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ABSTRACT

Multimodal Large Language Models (MLLMs) have demonstrated impressive
cross-modal understanding capabilities, yet their substantial model size poses
significant challenges for widespread deployment. Knowledge distillation (KD)
presents a promising solution for compressing these large-scale MLLMs. How-
ever, existing KD methods primarily rely on static next-token alignment, ne-
glecting to model the dynamic token interactions, which embed essential capa-
bilities for multimodal understanding and generation. To this end, we intro-
duce Align-TI, a novel KD framework designed from the perspective of Token
Interactions. Our approach is motivated by the insight that MLLMs rely on
two primary interaction types: vision-instruction token interactions to extract
instruction-relevant visual information, and intra-response token interactions for
dynamic reasoning and coherent generation. Accordingly, Align-TT introduces
two components: Instruction-aware Vision Alignment (IVA) and Transition Prob-
ability Alignment (TPA). IVA enables the student model to imitate the teacher’s
ability to extract instruction-relevant visual information by aligning on salient vi-
sual regions. TPA captures the teacher’s dynamic generative logic by aligning the
sequential token-to-token transition probabilities. Extensive experiments on stan-
dard multimodal benchmarks demonstrate the superiority of Align-TI. Notably,
our approach achieves 3.7% relative improvement over direct supervised fine-
tuning across multiple benchmarks. Moreover, our distilled Align-TI-2B even
outperforms LLaVA-1.5-7B (a much larger MLLM) by 7.0%, establishing a new
state-of-the-art distillation framework for training parameter-efficient MLLMs.
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Figure 1: Experimental results overview. Left: Performance comparison between MLLMs distilled
using our proposed Align-TI and other state-of-the-art MLLMs. Right: Performance gains achieved
by Align-TI relative to the SFT and Vanilla KD baselines. (Details provided in Appendix E.1.)

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) (Liu et al., 2023c; Hurst et al., 2024; Guo et al.,
2025; Comanici et al., 2025) have emerged as a cornerstone in the pursuit of Artificial General In-
telligence (AGI), showcasing remarkable capabilities in cross-modal understanding and generation.
The success of contemporary MLLMs is predominantly built upon the foundation of autoregres-
sive large language models (Floridi & Chiriatti, 2020; Touvron et al., 2023; Yang et al., 2025),
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Figure 2: Motivation of MLLM distillation in view of token interactions. Left: Vision-instruction
token interaction analysis. Visualizations of instruction-to-vision attention weights demonstrate
that different instructions activate distinct visual focus areas, while exhibiting significant token re-
dundancy. Right: Intra-response token interaction analysis. The discrepancy between data-
conditioned prefix during training-time and self-conditioned prefix during test-time amplifies au-
toregressive accumulated error. (More details are provided in Appendix B.4.1.)

which adopt self-supervised pretraining with the next-token prediction paradigm. Previous stud-
ies (Radford et al., 2018; Mann et al., 2020; Achiam et al., 2023) have demonstrated that scaling up
these models’ parameters and training data continuously pushes the performance boundaries, while
it also results in large-scale models with significant computational demands. Knowledge distilla-
tion (KD) (Hinton et al., 2015) provides a promising pathway to reduce computational overhead
requirements by replicating large-scale teacher model capabilities in more parameter-efficient stu-
dents through systematic knowledge transfer.

Prior work (Xu et al., 2024a) demonstrates that knowledge transfer in MLLM distillation via in-
termediate features or attention maps is often ineffective, primarily due to functional misalignment
between student and teacher layers. In contrast, aligning output token distributions has proven to
be a more effective way. Building upon the foundation of token-level alignment, subsequent re-
search (Cai et al., 2024; Feng et al., 2025; Shu et al., 2024) introduces additional components, such
as MoE architectures (Dai et al., 2024). However, the token-level alignment in these methods
remains limited to static next-token alignment, neglecting to model the dynamic token interac-
tions that encode critical capabilities for MLLM understanding and generation. Specifically,
these interactions encode crucial capabilities in two stages: (1) Prefilling: Vision-instruction to-
ken interactions encode instruction-aware visual information extraction capability. (2) Decoding:
Intra-response token interactions encode dynamic reasoning and generation capability. The absence
of such interaction modeling restricts the student to acquiring shallow statistical patterns from the
teacher’s outputs, rather than its deeper mechanisms for understanding and generation, thus resulting
in insufficient knowledge transfer.

To provide better knowledge transfer, we further analyze the underlying characteristics of these two
types of interactions. (1) Vision-instruction token interactions. In Fig. 2 (Left), we visualize the
instruction-to-vision attention weights, it reveals two key observations: (a) Identical images elicit
distinct region activations under different instructions. (b) Instruction tokens attend primarily to
a few salient visual tokens, while the majority follow a long-tailed distribution. This imbalance
indicates that prior distillation methods compel the capacity-constrained student to misallocate pre-
cious resources toward mimicking the teacher’s processing of low-utility tokens, thereby hindering
its ability to master instruction-critical representations. (2) Intra-response token interactions. As
depicted in Fig. 2 (Right), prior distillation methods primarily align the teacher and student models’
data-conditioned next token prediction probabilities, where the prefix originates from the training
corpus. This approach neglects the transition dynamics inherent in test-time generation, where pre-
dictions are conditioned on the self-generated outputs. As shown in Fig. 2 (Right), this issue leads
to a widening accumulated error gap between training-time and test-time, a challenge referred to as
exposure bias in imitation learning (Ross et al., 2011; Arora et al., 2022; Kim et al., 2024).

Based on the aforementioned discussion, we propose Align-T1, a framework that explicitly model-
ing KD for MLLMs from the perspective of token interactions. Align-TI consists of two core com-
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ponents: Instruction-aware Vision Alignment (IVA) and Transition Probability Alignment (TPA),
corresponding to the two interaction types. Specifically, IVA enables the student model to learn on
the teacher model’s instruction-aware visual focus, facilitating the transfer of the teacher’s visual
information extraction capability. Additionally, recognizing that this visual focus varies signifi-
cantly across transformer layers, we design the Instruction-Relevant Score (IRS) to quantify the
relevance of a layer’s attention map to the given instruction. This enables principled selection of
the most instruction-relevant visual focus for IVA. Furthermore, TPA explicitly aligns the token-
to-token transition probabilities, enabling the student to better learn the teacher’s continuous token
generation patterns. Moreover, both theoretical analysis and experimental evidence demonstrate that
TPA helps mitigate the teacher-student autoregressive generation discrepancy at test time.

Extensive experiments validate the efficacy of Align-TI in distilling knowledge from large-scale
MLLMs into compact models, as summarized in Fig. 1. Our distilled 1B model achieves relative im-
provements of 4.6% on MMBench (Liu et al., 2024¢) and 6.0% on MME (Fu et al., 2024) compared
to the Vanilla KD baseline. Furthermore, our Align-TI-2B outperforms both small LLaVA-MoD-
2B (Shu et al., 2024) (a strong MoE-based distillation baseline) and the larger LLaVA-1.5-7B (Liu
et al., 2023b), advancing the state-of-the-art in distillation strategies for parameter-efficient MLLMs.

2 PRELIMINARIES

Multimodal Large Language Models. By integrating the capabilities of pretrained LLMs with
vision encoders, MLLMs establish a connection between the visual and linguistic modalities. Given
an input © = (X, X;), where X, represents the input image and X, denotes the textual instruction,
MLLMs aim to generate a response y conditioned on x. A typical MLLM architecture comprises
three core components: a vision encoder, a vision-language projector, and a large language model.
The MLLM processing pipeline can be formally defined as:

O = LLM,, (Proj,, (Visy(Xy)), Xq) (1
where ¢, w and ¢ denote the parameters of the vision encoder, projector and language model, re-
spectively. The output O = {v, g, y} consists of visual tokens v, instruction tokens g, and response
tokens y. Note that v and g are present in the output because the transformer decoder maintains an
equal number of input and output tokens. Unlike the supervised response tokens y, the tokens v and
q serve as unsupervised conditional context, representing the model’s comprehension of the input x
that guides the generation process.

Training Scheme of MLLMs. A typical MLLM training scheme (Liu et al., 2023c) consists of two
stages: pretraining and fine-tuning. The pretraining stage focuses on learning the vision-language
projector Proj,, to establish cross-modal alignment using caption data. Subsequently, the fine-tuning
stage jointly optimizes both Proj,, and LLM using instruction-following data and limited caption
data, thereby enhancing instruction-following capabilities.

