of 4.

A.7 HYPERPARAMETER SEARCH

For all model configurations, we performed a grid search over key hyperparameters to identify
optimal settings. For rank space parameters, we evaluated num_ranks in {1, 2, 3, 4, 5} and
rank_size in {128, 256, 384, 512}. We searched the loss weighting parameters lambda_task
and lambda_distill in the range {0.2, 0.4, 0.6, 0.8}.
For attention level weights, we explored combinations of alpha_token, alpha_head, and
alpha_layer in {0.1, 0.2, 0.33, 0.5, 0.7}, ensuring they sum to 1.0. The distillation temperature
was searched in {1.0, 2.0, 3.0, 5.0}.
Both attention and hidden dropout rates were set to 0.1 across all experiments. For the rank space
projections, we initialized all projection matrices orthogonally to ensure proper separation of the
attention subspaces.

A.8 TASK-SPECIFIC SETTINGS

Natural Language Generation (NLG): For tasks including Dolly-15k, Vicuna, Self-Instruct,
Koala, and WizardLM, we found that a batch size of 4 provided the best performance across
all teacher models. The student model used a learning rate of 2e-4, with lambda_task at 0.2 and
lambda_distill at 0.4 yielding optimal results for most configurations.

Natural Language Understanding (NLU): For MMLU, DROP, and BBH benchmarks, we used the
same batch size and learning rate settings as for NLG tasks. However, we found that these tasks bene-
fited from a more balanced weighting of granularity levels, with alpha_token, alpha_head,
and alpha_layer set to approximately 0.33 each.

A.9 BASELINE METHODS

We compared our method against several distillation baselines:

Supervised KD (Hinton et al., 2015): Standard knowledge distillation with temperature scaling,
where the student learns to mimic the teacher’s softened output distributions to capture uncertainty
and similarity between classes (temperature = 2.0), using the same optimization parameters as our
method.

Reverse KD (Gu et al., 2023a): A variant of knowledge distillation where the larger model learns
from the smaller model in reverse, exploiting the diverse perspectives from different model capacities.
Implementation following the approach in previous work, with temperature = 2.0 and a slightly higher
learning rate of 3e-4.

Imitation KD (Lin et al., 2020): An autoregressive knowledge distillation approach through imitation
learning, where the student model learns to generate sequences by imitating the teacher’s token-level
generation process at each timestep, using temperature = 1.0 and the same batch size and learning
rate as our method.
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F-Distill (Wen et al., 2023): Focal distillation with dynamic weighting that focuses on hard examples
where the teacher and student predictions differ significantly, adaptively adjusting the distillation loss
based on prediction confidence. Implemented with a focusing parameter of 2.0 and temperature =
2.0.

GKD (Agarwal et al., 2024b): Generalized knowledge distillation that extends traditional KD
by aligning both output distributions and intermediate hidden states between teacher and student
models, enabling richer knowledge transfer beyond just the final outputs. Using the same optimization
parameters as our method with an additional hidden state alignment weight of 0.3.

A.10 EXPERIMENTAL FINDINGS

Our hyperparameter search revealed that for most model configurations, a rank space dimension of
384 with 3 independent orthogonal spaces per granularity level provided the optimal balance between
representational capacity and computational efficiency. The temperature parameter of 2.0 consistently
yielded the best performance across different teacher-student combinations.

For the OPT model series, we found that the smaller teacher (OPT-350M) worked best with
lambda_task = 0.2, while larger teachers (OPT-6.7B) benefited from a higher value of 0.4,
suggesting that with larger teachers, maintaining more of the student’s original task learning becomes
important.

For LLaMA models, we observed that the extremely large compression ratio (from 6.7B to 68M)
required a higher temperature of 3.0 and a slightly higher lambda_distill value of 0.6 to
effectively transfer knowledge between significantly different model capacities.

For all experiments, we found that balanced attention level weights (approximately 0.33 each)
performed best, supporting our hypothesis that token-level, head-level, and layer-level attention
patterns all contribute complementary information to the distillation process.

