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Abstract. While knowledge distillation (KD) is widely adopted for train-
ing lightweight models by leveraging supervision from larger teacher
models, relying solely on output token distributions has proven insuf-
ficient for compressing Multimodal Large Language Models (MLLMs).
Since output tokens are a byproduct of the model attending to visual
inputs, prior works have explored explicitly distilling attention to pro-
vide a direct supervisory signal. While promising, the precise utility of
which attention signals to distill remains under-explored. In this work, we
challenge the conventional reliance on prompt-to-vision attention by re-
vealing that downstream performance correlates strongly with response-
to-vision attention similarity to the teacher, but negligibly with that of
prompt-conditioned attention. Furthermore, we observe that attention
distributions exhibit significant variance across individual tokens, indi-
cating that a uniform distillation objective is suboptimal. To this end,
we introduce Token-level Response-visual Attention Guidance
(TRAG), a distillation objective that 1) shifts the focus to response-
to-vision signals and 2) employs token-specific objectives by adaptively
weighting the Kullback-Leibler divergence based on attention entropy, ef-
fectively guiding the student to mirror the teacher’s precise visual focus.
Extensive experimental results on multiple benchmarks demonstrate that
TRAG significantly outperforms prior distillation baselines. Our code is
available at https://github.com/jhjangjh/TRAG.

Keywords: Multimodal Large Language Models - Knowledge Distilla-
tion - Attention Guidance

1 Introduction

Multimodal Large Language Models (MLLMs) [3,[22}/24,|26] have achieved re-
markable performance, yet the continuous scaling of their architectures and
datasets entails prohibitive computational costs. This deployment bottleneck
has intensified research into MLLM compression [36,/44], where knowledge dis-
tillation (KD) [16] has emerged as a predominant paradigm, building upon its
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Fig.1: Overview of Token-level Response-visual Attention Guidance

(TRAG). (a) TRAG distills cross-modal grounding by isolating Response-to-Vision
attention, anchoring the student’s attention distribution (&%) to the teacher’s (a7 ).
(b) It dynamically modulates the distillation objective £{ 2% Si 4.1 for each response
token via an entropy-driven adaptive weight \;, derived from the teacher’s attention
distribution entropy H (517—). By shifting this weight toward the mean-seeking Forward
KL for high-entropy distributions and the mode-seeking Reverse KL for low-entropy
targets, TRAG ensures the student accurately mirrors the teacher’s dynamic visual

grounding during response generation.

established effectiveness in standard LLM frameworks [1}[12,[20]. However, stan-
dard distillation objectives designed for text-only LLMs rely solely on output
distributions and thus do not explicitly transfer how visual evidence is grounded
during response generation , even though output tokens are fundamen-
tally a byproduct of the model attending to visual inputs.

To provide a more direct supervisory signal, prior works have explored explic-
itly distilling cross-modal attention . While this explicit guidance shows
promise, identifying which attention signals to distill and at what granularity
to apply supervision remains critically under-explored. Consequently, we find
that the design choices made in existing frameworks often yield suboptimal su-
pervision, failing to capture the dynamic evidence allocation that occurs during
response decoding. In this work, we systematically characterize cross-modal at-
tention distillation and its failure modes under existing design choices.

In detail, our contributions can be summarized as follows:

e Response-to-Vision Attention as the Critical Signal: We show that
downstream performance correlates strongly with the alignment of Response-
to-Vision attention between the student and the teacher model, whereas match-
ing Prompt-to-Vision attention, which has been the primary focus of prior
works, provides negligible utility. This identifies the generative phase, rather
than the initial perception phase, as the critical signal for multimodal distil-
lation.
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e Exposing the Limitations of Uniform Objectives: We observe that
cross-modal attention patterns exhibit significant variance across individual
response tokens depending on their specific grounding roles, ranging from dif-
fuse, scene-level context for function words to sharp, localized focus for visual
entities. This high variance indicates that applying a uniform distillation ob-
jective across all tokens is suboptimal, necessitating an adaptive, token-wise
supervision framework.

