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Abstract

Cross-tokenizer knowledge distillation, where the teacher and
student employ different tokenizers, is becoming increasingly
prevalent, yet it poses underexplored challenges: existing meth-
ods fail to capture the rich knowledge encoded in teacher
logits, as evidenced by the neglect of semantic information,
inaccurate and biased logit alignment, and discarding distribu-
tional structure—ultimately leading to unfavorable distillation.
To address these issues, we propose SEDI, a semantics and
distribution-aware knowledge transfer framework tailored for
cross-tokenizer distillation. To preserve factual knowledge,
SEDI employs bipartite graph-based alignment at the tokeniza-
tion level and a sliding window re-encoding strategy at the
vocabulary level, enabling unbiased transfer of the teacher’s
next-token predictions into the student’s vocabulary space. To
further retain distributional information, we align the student’s
entropy with that of the teacher by incorporating the student’s
own logits during training, which helps to mitigate the expo-
sure bias problem. Experiments on ten datasets across three
task domains and five different teacher-student model pairs
with varying vocabulary sizes demonstrate that SEDI delivers
substantial improvements, with gains of up to 19.8%.

Code — https://github.com/MaybeLizzy/SEDI

Introduction
Large language models (LLMs) (OpenAI 2023) have demon-
strated remarkable capabilities across a wide range of tasks,
largely due to their substantial model capacity—yet this
comes with significant computational overhead. To miti-
gate this, knowledge distillation (Agarwal et al. 2024) has
emerged as a key technique for compressing large teacher
LLMs into smaller, more efficient student LLMs. Traditional
knowledge distillation methods for LLMs typically assume
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Figure 1: We identify several key limitations in existing cross-
tokenization methods, including cross-boundary mismatch,
biased logit supervision, and overlapping predictions.

that the teacher and student models share the same tok-
enizer (Gu et al. 2024). In practice, however, distillation
across different tokenizers is becoming increasingly preva-
lent and introduces unique difficulties (Boizard et al. 2025).
These difficulties primarily arise in two aspects. First, at
the tokenization level, the teacher and student segment sen-
tences into different sub-tokens, resulting in the sequences of
varying lengths. Second, at the vocabulary level, the teacher
and student employ distinct vocabularies, leading to next-
token distributions that differ significantly in both size and
semantics. As a result, directly applying KL minimization
for distillation becomes considerably more difficult.

To address these challenges, existing cross-tokenization
methods generally fall into two categories: (i) Optimal
transport-based approaches (Boizard et al. 2025) align the
output distributions of the teacher and student models using
the Wasserstein distance or its variants (Cui et al. 2025), with-
out accounting for token-level correspondence; (ii) Another
line of work aims to establish explicit token-to-token map-
pings using dynamic programming (Wan et al. 2024), based
on the minimum edit distance cost between tokens (Chen et al.
2025). Additionally, a learnable projection module (Zhang
et al. 2024) can be incorporated to map the hidden states of
the two models into a shared space for alignment.

However, these existing approaches face notable limita-
tions in transferring teacher knowledge (Fig. 1): (i) Semantic
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Deficiency: Optimal transport-based methods align logits by
their numerical distributions but ignore token semantics, caus-
ing the student to merely mimic probability rankings rather
than truly learn the factual knowledge; (ii) Logit Mismatches:
Explicit token-to-token mapping methods typically result in
severe misalignment, as they focus on token similarity while
ignoring character order and meaning. This leads to cross-
boundary and overlapping mismatches and introduces teacher
tokenizer bias, ultimately degrading the student model’s lan-
guage modeling ability and generation quality; (iii) Distribu-
tional Oversimplification: Conventional mapping methods
use one-hot logits to avoid mismatches, thereby discarding
distributional information and compromising generalization.

To address these limitations by fully leveraging the rich in-
formation in the teacher’s logits without introducing teacher
tokenization bias, we focus on two key aspects of the
teacher’s next-token predictions: (i) semantic knowledge
as reflected by the high ranked candidates; (ii) distributional
information as reflected by the overall confidence. To re-
tain both, in this paper, we propose SEDI, a Semantics and
Distribution-aware cross-tokenizer distillation framework.

For one thing, to preserve semantics, we construct pseudo-
logits to align the teacher’s predicted tokens at two levels:
▷ At the tokenization level, we propose a bipartite graph-based
alignment, where nodes represent student and teacher token
indices obtained by extracting character-level spans for each
token using offset information. An undirected edge is added
between each pair of tokens whose character spans overlap.
We then identify all connected components within this graph
to achieve precise tokenization alignment, thereby avoiding
any ambiguous or overlapping matches.
▷ At the vocabulary level, we introduce sliding window re-
encoding strategy that considers both current and subsequent
tokens from the teacher and student to determine which
teacher logits should be aligned. The top-ranked teacher to-
kens are decoded and then re-encoded to the student vocabu-
lary space, thereby preventing teacher tokenizer bias.