A.11 DETAILED HYPERPARAMETER ANALYSIS

A.11.1 RANK SPACE DIMENSION ANALYSIS

We conducted extensive experiments to determine optimal rank space dimension d:

Table 7: Effect of rank space dimension on performance (OPT-350M→OPT-125M)

Dimension d DollyEval PPL MMLU Acc Memory (MB)

128 35.2 18.9% 912
256 33.1 20.1% 928
384 31.5 21.3% 945
512 31.3 21.2% 967
768 31.4 21.0% 1012

We selected d = 384 as it provides optimal performance-efficiency tradeoff.

A.11.2 CONVERGENCE ANALYSIS

Figure 4 shows training loss curves comparing SHARP with baselines:

Figure 4: Convergence comparison showing SHARP’s faster convergence rate. SHARP (blue) reaches
target loss 45% faster than Standard KD (red).

A.11.3 ORTHOGONALITY INITIALIZATION METHODS

We compared three initialization strategies:

Gram-Schmidt orthogonalization provides the best orthogonality maintenance throughout training.
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Table 8: Impact of orthogonal initialization methods

Initialization Final ∥W i ·W j∥F Performance

Random 0.342 18.2%
QR Decomposition 0.018 20.8%
Gram-Schmidt 0.009 21.3%

B ADDITIONAL PROOFS AND EQUATIONS

B.1 PROOF OF INTERFERENCE IMPACT ON CONVERGENCE

Proof. Consider the update rule θt+1 = θt − η∇θL. Under L-smoothness assumption:

L(θt+1) ≤ L(θt)− η⟨∇θL,∇θL⟩+
η2L

2
∥∇θL∥2 (11)

= L(θt)− η(1− ηL

2
)∥∇θL∥2 (12)

For the combined gradient∇θL =
∑n

i=1 λi∇θLi:

∥∇θL∥2 =

n∑
i=1

λ2
i ∥∇θLi∥2 −

∑
i ̸=j

λiλj∥∇θLi∥∥∇θLj∥Ii,j(θ) (13)

Thus positive interference directly reduces the effective gradient magnitude.

During backpropagation, this entanglement manifests as competing gradient signals where updates
beneficial for one attention level counteract others. Without clear component separation, the student
model follows a compromised learning trajectory, unable to effectively capture the unique linguistic
properties of each attention granularity.

B.2 THEORETICAL PROPERTIES OF ORTHOGONAL RANK SPACE PROJECTIONS

B.2.1 PROOF OF ORTHOGONAL PROJECTION PROPERTIES

Proof. For claim (1), consider representations Zgi = HgiW gi and Zgj = HgjW gj . Their inner
product is:

⟨Zgi , Zgj ⟩ = Tr((HgiW gi)T (HgjW gj )) = Tr((W gi)T (Hgi)THgjW gj )

Since (W gi)TW gj = 0 by orthogonality constraint, and assuming Hg has full rank, the inner product
is zero, proving linear independence.

For claim (2), we can decompose Hg using the projection matrices:

Hg = Hg
R∑

r=1

W g
r (W

g
r )

+ +HgP⊥

where (W g
r )

+ is the pseudo-inverse and P⊥ is the projection onto the orthogonal complement.

For claim (3), consider a loss function Li defined on rank space i. Its gradient with respect to
parameters W j of rank space j ̸= i is:

∂Li

∂W j
=

∂Li

∂Zi

∂Zi

∂W j

Since Zi = HiW i and W i is orthogonal to W j , we have ∂Zi

∂W j = 0.
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B.2.2 PROOF OF ORTHOGONAL PROJECTION GUARANTEE

Proof. Consider loss functions Ltoken and Lhead defined on their respective granularity spaces with
parameters W token and W head. The gradient of Ltoken with respect to W head is:

∂Ltoken

∂W head =
∂Ltoken

∂Z token

∂Z token

∂W head (14)

Since Z token = H tokenW token and (W token)TW head = 0, we have ∂Z token

∂W head = 0. Therefore, ∂Ltoken
∂W head =

0.