e Motivated by these findings, we propose Token-level Response-visual At-
tention Guidance (TRAG) (see Figure [I). TRAG shifts the distillation
focus entirely to Response-to-Vision signals and introduces an adaptive, token-
specific objective. By modulating the Kullback-Leibler (KL) divergence based
on the teacher attention entropy, TRAG balances coverage and precision for
each decoding step. Experiments on diverse multimodal benchmarks demon-
strate that TRAG significantly outperforms competitive distillation baselines,
achieving superior attention fidelity and robust performance gains.

2 Related Work

2.1 Knowledge Distillation in MLLMs

Prior KD approaches for MLLMs largely follow two trajectories. One focuses on
improving modality-specific representation alignment and architectural adap-
tations. LLaVADI [38| analyzes key components for MLLM distillation, while
LLaVA-KD [4] extends logit-based distillation to the vision modality and en-
forces structural consistency among visual tokens. Related compression efforts
further improve compact MLLMs through visual-encoder mixtures [5] or MoE-
based architectures [31]. While effective, these approaches do not explicitly su-
pervise how visual evidence is selected during response generation, leaving visual
grounding largely implicit.

Seeking more direct guidance on cross-modal processing, another trajectory
explores attention-based distillation. Align-KD [10] transfers Prompt-to-Vision
attention at a selected decoder layer, while CompoDistill [19] supervises Prompt-
to-Vision attention maps. Concurrently, Align-TT [6] studies token-interaction
distillation for multimodal alignment. However, these objectives mainly em-
phasize prompt-conditioned or globally defined interaction signals, overlooking
token-wise dynamics during response generation. This gap motivates attention
distillation that better aligns with response-time cross-modal processing, har-
monizing with language modeling and logit distillation objectives.

2.2 Attention as a Distillation Signal

Attention has evolved into a key supervisory signal for knowledge distillation,
serving as a medium to transfer both spatial focus and complex inductive bi-
ases. Early methodologies focused on establishing correspondence between at-
tention maps or saliency patterns to guide the student’s spatial perception
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toward task-relevant visual cues [14)[42]. Subsequent developments introduced
more structured forms of transfer, such as cross-modal structural constraints
and sparse connectivity to highlight salient relationships . More recently,
attention supervision has been integrated with representation transfer to bet-
ter preserve the teacher’s intermediate reasoning pathways and feature hierar-
chies [39]. These advancements establish attention as a robust mechanism for
capturing the teacher’s internal prioritization, providing the technical ground-
work for specialized attention-based strategies in the multimodal domain.

3 Preliminaries

3.1 Cross-modal Attention Extraction

Standard MLLMs encode an input image into vi-
sual tokens v = {v1,..., vy} via a vision encoder
and an MLP-based projection module . The
model then processes the concatenated sequence
c = [v;x;y], where x = {1, ...,2, } denotes the
prompt token sequence and y = {y1,...,yL, | de-
notes the autoregressive response token sequence.
Letting L = Lp + Lp, we index the elements
¢; of ¢ such that indices i € {1,..,N}, i €
{N+1,..,N+Lp},andi € {N+Lp+1,..,N+L}
map to the visual, prompt, and response tokens,
respectively.

The generative process is driven by a Trans-
former decoder, whose self-attention at each layer
I € {1,...,M} produces an attention matrix
Ay € RIWHDXINHD) with entries az;; [34]. Un-
der causal masking, each query index ¢ can attend
only to keys j < i. In particular, any textual query
i€{N+1,...,N+ L} can attend to visual keys
j€{l,...,N} through cross-modal attention.

