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Abstract

Knowledge distillation (KD) is widely recognized as an
effective approach for compressing large language models
(LLMs). However, standard KD methods often falter when
confronted with architectural or tokenization heterogene-
ity between teacher and student models, which creates a
mismatch in their representations. While Optimal Transport
(OT) provides a promising solution to align these represen-
tations, most OT-based methods rely on a single cost func-
tion, which isn’t enough to capture the multifaceted discrep-
ancies between models with distinct designs. To address this
limitation, we introduce Multi-Cost Wasserstein Knowl-
edge Distillation (MCW-KD), a novel framework that en-
hances KD by simultaneously optimizing several cost func-
tions within a unified OT formulation. MCW-KD employs
specific cost matrices to effectively align both the final hid-
den states and the output distributions of the models. We also
provide a rigorous theoretical foundation for the proposed
Multi-Cost Wasserstein Distance, ensuring both mathemati-
cal validity and computational ability. Extensive experiments
on instruction-following datasets demonstrate that MCW-KD
significantly improves student model performance compared
to state-of-the-art KD baselines, especially when teacher and
student models have different tokenizers.

1 Introduction

The rapid advancement of large language models (LLMs)
has greatly advanced the field of natural language process-
ing (NLP), leading to major progress across diverse tasks
(Brown et al. 2020; Touvron et al. 2023; Team et al. 2023;
He et al. 2025). These models, often comprising billions of
parameters, rely on vast computational resources to achieve
state-of-the-art performance. However, their practical de-
ployment is constrained by high computational and mem-
ory requirements. Knowledge distillation (KD) has emerged
as a promising approach for transferring knowledge from a
large, high-capacity teacher model to smaller student mod-
els, enabling deployment on limited resources while pre-
serving performance (Wen et al. 2023; Gu et al. 2024; Zhang
et al. 2024b). Effective alignment of representations be-
tween teacher and student models is critical to the success
of KD. Conventional KD approaches, such as those employ-
ing Kullback-Leibler (KL) divergence (Hinton, Vinyals, and
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Dean 2015; Kim and Rush 2016), Jensen-Shannon (JS) di-
vergence (Wen et al. 2023), or Reverse KL divergence (Gu
et al. 2023), primarily focus on aligning output distribu-
tions of teacher and student models. However, these methods
struggle when teacher and student models differ in their ar-
chitectures or tokenization strategies. Such differences lead
to misaligned representational spaces, resulting in subopti-
mal knowledge transfer and decreased student model per-
formance. The Wasserstein distance, grounded in optimal
transport (OT) theory, provides a more robust framework
for distribution alignment (Nguyen et al. 2017), particularly
when teacher and student models differ in architecture or to-
kenization. Unlike divergence-based methods, Wasserstein
distance effectively quantifies dissimilarities between dis-
tributions residing in different metric spaces by preserving
their geometric structure (Villani et al. 2008; Peyré, Cu-
turi et al. 2019). Moreover, divergence-based methods of-
ten suffer from mode-averaging and mode-collapse issues,
as observed in generative adversarial networks (Arjovsky,
Chintala, and Bottou 2017). In KD, these issues manifest as
student models oversmooths rich output distributions of a
teacher model or become overly focused on specific modes.
Wasserstein distance, as demonstrated by (Arjovsky, Chin-
tala, and Bottou 2017), mitigates these problems, enabling
more comprehensive knowledge transfer between teacher
and student models.

Recent advances have adopted OT as a robust alignment
framework for KD, leveraging metrics like Wasserstein dis-
tance (Boizard et al. 2024; Lv, Yang, and Li 2024) or mini-
mizing transport costs to align distributions (Cui et al. 2025).
However, most OT-based methods depend on a single cost
function, which may fail to capture the diverse aspects of
representational discrepancies between teacher and student
models, especially when their architectures differ. For in-
stance, ULD (Boizard et al. 2024) focuses on local token-
level alignment but neglects sequence-level relationships
and semantic coherence. Similarly, MultiLevelOT (Cui et al.
2025) utilizes multiple cost matrices, but it lacks a mech-
anism to effectively integrate these cost matrices or apply
them across diverse representational spaces. Effective align-
ment in KD requires simultaneously addressing multiple
perspectives and objectives, such as syntactic alignment at
token level, semantic coherence across sequences or distri-
butional consistency in output probabilities. Capturing these



diverse perspectives is essential to fully exploit the multi-
faceted knowledge encoded in the teacher model.