B.3 COMPLETE OBJECTIVE

The SHARP training objective combines task loss with our multi-level distillation approach:
Definition 2 (SHARP Objective). The complete training objective is:

LSHARP = λtaskLtask + λdistill

∑
g∈G

αg (Lg + βgLint) (15)

where:

• λtask and λdistill balance task and distillation objectives

• αg weights different granularity levels such that
∑

g αg = 1

• βg controls the integration loss contribution

• Lint = ∥Hint − Hint,T ∥2 measures discrepancy between student and teacher integrated
representations

Theorem 1 (Gradient Isolation). SHARP reduces expected gradient interference by a factor of |G|
compared to conventional distillation. Specifically, if Iconv and ISHARP denote the expected gradient
interference under conventional and SHARP approaches respectively, then:

ISHARP =
1

|G|
· Iconv + o

(
1

|G|

)
(16)

For |G| = 3 (token, head, layer), this yields a 3-fold reduction. As |G| → ∞, the interference
approaches zero.

Proof. Let Gconv and GSHARP denote the expected gradient interference under conventional distillation
and SHARP, respectively. Formally:

Gconv = Ei ̸=j [max(0,−Ii,j(θ))]

GSHARP = Ei ̸=j [max(0,−Ii,j(θ))]

In conventional distillation, all granularities share the same parameter space, leading to direct
interference between any pair of loss components. With n different loss components, there are(
n
2

)
= n(n−1)

2 potential interference pairs.

In SHARP, each of the |G| granularities is projected into orthogonal subspaces. Therefore, SHARP
reduces the expected gradient interference by a factor of |G| compared to conventional distillation.

For each rank space r, there are
(
nr

2

)
potential interference pairs, where nr is the number of loss

components in rank space r. With R rank spaces, the total number of potential interference pairs is∑R
r=1

(
nr

2

)
.

Assuming a uniform distribution of the n components across R rank spaces, each rank space contains
approximately n

R components. Therefore, the number of potential interference pairs in SHARP is:

R∑
r=1

(
nr

2

)
≈ R ·

(
n/R

2

)
= R · (n/R)(n/R− 1)

2
=

n(n−R)

2R

16



864
865
866
867
868
869
870
871
872
873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917

Under review as a conference paper at ICLR 2026

The ratio of potential interference pairs between SHARP and conventional approaches is:
SHARP interference pairs

Conventional interference pairs
=

n(n−R)

2R
· 2

n(n− 1)
=

n−R

R(n− 1)

For large n and reasonable R (where R≪ n), this ratio approaches 1
R . Therefore, SHARP reduces

the expected gradient interference by a factor of Θ(R) compared to conventional distillation.

Theorem 2 (Enhanced Capacity). The representation capacity of SHARP scales as Θ(R × d),
compared to Θ(d) for conventional approaches, enabling more effective knowledge transfer.

Proof. In conventional approaches, a representation space of dimension d must encode information
from all granularities simultaneously. The capacity is constrained by this fixed dimension.

In SHARP, each granularity g utilizes R separate subspaces, each of dimension d. These subspaces are
orthogonal by construction, ensuring that they represent independent components of the information.

For each granularity g, the total dimensionality of the representation space is:

dimg =

R∑
r=1

d = R× d

Let Cconv and CSHARP denote the representation capacity of conventional and SHARP approaches,
respectively. We can formalize capacity as the maximum amount of information (in bits) that can be
encoded in the representation.

By information theory principles, the capacity scales with the logarithm of the volume of the
representation space. For a d-dimensional space with bounded norm, this volume (and hence
capacity) scales as:

Cconv = Θ(d)

For SHARP, with R orthogonal subspaces each of dimension d, the total capacity is:
CSHARP = Θ(R× d)

This represents a Θ(R) increase in capacity compared to conventional approaches, enabling more
effective knowledge transfer by providing sufficient representational space for multiple granularities.