For any index set Z C {N +1,...,N + L} of
textual queries, we define the cross-modal atten-
tion submatrix from Z to visual keys as:

A(Z) := AT, 1:N] € RIEXN, (1)

where A;(Z)[i,j] = aiy; for i € 7 and j €
{1,..., N}. In this paper, we consider two instan-
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Fig.2: Comparison of atten-
tion extraction according to
query source.

tiations of Z: Prompt-to-Vision attention uses Zp = {N+1,..., N+ Lp}, whereas
Response-to-Vision attention uses Zg = {N + Lp +1,...,N + L}.

e Prompt-to-Vision Attention (Ap_., Figure[2}(a)): For each prompt to-
ken in x (i.e., ¢;, where i € Zp), the distribution {a;;;}}_, captures its at-
tention over visual tokens during instruction encoding. This represents how
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strongly the model integrates visual evidence when interpreting the prompt
token.

e Response-to-Vision Attention (Apg_,v, Figure 2}(b)): For each response
token in y (i.e., ¢;, where i € Zg), the distribution {a;;;}7_, captures which
visual tokens the model attends to when generating the next response to-
ken. This represents a token-level trace of how visual context influences the
response distribution at position 1.

3.2 Knowledge Distillation Objectives for MLLMs

In prior works, the distillation objective for transferring knowledge from a teacher
model T to a student model S is defined as a composite loss consisting of lan-
guage modeling, uni-modal distillation, and cross-modal attention distillation:

»C = »CLM + »Cuni—modal + ['cross-modab (2)

Language Modeling Loss (Lrn). The language modeling loss is the token-
level cross entropy (negative log-likelihood) of the target response y conditioned

on v and x:
Lgr

Loy =—Y logp®(u | v, x,y<0). (3)

t=1

Uni-modal Knowledge Distillation Loss (Luni-moda1). Uni-modal distilla-
tion aligns the teacher and student within each modality. This objective applies
logit distillation for tokens in the response, alongside an auxiliary loss Laux:

Lgr

ACuni—modal = ZDKL (pT( | Vv, X, y<t) || pS( | V7X7y<t)) + £aux- (4>
t=1

The first term performs response-level logit distillation over the target response
sequence y = {y;}% [16] by minimizing the KL divergence D (- || -) be-
tween the teacher and student next-token distributions at each generation step.
The auxiliary loss L,ux introduces additional uni-modal supervision, typically
defined on visual-side outputs or intra-visual relations. In LLaVA-KD [4], Laux
distills vision-token logits and matches affinity matrices among vision tokens.
Similarly, CompoDistill [19] distills intermediate-layer visual self-attention by
aligning vision-to-vision attention maps with a cosine-based lossE| Overall, L,
strengthens modality-specific alignment by providing additional supervision be-
yond response-level logit distillation.

3 We decompose the single attention distillation loss in CompoDistill [19] into uni-
modal and cross-modal terms. The detailed derivation is provided in Appendix C.
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Cross-modal Knowledge Distillation Loss (Lcross-modal). Cross-modal
distillation aligns the teacher and student by matching their cross-modal atten-
tion maps, where textual queries attend to visual tokens. In CompoDistill |19)],
this objective is instantiated with a group-based layer matching scheme to handle
depth differences between the teacher and student:

£LCmEED _ S (AT (T), AT (D). o)

cross-modal
leMs

where Deos(+, ) denotes cosine distance, Ms denotes a subset of student layers
selected for supervision, and Z denotes the textual query indices used to extract
Ay(Z) (Eq.[T). For each student layer [, where G; denotes the set of teacher
layers assigned to [, the grouped teacher attention is

AL (1) = ﬁ g;l AT(T). (6)

In prior work, including Align-KD [10] and CompoDistill [19], Z is typically
chosen as the prompt index range {N+1,...,N+ Lp} (i.e., they set Z to
Zp), focusing supervision on Prompt-to-Vision attention.