Problem Definition. We explore knowledge distillation for MLLMs, aiming to distill small-scale
MLLMs from powerful teacher MLLMs. Formally, given a teacher model distribution Pr(y|x) and
a parameterized student distribution PZ(y|z), the knowledge distillation objective minimizes their
distributional divergence on a dataset D = {(z(?), () }I2!
Vanilla KD. Vanilla KD recognizes the autoregressive nature of language models and performs
next-token alignment by combining ground-truth supervision with distribution matching. Given a
query « and its corresponding ground-truth response sequence yEL, the objective is formalized as
minimizing the forward KL divergence between Pr and PJ at each decoding step:
L
L@ = E > Da(Pr|PE) (| yZ)|, 2)
(mvyiD;L)ND k=1

where y?k denotes the ground-truth prefix tokens, and Dyy represents the KL divergence. This
step-wise distillation transfers the teacher’s generation preferences at each generation step.

3 FRAMEWORK OF ALIGN-TI

Fig. 3 presents the overview of our proposed knowledge distillation framework, Align-TI, which is
modeled in view of token interactions. It consists of two core components: (1) Instruction-aware
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Figure 3: Overview of the proposed Align-TI. The framework explicitly models knowledge distilla-
tion in MLLMs from the perspective of token interactions.

Vision Alignment (IVA), which aligns visual tokens by incorporating instruction-aware importance
weights to focus on salient visual regions. (2) Transition Probability Alignment (TPA), which aligns
not only the initial token distributions conditioned on ground-truth data but also the transition prob-
abilities to better imitate the teacher’s autoregressive generation process.

3.1 INSTRUCTION-AWARE VISION ALIGNMENT

Unlike the conventional method (Cai et al., 2024) that applies uniform alignment for all visual
tokens, our proposed IVA prioritizes alignment of salient visual regions. This targeted approach
enables a more fine-grained alignment, mitigating the influence of redundant visual information.

Objective Derivation. The key insight of IVA is to exploit the focus relationships embedded in the
cross-attention map between instruction and visual tokens. Given the full attention map A, we first
extract the instruction-to-vision sub-matrix A;_,, € RY:*Nv where N; and N, denote the numbers
of instruction and visual tokens, respectively. We aggregate attention weights across the instruction
dimension to obtain the instruction-aware importance for each visual token. Subsequently, the IVA
objective is formulated by weighting the per-token alignment loss with these importance weights:

N, N;
v 1 2

Lia(0) =D+ | D2 Aio(w k) | - Dicw(Prl|PE) (vn | ver), 3)
k=1 g u=1

where o, = Ni ij;l A;_,,(u, k) denotes the instruction-aware importance weight for the k-th
visual token, and v represents the set of visual tokens. This formulation elegantly directs the model
to focus its learning on the most salient visual information as indicated by the instruction.

Remark. The ultimate goal of KD is to train a student model to generate responses aligned with the
teacher model. Although IVA aligns visual tokens rather than directly establishing relationships with
response tokens, it enables the student model to imitate the teacher’s processing of visual tokens.
As a result, the hidden representations of the student model are implicitly optimized to be more
effective for generating the target response.

Definition 3.1 (Instruction-Relevance Score). Let o) (x) denote the vectorized instruction-aware
visual token importance weights, extracted from the l-th transformer layer for a given input query
x. The Instruction-Relevance Score (IRS) for layer l is defined as:

IRS() =1 — Ei.ﬁi’fﬁ [cos (a(l)(wl), a(l)(wg))} , “)

where cos(-, -) denotes the cosine similarity function, and D,, is the distribution of input queries.
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Remark. The IRS is a metric designed to measure the relevance between attention distribution and
the instruction’s semantics. The core intuition of IRS is that if a layer’s attention pattern exhibits
minimal variation across different inputs, its functionality is likely generic and instruction-agnostic.

The value range of IRS is [0, 1], and a lower IRS indicates weak relevance to the instruction.

Principled Layer Selection. Each layer of MLLMs generates an

attention map, from which we can extract the instruction-aware im- 07 o

portance weights. However, the evolving focus patterns across lay- 0.6 , Vw"' 4 \

ers present a challenge for selecting the optimal layer. Visual token o5 I ‘-\.

pruning methods (Ye et al., 2025) similarly leverage these maps, I ¢

but they often rely on empirical choices. To make a principled se- £ 04 ! Most Relevant

lection, we employ the IRS to choose the most instruction-relevant "~ 0.3t / Attention Map

layer. Our rationale is that a higher IRS signifies the layer is more o2k ’H'

sharply focused on instruction-relevant visual regions. Fig. 4 vi- i

sualizes IRS across layers in a Qwen2-7B-based MLLM. It shows 0'1'{.” -—=- IRS
0.0»6

that shallow layers exhibit low IRS, indicating limited semantic
grounding in early attention distributions. As depth increases,
IRS increases, indicating that attention progressively sharpens and
concentrates on instruction-relevant visual regions. However, this
trend reverses in the few final layers, where the metric begin to decrease. We find that this is because
the model starts integrating broader contextual information, causing the attention to lose its sharp
focus on specific objects (see Appendix C for visualization). This pattern of IRS is generalizable,
and we also observe it in a Vicuna-7B-based MLLM (Appendix C). Based on this analysis, we select
the layer with the highest IRS for IVA, with experiments in Sec. 4.2 validating its efficacy.
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Figure 4: Analysis of IRS.

3.2 TRANSITION PROBABILITY ALIGNMENT

In contrast to Vanilla KD, which aligns next-token predictions conditioned on ground-truth prefixes
sampled from data D, TPA aligns the token-to-token transition probability matrix. By emphasizing
transition dynamics rather than only next-step predictions, TPA enables more effective transfer of
sequential generation patterns and mitigates the growing discrepancy between teacher and student
models during autoregressive decoding.

Objective Derivation. Given a query x and a ground-truth prefix y?k, our objective is to align
not only the immediate next-token distribution but also the subsequent transition probabilities. We
formalize this objective as the minimization of the following loss:

L

E > Dxu(Pr || POk | .y2,) +E,, po Dxr(Pr || PO (yes | s,z yZ) |- (5)
(m:yP-f )~D k=1 >

Initial State Align L4 (6) Transition Probability Align L¢pa(60)

The first term, Ly4(6), is the objective of Vanilla KD, which aligns the initial state distribution at
step k. The second term, Lip,(6), is our proposed objective, which aligns the one-step transition
probability matrices:

Pr(yrs1 | yk), Pé(yria | ye) € RV gy g €, (6)

where V denotes the vocabulary set. These matrices capture token-to-token transition dependen-
cies conditioned on x and y?k. Moreover, direct alignment of the full matrix is computationally
infeasible due to the large vocabulary size |)|. Fortunately, since initial probability distributions
are highly long-tailed with most vocabulary entries having near-zero probability, aligning all matrix
rows is unnecessary. We instead align transition probabilities conditioned on the student’s distribu-
tion (yg ~ Pg). Alternatively, conditioning on the teacher distribution (y;, ~ Pr) is possible, but
it is less effective than conditioning on the student distribution. Specifically, the student distribution
allows on-policy exploration of the student’s predictive space, facilitating correction of potential
errors while maintaining computational efficiency by avoiding additional teacher forward passes.

Remark. Consider the sequence decoding space defined over vocabulary V. Vanilla KD aligns
teacher-student distributions along O(]V|) generation paths by matching next-token probabilities.
TPA expands this coverage to O(|V|?) paths by additionally aligning the transition probability ma-
trix, providing enhanced alignment scope. Detailed analysis is provided in Appendix D. This ex-
panded scope enables supervision across more generation modes, achieving more exhaustive knowl-
edge transfer. Furthermore, this expanded coverage increases the likelihood that student-generated
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Table 1: Comparison with state-of-the-art MLLMs. Our Align-TI establishes new state-of-the-art re-
sults among compact ~1B and ~2B parameter models, and demonstrates competitive performance

with some larger models. ¥ denotes models obtained via MLLM distillation.