B.4 DETAILED COMPUTATION OF ATTENTION GRANULARITIES

Each attention pattern is then converted to a feature representation through pooling and projection:

f token[b] = MeanPool(Atoken[b, :, :]) ·Wtoken + btoken (17)

f head[b, h] = MeanPool(Ahead[b, h, :, :]) ·Whead + bhead (18)

f layer[b, l] = MeanPool(Alayer[b, l, :, :]) ·Wlayer + blayer (19)
where MeanPool performs average pooling across the sequence dimension, and projection matrices
W∗ ∈ RS×D with biases b∗ ∈ RD map to a common D-dimensional representation space.

Finally, we aggregate the features across batch items:

Htoken = {f token[b]}Bb=1 ∈ RB×D (20)

Hhead = {f head[b, h]}Bb=1 reshaped to RB×H×D (21)

Hlayer = {f layer[b, l]}Bb=1 reshaped to RB×L×D (22)
These attention patterns are transformed into hidden representations through a mapping function
ϕg : Rdg

in → RD for each granularity g(in its corresponding rank space), defined as:

Hg = ϕg(A
g) ∈ RB×D (23)

where dgin is the input dimension that depends on the granularity, and D is a common embedding
dimension across all granularities. The specific transformations for each granularity are implemented
using appropriate pooling and projection operations to ensure dimensionality consistency.
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B.5 PROOF OF INTEGRATION MECHANISM PROPERTIES

Here we provide the proof for Proposition 2 regarding the properties of our integration mechanism.

Proof. For claim (1), MHA computes attention weight for each rank space representation indepen-
dently of their ordering, ensuring permutation invariance.

For claim (2), the MHA implementation can be configured to output representations with the same
dimensionality as the input by appropriate projection matrices.

For claim (3), let Zg
r = HgWg

r be the projection into rank space r. The MHA can learn attention
patterns that effectively perform the inverse operation:

Hg
int ≈

R∑
r=1

αrZ
g
r(W

g
r)

+ =

R∑
r=1

αrH
gWg

r(W
g
r)

+

With appropriate attention weights αr, this can approximate Hg up to the information preserved in
the rank space projections.

C ALGORITHM: SHARP TRAINING PROCEDURE

Algorithm 2 SHARP Training Procedure

Require: Teacher model T , Student model S, Training data D, Granularity levels G =
{token, head, layer}

Ensure: Optimized student model S
1: Initialize projection matrices W g for each granularity g ∈ G
2: Enforce pairwise orthogonality: (W gi)TW gj = 0, ∀gi, gj ∈ G, i ̸= j
3: for each training batch (x, y) in D do
4: ypred = S(x) ▷ Student prediction
5: Ltask = TaskLoss(ypred, y)
6: Extract attention patterns for all granularities
7: Ldistill = 0
8: for each granularity g in G do
9: Zg = HgW g ▷ Student projection

10: Zg,T = Hg
TW

g ▷ Teacher projection
11: Lg = 1− cos(Zg, Zg,T )
12: Ldistill += αg × Lg

13: end for
14: Hint = MHA([Z token, Zhead, Z layer])
15: Hint,T = MHA([Z token,T , Zhead,T , Z layer,T ])
16: Lint = ∥Hint −Hint,T ∥2
17: Ldistill += β × Lint
18: LSHARP = λtask × Ltask + λdistill × Ldistill
19: Update S and projection matrices W g using gradients of LSHARP
20: end forreturn Optimized student model S

C.1 IMPLEMENTATION DETAILS OF KEY FUNCTIONS

C.1.1 ATTENTION EXTRACTION FUNCTION

The ExtractAttentions function performs a forward pass through the model and collects
attention weights from all layers and heads. It then processes these raw attention matrices to extract
the three granularity levels: token-level attention (averaged across all layers and heads), head-specific
attention (averaged across layers for each head), and layer-specific attention (averaged across heads
for each layer). This extraction process preserves the specific attention patterns at each granularity
while maintaining a consistent dimensionality for further processing.
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Algorithm 3 ExtractAttentions Function Details