4 Revisiting Cross-modal Knowledge Distillation

Building on Section [3] we revisit two common but under-discussed choices in
attention-based cross-modal knowledge distillation. First, prior work often su-
pervises attention on prompt tokens by default. Second, they typically devote
substantial design effort to deciding which layers to distill from and how to align
layers across teachers and students with different depths. In this section, we ask
whether prompt-based supervision is truly optimal, and whether layer selection is
as critical as often assumed compared to the granularity of the attention signal.

4.1 Is Aligning Prompt-to-Vision Attention to the Teacher Optimal
for Knowledge Transfer?

If Prompt-to-Vision attention alignment to the teacher is an optimal distillation
target, then Prompt-to-Vision attention similarity should consistently accom-
pany a stronger student. To examine this, we compute teacher-student attention
similarity and analyze its correlation with benchmark performance across mul-
tiple students. We measure teacher—student cross-modal attention similarity as
cosine similarity under teacher forcing on an unseen dataset VIGC-InstData [35].

The results show that prompt-to-vision alignment does not reliably track
model capability. As shown in Figures (a) and (c), in Prompt-to-Vision at-
tention (A p_,v ), similarity to the teacher does not consistently correlate with
downstream performance. Notably, the Supervised Fine-Tuning (SFT) baseline
can achieve higher A p_.y similarity than distilled models such as LLaVA-KD
and CompoDistill, while still underperforming them on downstream benchmarks.
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Fig. 3: Correlation analysis between attention similarity and downstream
performance. (a) and (c) show that Prompt-to-Vision attention similarity exhibits
negligible correlation with downstream performance on Visual Question Answering and
Compositional Reasoning tasks. In contrast, (b) and (d) demonstrate a strong positive
correlation between Response-to-Vision attention similarity and model performance,
identifying the generative phase as the critical signal for multimodal distillation.

This indicates that aligning attention during prompt processing alone is not a
sufficient proxy for the cross-modal behavior that distinguishes stronger models.

In contrast, Response-to-Vision alignment is substantially more predictive.
Figures [3}(b) and (d) show a strong positive correlation between Response-
to-Vision attention (A g_,y) similarity and performance across students. This
suggests that the teacher’s effective visual grounding is expressed more clearly
during response generation than during prompt processing, motivating attention
supervision that targets the generative phase.

4.2 Which Granularity Governs Knowledge Transfer: Layers or
Tokens?

Section [.1] suggests that the key transferable signal emerges during generation,
where Response-to-Vision attention (Ag_,v) tracks downstream performance.
The next question is the granularity at which this signal should be distilled.
Most attention distillation methods adopt layer-level granularity through layer
selection or mapping. We ask whether this layer-level choice is necessary by
analyzing Ar_,v across both decoder depth and individual response tokens.

Focusing on intermediate depths (relative depth in [0.3,0.6]), where cross-
modal interactions are most pronounced [7H9,/19,29|, Figure 4| shows that adja-
cent layers exhibit highly similar A g, patterns, indicating substantial redun-
dancy along depth. In contrast, Ar_,y varies sharply across response tokens.
When generating function words (e.g., articles), the model exhibits weak visual
grounding with uniform, blurry attention, whereas content tokens show more
diverse patterns ranging from sharply localized evidence to diffuse, scene-level
grounding. This suggests that the variation in cross-modal grounding is primar-
ily token-dependent rather than layer-dependent, motivating token-wise super-
vision that adapts to each response token. Additional examples are provided in
Appendix E.
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O What is the man in the image doing ?

The man in the image is throwing a ball on the pitcher's mound. Q

e Depth: [03, 0.6]

=r)

Fig.4: Analysis of attention granularity across layers and tokens. Visual-
ization of teacher attention maps reveals that while attention patterns exhibit high
redundancy across adjacent layers, they show significant variance across individual re-
sponse tokens. The yellow box marks intermediate layers (relative depth in [0.3,0.6] on
a [0, 1] normalized depth axis), where cross-modal interactions are most pronounced.
The model exhibits weak, diffuse attention when generating the function word ‘The’,
whereas it sharply concentrates on the pitcher’s hand when generating ‘throwing’ and
shifts to the surrounding ground when generating ‘mound’.