Method | LLM | #Params | GQA SQA TextVQA POPE MME MMB | AVG
LLaVA-1.5 Vicuna-7B 62.0 66.8 58.2 859 755 643 | 68.8
Deepseek-VL DLLM-7B 613  74.0 64.7 - 734 741 -

LLaVA-Next Vicuna-7B 7B 642  70.1 64.9 865 760 674 | 715
MobileVLM V2 | Vicuna-7B 62.6 74.8 62.3 853 780 692 | 72.0
LLaVA-OV Qwen2-7B 62.2 - 84.5 - 780  80.8 -

Qwen2.5-VL Qwen2.5-7B 609 88.8 77.8 866 851 834 | 804
VILA MLLaMA-2.7B 61.5  69.0 60.4 859 721 634 | 68.7
MiniCPM-V-2 | MiniCPM-2.4B 521 763 73.2 863 705 685 | 712
LLaVADI' MLLaMA-2.7B | ~3B 614  64.1 50.7 867 688 625 | 657
MobileVLM V2 | MLLaMA-2.7B 61.1  66.7 57.5 847 720 632 | 675
TinyLLaVA Phi2-2.7B 620  69.1 59.7 864 732 669 | 69.6
MoVE-KD' MLLaMA-1.4B 577 513 443 86.1 594 488 | 589
Align-KD' MLLaMA-1.4B 60.1 67.7 53.1 87.0 652 575 | 65.1
Mini-Gemini Gemma-2B 60.7  63.1 56.2 856 670 598 | 654
MoE-LLaVA Qwenl.5-1.8B 2B 61.5 63.1 48.0 870 646 597 | 64.0
LLaVA-KD' Qwenl.5-1.8B 623 647 53.4 863  69.1 640 | 66.6
LLaVA-MoD' | Qwen2-1.5B 588 692 59.9 872 692 689 | 689
Align-TI* Qwen2-1.5B 629 714 65.1 86.1 756 71.8 | 722
Align-TI* Qwen3-1.7B 62.6 765 67.1 866 134 752 | 73.6
SPHINX-Tiny | TLLaMA-1.1B 580 215 57.8 822 631 566 | 565
LLaVA-KD' Qwen1.5-0.5B 59.6  60.6 49.9 859 645 60.1 | 634
LLaVA-MoD' Qwen2-0.5B ~1B 56.6  6l.1 57.1 - 67.0 587 -

Align-TI* Qwen2-0.5B 604  60.7 59.9 868 689 632 | 66.7
Align-TI' Qwen3-0.6B 612 684 64.1 869 700 67.6 | 69.7

trajectories during inference fall within the aligned distribution space, thereby mitigating the expo-
sure bias caused by the train-test gap (described in Fig. 2 (Right)).

Objective Estimation. We employ a Monte Carlo approach to estimate the expectation of Ly, (6).
First, a forward pass through the student model yields the initial state probability distribution
P& (yx). We then sample a small set of d candidate tokens {y,gu) }d_, from this distribution. Align-

ment is performed only on transition matrix rows associated with {y,(cu) 1d_,, formalized as:
L d

1
Lipa(0) = > 2> Dx (Pr | PE) (e |y @ yy). (7)
@yl )~ Y umh

Parallelized Calculation. A naive implementation of Eq. 7 would z Y o 0P v
require d separate forward passes on both the student model and the .
teacher model, incurring excessive computational cost. We propose an !/(1;)@
efficient parallel calculation method that computes these values in a  * )D ‘
single pass. Our approach begins by reorganizing the input response (]
sequence as follows: § = {yP |, yl,(cl)7 y,(f), ey y,(cd)}ﬁﬂ. During +7(]
the forward pass of g, we apply a specially designed ribbon attention ()
mask, as illustrated in Fig. 5. Specifically, the mask ensures y,(:) can :uf)[;]
only attend to the common context of yj_1, but not to any other can- [

o

Figure 5: Visualization of
ribbon attention mask.

didate y,(f) (v # w). This strategy effectively creates d parallel causal
pathways, enabling simultaneous estimation of the required transition
probabilities and significantly improving computational efficiency.

3.3 OVERALL OBJECTIVE FOR ALIGN-TI

The overall objective for Align-TI integrates the standard SFT loss with our proposed distillation
losses. The final objective £(6) is a summation of all components:

5(0) = £sft (9) + »Civa(e) + »de (9) + »Ctpa(e) (8)
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4 EXPERIMENTAL RESULTS

Implementation Details. We utilize the Qwen2 (Bai et al., 2025) and Qwen3 (Yang et al., 2025)
series as the LLMs for our student and teacher models. The teacher model comprises approximately
7-8B parameters, while the student model contains 1-2B parameters. The performance of teacher
models is presented in Tab. 2. Models within the same series are paired for distillation (e.g., Qwen2-
7B serves as the teacher for Qwen2-0.5B/1.5B students). We follow the MobileVLM V2 (Chu
et al., 2024b) to organize our training data, with 1.2M captioning samples for pretraining and 2.4M
mixed captioning and VQA samples for fine-tuning. Due to the limited learnable parameters, the
KD is only adopted in the fine-tuning stage. The number of sampled tokens d is set to 4. More
implementation details and hyperparameters are illustrated in Appendix B.1. We mainly compare
on six benchmarks to evaluate the multimodal understanding and VQA capabilities, more details
about our evaluation benchmark are provided in Appendix B.2.

Table 2: Performance of our Teacher Models.

LLM VisEnc | GQA  SQA TextVQA POPE MME MMB | AVG
Qwen2-7B  SigLIP-B | 64.6  80.7 64.1 86.1 78.6 76.0 75.1
Qwen3-8B  SigLIP-B | 64.0 834 64.1 86.4 80.4 71.3 76.0

4.1 MAIN RESULTS

Comparison with State-of-the-art MLLMs. As presented in Tab. 1, we benchmark our models
against state-of-the-art MLLMs, including both models trained from scratch and those derived via
distillation. Our distilled Align-TI models achieve the best performance within the ~1B and ~2B
parameter scales. Notably, Align-TI-2B surpasses substantially larger counterparts, outperforming
LLaVA-1.5-7B and MobileVLM-V2-7B (Chu et al., 2024b) by relative 7.0% and 2.2%, respec-
tively. Furthermore, Align-TI-2B achieves a significant 4.8% performance gain over LLaVA-MoD-
2B (Shu et al., 2024), a superior MoE-based MLLM distillation baseline. These results demonstrate
the efficacy of our distillation approach for transferring knowledge from large-scale MLLMs and
developing high-performing small-scale MLLMs.

Comparison with Distillation Strategy Designed for LLMs. We further compare our method with
distillation strategies specifically designed for LLMs, with results summarized in Tab. 3. Classical
distillation approaches for LLMs primarily employ diverse divergences, such as Forward KL (FKL),
Jensen-Shannon Divergence (JSD) and Reverse KL in MiniLLM (Gu et al., 2023). Our experiments
show that FKL yields superior performance over other KL variants, which aligns with prior findings
that the optimal divergence is task-dependent (Agarwal et al., 2024; Xu et al., 2024a). Additionally,
GKD (Agarwal et al., 2024) exhibits an average performance degradation of 2.3 relative to FKL.
This may be attributed to GKD aligning on student-generated on-policy responses, which can lead
to incorrect answers, particularly in more challenging multi-modal scenarios. Nevertheless, all these
LLM-centric strategies are substantially outperformed by Align-TI, as the gap between LLM and
MLLM is significant.

Table 3: Comparison with knowledge distillation strate- Table 5: Inference Efficiency compared

gies designed for LLM. with LLaVA-1.5-7B (Liu et al., 2023b).
Model ‘ GQA SQA TextVQA POPE MME MMB ‘ AVG Metrics LLaVA-1.5 Align—TI
FKL 593 597 59.2 862 650 604 | 65.0 Params (B) 7 )
MiniLLM | 594  59.9 58.7 855 656 579 | 645 ° )
JSD 574 589 579 859 662  56.1 | 63.7 Peak Memory (GiB) 14.0 4.8
GKD 554 585 573 856 615 579 | 627 Time to First Token (ms) 90 57
Align-TI 604 60.7 59.9 868 689 632 | 66.7 Throughput (token/s) 33.8 64.8

AVG Performance (%) 68.8 73.6

Table 4: Ablation Study on IVA and TPA
IVA TPA | GQA SQA TextVQA POPE MME MMB | AVG

Table 6: Training Efficiency.

Align-TI

576 590  59.1 862 66.1 579 | 643 Metrics Vanilla KD GKD A TPA TVATTRA
v 506 580 613 8.5 668 583 | 65.1
v | 603 610 596 865 681 630 | 664 Training Time (H) 355 962 359 504 509
v | 604 607 599 868 689 632 | 66.7 Memory (GiB) 706 768 707 753 756
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Efficiency Analysis. We assess the computational efficiency of our method from two perspectives:
inference speed and training overhead. As shown in Tab. 5, Align-TI-2B not only surpasses the
much larger LLaVA-1.5-7B in performance but also exhibits significant computational advantages.
Specifically, it achieves 1.7x faster first-token generation, 1.9x higher decoding throughput, and
consumes only 4.8 GiB of peak memory. These characteristics make it highly suitable for deploy-
ment on resource-constrained edge devices. Furthermore, Tab. 14 analyzes the training efficiency of
our approach. It demonstrates that IVA incurs negligible additional computational overhead, with
the majority of the cost arising from TPA. Compared to Vanilla KD, our Align-TI increases training
time by 1.4x, whereas GKD results in a 2.7 X training time overhead.