For another, to further capture model uncertainty and over-
all confidence, we align the distributional properties by mini-
mizing the entropy (Gao et al. 2025) between the constructed
pseudo-logits and the teacher’s logits. Notably, since KL-
based learning can lead to a distribution mismatch between
training and inference (Gu et al. 2024), known as exposure
bias (Arora et al. 2022), we propose incorporating the stu-
dent’s own logits into the pseudo-logits during training to
reduce this distributional shift. This approach helps the stu-
dent recover from its own mistakes and avoid overfitting.

In sum, we contribute a novel SEDI framework that ef-
fectively bridges the tokenizer gap by enabling the unbiased
knowledge transfer, thereby mitigating the limitations of ex-
isting methods (Tab. 3). We evaluate the effectiveness of
SEDI on three task domains, including instruction follow-
ing, math reasoning and code generation, using ten datasets
and five teacher-student model pairs that cover a range of
model and vocabulary sizes. Experimental results show im-
provements of up to 19.8% on unseen datasets, demonstrating
the superiority of SEDI in generalization, while maintaining
higher generation quality and lower exposure bias.

Related Work
We provide an overview of recent advances in cross-tokenizer
knowledge distillation for LLMs, which can be broadly cat-
egorized into two paradigms. One line of work is optimal
transport-based methods, which directly aligns the output
distributions of teacher and student models using Wasserstein
distance (Boizard et al. 2025). To incorporate global infor-
mation, some works extend optimal transport to sequence-
level (Le et al. 2025) via diverse cost matrices, such as
Sinkhorn distance (Cui et al. 2025). Another line of work
focuses on token-to-token mapping, which explicitly aligns
the vocabularies of the teacher and student models using dy-
namic programming (Fu et al. 2023) to minimize the total
edit cost between two token sequences (Wan et al. 2024).
To address semantic misalignment, there emerges weighted
dynamic time warping by incorporating contextual informa-
tion to encourage align with lower entropy tokens (Chen
et al. 2025). In parallel, other works introduce learnable mod-
ules to project the hidden representations of both models
into a unified space for alignment. In contrast to previous
approaches, our method overcomes the limitations of existing
methods from both semantic and distributional perspectives,
offering an unbiased and generalized strategy for favorable
cross-tokenizer distillation.

Pilot Study
In this section, we provide a detailed analysis of the limita-
tions inherent in existing cross-tokenizer distillation methods.

At the tokenization level, as illustrated in Fig. 1, existing
methods align the split sub-tokens based on minimum edit
distance or token similarity, which suffer from ambiguous or
erroneous alignments reflected in two key issues:
▷ Cross-Boundary Misalignment. When multiple teacher
sub-tokens are aligned to a single student token, semantic
inconsistencies or conflicting assignments may arise. For
example, in the sequence “of cats”, the student tokenizer
produces [of, cats], while the teacher yields [of, c,
ats]. Due to the lower edit distance, the teacher token “c”
may be incorrectly aligned with “of” instead of the more
appropriate “cats”, leading to cross-boundary misalignment.
▷ Overlapping Misalignment. When multiple student sub-
tokens are aligned to a single teacher token, they are forced
to learn redundant next-token distributions. For instance, in
the sequence “COVID 19”, the teacher tokenizes “COVID”
as a single token, while the student splits it into [CO, VID].
If both sub-tokens are aligned to “COVID”, they redundantly
predict “19”, skipping the sub-token “VID”.

At the vocabulary level, discrepancies in vocabulary space
introduce further challenges for existing methods:
▷ Biased Logit Supervision. The teacher’s logits are defined
over its own vocabulary, which is incompatible with that of
the student. Directly converting tokens from the teacher’s
next-token distribution into the student’s vocabulary space
can introduce teacher tokenization bias, leading to semantic
distortions. For instance, in the phrase “the flag carrier”, the
teacher tokenizes “carrier” into [car, rier], while the
student treats it as a single token. If the prior token “flag”
is an exact match, the top candidate in the teacher logit,
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“car”, is incorrectly assigned for the student, resulting in a
semantically deficient output like “the flag car”.
▷ Lazy Learning. In response to the challenge of many-to-
many mappings, conventional methods take a shortcut by
using one-hot logits, discarding the rich supervision provided
by the teacher’s distribution. As shown in Tab. 1, a consider-
able portion of logits are one-hot, reaching as high as 35.12%
on the Dolly dataset. We refer to this as lazy learning, which
leads to overfitting and hinders the generalization ability.