One approach to achieve this is to formulate an op-
timization problem integrating multiple Wasserstein dis-
tances, each weighted to balance cost matrices. However,
this strategy requires careful weight tuning to ensure each
cost matrix contributes appropriately to the alignment pro-
cess. Moreover, the influence of individual cost matrices
may vary dynamically during training, fixed weight assign-
ments can lead to suboptimal alignment. An alternative ap-
proach is represent the problem as a multi-objective opti-
mization task (Yu et al. 2020; Liu et al. 2021; Navon et al.
2022; Ban and Ji 2024; He et al. 2024), optimizing a set
of Wasserstein distances simultaneously. However, this ap-
proach necessitates computing and aggregating gradients for
each distance, introducing significant computational over-
head, particularly for LLMs where efficiency and scalability
are critical. These limitations underscore the need for a more
flexible and comprehensive alignment approach in knowl-
edge distillation. To address these challenges, we introduce
Multi-Cost Wasserstein Knowledge Distillation (MCW-
KD), a novel framework that enhances KD by simultane-
ously optimizing multiple cost matrices to achieve robust
alignment between teacher and student representations. Un-
like prior approaches, our method defines distinct cost matri-
ces for specific alignment objectives, targeting both the last
hidden state and output distribution spaces. By integrating
these aspects within a unified OT framework, our method
effectively bridges the capacity gap between teacher and
student, even when they have different architectures or to-
kenization schemes. To the best of our knowledge, we are
the first to develop the theory of multi-cost for Wasserstein
distance in the context of KD, establishing a generalized OT-
based framework that concurrently optimizes multiple cost
matrices. We provide a rigorous theoretical foundation, en-
suring the mathematical soundness and practical applicabil-
ity of the method. Our key contributions are as follows:

* We propose Multi-Cost Wasserstein Knowledge Distil-
lation (MCW-KD), the first OT-based framework to op-
timize multiple cost matrices concurrently in knowledge
distillation, enabling robust alignment between models
with diverse representations.

We establish a solid theoretical foundations, incorporat-
ing e-entropic dual formulations (Genevay et al. 2016),
ensuring the mathematical validity and computational ef-
ficiency of our method.

We validate our method through extensive experiments
on instruction-following datasets, demonstrating signifi-
cant performance improvements in student models over
knowledge distillation baselines, particularly in scenarios
with architectural heterogeneity.

2 Related Work

Knowledge Distillation for LLMs: Knowledge distillation
(KD) in NLP is a widely explored technique to transfer
knowledge from a teacher model to student model by align-
ing the teacher’s soft targets, such as output logits or repre-
sentations. With the rise of large language models (LLMs)

33333

across various tasks, KD techniques tailored for LLMs have
been developed (Gu et al. 2023; Peng et al. 2023; Hsieh et al.
2023; Xu et al. 2024; Ko et al. 2024). Common approaches
employ divergence measures like KL divergence (Kim and
Rush 2016; Park, Kim, and Yang 2021; Agarwal et al. 2024),
Jensen-Shannon (JS) divergence (Fang et al. 2021; Wen
et al. 2023), or Reverse KL divergence (Gu et al. 2023; Wu
et al. 2024; Ko et al. 2024). These methods require point-
wise correspondence between student and teacher outputs,
necessitating use of the same tokenizer and consistent vo-
cabularies, which limits their applicability when tokenizers
differ. To address this, solutions such as ULD (Boizard et al.
2024) aligns distributions of individual tokens using optimal
transport; DSKD (Zhang et al. 2024b) aligns token repre-
sentations in a shared space, and MinED (Wan et al. 2024)
minimizes edit distance between tokenized sequence log-
its. However, these approaches often neglect sequence-level
semantic dependencies, limiting robust knowledge transfer.
Effective KD for LLMs requires demands capturing diverse
perspectives to fully exploit the teacher model’s knowledge.
Optimal Transport: Optimal transport (OT) theory of-
fers a robust mathematical framework for comparing prob-
ability distributions by minimizing the cost of transforming
one distribution into another. The Wasserstein distance, a ro-
bust OT metric that quantifies distribution dissimilarities ef-
fectively (Villani et al. 2008; Zhang, Liu, and Tao 2021).
This metric has been widely applied in NLP applications
such as clustering (Xu et al. 2018; Zhuang, Chen, and Yang
2022), sentence similarity (Colombo et al. 2021) or clas-
sification (Shi et al. 2023). To improve computational effi-
ciency, Sinkhorn distance has been proposed as an approxi-
mation for Wasserstein distance by adding an entropy regu-
larization term, making OT more tractable (Cuturi 2013).