4.2 ABLATION STUDY

Component Analysis. To evaluate the contributions of IVA and TPA, Tab. 4 presents an ablation
study on their individual and combined effects. When neither IVA nor TPA is employed, the base-
line model achieves an average performance of 64.3. In contrast, the combined integration of TPA
and IVA yields an average performance of 66.7, which represents an improvement of 2.4 over the
baseline. When applied separately, TPA and IVA improve the baseline by 2.1 and 0.8, respectively,
confirming the efficacy of each module. Notably, the performance gain from TPA is larger than that
from IVA. This observation aligns with their distinct mechanisms: TPA imposes an explicit con-
straint by directly aligning output distributions, whereas IVA operates indirectly by matching latent
feature representations for response generation. Moreover, as illustrated in Tab. 14, the training time
overhead of TPA is significantly higher than that of IVA, while IVA can be integrated with TPA at
nearly no additional cost.

Design of Important Weights. Tab. 7 Taple 7. Comparison of importance weights ex-
presents our investigation into the oOpti- (racted from different layer depths for IVA.

mal layer depth for_ extracting importance =7 o | GQA SQA TextVQA POPE MME MMB | AVG
weights. By evaluating five equidistant lay-
0(0/4)] 58.1 569 589 863 663 558 | 637

ers, we ﬁr}d that optimal performance is 7(1/4)| 554 561 408 851 626 530 | 588
achieved with the 21st layer, located approx- 142/4)| 583 57.1 596 858 660 567 | 63.9
imately three-quarters of the model’s depth. 21 (3/4)| 59.6 580 613 865 668 583 | 65.1
Notably, this layer coincides with the model D@4 | 588 582 593 868 671 575 | 646
region exhibiting the highest IRS. In con-
trast, weights from layers with low instruc-
tion relevance degrade model performance.
This finding underscores that IVA’s effec-
tiveness originates from its ability to fo-
cus student model’s limited capability on
instruction-salient regions while filtering out
the impact of redundant visual tokens. Furthermore, we compare the effects of using importance
weights derived from the student and teacher models, as detailed in Tab. 8. The results reveal that
aligning with the teacher’s attention focus yields an average performance improvement of 0.4. This
improvement can be attributed to the fact that the student model, with its limited capacity and lack
of SFT, does not yet possess a robust ability to accurately focus on instruction-relevant regions.

Table 8: Comparison of importance weights ex-
tracted from teacher and student models for IVA.
Method | GQA SQA TextVQA POPE MME MMB | AVG

Student | 59.3 57.5 61.1 863 654 583 | 64.7
Teacher | 59.6 58.0 61.3 86.5 668 583 | 65.1

Comparison with Uniform Alignment. To  ypje 9: Compare with visual token alignment with
demonstrate the efficacy of our proposed | hiform weights (Cai et al., 2024).

IVA, we benchmark it against the uniform G 20eg | GQA SQA TextVQA POPE MME MMB | AVG
alignment strategy from (Cai et al., 2024), -
Uniform | 59.4 57.3 610 863 651 580 | 645

which assigns equal weights to all visual to- 5 ¢ 59.6 580 613 865 668 583 | 651
kens. As shown in Tab. 9, IVA outperforms
uniform alignment on all six benchmarks,
achieving an average improvement of 0.6. This highlights that IVA’s instruction-aware weighting
mechanism facilitates a more effective and targeted alignment.

Impact of Different TPA Designs. We compare two sampling strategies for TPA: (i) greedy sam-
pling, which selects the top-d most probable tokens, and (ii) nucleus sampling, which stochastically
draws d tokens from the student’s predictive distribution. Fig. 6 illustrates the model performance
as a function of sampled token number d. For both strategies, performance improves as d increases,
eventually plateauing around d = 4. This trend aligns with the expectation that sampling the high-
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Figure 6: Ablation study on TPA design choices: Figure 7: Evolution of %ExAccErr across gen-
comparing different sampling strategies and sam- eration steps, illustrating the effect of TPA on
pled token number d. mitigating exposure bias.

probability part of the output distribution is adequate since language model output distributions are
typically long-tailed. More importantly, nucleus sampling consistently outperforms greedy sam-
pling in the low-d regime. We attribute this to the diversity inherent in nucleus sampling, which
encourages the student to learn a broader range of state transitions. In contrast, greedy sampling fo-
cuses on the model’s most confident, high-probability tokens, which often overlap with the ground
truth, thereby providing redundant supervision.

4.3 ANALYSIS ON IVA AND TPA

w/o IVA Teacher

Analysis of IVA on Enhancing Vi-
sual Focus. We qualitatively ex-
amine how IVA strengthens a stu-
dent model’s ability to attend to
instruction-relevant visual regions.
As illustrated in Fig. 8, we visual-
ize the instruction-to-vision atten- ‘
tion maps for the student model ’;y
(with and without IVA) alongside
the teacher model. These maps TR T
are sourced from the layer ex- =4 _o . : ‘

hibiting the highest IRS. We ob- [ _ HB b o 0 %

serve that equlpplng the student Instruction: What should I do after kneading the dough, before dividing it into pieces?
with IVA makes its attention pat- Figure 8: Qualitative analysis of IVA. IVA enhances student
terns more closely align with the attention by correcting misdirected focus (top row) and sharp-
teacher’s. Specifically, we identify ening diffuse attention maps into precise ones (bottom row).
two primary improvements: (1) Fo-

cus correction: Without IVA, the student may incorrectly attend to unrelated objects. For instance,
when asked about a ”green logo,” it focuses on an entirely different logo (top row). IVA helps redi-
rect its attention to the correct target. (2) Focus sharpening: Even when the student localizes the
correct general area without IVA, its attention can be dispersed across irrelevant regions. IVA refines
this into a concentrated map that closely follows the teacher’s precise focus (bottom row). These
findings demonstrate that IVA effectively distills the teacher’s ability to extract visual information.

Analysis of TPA on Mitigating Exposure Bias. Fig.7 depicts the analysis of %ExAccErr, a metric
for assessing exposure bias with definition and calculation details outlined in Appendix B.4.2. When
exposure bias is eliminated, the teacher and student models generate the same prediction distribution
across different prefixes, resulting in a %ExAccErr being zero. As shown in Fig. 7, models trained
with SFT and Vanilla KD both exhibit significant exposure bias, with their %ExAccErr values
quickly rising and then stabilizing at around 30%. In contrast, the model distilled through our TPA
approach exhibits %ExAccErr within the range of (—10%, 10%). Moreover, the %ExAccErr even
becomes negative in the early stages, indicating that the gap between student and teacher is smaller
in the condition of a prefix generated by the student model. This finding strongly suggests that
TPA successfully forces the student to learn the teacher’s underlying transition dynamics, thereby
aligning their output distributions across different contexts and effectively reducing exposure bias.
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4.4 SCALING ANALYSIS

Data Scaling. Fig. 9 presents the performance of SFT, Vanilla KD

=
©

and Align-TT as a function of training data size, with Qwen2-0.5B 8

as the LLM of student. All three approaches demonstrate consis- § o A
tent improvements as the amount of training data increases. No- g ,,/::/
tably, Align-TI consistently outperforms Vanilla KD across all data ¢ o ,X’/"
scales. Furthermore, the results indicate that SFT and Vanilla KD g ,/”/,-’

perform similarly when trained on either a limited dataset (25%) or £ > s - ::: \S,:;ua b
the full dataset (100%), whereas Align-TI delivers substantial gains % °°| ¢ Align-TI

in both settings. This highlights two key strengths of Align-TI: (1) 5% 50% 100%
it facilitates highly effective knowledge transfer even in data-scarce Student Data Scale
scenarios, and (2) it continues to distill supplementary knowledge Figure 9: The scaling law for
when data is abundant, enabling further performance gains. student training data.

Teacher Scaling. Tab. 10 presents the im-  apje 10: Scaling analysis of teacher model size.

pact of teacher model size on Align-TL, us- = =2 |GQA SQA TextVQA POPE MME MMB | AVG
ing Qwen3-1.7B/4B/8B and Qwen3-0.6B as T 02 614 635 564 705 65 (693

the LLM of teacher and student. Increasing ~4B 615 688 637 82 697 675 | 69.6
the teacher size from 2B to 4B results in a ~8B 612 684 641 869 700 67.6 | 69.7
notable average performance improvement,

as indicated by 1.4 on SQA and 1.3 on GQA. However, further increasing the scale to 8B results
in only marginal gains, with the average performance improving by a mere 0.1. This suggests that
the benefits of a larger teacher exhibit diminishing returns, likely constrained by the representation
capacity of the student model, a phenomenon also observed in (Mirzadeh et al., 2020).

Model Architecture. To validate the effec-  Typ1e 11: Distillation performance comparison on
tiveness of Align-TI across diverse architec- MobileLLaMA-1.4B as the student LLM.

tures, we conduct additional experiments us-

. » WE Method |GQA SQA TextVQA POPE MME MMB | AVG
ing MobileLLaMA-1.4B (Chu et al., 2024a) Teacher | 620 704 612 59 755 643 | 673
as the student model, and MLLM with ST 58'4 64'8 60'6 85'6 66'6 56'2 65'4
Vicuna-7B (Chiang et al., 2023) as the i kp| 580 656 614 860 651 3566 | 656
teacher. As shown in Tab. 11, Vanilla KD Align-TI | 604 67.7 619 869 675 60.7 | 67.5
yields merely a 0.2 average improvement
over SFT, while exhibiting a 1.5 performance drop on MME. In contrast, our method achieves an
average gain of 2.1 relative to SFT, and achieves the best performance on all benchmarks. These

results demonstrate the robustness of Align-TI across various model architectures.