Dolly Self-inst Vicuna S-NI Unist

MinED 35.12 38.30 29.11 45.25 44.89

Table 1: Proportion of one-hot logits when using LLaMA2-7B
as the teacher and GPT2-124M as the student.

For a more intuitive evaluation, we report the Top-1 Ac-
curacy by measuring whether the converted top-predicted
teacher token matches the ground-truth student token. As
shown in Tab. 2, MinEdit achieves the highest top-1 accu-
racy of only 84.94%, suggesting that a considerable number
of tokens remain misaligned. Although CDM avoids using
one-hot logits, it averages the logits of many-to-many aligned
tokens, thereby still lacking precise token alignment.

Dataset Dolly Self-inst Vicuna S-NI Unist

MinED 84.94 63.47 62.37 70.80 76.20
CDM 88.01 65.83 63.03 72.87 76.84
SEDI 95.27 97.32 96.80 98.01 97.62

Table 2: Top-1 accuracy when using LLaMA2-7B as the
teacher and GPT2-124M as the student.

Although optimal transport-based methods avoid explicit
token mappings, they align distributions by sorting the
teacher and student logits in descending order and simply
padding the shorter distribution with zeros, without consider-
ing semantic correspondence. As a result, the student fails to
truly capture the teacher’s factual knowledge.

Proposed Methodology
Motivated by the limitations observed in our pilot study, we
model the alignment task as an unsupervised process that
constructs pseudo-logits, capturing the rich information of
the teacher model in a form the student can effectively learn.
Specifically, we leverage two key aspects of the teacher’s
logits: (1) the top candidate next tokens, which reflect factual
knowledge, and (2) the overall confidence, which captures
distributional information. To preserve both, we propose a
novel cross-tokenizer distillation framework, termed SEDI,
which encompasses semantics-preserving logit transfer and
distribution-aware entropy alignment, as elaborated below.

Semantic-Preserving Logit Transfer
We hypothesize that minimum edit distance-based methods
struggle with accurate alignment because they rely only on
superficial token similarity, overlooking character order and

semantics. To overcome these issues, we introduce a bipartite
graph-based alignment at the tokenization level and a sliding
window re-encoding strategy at the vocabulary level, allowing
for precise transfer of teacher logits to the student space.

Bipartite Graph-Based Tokenization-Level Alignment.
Given a sentence x, let TS and TT denote the student and
teacher tokenizers with vocabulary sizes M and N , respec-
tively. We tokenize x to obtain two token sequences: TS(x) =
[wS

0 , w
S
1 , . . . , w

S
LS−1] and TT (x) = [wT

0 , w
T
1 , . . . , w

T
LT−1],

where LS and LT are the respective sequence lengths. We
formulate tokenization alignment as a three-step bipartite
graph construction and grouping procedure:

1) Node Construction We define two disjoint sets of
nodes corresponding to the student and teacher tokens:
Vs = {0, 1, · · · , LS − 1}, Vt = {0, 1, · · · , LT − 1}, where
node i ∈ VS represents student token wS

i and node j ∈ VT

represents teacher token wT
j . For each node, we extract the

character-level span using the tokenizer’s offset mappings:
S = (ai, bi)

LS−1
i=0 for student tokens and T = (a′j , b

′
j)

LT−1

j=0

for teacher tokens.
2) Edge Construction We then construct the bipartite

graph G by adding an edge (i, j) between student node
i and teacher node j if their spans overlap, i.e., E =
{(i, j) | [ai, bi)∩[a′j , b′j) ̸= ∅}. The span overlap condition is
defined as [ai, bi)∩ [a′j , b′j) ̸= ∅ ⇐⇒ ¬(bi ≤ a′j ∨b′j ≤ ai).

3) Connected Component Grouping Finally, we find all
connected components in G. Each connected component
corresponds to an alignment group containing a set of stu-
dent token indices Sg and a set of teacher tokens indices
Tg, where Sg = {s(g,0), . . . , s(g,Rg−1)} of length Rg, and
Tg = {t(g,0), . . . , t(g,Qg−1)} of length Qg. The final set of
alignment groups is given by: A∗ = {(Sg, Tg)}Gg=1, where
G is the number of connected components in G.

Compared to edit-distance-based alignment, this bipartite-
graph approach yields fine-grained, semantically faithful
alignment, with each group anchored to precise character-
level spans, avoiding fuzzy or overlapping matches.