5 Token-level Response-visual Attention Guidance

Motivated by our findings that Response-to-Vision attention alignment is a
strong predictor of downstream task proficiency, and that cross-modal atten-
tion patterns vary substantially across response tokens (Section E[), we propose
Token-level Response-visual Attention Guidance (TRAG).

Building on the standard training objective (Eq. [2]), we take the CompoDis-
till formulation (Eq.[5) as a starting point for the cross-modal distillation term,
Lecross-modal- TRAG reformulates this baseline into a response-token-wise objec-
tive that guides the student’s Response-to-Vision attention using the teacher’s
attention as a reference for each target response token.

5.1 Shifting Supervision to the Response Phase

Motivated by the observation in Section [4.1] we shift cross-modal attention su-
pervision from the prompt to the response, where visual grounding is expressed
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during generation. Accordingly, we replace the prompt index set Zp with the
response range Zgp = {N + Lp+1,...,N+ L}:

Lombmeda = Y Deos(AL, (Tr), AT (Tr)) - (7)
leEMs

This localizes attention supervision to response generation directly. Next, we
refine the granularity of the distillation signal within this response range.

5.2 Adaptive Granularity via Entropy-Aware Weighting

Shifting from Global to Token-Level Supervision. Prior attention-based
distillation methods typically define a single uniform objective over the super-
vised query set, comparing the teacher and student attention maps using a fixed
discrepancy measure. However, Section [4.2] shows that token-level attention dis-
tributions are highly heterogeneous, suggestlng that a single uniform constraint
provides limited resolution to preserve per-token distributional intent. Moreover,
Section[4.2]indicates substantial redundancy across intermediate layers, motivat-
ing aggregation across layers rather than sensitive layer selection.

Accordingly, we first aggregate cross-modal attention over intermediate lay-
ers to obtain a representative attention distribution for each response query, and
then decompose supervision into token-level losses. Let Mg and M+ denote the
sets of intermediate layers (relative depth in [0.3,0.6]) used for aggregation in
the student and teacher, respectively. For each response query index i1 €Ig, we
denote the per-layer attention vectors over N visual tokens as al = {ay, i j»vzl
and a/; = {a]; 131, corresponding to the rows of AP (Zg) and A7 (Zg) re-
stricted to V1sua1 keys (Eq. [1] ' We then obtain layer-averaged attentlon vectors
by averaging over intermediate layers Mg and M

1 1
55 S a7 T
ay = E ay;, a) = g a/,;. (8)
oML G oM

Since these vectors are obtained by restricting attention to visual keys, their
total mass over {1,..., N} is not necessarily one. We therefore renormalize them
on the vision span to form proper distributions:

28 5T
as T a’
(3

7 N ) (9)

&=y &

i - N =N -
2 =@ +€ E; 10 "‘6

where € > 0 is a small constant for numerical stability. Finally, we define the
token-level cross-modal objective as

(token-level) j : ~T =S8
‘Ccross—modal - Dguidance (ai ’ ai ) ’ (10>
i€Lr

where Dgyidance(+, ) is defined in the following subsection in detail.
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Entropy-Driven Adaptive Weighting. Having decomposed the cross-modal
objective into per-token terms (Eq. , we now derive a token-dependent co-
efficient that modulates the guidance behavior. For each response query index
i € I, we compute the entropy of the teacher’s normalized layer-aggregated
attention distribution a (Eq. |§[):

N
H@&) ==Y al;loga];, (11)
j=1
where de denotes the weight on the j-th visual token (5 € {1,...,N}) in a].