5 CONCLUSION

This paper introduces Align-TI, a novel token-level knowledge distillation framework for transfer-
ring knowledge from large-scale to parameter-efficient MLLMs. Align-TI models knowledge distil-
lation from the perspective of token interactions, including both vision-instruction token interactions
and intra-response token interactions. We present an in-depth analysis of these two types of interac-
tions, and propose two corresponding components: Instruction-aware Vision Alignment (IVA) and
Transition Probability Alignment (TPA). IVA aligns visual tokens on the instruction-aware salient
regions to learn the teacher’s visual information extraction capability, and TPA distills the token-to-
token transition probability to transfer the dynamics of autoregressive generation. Comprehensive
experiments demonstrate the effectiveness of Align-TI in distilling MLLMs.

Limitations and Future Work. Due to limited computational resources, we validate the effective-
ness of Align-TT only on image—text benchmarks. However, we believe Align-TI can be effectively
extended to other modalities (e.g., video), as such tasks also produce token-level outputs, which
can be modeled by Align-TI’s objective. Exploring its potential in continuous spaces represents
a promising direction, enabling application to diverse models such as unified frameworks and la-
tent reasoning architectures. Moreover, exploring the vision-language alignment via distillation of
vision-language projector could be a promising avenue.

10
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6 REPRODUCIBILITY STATEMENT

Reproducibility is a priority in our research. In this statement, we outline the measures taken to
ensure our work can be reproduced.

Source Code. The source code and pre-trained model weights will be made publicly available.

Experimental Setup and Details. In the main paper, the basic experimental configurations are pre-
sented in Sec. 4 (Implementation Details). For comprehensive documentation, Appendix B provides
further implementation specifics, covering: the training details for teacher models (Appendix B.1.1),
training details for student models(Appendix B.1.2), benchmark details (Appendix B.2), descrip-
tions of comparison methods (Appendix B.3), calculation methodologies for Exposure Bias (Ap-
pendix B.4) and calculation details for IRS (Appendix B.5).

Datasets. All datasets used for training and evaluation are open-sourced and publicly accessible,
and their details are provided in Appendix B.1 and B.2.

By highlighting these references, we intend to improve the reproducibility of our work, helping
other researchers verify and build on our findings. We’re open to any questions or requests for more
information about our methods, as we aspire to ensure our research is transparent and reliable.
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APPENDIX

In Sec. A, we review existing works relevant to this study. Sec. B provides more implementation
details of this study, including training details, benchmark details, comparison methods and the
calculation of some metrics used in this study. Additional technical details for our proposed IVA
and TPA are presented in Sec. C and Sec. D, respectively. Sec. E presents additional experiments.
Sec. F provides claims regarding the use of large language models. Finally, we provide several case
studies in Sec. G.

A RELATED WORK

Multimodal Large Language Models. The success of large language models, driven by self-
supervised next-token prediction, has significantly advanced multimodal learning by unifying vision
and language modalities within the LLM framework. To achieve this, aligning visual and textual rep-
resentations is essential. Key alignment strategies include: Flamingo (Alayrac et al., 2022), which
integrates visual features via cross-attention adapters; BLIP-2 (Li et al., 2023a), employing a Query-
ing Transformer for visual-language pre-alignment; and LLaVA (Liu et al., 2023c), which demon-
strated that a simple MLP layer suffices for effective modality alignment and is widely adopted in
subsequent works (Bai et al., 2025; Chen et al., 2024b). Beyond LLMs, MLLMs also rely on pre-
trained vision encoders to process vision input. Thus, (Li et al., 2024b) introduces a more powerful
vision encoder, and (Huang et al., 2025) supports higher-resolution inputs. Furthermore, MLLM
capabilities are expanding beyond text generation to tasks like segmentation (Liu et al., 2025) and
detection (Shen et al., 2025). Recent works (Zhao et al., 2025; Jiang et al., 2025) introduce the rea-
soning capabilities into the MLLMs. In addition, considering the substantial computational demands
of MLLMs, significant efforts (Chu et al., 2024a; Zhou et al., 2024; Zhang et al., 2025) are also fo-
cused on improving model efficiency. This work also focuses on compact MLLMs and develops a
more powerful knowledge distillation method for transferring knowledge in large-scale MLLMs.

Knowledge Distillation for LLM. Recent years have witnessed remarkable successes in LLMs
trained on extensive datasets with numerous parameters. However, their substantial computational
requirements limit deployment in resource-constrained scenarios, motivating extensive research into
model compression via KD (Hinton et al., 2015). KD transfers knowledge from powerful teacher
models to compact student models, categorized into black-box (output-only access) and white-box
(access to intermediate features and logits) paradigms (Xu et al., 2024b). White-box KD, with
access to intermediate features and logits, shows superior knowledge transfer capabilities compared
to black-box KD methods that synthesize data through the teacher model (Kim & Rush, 2016; Guha
et al., 2025; Hugging Face, 2025). This study primarily focuses on white-box distillation.

Early efforts in LLM distillation centered on refining the distillation objective. For instance,
MiniLLM (Gu et al., 2023), f-Distill (Wen et al., 2023) and DistiLLM (Ko et al., 2024) proposed
using reverse KL divergence, f-divergence and skew KL divergence, respectively, to better align
the student’s output distribution with the teacher’s. More recent advancements have focused on
transferring more complex forms of knowledge. GKD (Agarwal et al., 2024) enables the student
to learn from the teacher’s rationale on self-generated mistakes. PromptKD (Kim et al., 2024) pio-
neered the use of prompt tuning to adapt the teacher, making its knowledge more student-friendly.
Furthermore, RLKD (Xu et al., 2025) introduced a reinforcement learning framework guided by a
novel reward model, allowing the student LLM to internalize the teacher’s complex, multi-branch
reasoning pathways.

Knowledge Distillation for MLLLLM. Since LLMs serve as the backbone of MLLMs, KD techniques
developed for LLMs provide a foundational basis. However, their direct application is suboptimal,
as MLLMs introduce the additional knowledge from a vision encoder and preserving cross-modal
alignment. The exploration of MLLM distillation is still in its early stages. A recent study by
LLaVADI (Xu et al., 2024a) revealed that features from intermediate layers, attention mechanisms,
and token relationships are ineffective for MLLM distillation. Moreover, LLaVA-KD (Cai et al.,
2024) established a framework incorporating both multimodal content and relational distillation.
To address limitations in student capacity, LLaVA-MoD (Shu et al., 2024) enhances the student’s
representational power by integrating a Mixture-of-Experts (MoE) architecture. Align-KD (Feng
et al., 2025) focuses on modeling the cross-modal alignment process during distillation. Addition-
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ally, some research concentrates on distilling vision encoders, such as MoVE-KD (Cao et al., 2025),
which utilizes multi-teacher distillation to efficiently compress the vision encoder. Furthermore, our
work proposes a novel MLLM distillation framework centered on the interactions in the prefilling
and decoding stages.

B IMPLEMENTATION DETAILS

B.1 TRAINING DETAILS
B.1.1 TRAINING DETAILS FOR TEACHER MODELS

In this study, we employ token-level knowledge distillation to train small-scale MLLMs. To main-
tain architectural consistency with the target small-scale models and facilitate effective knowledge
transfer, we follow established protocols (Liu et al., 2023c¢) for training large-scale teacher MLLMs.
Our teacher models utilize Qwen2-7B and Qwen3-8B as the backbone language models, and fol-
lowing recent best practices, we employ the SigLIP-B/14 (Zhai et al., 2023) as the visual encoder.
The vision-language projector consists of a two-layer MLP with GeLU activation.

We adopt the two-stage training paradigm from LLaVA (Liu et al., 2023c): (1) Pretraining stage:
Models are trained on the LLaVA1.5-558k caption dataset (Liu et al., 2023c) for one epoch with
a learning rate of 10~3 and batch size of 256. (2) Fine-tuning stage: Models are trained on the
LLaVA-mix-665k dataset (Liu et al., 2023c), which combines caption and VQA data, for one epoch
with a learning rate of 2 x 10~° and batch size of 128. Both stages employ the AdamW opti-
mizer (Loshchilov & Hutter, 2017) with cosine decay learning rate scheduling and warmup, utilizing
full parameter fine-tuning. Our implementation builds upon the open-source LLaVA codebase and
is conducted on 8 NVIDIA A100 GPUs. Detailed training hyperparameters are provided in Tab. 12.