Sliding Window Re-Encoding for Vocabulary-Level Align-
ment. At vocabulary level, we incorporate information
from both the current and subsequent alignment groups to de-
termine which and how teacher logits should be transferred.

Specifically, consider the current alignment group g, our
goal is to construct the pseudo-logits z̃teacher-topk ∈ RM by
converting the top-ranked teacher-predicted tokens into the
student vocabulary. Let z(t)T ∈ RN denote the teacher’s logit
at position t. We begin by determining whether the next
alignment group constitutes a one-to-many or many-to-many
mapping, i.e., Qg+1 > 1. If so, we concatenate the first
Qg+1 − 1 teacher tokens to form a prefix wprefix; otherwise,
wprefix is set to the empty string:

wprefix = concat([wT
(tg+1,0)

, . . . , wT
(tg+1,Qg+1−2)

]), (1)

where wT
t denotes the t-th token in TT (x). Let q⋆ denote the

target indices for the teacher logit to be projected:

q∗ =

{
t(g,Qg−1), if Qg+1 = 1,

t(g+1,Qg+1−2), if Qg+1 > 1.
(2)
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Figure 2: Overview of the SEDI framework, which comprises bipartite graph-based tokenization-level alignment (left), a sliding
window re-encoding strategy for vocabulary-level alignment, and entropy alignment that integrates student logits (right).

Methods
Token

Semantics
Boundary

Consistency
Unbiased

Logit
Non-

OverLapping
Overall

Confidence

MinED ✓ × × × ×
CDM ✓ ✓ × × ×
ULD × – – – ✓

MultiOT × – – – ✓

SEDI ✓ ✓ ✓ ✓ ✓

Table 3: Comparison of Different Methods.

We then extract the top-K predictions from the teacher’s logit
at position q⋆, where vj denotes a teacher vocabulary token
ID and pj is its corresponding score:

(vj , pj)
K
j=1 = TopK(z

(q∗)
T ,K). (3)

Each vj is first decoded into its string form and concate-
nated with the prefix wprefix to form a candidate subword
unit wj = wprefix + decodeT (vj), which is then re-encoded
using the student tokenizer as ṽj = encodeS(wj). The
score pj is assigned to the first student token ID in ṽj :

z̃
(sg,Rg−1)

teacher-topk[ṽj [0]] ← pj . If the next student group contains
multiple tokens, i.e., Rg+1 > 1, we further assign the score
pj to the leading tokens in the next alignment group Sg+1:

z̃
(sg+1,l−1)
teacher-topk [ṽj [l]]← pj , l = 1, . . . ,min{Rg+1−1, |ṽj |−1}.

(4)
This approach ensures that top candidate tokens from the
teacher are faithfully converted to the student’s vocabulary
without introducing teacher tokenization bias, thereby avoid-
ing semantic distortion and preserving the student’s modeling
preferences. Moreover, it prevents the use of one-hot logits
and mitigates the risk of lazy learning (Tab. 3).

Together, with bipartite graph-based tokenization-level
alignment, the flexible mapping in SEDI supports variable-
length re-encoding and enhances compatibility across differ-
ent tokenizers (Fig. 2). As shown in Tab. 2, SEDI achieves
a top-1 accuracy of 95.27% on the Dolly dataset, represent-
ing an absolute improvement of up to 7.26% over CDM and
demonstrating a substantial gain in alignment accuracy.

Distribution-Aware Entropy Alignment
Another important property of the teacher logits is the overall
confidence or uncertainty, as quantified by entropy (Agarwal
et al. 2025). To preserve this high-level information, we align
the entropy of the pseudo-logits with that of the teacher logits,
thereby maintaining the teacher’s distributional characteristic.

Moreover, depending solely on teacher logits introduces a
distribution gap between training and inference, known as ex-
posure bias (Gu et al. 2024), which can lead to hallucinations
as errors accumulate (Agarwal et al. 2024). To address this,
we observe that the student’s logits reflect its own generation
habits, such as grammar and contextual understanding, even
if they lack certain knowledge compared to the teacher. By
merging the student’s logits into the pseudo-logits during
training, we can reduce distribution shift, help the model
recover from its own mistakes, and alleviate exposure bias.