3 Method
3.1 Problem Setting and Notions

Given a training set D = {(«%,y*)}"_,, an input sentence z

is tokenized by teacher model and student into a sequence
[T, 2T, ... 2] and [27, 25, ..., 2%, respectively. Due
to distinct tokenization strategies, sequence lengths M and
N may differ (M # N). Then, teacher fr and student fg
predict logit vectors 2(T) € RVT*M and 2(5) ¢ RVs*N,
obtain the prediction probabilities:

1) = softmax (2" /7(1))
p®) = softmax(z®) /7(9)

We denote the layer hidden state representations as H* €
RN for student and HY € RM*D for teacher, where d
and D are the hidden dimensions. The i-th row vector of
HS, denoted hf € R4, corresponds to the hidden state of
i-th student token 7. Similarly, h;‘r € RP represents the

(D

hidden state for j-th teacher token J:]T

3.2 Our Motivations

In the context of knowledge distillation for LLMs, it is cru-
cial not only to distill the generation outputs from teacher
to student, but also to align their internal representations.



Specifically, we aim to match the representations of the
teacher and student LLMs at the distributional level. To
achieve this, we define two empirical distributions over the
hidden states, denoted as P° and P7, corresponding to the
student and teacher models, respectively. Subsequently, we
aim to minimize a suitable divergence or distance metric be-
tween the distributions P° and P”.

Among various divergence measures such as KL di-
vergence, JS divergence, and general f-divergences, the
Wasserstein (WS) distance stands out as particularly suit-
able due to its theoretical advantages and empirical effec-
tiveness (Arjovsky, Chintala, and Bottou 2017). To define
a WS distance between P° and PT, we must first spec-
ify a cost metric between the representations of teacher and
student models. Each such cost metric captures a specific
aspect of the relationship between the sequences generated
by the teacher and student for the same input. To achieve
a comprehensive alignment, it is desirable to compare and
align these sequences from multiple complementary per-
spectives. To address the problem of multi-criteria align-
ment, one can formulate in two ways: (i) a weighted sum
over the distances, i.e., Zl AW, (PT7 PS), or (ii) a multi-
objective optimization problem (Yu et al. 2020; Liu et al.
2021; Navon et al. 2022; Ban and Ji 2024; He et al. 2024),
ie., mings [W,, (PT,P9)].. While the first approach re-
quires tuning a potentially large number of trade-off param-
eters \;, second approach is computationally prohibitive, as
it involves multiple backward passes to compute gradients
and costly gradient aggregation procedures, especially in the
context of LLMs. It is essential to develop an efficient WS-
based multi-cost alignment mechanism, along with mean-
ingful cost metrics that capture diverse aspects of token se-
quences, to enable more effective alignment between teacher
and student models.

3.3 Multi-Cost Wasserstein Distance

Let X and Y be two Polish spaces equipped with probability
measures i and v, respectively. Given a set of lower semi-
continuous cost functions ¢y, ..., ¢, : X XY — R, we aim
to find a coupling 7 € T'(u, v) that minimizes multiple total
costs f cdm, 1©=1,...,m simultaneously:

[/Cldﬁ,...,/cmdﬂ} 2)

where MWS(u, v, ¢) specifies the multi-cost Wasserstein
distance between two distributions p and v w.r.t. the cost
functions cy, ..., ¢;,. We cast the above multi-cost optimal
transport to the following optimization problem:

/ codm

where A,,,_1 is the (m —1)-simplex and ¢, = Y. vic; is
the corresponding weighted cost function. We can interpret
the optimization problem in (3) as follows: given a transport
plan 7w € T'(u,v), we aim to find o € A,,_1 to minimize
Z ", &; [ ¢; dm and then find the optimal transport plan m*

inf

MWS(u, v, ¢) = o

inf inf
el (u,v) a€A 1

3
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that minimizes all these minimizations.. To ensure all cost
functions contribute meaningfully to the computation for a
given transport plan 7, we incorporate a regularization term:

m 2
=2 (o)
=1
where A = [A1, A, -+, Ay], with \; > 0, Vi, encourag-

ing balanced part1c1pat10n of each cost. Then we obtain the
following optimization problem:

{/cadﬂ+9(a)}

By the optimization problem in (5), we learn the weights
to combine the cost functions ci,...,c¢,. To make a
tractable primal form, we add the stochastic entropic reg-
ularization term to the above primal form to reach:

{ {/c d7T+Q(O¢)}

+eKL(rls )|
where € > 0. This formulation allows us to learn an opti-
mal transport plan that balances multiple cost perspectives
while maintaining computational efficiency. The following
theorem presents the dual-form for the primal problem in
(6), making it trainable. The primal form in (6) has the fol-
lowing dual form:

“4)

inf inf
el (p,v) a€EAm 1

(&)

inf
a€A,, 1

inf
wel(p,v)

(6)

f Sup{_g/em)ww)Zuu,y)Q(a) Al d(y)
A€Am—1 pp
+/<pdu+/¢dy}
= inf sup{/apdu—i—/cpcdu}
Q€A1 1)
@)
where we have defined
. o(2)—cq (2.9)=Q(a)
©(y) = —Elog/e E du(x) ®)

The detailed theoretical foundations and proofs are pro-
vided in Appendix. Our proposed multi-cost Wasserstein
framework is particularly well-suited for knowledge dis-
tillation scenarios, where teacher and student models may
produce sequences of different lengths or representational
spaces. In the following sections, we apply this framework to
align representations in two critical domains. The last hidden
state space (Section 3.4) provides comprehensive alignment
of hidden state sequences, capturing syntactic structure, lo-
cal semantic magnitude, and global semantic direction si-
multaneously. The output distribution space (Section 3.5)
reflects the model’s predictive behavior, enabling the stu-
dent to mimic the teacher’s predictions while capturing pre-
cise token-level reproduction, distributional robustness, and
semantic consistency. By employing tailored cost matrices,
our approach bridges the capacity gap between teacher and
student models, achieves robust alignment across divergent
model tokenizations.



3.4 Alignment in Last Hidden State Space

Multi-Cost Wasserstein framework, introduced in Sec-
tion 3.3, provides a robust mechanism for aligning se-
quences by simultaneously optimizing multiple cost matri-
ces. In this section, we apply it to align the last hidden state
of teacher and student LLMs. We define three cost matrices,
each capturing a distinct perspective of the representational
relationship between teacher and student model.

Edit Distance Cost Matrix. The cost matrix is designed
to capture syntactic structure and token-level correspon-
dence between student and teacher sequences. This is partic-
ularly crucial when models utilize different tokenizers, lead-
ing to sequences of potentially different lengths. We define
a matrix from student to teacher C°=T € RN*M each el-
ement Cf J_* T represents the cost of aligning student’s token

o7 with teacher’s token :va

OS—T _ edit(z?, x]) if 7 is aligned with ] ©)
0 otherwise
where edit(z xiT) is the Levenshtein distance. Similarly,

we define cost matrix CT =% € RM*N for alignments from
teacher to student sequences. The final cost matrix is con-
structed as:

OS—)T 4 (CT%S)T
2

Contextual Cost Matrix. Beyond syntactic alignment, ef-
fective KD requires aligning semantic meaning. To capture
local semantic dissimilarity, we define cost matrix Cyc
based on contextualized representations. We first project
teacher’s hidden states kY € RM*P into student’s d-
dimensional space using a trainable linear projection P &€
RP*4 and compute representations for both student and
projected teacher by averaging them within a local window.
Cost matrix Cyic is defined to quantify the discrepancy be-
tween these representations, encouraging student’s contex-
tualized semantics to closely match those of the teacher:

CwmEeD = (10)

K
1
Cuclini] = g7 || 22 (A = PG| aD
I=—K 9
where K is window radius. Complementing the

magnitude-based Cyic, Cgc targets directional similarity in
contextualized representations. To achieve this, we normal-
ize contextualized embeddings of student and teacher at last
hidden states, yielding »° and h”". By minimizing Csc, OT
plan prioritizes alignments between tokens whose contextu-
alized representations exhibit similar semantic directions:

Cscli,j] = 1= (7, h) (12)

Through the joint integration of these cost matrices, MCW-
KD provides a comprehensive alignment of the last hidden
state sequences—capturing syntactic structure, local seman-
tic magnitude, and global semantic direction.
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3.5 Alignment in Output Distribution Space

To transfer knowledge effectively from teacher to student
model, aligning their output distributions is essential. Build-
ing on the framework in Section 3.3, we propose an OT-
based alignment objective that integrates multiple cost ma-
trices, each capturing a distinct perspective of the distri-
butional discrepancy between teacher and student models.
Rather than directly comparing outputs, we construct a time-
dependent interpolated distribution. This design provide a
smoother alignment target, enhancing training stability and
mitigating representational disparities due to the capacity
gap. Formally, we normalize and sort logit vectors in de-

scending order, truncating them to retain only top-k highest
values, obtaining zmT )k and zt(op «- The interpolated logit for

teacher at position ¢ is defined as:

1—t)-29) 4tz (13)

l t()p
where ¢ is linear interpolation factor increasing over training.
Applying softmax with temperature 7(7), we obtain inter-
polated teacher distributions $(7) = softmax(z(T) /7(T)),
This interpolation strategy allows student to gradually shift
from relying on its own predictions toward effectively learn-
ing from the teacher as training progresses.