Table 12: Configuration for training teacher model.

Configuration Pretraining Fine-tuning
Trainable components VL-projector VL-projector, LLM
Epochs 1 1
Batch size 256 128
Learning rate 1x1073 2x107°
LR scheduler type Cosine Cosine
Optimizer AdamW AdamW
Weight decay 0 0
Warmup ratio 0.03 0.03
BF16 True True
Model max length 2048 2048
Fine-tuning type Full Full
Model parallelism ZeRO-2 ZeRO-2

B.1.2 TRAINING DETAILS FOR STUDENT MODELS

Aligned with the teacher models’ two-stage training strategy, student models employ identical hy-
perparameter configurations for learning rate, training epochs, and optimizer. Two key distinctions
exist: First, student models utilize more compact large language architectures, specifically Qwen2-
0.5B/1.5B and Qwen3-0.6B/1.7B. Second, during fine-tuning, we introduce auxiliary supervision
from the teacher model via knowledge distillation. The training objective thus combines standard
supervised fine-tuning loss with our proposed distillation loss.

To address the constrained capacity of compact models, which typically require expanded training
corpora, we adopt established small-model training methodologies (Chu et al., 2024b). This moti-
vates our use of an augmented dataset containing 3.6M samples: 1.2M captioning samples during
pretraining and 2.4M mixed captioning and VQA samples during fine-tuning. Data sources and
functional allocations are detailed in Tab. 13. All experiments were conducted across 16 NVIDIA
H20 GPUs.
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Table 13: Detailed description for data adopted to train the student models.

Stage Datasets #Samples Description
Pretraining ~ ShareGPT4V-PT (Chen et al., 2024a) 1.2M Caption
VSR (Liu et al., 2023a) 13K VQA
SQA (Lu et al., 2022) 13K VQA
Text-VQA (Singh et al., 2019) 35K VQA
VIGC (Wang et al., 2024) 37K VQA
Fine-tuning IConQA (Lu et al., 2021) 107K VQA
Visual Dialog (Das et al., 2017) 123K Conversation
COCO (Chen et al., 2015) 592K Caption
ShareGPT4V (Chen et al., 2024a) 665K Mixed
SBU (Ordonez et al., 2011) 844K Caption
Total - 3.6M -

B.2 BENCHMARK DETAILS

Our comprehensive evaluation encompasses six carefully curated benchmarks designed to assess
diverse visual-language understanding and generation capabilities. The key characteristics of each
benchmark are detailed below:

GQA (Hudson & Manning, 2019) (Question Answering on Image Scene Graphs): A VQA bench-
mark designed for real-world visual reasoning and compositional question answering, containing
12,578 samples for evaluation.

SQA (Lu et al., 2022) (Scientific question answering): A VQA benchmark focusing on scientific
tables and text with diverse reasoning types, containing 4,241 samples for evaluation.

TextVQA (Singh et al., 2019) (Text Visual Question Answering): A VQA benchmark for visual
reasoning based on text in images, containing 5,000 samples for evaluation.

POPE (Li et al., 2023b) (Polling-based Object Probing Evaluation): A Hallucination detection
benchmark focusing systematically evaluating object hallucination tendencies, containing 8,910
samples for evaluation.

MME (Fu et al., 2024) (Multimodal Model Evaluation): Comprehensive evaluation suite covering
measures both perception and cognition abilities on a total of 14 subtasks with 2,374 manually
curated samples.

MMB (Liu et al., 2024c) (MultiModal Benchmark): Large-scale multi-choice VQA benchmark
containing questions requiring advanced reasoning across 20 task categories, with 4,377 English
questions for MMB.

B.3 DETAILS OF COMPARISON METHODS

We evaluate our Align-TI method by distilling MLLMs at two different scales: ~1B and ~2B
parameters. Our comparison encompasses both models of similar parameter counts and larger-scale
models to demonstrate the efficiency and effectiveness of our approach.

For models with comparable parameter counts (~1B and ~2B), we compare against a compre-
hensive set of baselines spanning different training paradigms. These include models trained end-
to-end from scratch, such as SPHINX-Tiny (Liu et al., 2024a), Mini-Gemini (Li et al., 2024b),
and MoE-LLaVA (Lin et al., 2024a). Additionally, we compare with models developed using spe-
cialized knowledge distillation techniques for MLLMs, including MoVE-KD (Cao et al., 2025),
Align-KD (Feng et al., 2025), LLaVA-KD (Cai et al., 2024) and LLaVA-MoD (Shu et al., 2024).

To further demonstrate the parameter efficiency of our method, we extend our comparison to larger-
scale models. This includes ~3B parameter models such as TinyLLaVA (Zhou et al., 2024), Mo-
bileVLM V2 (Chu et al., 2024b), LLaVADI (Xu et al., 2024a), MiniCPM-V-2 (Yao et al., 2024) and
VILA (Lin et al., 2024b), as well as ~7B parameter models including LLaVA-1.5 (Liu et al., 2023b),
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LLaVA-Next (Liu et al., 2024b), DeepSeek-VL (Lu et al., 2024), LLaVA-OV (Li et al., 2024a) and
Qwen2.5-VL (Bai et al., 2025).

B.4 DETAILS OF ANALYSIS ON EXPOSURE BIAS

B.4.1 TRAINING-TIME AND TEST-TIME ACCUMULATED ERROR

In Fig. 2, we visualize the training-time and test-time accumulated errors to reveal the expanding
gap with increasing generation length. This section provides the detailed computation. To ensure
analysis over sufficiently long sequences, we construct an evaluation set D¢ by randomly sampling
1K samples from the original training set where response length exceeds 100 tokens. These samples
are subsequently removed from the training data, ensuring D¢ follows the same distribution as the
training set. The student model analyzed here is trained using Vanilla KD.

The training-time accumulated error Ei,,(!) measures the cumulative divergence under teacher
forcing, where the model is conditioned on the ground-truth prefix y., at each generation step:

l
Erain(1) = ZE(w,y)NDe [DkL(Pr||P§)(ye | ,y<¢)] - 9
t=1
In contrast, the test-time accumulated error Fieq(l) simulates realistic autoregressive inference by
conditioning on the model’s own generated prefix:
l
Eea(l) =Y Eonpe y_onpt [Dxu(Pr]| PE) (v | @, y<i)] - (10)
t=1

The train-test gap illustrated in Fig. 2 corresponds to the difference Eies (1) — Eirain (1), which directly
quantifies the performance degradation caused by error propagation during inference.

B.4.2 EXCESS ACCUMULATED ERROR

Definition B.1 (Excess Accumulation Error). Given a target distribution Pr and a parameterized

student model Pg, the Excess Accumulated Error (%ExAccErr<(1)) (Arora et al., 2022) quantifying

exposure bias over sequences is formally defined as:

R(l) - E(I)
E(1)

where R(l) denotes the accumulated regret of imitating the teacher’s generation logic up to | time

steps, and E (1) is the baseline error conditioned on the oracle context sampled from teacher distri-
bution Pr. A value near zero implies mitigation of exposure bias.

%ExAccErr< (1) = x 100%, (11)

The excess accumulated error is estimated using the 1K dataset DS described in Sec. B.4.1. Here,
R(1) represents the accumulated teacher-student error up to generation step I, conditioned on low-
quality prefixes sampled from the student model Pg, and is estimated using KL divergence:

l
R(l) = ZEmNDg,y<t~Pg [Dkw(Prl|P§)(y: | &, y<)] (12)
t=1
Similarly, F(I) denotes the baseline teacher-student error up to generation step /, conditioned on
oracle contexts sampled from the teacher distribution Pr:

1

E(l) = Eanpe yonrr [Dxn(PrlPE)(ye | ,y<1)] (13)

t=1

Thus, %ExAccErr<(l) quantifies the relative error induced by exposure bias. Under ideal con-
ditions where exposure bias is effectively mitigated, the student model should exhibit nearly
identical distribution gaps regardless of the source model generating the response, resulting in
%ExAccErr<(l) — 0. Notably, due to the uncertain relationship between R(!) and E(I),
%ExAccErr< (1) can assume negative values. A negative value indicates that the distribution gap
between student and teacher becomes particularly small when conditioned on student-generated re-
sponses, while a larger gap exists when conditioned on teacher-generated oracle responses. This
phenomenon suggests the persistent presence of exposure bias.

19



Under review as a conference paper at ICLR 2026

B.5 CALCULATION DETAILS FOR IRS.

The Instruction-Relevance Score (IRS) is formally defined as the expected cosine similarity between
the vision token importance vectors extracted from attention maps for two different inputs. We
estimate this expectation by constructing a set of 1K input pairs, each containing two different
queries. Our empirical results demonstrate that the IRS is a stable metric that converges rapidly with
a modest number of sample pairs.