Formally, let zstudent ∈ RM denote the student logits.
We introduce an entropy adapter Ada(·), which applies a
learnable, element-wise scaling to the student logits. The
final pseudo-logits for distillation are given by:

z̃pseudo = z̃teacher-topk︸ ︷︷ ︸
from teacher logits

+Ada(zstudent)︸ ︷︷ ︸
from student logits

. (5)

To further ensure entropy consistency, we introduce an en-
tropy alignment loss:

Lentropy =
1

LS

LS∑
i=1

(
H

(
z
(i)
pseudo

)
−H

(
z̃
(i)
T

))2

, (6)

where z̃T denotes the teacher logits after tokenization-level
alignment, having the same sequence length LS as the stu-
dent. H(·) represents the entropy of the probability distribu-
tion induced by the logit z ∈ RM :

H(z) = −
M∑
k=1

pk log pk, pk =
exp(zk)∑
j exp(zj)

. (7)

We jointly optimize the student model and entropy adapter us-
ing a combination of forward KL divergence loss and entropy
alignment loss, where zstudent denotes the student logits:

LKD = Ei

[
KL

(
z
(i)
pseudo, z

(i)
student

)]
+ Lentropy. (8)

Following prior work (Wan et al. 2024), we use a hyperpa-
rameter λ to combine the distillation loss with the standard
cross-entropy loss: Ltotal = λ · LCE + (1− λ) · LKD.
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Model Dataset Dolly Self-Inst Vicuna S-NI UnNI
Metric RougeL F1 RougeL F1 RougeL F1 RougeL F1 RougeL F1

Teacher:

Dolly-Pythia-3B;

Student:
OPT-125M

Teacher 30.78 26.19 16.99 12.08 16.62 13.71 25.16 14.74 26.94 18.42
SFT 19.18 15.74 8.02 6.24 13.34 10.87 11.74 5.32 13.83 8.67

MinEdit 20.86 16.88 9.49 6.92 14.00 11.56 15.26 6.84 16.57 10.24
ULD 21.10 17.24 9.72 7.13 13.85 10.72 15.32 7.47 16.88 10.53

MultiOT 22.32 17.53 9.98 7.30 14.23 11.50 16.11 7.42 16.94 10.43
CDM 22.56 17.88 10.02 7.14 14.50 11.60 16.35 7.54 16.99 10.89
DSKD 23.18 18.42 10.44 7.46 15.21 11.66 16.49 7.29 17.36 10.48
SEDI 23.92 19.54 11.27 8.17 16.16 12.68 18.18 8.01 18.51 11.76

Model Dataset Dolly Self-Inst Vicuna S-NI UnNI
Metric RougeL F1 RougeL F1 RougeL F1 RougeL F1 RougeL F1

Teacher:
LLaMA2-7B;

Student:
GPT2-124M

Teacher 30.24 24.31 20.89 14.61 19.71 15.42 36.89 18.39 33.49 22.26
SFT 20.34 16.80 9.09 6.44 13.96 12.07 17.15 7.74 18.34 11.39

MinEdit 22.81 17.41 10.38 7.20 14.78 10.40 19.24 9.10 19.45 12.52
ULD 22.94 17.63 10.68 7.53 14.03 10.15 19.14 9.13 20.16 12.80

MultiOT 23.11 18.38 11.10 7.75 14.47 12.00 20.25 9.39 20.52 13.15
CDM 23.17 18.35 11.17 7.90 14.94 11.48 19.97 9.38 20.40 13.33
DSKD 23.33 18.60 11.68 8.13 15.77 12.10 20.70 10.11 21.10 13.59
SEDI 24.38 19.67 12.48 8.08 16.54 12.12 21.92 10.70 21.77 14.20

Table 4: Experimental results on the Instruction Following dataset, evaluated across two pairs of teacher-student models.
SEDI demonstrates superior performance to all baselines, with improvements of up to 12.21% (10.48→ 11.76) on UnNI.

Model Teacher (Vocab Size) Student (Vocab Size)

Dolly
LLama2-7B (32000) GPT2-124M (50257)

Dolly-Pythia-3B (50280) OPT-125M (50272)

MATH
DeepSeek-R1-Distill-Llama-8B (128256) Pythia-410M (50304)

MetaMath-7B (32001) GPT2-Medium-355M (50257)

CodeM Deepseek-Coder-6.7B (32256) Pythia-160M (50304)

Table 5: Model Configurations and Vocabulary Sizes.

Instruction Following Tasks

Dataset Dolly Self-Inst Vicuna S-NI UnNI

Train 11435 / / / /
Test 500 242 80 731 1000

Math Reasoning & Code Generation Tasks

Dataset MetaMath GSM8K Math ORCA CodeM HumanEval

Train 10000 / / / 9000 /
Test 500 1319 500 107 / 164

Table 6: Statistics and splits of the datasets.

Experimental Setup
In this section, we provide a detailed overview of our ex-
perimental setup, including the datasets, evaluation metrics,
baselines, and implementation details.