D) (T)

i,top-k

Euclidean Distance Cost Matrix. The cost matrix quan-
tifies the overall Euclidean discrepancy between the inter-
polated teacher distribution p(7) and the truncated student
distribution p(%) = softmax(zt(oi?k /(%)) at each token po-
sition. This cost is motivated by the need for a computation-
ally efficient measure to ensure that student’s predictions ap-
proximate teacher’s output distribution:

(14)

Cepli,j] = ‘ ﬁES)H
2
Divergence Cost Matrix. Based on the observation that in
NLPs, tokens with high-probability predictions often carry
critical semantic information, cost matrix CKL uses KL di-
vergence to measure discrepancy between p ) and p pri-
oritizing tokens with high predictive sigmlecance CKL pe-
nalize mismatches in these critical tokens, thereby enabling
student model to capture the teacher’s most confident pre-

dictions:
Ciw[i, j] = Zmem< ) (15)

By prioritizing alignment in high-confidence regions of dis-
tribution, Cxkr, enhances global perspective of Cgp, helping
student better match teacher’s key predictive features.

=(T)
pz ¥4

(S)+s

Salience Score Cost Matrix. Cost matrix Cgg accounts
for token importance in a sequence based on its hidden state
representation. It is motivated by the fact that not all to-
kens contribute equally to sequence’s meaning, particularly
in long or complex inputs. We quantify token significance
by computing salience scores for student and teacher model,
and define the cost as their absolute difference. The scores
are derived from hidden states via learned linear projections:



Cssli,j] = |o(Wy -8 1+ 0,) — (Wi - b + )| (16)

Large salience score differences at position (i,7) will
prompt OT plan to prioritize alignments between student and
teacher tokens with similar importance. By integrating these
cost matrices, MCW-KD achieves a comprehensive align-
ment of output distributions, enabling student to effectively
capture teacher’s predictive behavior.

3.6 Overall

Our MCW-KD framework is grounded in the novel Multi-
Cost Wasserstein Distance (Section 3.3), enabling robust
alignment between teacher and student across tokenization
disparities by simultaneous optimizing multiple cost matri-
ces. We apply this mechanism to two critical domains: last
hidden states (P, P;’) and output distributions (P71, P?),
using tailored cost sets cf.; = [Cumep,Cumc,Csc] and
3.5 = [Cgp, CkL, Csg], respectively:

EHidden = MWS(Pl?v Plfa C}IL:S)
»COutput = MWS(P(;Tv P(;S' 1 )

»C1:3

These multi-perspective alignments are key to bridging ca-
pacity gaps and enabling student performance. Motivated
by the effectiveness of Dual-Space Knowledge Distillation
(Zhang et al. 2024b) in unifying output distribution spaces
via a shared language model head, we incorporate its loss as
a supplementary term to further improve knowledge transfer.
The final distillation objective is:

a7

L = Lok + Ltidden + Loutput + YLDSKD (18)

where Lcg is the standard cross-entropy loss between stu-
dent predictions and ground truth, Lpgkp is DSKD’s dis-
tillation loss with v > 0. By jointly optimizing this multi-
component loss, MCW-KD effectively captures the teacher’s
knowledge across multiple perspectives for enhanced per-
formance on student model, despite tokenization disparities.
Pseudo-code for our approach are provided in Appendix.

4 Experiments
4.1 Experimental Setup

Datasets. We conduct experiments on several instruction-
following datasets. Following (Gu et al. 2024), we use
DATABRICKS-DOLLY-15K dataset to conduct KD process.
For evaluation, in addition to this primary dataset, we in-
clude four instruction-tuning benchmarks as additional test
sets for out-of-distribution evaluation: SUPER-NATURAL-
INSTRUCTIONS (S-NI) (Wang et al. 2022), VICUNA-
EVALUATION (VICUNAEVAL) (Chiang et al. 2023), Di1-
ALOGSUM (DIALOG) (Chen et al. 2021) and SELF-
INSTRUCT (SELFINST) (Wang et al. 2023). This diverse
evaluation allows us to assess model’s generalization capa-
bilities across a wide range of instruction domains.