B.6 IMPLEMENTATION DETAILS FOR TPA.

Algorithm | outlines the procedure for Transition Probability Alignment (TPA), providing further
implementation details.

Algorithm 1 Transition Probability Alignment (TPA)

1: Input: Frozen teacher model Pr(y|x)
Student model Pg(y|z) with learnable parameters 6.
Training dataset D
Hyperparameters: number of sampled tokens d, learning rate 7

2: repeat
3: Sample a mini-batch B ~ D.
4: Initialize total losses Lixq(#) < 0 and Lypa(0) < 0.
5. for each (z,y?) in B do
6: Initialize augmented sequence g < ().
7: Perform single forward pass of P¢ on (z, y?).
8: for k = 1to |y?| do
9: Sample d candidate tokens {y,(cﬂ)rl}fle ~ Ps(- | z,y%})
10: Concatenate tokens: § < g o yP o [y,(cl_gl, . ,y,(ﬁgl]
11: end for
12: Construct the ribbon attention mask M for y > Ensures parallel causal paths, Fig. 5
13: Perform single forward passes of Pr and Pg on (x,y) using attention mask M.
14: Compute the initial state alignment loss (Vanilla KD): > Eq. 2
1y
Lia(0) < Lia(0) + > Dxw(Pr || Ps)(yx |z, yZ)
k=1
15: Compute the transition probability alignment loss: > Eq. 7
"l d ‘
Lipa(0) < Lepa(0) + Y y > Dxw(Pr || Ps)(yrs1 | ) 2, y2,)
k=1 i=1
16: end for

17: Update model parameters: 6 <— 6 — nV(Lia(0) + Lipa(P))
18: until convergence
19: Return: Distilled student model P§(y|x)

C ADDITIONAL DETAILS FOR IVA

C.1 VISUALIZATION ANALYSIS FOR INSTRUCTION-TO-VISION ATTENTION MAP.

As quantitatively illustrated in Fig. 4, the IRS varies significantly across different layers of the
teacher model. Specifically, IRS is relatively low in the early layers, decreases to its maximum in
the middle layers, and then gradually decreases in the deeper layers. To qualitatively interpret this
behavior, we visualize visual token importance maps across layers in Fig. 11. Our analysis reveals
a clear evolution of the model’s attention mechanism. Initially, in the shallow layers (e.g., Layers
0 and 5), the model demonstrates instruction-agnostic behavior, with attention maps focusing on
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IRS Decreasing

Instruction: What type of plant is in the upper left corner?

Instruction: What is the tail position of the dog?

v
- ~

Layer 0 Layer 5 Layer 21 Layer 27
Shallow Layer: Nearly Instructions Irrelevant Deep Layer: Instruction relevant

Figure 11: Qualitative analysis of instruction-to-vision attention map evolution across layers. In
shallow layers, the attention is largely instruction-agnostic, with different instructions causing the
model to attend to similar visual regions (highlighted in gree boxes). In deep layers, the attention
maps become highly instruction-specific, with model focusing on instruction-relevant visual regions.

general salient patterns regardless of the instruction. This corresponds to an initial phase of low-
level feature extraction, resulting in low IRS. As information propagates to the middle layers (e.g.,
Layer 21), the attention transitions to an instruction-specific mode, sharply focusing on semantically
relevant regions for each task. This semantic filtering process causes a significant drop in IRS to their
maximum. Interestingly, towards the final layers (e.g., from Layer 21 to 27), the focused attention
begins to diffuse, re-incorporating contextual information from surrounding areas. This final stage
of contextual refinement, essential for generating rich responses, leads to a subsequent decreasing
in IRS.

C.2 IRS ANALYSIS WITH VICUNA-7B As LLM.

In Fig. 4 we analyzed the variation of IRS across different layers us- oal ,.x"j\_\
ing Qwen2-7B as the LLM, observing a characteristic trend where » \
IRS initially increases and subsequently decreases, with the peak ol = _.,,"

occurring at approximately three-quarters of the model depth. Ex- 2 . T

tending this analysis in Fig. 10, we evaluate the IRS behavior when oz /) _/ Most Relevant
using Vicuna-7B as the LLM. Consistent with prior observations, ' V" | Attention Map
the IRS also exhibits an initial increase followed by a decrease, o1r L e
achieving its maximum near the three-quarters of the layer depth. i i ! .
These results suggest that the observed IRS phenomenon is general * layerindex
across different model architectures. Figure 10: Analysis of IRS.

D ADDITIONAL DETAILS FOR TPA

D.1 DERIVATION OF ALIGNMENT SCOPE EXPANDED IN TPA

We analyze the alignment scope by conceptualizing the generation process as a tree structure where
each node represents a token state and edges represent transitions between states.

Vanilla KD aligns next-token probabilities conditioned on ground-truth prefixes. At each timestep
k, it minimizes D, (Pr||P§)(yk|z, yZ,) over all |V| possible next tokens. However, the alignment
follows a single trajectory determined by the ground-truth sequence ygk. In the tree representation,
Vanilla KD aligns all child nodes at each level but only traverses one path from root to leaf. For a
sequence of length L, this results in alignment over L X |V| nodes, yielding O(|V|) path coverage
as illustrated in Fig. 12 (A).
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Figure 12: Visualization of alignment spaces achieved by Vanilla KD and Transition Probability
Alignment. Starting from the root node, probability distributions at internal nodes and leaf nodes
are aligned to transfer knowledge from teacher to student models. Each non-leaf node has children
spanning the entire vocabulary V.

TPA extends this alignment by incorporating transition probability matching through
By, ~ps Dxw(Pr | P&)(yk+1|yx). Rather than expanding only from ground-truth tokens, TPA sam-
ples candidate tokens and aligns transitions from each sampled state. This corresponds to aligning a
[V| x |V| transition matrix at each timestep, where both predecessor and successor tokens span the
entire vocabulary. For a sequence of length L, TPA aligns |V| + (L — 1) x |V|? nodes, achieving
O(|V|?) path coverage as shown in Fig. 12 (B).

D.2 DISCUSSION ON TRAINING EFFICIENCY OF TPA

Tab. 14 presents the training efficiency analysis of our proposed TPA, specifically evaluating the
computational overhead in terms of forward propagation frequency. We consider a dataset consisting
of N training samples with an average response sequence length of L, and denote the number of
sampled tokens as d. As shown in the comparison, Vanilla KD requires /N forward pass for both the
student and teacher models per epoch. Ultilizing a parallelized calculation strategy with carefully
designed attention masks, our proposed TPA necessitates 2N forward passes for the student and N
for the teacher. This mechanism ensures that each token attends solely to its valid prefix, enabling
efficient batch processing.

Without this parallelization, the computational cost becomes prohibitively expensive, scaling to
dLN + N for the student and dL N for the teacher, as the output distribution must be computed
iteratively for each sampled token. Consequently, our parallelized approach significantly reduces
the overhead, ensuring that Align-TT maintains a training efficiency comparable to standard KD
methods while achieving superior alignment performance.

Table 14: Comparison of computational overhead in terms of forward passes per epoch. Here, N
denotes the number of training samples, L represents the average response sequence length, and d
indicates the number of sampled tokens.

Number of Forward Passes

Method
Student Model Teacher Model
Vanilla KD N N
TPA (w/ Parallelization) 2N N
TPA (w/o Parallelization) dLN + N dLN

D.3 DISCUSSION ON IMPACT OF TPA ON SEQUENCE-LEVEL ALIGNMENT.

In this section, we aim to gain deeper insight by examining how our proposed TPA relates to the ideal
objective of sequence-level alignment. The ultimate goal of knowledge distillation is to minimize
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the KL divergence between the teacher’s and the student’s full sequence distributions:
minBep, [Dxw (Pr || PS) (yr:z | )] (14)

where L is the sequence length and D, denotes the set of input problems. Our analysis reveals that,
compared to Vanilla KD, TPA promotes this sequence-level alignment. We present evidence from
both theoretical and experimental perspectives.

Theoretically. Strictly optimizing the formulation in Eq. 14 necessitates alignment within a joint
probability space of complexity O(|V'|F). In practice, this space is computationally intractable
and highly sparse, with numerous combinations being semantically meaningless or contextually
irrelevant. As discussed in Sec. D.1, Vanilla KD simplifies this objective by performing alignment in
an O(|V|) space. In contrast, TPA operates within an O(|V|?) space. This implies that TPA exposes
the student to richer structural patterns and transition dynamics during training. Such alignment
provides a more superior approximation of the full sequence distribution compared to Vanilla KD,
thereby facilitating the optimization of Eq. 14.