We evaluate SEDI on three tasks enabled by the scaling of
model parameters: instruction following, code generation
and math reasoning (Tab. 6). For the instruction follow-
ing task, we use Dolly-15K (Ouyang et al. 2022) as train-
ing dataset and evaluate on four additional unseen datasets:
Self-Inst (Wang et al. 2023), Vicuna (Chiang et al. 2023),
S-NI (Wang et al. 2022) and UnNI (Honovich et al. 2023).
Performance is measured using ROUGE-L and F1 scores.
For code generation task, we use CodeM (Zan et al. 2024)
for training and HumanEval (Chen et al. 2021) for evaluation.

For math reasoning, we train on MetaMath (Yu et al. 2024)
and evaluate on three unseen datasets: GSM8K (Cobbe et al.
2021), MATH (Hendrycks et al. 2021), and ORCA (Mitra et al.
2024). We report ROUGE-L and Pass@1, which reflects the
percentage of questions correctly passed when generating a
single solution per question.

We compare SEDI with standard supervised finetuning
(SFT) as well as existing cross-tokenizer distillation methods,
including MinED (Wan et al. 2024), ULD (Boizard et al.
2025), MultiLevelOT (Cui et al. 2025), CDM (Chen et al.
2025), and DSKD (Zhang et al. 2024).

We evaluate four pairs of teacher-student models with vary-
ing model scales and vocabulary sizes (Tab. 5). For Dolly, we
use LLaMA2-7B and Dolly-Pythia-3B (Conover et al. 2023)
as teachers, with OpenAI-GPT2-124M (Radford et al. 2019)
and OPT-125M (Zhang et al. 2022) as students. For MetaMath,
we select DeepSeek-R1-Distill-Llama-8B (DeepSeek-AI
2025) and MetaMath-7B (Yu et al. 2024) as teachers, and
Pythia-410M and GPT2-Medium-355M (Radford et al. 2019)
as the corresponding students. For CodeM, we choose
Deepseek-Coder-6.7B (Guo et al. 2024) as the teacher, and
Pythia-160M (Biderman et al. 2023) as student. Except for
MetaMath-7B and Deepseek-Coder, which are already fine-
tuned and used directly, all other teacher models are fine-
tuned using LoRA with a rank of 256 for 10 epochs. Student
models are first fine-tuned for 3 epochs before applying dis-
tillation for an additional 7 epochs. For each baseline, we use
the default hyperparameters reported in their respective pa-
pers. For SEDI, we set λ = 0.5 and K = 100. All evaluation
metrics are averaged over five runs.

Experimental Results
In this section, we present both quantitative and qualitative
analyses, highlighting key findings from multiple perspec-
tives, including exposure bias, generation fluency, computa-
tional overhead and ablation study.
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Model Dataset MetaMath GSM8K Math ORCA
Metric Pass@1 RougeL Pass@1 RougeL Pass@1 RougeL Pass@1 RougeL

Teacher:
DeepSeek-R1-

Distill-Llama-8B;
Student:

Pythia-410M

Teacher 44.60 46.29 52.01 35.55 36.22 38.18 45.79 40.69
SFT 9.41 30.85 4.05 22.84 1.34 20.90 1.93 24.68

MinEdit 12.63 32.65 5.05 23.43 1.36 19.60 2.27 24.75
ULD 11.54 32.75 5.12 22.85 1.54 20.22 2.98 25.85

MultiOT 13.42 33.00 6.91 23.44 1.92 20.35 3.53 26.48
CDM 13.88 33.29 6.52 23.63 1.95 20.43 3.98 26.44
DSKD 14.64 33.73 7.23 24.55 2.04 20.96 4.63 27.63
SEDI 15.22 34.73 7.65 25.12 2.12 21.14 4.93 27.91

Model Dataset MetaMath GSM8K Math ORCA
Metric Pass@1 RougeL Pass@1 RougeL Pass@1 RougeL Pass@1 RougeL

Teacher:
MetaMath-7B;

Student:
GPT2-Medium-355M

Teacher 42.40 51.91 40.33 35.04 33.60 34.94 35.97 37.83
SFT 6.81 33.84 1.41 25.54 1.05 20.80 0.80 28.13

MinEdit 10.62 36.22 3.56 27.58 1.22 20.93 1.87 29.12
ULD 9.84 36.24 3.71 28.85 1.20 20.89 1.74 29.81

MultiOT 10.89 37.02 3.76 29.43 1.40 21.02 2.80 30.74
CDM 10.74 37.71 3.60 28.84 1.47 21.77 2.87 30.00
DSKD 11.62 39.04 3.63 29.39 1.73 21.41 2.93 29.74
SEDI 12.66 39.81 3.94 29.85 1.80 22.65 3.51 31.42

Table 7: Experimental results on the Math Reasoning dataset, evaluated across two pairs of teacher-student models. SEDI demon-
strates superior performance to all baselines, with improvements of up to 19.80% (2.93→ 3.51) on UnNI dataset.