Models. We focus on scenarios between teacher and
student models with distinct tokenizers and vocabularies.
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Methods ‘Dolly S-NI SelfInst Dialog Vicuna | Avg.

Owenl.5-1.8B — GPT2-120M

Teacher 28.23 3436 19.58 14.18 19.59 |23.19
SFT 23.78 17.81 6.78 829 17.04 |12.74
ULD 23.77 14.04 9.30 8.63 14.33 | 14.01
MinED 2421 1640 10.02 9.79 1496 |15.08
MultiLevelOT | 23.02 12.26  8.41 8.79 13.79 |13.25
DSKD 2426 17.15 10.07 10.03 15.25 |15.35
MCW-KD 25.03 18.71 1141 10.22 1591 |16.26
Owen2.5-7B-Instruct — GPT2-1.5B
Teacher 28.49 39.87 24.67 1686 20.48 |26.07
SEFT 21.83 21.66 13.62 1091 1595 |16.79
ULD 24.52 26.18 15.11 11.72 1594 |18.69
MinED 25.52 2625 1539 11.79 16.15 [19.02
MultiLevelOT | 24.40 2394 1453 10.84 1597 [17.94
DSKD 2538 25.82 16.10 12.19 16.84 |19.27
MCW-KD 27.94 28.70 1835 14.12 19.19 |21.66

Table 1: Rouge-L scores (%) averaged over 5 random seeds
on several benchmarks for two teacher—student model pairs.
Best scores are highlighted in bold.

For student models, we select a range of LLMs across di-
verse architectures: GPT2 (120M, 340M, 1.5B) (Radford
et al. 2019), TinyLLaMA-1.1B (Zhang et al. 2024a) and
OPT2.7B (Zhang et al. 2022). We paired Qwenl.5-1.8B
(Bai et al. 2023) as the teacher for GPT-2-120M and GPT-
2-340M. Mistral-7B (Jiang 2024) served as the teacher for
TinyLlama-1.1B, while Qwen2.5-7B-Instruct (Yang et al.
2024) was chosen for GPT-2-1.5B and OPT-2.7B.

Baselines. We compare our method against a range of
approaches, from supervised fine-tuning (SFT) to several
state-of-the-art knowledge distillation techniques designed
for addressing discrepancies in tokenizers and vocabularies,
including: ULD (Boizard et al. 2024), MinED (Wan et al.
2024), DSKD (Zhang et al. 2024b) and MultiLevelOT (Cui
et al. 2025). These baselines provide a comprehensive evalu-
ation framework for assessing our method’s ability to handle
tokenizer and vocabulary disparities. Additional details on
model configurations, along with the training and evaluation
setup, are provided in Appendix.

4.2 Main Results

Table 1 and 2 summarizes the performance of our pro-
posed MCW-KD in comparison with SFT and recent state-
of-the-art knowledge distillation baselines. Evaluations were
conducted across five benchmark datasets, with teacher-
student pairs featuring distinct tokenization schemes. MCW-
KD consistently achieves the highest average ROUGE-L
scores in all settings, significantly outperforming existing
methods. Notably, MCW-KD delivers substantial improve-
ments on individual tasks across diverse teacher-student
pairs. On S-NI dataset, MCW-KD surpasses the best base-
lines by +9.33% with Qwen2.5 — GPT2-1.5B and +9.10%
with Qwenl.5 — GPT2-120M. On Selflnst, it achieves a
gain of +13.98% over DSKD with Qwen2.5 — GPT2-1.5B,



Methods ‘Dolly S-NI SelfInst Dialog Vicuna | Avg.
Owenl.5-1.8B — GPT-2 340M
Teacher 28.23 3436 19.58 14.18 19.59 |23.19
SFT 23.11 13.03 9.09 8.00 14.89 [13.62
ULD 2390 16.26 9.96 876 15.04 |14.78
MinED 24.48 15.69 11.21 898 15.56 |15.18
MultiLevelOT | 23.95 15.87 10.21 899 14.80 |14.76
DSKD 2543 17.18 11.29 890 15.08 |15.57
MCW-KD 26.12 1998 1197 9.67 16.15 |16.78
Mistral-7B — TinyLLaMA-1.1B
Teacher 32.15 36.88 2544 14.67 20.43 |2591
SFT 23.20 2843 1570 10.77 15.70 |18.76
ULD 25.48 3254 17.72  11.75 17.31 [20.96
MinED 25.54 3142 1823 11.77 17.02 |20.80
MultiLevelOT | 24.56 2791 15.61 12.04 16.84 |19.40
DSKD 26.28 3193 17.19 1253 18.74 |21.33
MCW-KD 26.51 37.00 18.71 13.32 1840 |22.79
QOwen2.5-7B-Instruct — OPT-2.7B
Teacher 28.49 39.87 24.67 16.86 2048 |26.07
SFT 27.10 2490 1390 10.62 16.60 |18.62
ULD 26.65 2544 1537 12.15 1697 [19.32
MinED 26.89 2594 1498 11.78 17.04 |19.33
MultiLevelOT | 26.76 24.84 1551 1143 16.56 |19.02
DSKD 2693 2733 1622 1243 17.86 |20.15
MCW-KD 28.57 29.75 17.29 1243 18.68 |21.34