Empirically. A primary motivation for TPA is to mitigate the Exposure Bias arising from the
training-test distribution shift. We employ the Excess Accumulated Error metric (%ExAccErr)
to quantify the severity of this bias. Fig. 7 illustrates the trajectory of %ExAccErr as the num-
ber of generation steps increases. The results indicate that the model distilled via TPA maintains a
remarkably low error rate (ranging between 0 and 10%), which is significantly lower than the ap-
proximately 30% observed with Vanilla KD. This substantial reduction suggests that the cumulative
error between the student and teacher is effectively suppressed during autoregressive generation.
Consequently, the sequences generated by the student exhibit higher fidelity to the teacher’s distri-
bution, empirically confirming that Eq. 14 is better optimized under TPA.

Moreover, better alignment with Eq. 14 implies that the student model internalized more teacher’s
underlying continuous generative logic, thereby improving its ability to capture long-range depen-
dencies and transcending the limitations of simple token-level mimicry.

E ADDITIONAL EXPERIMENTS

E.1 DETAILS OF FIGURE 1 (RIGHT).

Fig. 1 (Right) provides a bar chart comparison to highlight the performance differences between
our proposed Align-TI, SFT, and Vanilla KD. The data for this visualization is drawn from the
comprehensive results presented in Tab. 3 and 4. For a more direct examination, we reproduce the
exact numerical values in Tab. 15.

Table 15: Comparison with standard SFT and Vanilla KD.

Model | GQA' SQA TextVQA POPE MME MMB | AVG
SFT 576 59.0 59.1 862  66.1 579 | 64.3
VanillaKD | 593 597 59.2 862 650 604 | 65.0
Align-TI 60.4  60.7 59.9 868 689 632 | 66.7

E.2 Loss CONTRIBUTION ANALYSIS.

Table 16 illustrates the impact of each loss term on final performance, providing a clearer under-
standing of their respective contributions. The overall objective of our proposed Align-TI consists
of four components: Supervised Fine-Tuning (SFT) loss Lgt;, Instruction-aware Vision Alignment
(IVA) 108s Liv,, Vanilla KD loss Liq and Transition Probability Alignment (TPA) loss Lyp,. Start-
ing from the baseline with only Ly, adding L;y, or Lyq individually yields average improvements
of 0.8 and 0.7, respectively, while combining the two results in a larger gain of 1.3. When initiating
from a Vanilla KD configuration, incorporating Li, and Ly, enhances performance by 0.6 and
1.4, respectively. Applying both losses together achieves a total enhancement of 1.7. Notably, the
absence of L4 in this setup only slightly decreases performance by 0.1, suggesting that the other
components can effectively compensate for its omission.
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Table 16: Impact of each loss term to the final performance.

Loss | GQA  SQA TextVQA POPE MME MMB | AVG
Lot 576 59.0 59.1 862  66.1 579 | 643
Latt + Liva 59.6  58.0 61.3 865 668 583 | 65.1
Lt + Lia 593 597 59.2 86.2 650 604 | 65.0
Lt + Liva + Lxa 59.8 594 60.5 865 663 613 | 656
Lste + Lica + Lipa 603  61.0 59.6 86.5 68.1 630 | 66.4
Latt + Lipa + Liva 603 604 60.6 864 685  63.1 | 66.6

Lsty + Liva + Lxa + Lipa | 604 60.7 59.9 86.8 68.9 63.2 66.7

E.3 PERFORMANCE COMPARISON BETWEEN TEACHER AND STUDENT.

In Tab. 17, we compare the performance of the teacher model with that of its distilled student coun-
terparts. The results show that student models trained via distillation achieve performance com-
parable to that of the teacher. Moreover, increasing the student model’s parameter count from 1B
to 2B leads to consistent improvements, narrowing the gap with the teacher. Notably, both the 1B
and 2B student models exhibit lower hallucination rates than the teacher. On TextVQA, the stu-
dent models perform on par with or even surpass the teacher. We attribute this to the benchmark’s
relative simplicity and the teacher’s potential over-parameterization in this context. A similar trend
of improvement is also observed in LLaVA-MoD (Shu et al., 2024). However, on more complex
benchmarks such as SQA, MME, and MMB, a substantial performance gap remains.

Table 17: Comparison between teacher models and distilled student models

Type LLM | GQA' SQA TextVQA POPE MME MMB | AVG
Teacher Qwen2-7B | 64.6  80.7 64.1 86.1 78.6 76.0 | 75.1
Student Qwen2-1.5B | 629 714 65.1 86.1 75.6 71.8 72.2

Qwen2-0.5B | 604  60.7 59.9 86.8 68.9 63.2 66.7
Teacher Qwen3-8B | 64.0 834 64.1 86.4 80.4 713 | 76.0
Student Qwen3-1.7B | 62.6  76.5 67.1 86.6 73.4 75.2 73.6

Qwen3-0.6B | 61.2 684 64.1 86.9 70.0 67.6 69.7

F THE USE OF LARGE LANGUAGE MODELS

In preparing this manuscript, we leveraged Al assistants to improve academic writing and debug
code. These tools served a function similar to a human editor, dedicated solely to enhancing clarity,
grammatical correctness, and code efficiency. All conceptual insights, technical assertions, and
critical analyses remain the original contributions of the authors.
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G CASE STUDY

In this section, we provide a series of case studies that qualitatively illustrate the effectiveness of our
distilled Align-TI-2B model. These examples highlight the model’s performance across a wide range
of vision-language tasks, including image understanding (Fig. 13), object counting (Fig. 14), chart
description (Fig. 15), solving scientific questions (Fig. 16), optical character recognition (Fig. 17),
and spatial relationship understanding (Fig. 18).

Case: Image Understanding

User:
Describe this image in detail.

Assistant:

The scene features an airplane flying low over a sea port, with its shadow on the
water. The airplane is situated in the middle of the image, creating a striking
contrast between the air and water. In the background, there is a large cargo yard
filled with numerous colorful shipping containers. The containers are of various
sizes and colors, creating an impressive view of the port activities. The arrangement
of the containers appears to be organized and well-maintained.

User:
Is this image real? If so, how was it taken?

Assistant:

Yes, this image is real. It was taken using a drone, which allows for an aerial view
of the sea port and cargo yard from a high vantage point. The drone captured the
airplane flying low over the water, with the shadow on the water, and the large
cargo yard filled with various shipping containers in the background.

Figure 13: An example of Align-TI-2B’s ability in image understanding.
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Case: Object Counting

.

User:
How many capybaras are there and what are they doing?

Assistant:
There are five capybaras, and they are sitting next to each other near a body of
water, possibly a lake.

J

Case: Object Counting

User:
How many birds are there?

Assistant:
There are six birds in the image.

Figure 14: Examples of Align-TI-2B’s capability in object counting.
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Case: Chart Description

Percentage of national consumer expenditure by
category - 2002

Country Food/Drinks/ Clothing/ Leisur.el
Tobacco Footwear Education
Ireland 28.91% 6.43% 221%
ltaly 16.36% 9.00% 3.20%
Spain 18.80% 6.51% 1.98%
Sweden 15.77% 5.40% 3.22%
Turkey 32.14% 6.63% 4.35%
User:

The table below gives information on consumer spending on different items in five
different countries in 2002.

Summarise the information by selecting and reporting the main features, and make
comparisons where relevant.

You should write at least 150 words.

Assistant:

For instance, food and drinks are the largest categories, accounting for a significant
portion of the overall spending. Clothing, on the other hand, represents a smaller
share of the total expenditure. Turkey, Italy, and Spain are among the countries with
higher percentages for clothing, while Ireland and Turkey have lower percentages
for food and drinks. The United Kingdom has a moderate percentage for clothing
but a higher percentage for food and drinks.

This comparison provides insights into the spending patterns and preferences of
people in different countries, highlighting the differences in how they invest their
money in various categories of consumer goods.

Figure 15: An example demonstrating Align-TI-2B solves chart description problem.
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Case: Scientific Question

Blue whale Klller whale

j Leopard
eagulu seal

/‘ Elephant seal
Flsh% '\
Krill

@f( Phytoplank!on
_—
Zooplank(on &w
Seaweed Crab
User:

Which are producers in this food web? Give their names.

Pengum

Squid

Assistant:
In this food web, the producers are the phytoplankton and seaweed.

Case: Scientific Question

User:
Which continent is highlighted?

Assistant:
The continent of Asia is highlighted in the map, with red shading indicating its

boundaries.

Figure 16: Examples of Align-TI-2B’s capability in solving scientific questions.
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Case: Optical Character Recognition

User:
How many authors does this book have?

Assistant:
3

User:
Please list all author names.

Assistant:
Ian Goodfellow, Yoshua Bengio, and Aaron Courville

Figure 17: An example of Align-TI-2B performing Optical Character Recognition (OCR).
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Case: Spatial Relationships

User:
What is the spatial relation between the frisbee and the man?

Assistant:
The frisbee is above the man, as he is trying to catch it.

Figure 18: An example demonstrating Align-TI-2B’s understanding of spatial relationships.
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