Metric Pass@1 RougeL Fluency

Teacher 72.56 25.56 8.08
SFT 50.27 18.61 7.33

MinEdit 53.05 21.53 7.27
ULD 54.88 21.96 7.08

MultiOT 55.91 21.47 7.30
CDM 55.63 21.85 7.32
DSKD 56.10 23.01 7.34
SEDI 60.98 22.93 7.39

Table 8: Results on the HumanEval Code Generation dataset.

SEDI Achieves Superior Performance across All Tasks
and Datasets. As shown in Tab. 4, 7 and 8, SEDI outper-
forms all baselines by up to 12.21% on instruction following
task, 19.80% on math reasoning task and 8.70% on code gen-
eration task. The consistent improvements across multiple
datasets and task types demonstrate the robustness and gener-
alizability of SEDI in efficiently transferring knowledge.
SEDI Demonstrates Strong Generalization. When eval-
uated on unseen datasets, SEDI consistently outperforms
baseline methods, achieving Pass@1 scores up to 4.38 times
higher than SFT on ORCA and exceeding DSKD by 19.8%.
We attribute this strong generalization to three key factors.
First, unlike edit distance-based methods, SEDI avoids in-
troducing teacher tokenization bias during distillation and
ensures accurate token alignment, thereby preserving the
student’s language modeling ability. Second, compared to
optimal transport-based methods that focus solely on distribu-
tion matching, SEDI fully leverages the semantic information
in the teacher’s logits, resulting in more effective knowledge
transfer. Finally, entropy alignment enables the student to
learn not only the knowledge itself but also the appropri-
ate level of confidence, reducing overfitting and ultimately
leading to better generalization.
SEDI Bridges Large Model Gaps across Architectures.

We evaluate SEDI on five diverse teacher-student model pairs
with varying model sizes and architectures. Even in scenar-
ios with a substantial parameter gap between teacher and
student, where the student typically faces significant learn-
ing challenges due to limited capacity (Zhong et al. 2024),
SEDI still demonstrates impressive improvements. For exam-
ple, when using Deepseek-Coder-6.7B as the teacher and
Pythia-160M as the student, representing a 41.9× size gap,
SEDI achieves improvements of up to 8.70%.

SEDI is Robust to Vocabulary Size Variation. We evalu-
ate SEDI in scenarios with diverse vocabulary size relation-
ships, including cases where the teacher’s vocabulary is much
larger, smaller, or comparable to the student’s. Across all set-
tings, SEDI consistently achieves substantial improvements.
Notably, when using DeepSeek-R1-Distill-Llama-8B as
teacher and Pythia-410M as student, the student’s vocabulary
is 2.55 times smaller than the teacher’s. A smaller vocabu-
lary typically reduces tokenization efficiency and limits the
model’s representational capacity, making the student’s learn-
ing task more challenging (Takase et al. 2024). Nevertheless,
SEDI still improves the student’s math reasoning ability by
up to 5.8% on GSM8K, demonstrating its superiority.

Stronger Teachers with Larger Vocabularies lead to Bet-
ter Students. We observe an interesting phenomenon in math
reasoning tasks: when using two teachers with different vo-
cabulary sizes, the student trained with GPT2-Medium-355M
achieves a higher ROUGE score than that trained with
Pythia-410M, but a lower Pass@1 score. We suspect this is
because the student primarily learns to imitate the output style
of the teacher rather than its actual capabilities (Gudibande
et al. 2023), resulting in output text that more closely re-
sembles the ground truth in form but lacks true reasoning
ability. We hypothesize that this phenomenon is related to the
significant difference in teacher model vocabulary size. No-
tably, DeepSeek-R1-Distill-Llama-8B has a vocabulary
four times larger than that of MetaMath-7B, offering greater
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Figure 3: Results of the excess error. Lower values of ExAc-
cErr reflect a reduction in exposure bias.