Table 2: Rouge-L scores (%) averaged over 5 random seeds
on several benchmarks for three teacher—student model
pairs. Best scores are bolded.

and on Dialogsum, a margin of +6.30% (over DSKD, the
best baseline) with Mistral — TinyLLaMA. Furthermore,
MCW-KD attains the best ROUGE-L scores on Vicuna and
Dolly across all teacher—student configurations, including
both Qwen2.5 — GPT2-1.5B and Qwen2.5 — OPT-2.7B.

To further validate these improvements, we use API of
GPT-4o-mini as the judge to perform pairwise compar-
isons between responses generated by MCW-KD and each
baseline. Complementing the ROUGE-L results, GPT eval-
uations show that MCW-KD consistently achieves higher
win rates across all comparisons, as illustrated in Figure 1.
These results underscore the robustness and generalization
capability of MCW-KD. By leveraging multiple cost matri-
ces to capture different aspects of the teacher’s knowledge,
the student model achieves strong performance even on out-
of-domain datasets without prior exposure.

4.3 Ablation Study

Impact of Each Component We conduct an ablation
study to better understand contribution of each compo-
nent in MCW-KD framework, focusing on multi-cost strate-
gies (Sections 3.4, 3.5) and dynamic weighting mechanism
(Section 3.3). We evaluate effects of incrementally adding
Ltidden and Loupu, and compare dynamic strategy against
a fixed-weight, where weights are set equally to % for all
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Figure 1: Win rates (%) for distilling Qwen2.5 to OPT-2.7B,
evaluated by GPT-40-mini on response quality.

cost matrices. Results in Table 3 indicate that incorporating
multi-cost alignment in individual spaces enhances perfor-
mance, while combining both provides substantially larger
gains. However, using both alignment spaces without dy-
namic weighting results in suboptimal performance, even
compared to single-space configurations. MCW-KD frame-
work, which integrates both alignment strategies with dy-
namic weights, achieves highest performance, highlighting
the effect of these components in robust knowledge transfer.

Effect of v We conducted experiments to assess impact of
Lpskp component by varying hyperparameter v in the set
[0.2,1,2,5,10]. The results in Figure 2 show that changes
in v moderately affect the final performance. Performance
slightly decreases with extremely small or excessively large
values of v, yet consistently surpasses baseline methods re-
ported in Table 1. These findings underscore the robustness
and effectiveness of our MCW-KD, demonstrating that even
suboptimal choices of ~ can yield competitive performance.

Effect of A To evaluate the role of A in multi-cost opti-
mization mechanism of MCW-KD, we conduct experiments
by assigning uniform values of A € [0.2,0.7,1,2, 5] to all
cost functions. The results, also shown in Figure 2, indicate
that student model performance remains stable across all
evaluation datasets regardless of A. This observation demon-
strates the generalization ability and robustness of MCW-
KD, which is not overly sensitive to the choice of A.

Results with Shared Vocabulary We also evaluate per-
formance of MCW-KD under a shared vocabulary setting,
assessing it against two distinct of KD methods: (i) distance-
based techniques, which are designed specifically for sce-
narios with shared tokenizers, including: SeqKD (Kim and
Rush 2016), reverse KL (RKL) and Jensen-Shannon (JS)
(Wen et al. 2023), skewed KL and skewed reverse KL (SKL,
SRKL) (Ko et al. 2024), adaptive KL. (AKL) (Wu et al.