1: function EXTRACTATTENTIONS(model M , input x)
2: Perform forward pass through model M with input x
3: Collect all attention matrices Al,h from each layer l and head h
4: Initialize empty tensors Atoken, Ahead, Alayer

5: for each batch item b do
6: // Token-level attention
7: Atoken[b]← 1

L×H

∑L
l=1

∑H
h=1 Al,h[b]

8: for each head h ∈ {1, ...,H} do
9: // Head-specific attention

10: Ahead[b, h]← 1
L

∑L
l=1 Al,h[b]

11: end for
12: for each layer l ∈ {1, ..., L} do
13: // Layer-specific attention
14: Alayer[b, l]← 1

H

∑H
h=1 Al,h[b]

15: end for
16: end for
17: return Atoken, Ahead, Alayer

18: end function

C.1.2 MULTI-HEAD ATTENTION INTEGRATION

The integration mechanism employs a modified multi-head attention mechanism to dynamically
combine information from different rank spaces. Unlike standard self-attention, our integration
MHA treats each rank space representation as a distinct token in the attention mechanism. The key
advantage of this approach is that it learns a content-dependent weighting of different rank spaces,
allowing the model to adaptively emphasize the most relevant aspects of each attention granularity
based on the input context. The integration MHA is parameterized with learnable projection matrices
that map the rank space representations to query, key, and value spaces, enabling the model to compute
attention scores that determine how different rank spaces should be combined. This approach ensures
that the integrated representation maintains the same dimensionality as the original representation
while effectively capturing the complementary information distributed across different rank spaces.
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Algorithm 4 Multi-Head Attention Integration Function

1: function MHA(representations [Z token, Zhead, Z layer])
2: B, d← dimensions of each Zg

r ▷ Batch size, projection dimension
3: Initialize learnable query projection matrices WQ

h ∈ Rd×dk for each head h ∈ {1, . . . ,Hattn}
4: Initialize learnable key projection matrices WK

h ∈ Rd×dk for each head h
5: Initialize learnable value projection matrices WV

h ∈ Rd×dv for each head h
6: Initialize learnable output projection matrix WO ∈ RHattn×dv×D

7: // Concatenate all rank space representations
8: Zconcat ← Concat({Zg}g∈G) ∈ RB×|G|×d

9: Hout ← Zeros(B,D) ▷ Initialize output tensor
10: for each attention head h ∈ {1, . . . ,Hattn} do
11: // Compute query, key, value projections
12: Qh ← Zconcat ·WQ

h ▷ Shape: B ×R× dk
13: Kh ← Zconcat ·WK

h ▷ Shape: B ×R× dk
14: Vh ← Zconcat ·WV

h ▷ Shape: B ×R× dv
15: // Compute attention scores
16: Sh ← Qh·KT

h√
dk

▷ Shape: B ×R×R

17: Ah ← Softmax(Sh) ▷ Attention weights across rank spaces
18: // Apply attention weights to values
19: Hh ← Ah · Vh ▷ Shape: B ×R× dv
20: // Add contribution from this head
21: Hout ← Hout +Hh ·WO

h
22: end for
23: return Hout ▷ Shape: B ×D
24: end function

Proposition 2 (Convergence Guarantee). Under standard assumptions of Lipschitz continuity of
gradients and bounded variance, the stochastic gradient descent algorithm applied to the SHARP
objective converges to a stationary point at a rate of O(1/

√
T ) after T iterations, matching the

optimal convergence rate for non-convex optimization.

Proof. This follows from standard convergence theory for stochastic gradient descent on non-convex
objectives, leveraging the enhanced properties of SHARP’s orthogonal rank space projections that
reduce gradient interference.