Metric Dolly Self-Inst Vicuna S-NI UnNI

MinEdit 4.86 4.45 5.46 3.65 3.74
ULD 4.70 4.36 6.01 3.79 3.96

MultiOT 4.87 4.66 6.30 3.88 3.98
CDM 4.86 4.68 6.19 3.86 3.92
DSKD 4.81 4.46 6.28 3.75 3.95
SEDI 4.91 4.69 6.33 3.92 3.99

Table 9: Fluency ratios across instruction-following datasets.

tokenization fertility and allowing it to capture a broader
range of concepts and nuances in the corpus (Tao et al. 2024).
In such cases, teacher models with richer vocabularies tend to
facilitate more comprehensive knowledge transfer, enabling
student models to acquire genuine capabilities rather than
merely imitating surface-level patterns.
SEDI Mitigates Exposure Bias More Effectively. To quan-
tify exposure bias, we follow Arora et al. (2022); Gu et al.
(2024) and evaluate the excess error accumulated over gener-
ation length, referred to as the ExAccErr metric. Experiments
are conducted on instruction-following tasks using two un-
seen datasets, S-NI and UnNI, with OPT-125M as the student
model. As shown in Fig. 3, at the early stages of generation,
the ExAccErr curve displays noticeable fluctuations. This
may be attributed to the limited context and statistical noise
when the model is still generating with near-oracle prefixes.
As generation proceeds, exposure bias accumulates, resulting
in a steady increase in ExAccErr as the model’s outputs in-
creasingly deviate from the ground-truth distribution. Despite
this, SEDI consistently exhibits lower exposure bias as gen-
eration length grows. We attribute this to incorporating the
student’s own logits during distillation, thereby reducing the
mismatch between training and inference-time generation.
SEDI Enhances Generation Quality. To evaluate the gener-
ation quality of existing methods, we adopt the Fluency met-
ric (Meng et al. 2022), calculated as the weighted average of
bi- and tri-gram entropies, defined as −

∑
k f(k) log2 f(k),

where f(·) denotes the n-gram frequency distribution. A
higher Fluency score indicates more informative and di-
verse generation. Experiments are conducted on instruction-
following tasks using the LLaMA-GPT teacher-student
model pair. As shown in Tab. 9, SEDI consistently achieves
the highest fluency ratio. We attribute this to the semantics-
preserving logit transfer strategy, which enables SEDI to
align teacher tokens to the student vocabulary without intro-

Metric Training Time (Second) Memory (MiB)

MinEdit 1.5714 23212
ULD 1.5311 24672

MultiOT 1.5110 23960
CDM 5.7921 19982
DSKD 1.5276 24836
SEDI 1.8432 26362

Table 10: Computational overhead of existing methods.

Dataset Dolly Self-Inst Vicuna S-NI UnNI

K=10 23.89 10.32 15.81 14.97 17.82
K=50 24.05 10.65 15.90 17.16 17.96

K=100 23.92 11.27 16.16 18.18 18.51
K=200 23.88 11.25 16.17 18.17 18.53
K=300 23.86 11.23 16.19 18.15 18.52
K=400 23.79 11.19 16.15 18.11 18.57

Table 11: Impact of K on instruction-following datasets.

ducing teacher tokenization bias. Nevertheless, the absolute
fluency on unseen datasets remains suboptimal, requiring
further preference learning (Fang et al. 2025; Liu et al. 2025).
SEDI is Computationally Efficient. We evaluate the com-
putational overhead from two perspectives: training time
per step and maximum memory usage. Experiments are con-
ducted on the Dolly dataset using the LLaMA-GPT teacher-
student model pair. As shown in Tab. 10, SEDI incurs min-
imal additional cost in terms of training time or memory
usage, confirming its computational efficiency.
K as the number of teacher tokens to be projected. The
choice of top-K tokens from the teacher’s logits for map-
ping to the student vocabulary plays a crucial role in the
performance of SEDI. We investigate the impact of K on
the instruction-following task using the Pythia-OPT teacher-
student model pair. As shown in Tab. 11, SEDI already
achieves state-of-the-art results with K = 10 compared to the
baselines, but its generalization ability remains limited. As
K increases, the generalization of SEDI to unseen datasets
improves, reaching optimal performance mostly at K = 100.
However, as K continues to grow, accuracy begins to fluctu-
ate, likely due to the introduction of noisy token mappings.
Therefore, we set K = 100 in our experiments.

Conclusion
In this paper, we present SEDI, a novel semantic-preserving
and distribution aware alignment framework for cross-
tokenizer knowledge distillation. SEDI bridges the tokenizer
gap by transferring both factual and distributional knowledge
from teacher next-token predictions into a form that the stu-
dent model can effectively learn, without introducing teacher
tokenization bias. The proposed approach leads to improved
generalization, higher generation quality, and reduced ex-
posure bias. Overall, SEDI offers an intuitive yet effective
solution, even in scenarios with large model and vocabu-
lary size gaps, thereby enabling more flexible and scalable
deployment of language models in real-world applications.
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