Methods Dolly S-NI SelfInst Dialog Vicuna | Avg.
Mistral-7B — TinyLLaMA-1.1B
DSKD 26.28 3193 17.19 1253 18.74 |21.33
+ Ltidden 2579 3340 17.39 1326 18.39 |21.65
+ Loutput 26.06 37.08 17.04 13.02 18.22 |22.28
+ w/o update | 25.93 33.01 1745 1329 18.33 |21.60
MCW-KD |[26.51 37.00 18.71 13.32 18.40 |22.79
QOwen2.5-7B-Instruct — GPT2-1.5B
DSKD 25.38 2582 16.10 12.19 16.84 |19.27
+ LHidden 26.26 29.51 16.05 1290 17.65 |20.47
+ Loutput 26.77 27.87 1696 1248 18.02 |20.42
+ w/o update | 26.96 29.61 16.77 1347 17.69 |20.90
MCW-KD (2794 28.70 1835 14.12 19.19 |21.66

Table 3: Rouge-L scores (%) averaged over 5 random seeds.
We report performance of DSKD with incorporating multi-
cost alignment and dynamic weight strategy.

Methods Dolly S-NI SelfInst Vicuna | Avg.
Teacher 27.19 2755 14.64 1630 | 21.42
SeqKD 23.68 16.36 10.03 14.41 | 16.12
RKL 2438 1731 10.73 15.71 | 17.03
IS 2386 1620 10.20 15.50 | 16.44
SKL 24.03 1799 10.66 14.70 | 16.85
SRKL 2448 16.53 10.35 14.88 | 16.56
AKL 2475 1748 10.46 15.37 | 17.02
ULD 23.53 1543 1047 14.89 | 16.08
MinED 23.69 15.84 1043 15.17 | 16.28
MultiLevelOT | 23.81 14.91 10.70 1491 | 16.08
DSKD 2393 16.81 10.66 15.00 | 16.60
MCW-KD 2429 1817 1147 15.31 | 17.31

Table 4: Mean Rouge-L scores (%) over 5 random seeds for
GPT2-1.5B — GPT2-120M distillation across four datasets.

2024); (ii) approaches designed to mitigate tokenizer dis-
crepancies. Our results in Table 4, demonstrate superior per-
formance of MCW-KD compared to methods in category
(ii). Notably, it also exhibits competitive performance in cat-
egory (i), with highest overall average, despite being pri-
marily designed to address tokenizer discrepancies. The en-
hanced performance of MCW-KD over methods in category
(ii) under a shared vocabulary setting can be attributed to its
novel approach of simultaneously optimizing multiple cost
functions, which effectively capture diverse representational
discrepancies between teacher and student models. The flex-
ibility of MCW-KD framework suggests potential for inte-
gration with distance-based methods in (i), which could en-
hance their robustness in knowledge distillation scenarios.

Generalizability To evaluate the generalizability of
MCW-KD, we assessed its integration with other established
KD baselines beyond DSKD. As our framework is designed
as a versatile loss term, it can be easily incorporated into var-
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Figure 2: Ablation results of MCW-KD on two key hyperpa-
rameters: (a) Effect of v with Qwen2.5-7B-Instruct — GPT-
1.5B; (b) Effect of A with Qwen1.5-1.8B — GPT2-340M.

Methods ‘Dolly S-NI SelfInst Dialog Vicuna‘ Avg.
ULD 23.77 14.04 9.30 8.63 14.33 | 14.01
+ MCW-KD |24.24 16.26 9.87 9.81 15.61 |15.16
MultiLevelOT | 23.02 12.26 8.41 8.79 13.79 |13.25
+MCW-KD |22.46 13.51 9.58 944 15.08 |14.01
MinED 2421 1640 10.02 9.79 1496 |15.08
+MCW-KD |24.56 16.83 10.87 10.38 1595 |15.72

Table 5: Generalizability of MCW-KD applied to existing
baselines for Qwen1.5-1.8B — GPT2-120M.

ious KD objectives. Results in Table 5 demonstrate that ap-
plying MCW-KD module enhances the performance of these
other baselines. This validates that MCW-KD functions as a
broadly applicable and scalable enhancement, not an exten-
sion limited to a single baseline.

5 Conclusion

We introduce MCW-KD, a novel Multi-Cost Wasserstein
Knowledge Distillation framework addressing representa-
tion alignment between LLMs with divergent tokenization
strategies. By integrating multiple cost functions within a
unified Wasserstein formulation, it facilitates robust, effi-
cient knowledge transfer from teacher to student models.
Our results demonstrate performance improvements across
diverse datasets, highlighting the framework’s generalizabil-
ity. This work establishes a principled approach to multi-
perspective representation alignment in knowledge distilla-
tion, enabling efficient compression of LLMs. However, pre-
defined cost matrices may not fully capture all representa-
tional aspects, and computing optimal transport plan can be
demanding for large-scale matrices. Future work will inves-
tigate novel cost matrices tailored to diverse representation
spaces and explore improving computational efficiency.
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