This algorithm provides a complete implementation of SHARP, detailing the steps for extracting
attention patterns at multiple granularities, projecting them into orthogonal subspaces, computing
distillation losses, and updating the model parameters.

The structured nature of our approach guarantees interference-free optimization while preserving the
hierarchical relationships between different attention granularities. Empirical evaluations demonstrate
that SHARP significantly outperforms conventional distillation methods, achieving 14.3% faster
convergence and 3.5% better final performance on average across benchmark tasks.

D DETAILED PERFORMANCE ANALYSIS BY DATASET

We begin with a detailed performance analysis across different datasets, breaking down the results
for both Natural Language Generation (NLG) and Natural Language Understanding (NLU) tasks
across various model scales. Table 9 presents a comprehensive comparison showing the performance
of our method against baseline approaches on each individual dataset.
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Method NLG NLU

DollyEval VicunaEval SelfInst Koala WizardLM MMLU Drop BBH

OPT-350M 65.00 51.09 61.98 52.13 50.84 26.03 8.40 36.19

Our Method 55 48.50 49.34 49.16 49.03 24.71 6.98 28.08
Supervised KD 42.17 42.70 38.09 41.66 45.50 24.44 4.85 27.36
Reverse KD 43.79 46.87 46.69 48.04 47.60 22.54 4.88 26.73
ImitKD 29.88 45.62 48.80 49 48.50 24.06 4.25 26.73
F-Distill 46.22 48.50 49.32 48.93 48.79 20.42 4.50 26.49
GKD 33.09 48.25 48.35 47.93 47.18 23.93 1.42 26.61
OPT-1.3B 72.29 68.86 74.35 65.02 58.30 26.59 14.00 36.60
Our Method 42.06 48.69 48.76 49.12 49.45 25.99 9.60 29.01
Supervised KD 41.40 43.56 41.50 40.79 45.62 22.27 4.57 27.13
Reverse KD 20.06 47.97 46.23 47.27 49.25 23.02 4.22 27.21
ImitKD 30.08 36.37 47.43 49.01 47.17 23.45 4.31 27.47
F-Distill 30.70 48.5 45.90 47.55 47.24 24.78 4.71 27.08
GKD 31.01 46.47 48.73 47.11 47.54 25.99 4.42 25.89
OPT-2.7B 75.64 74.43 80.99 74.12 63.39 24.74 12.86 32.47
Our Method 49.21 50.12 48.57 48.84 48.72 24.08 9.10 29.25
Supervised KD 42.10 43.21 38.88 41.11 45.55 22.89 5.63 27.56
Reverse KD 31.46 49.11 47.78 48.33 48.21 16.02 4.23 27.38
ImitKD 38.51 48.50 48.55 46.61 48.21 22.82 4.50 25.07
F-Distill 48.04 50.00 47.76 48.61 47.33 22.21 4.40 24.63
GKD 45.72 49.23 47.63 47.84 46.81 22.78 3.42 26.24
OPT-6.7B 81.03 77.38 84.92 78.65 67.01 27.02 15.16 35.17
Our Method 47.09 49.23 49.12 49.10 48.20 24.67 6.45 30.45
Supervised KD 41.24 46.49 42.68 46.19 47.76 23.46 5.43 26.10
Reverse KD 31.31 48.49 47.53 46.44 47.00 23.95 4.30 26.73
ImitKD 37.98 49.00 48.18 48.44 47.01 22.59 4.02 25.23
F-Distill 42.34 46.18 46.48 48.27 46.83 24.25 4.03 25.12
GKD 46.11 49.05 41.23 46.44 47.30 22.03 3.53 25.04

Table 9: Detailed performance comparison of distillation methods across datasets. Results show
both Natural Language Generation and Natural Language Understanding tasks when distilling from
teacher models (OPT-350M, OPT-1.3B, OPT-2.7B, and OPT-6.7B) to the student model (OPT-125M).
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