We map H(a]) to a bounded coefficient \; € [0, 1] via min-max normaliza-

tion with clipping:
H(5T> - Hmin
Ay = cli C ,0,1, 12
Clp<]_lmax}Imin“i’6 ( )

where Hpj, and Hpay are running lower and upper bounds updated online as
exponential moving averages (momentum § = 0.995) of the mini-batch min-
imum and maximum of H(a]), and ¢ > 0 is a small constant for numerical
stability. A larger \; corresponds to more diffuse attention, which we leverage
to parameterize token-wise guidance in the following objective.

Distributional Guidance via Adaptive KL Regulation. To achieve spe-
cialized supervision, we define the guidance operator Dgyidance as & weighted com-
bination of forward and reverse Kullback-Leibler (KL) divergences. This formu-
lation leverages the asymmetry of KL divergence. Forward KL, D (a] || aF),
strongly penalizes the student when it assigns low probability to regions where
the teacher has non-negligible mass, thereby promoting coverage. In contrast, re-
verse KL, D, (af || a7 ), penalizes probability mass placed outside the teacher’s
high-density regions more aggressively, which encourages concentration on dom-
inant modes [237].

Using the normalized coefficient \; defined in Eq. we combine the two
asymmetric KL terms into a token-wise guidance divergence per response token:

Dguidance(d] ,a7) = NiDgr(a] || &]) + (1 — \)Dr (a7 [|&]).  (13)
Substituting Eq. [13|into Eq. |10 yields the final cross-modal objective (Figure|l)):
TRAG T 1 = S 1~
Lot = Y [N Dxo(@] |89+ (1= \) Dxr(a | aD)]. (14)
i€Ir

This adaptive regulation overcomes the resolution limits of uniform objectives,
enabling the student to capture visual evidence from localized to diffuse patterns.

5.3 Overall Training Framework

We adopt a three-stage training schedule (DPT-SFT-DFT), consistent with
prior MLLM distillation works [4,|19]. DPT trains the projection module on
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image—caption data with the language backbone frozen, SF'T improves instruc-
tion following with the standard language modeling objective, and DFT re-
applies teacher-guided distillation on the instruction data. The objective is stage-
dependent: in DPT and DFT, we optimize

Lrrac = Liar + Lanimodal + L) s (15)
whereas SFT minimizes only Liy. In Eq. [I5] Luni-modal follows the uni-modal
distillation components of LLaVA-KD [4], and £URAG) s defined in Eq.

cross-modal
Detailed formulations are provided in Appendix G.

6 Experiments

6.1 Experimental Setup

Implementation Details. Both the teacher and student models use the same
vision encoder, SigLIP-SO400M /14 at 384px resolution [43|, and their LLM back-
bones are drawn from the Qwenl.5 and Qwen2.5 families. A two-layer MLP with
GELU nonlinearity serves as the projection module to map visual features into
the language embedding space [15].

We use LLaVA-Pretrain-558K for the DPT stage and LLaVA-Instruct-665K
for the SFT and DFT stages [23]. Throughout all stages, the teacher model is
frozen. For the student, we train only the projection module in the DPT stage,
keeping the vision encoder and LLM frozen. In the SF'T and DFT stages, we
freeze the vision encoder and fully finetune the projection module and the LLM.
All models are trained on 2 NVIDIA A100 GPUs with DeepSpeed ZeRO-2.
Detailed hyperparameters are provided in the Appendix A.

Evaluation Benchmarks. We evaluate our models on two benchmark suites
covering general Visual Question Answering (VQA) and compositional reasoning
(CR). The general VQA suite consists of eight benchmarks, including GQA [18],
ScienceQA [27], TextVQA |32, MME [11], MMBench in English and Chinese [25],
POPE [21], and MMMU [41]. We further evaluate on three CR benchmarks: Sug-
arCrepe [17], BiVLC |2§|, and Winoground [33]. Detailed evaluation metrics and
setup are described in the Appendix B.

6.2 Main Results

General VQA benchmarks. Table [I| demonstrates that TRAG consistently
improves performance over the PT-SFT baseline across all tested backbones and
student scales. The performance gains are most significant in the < 0.5B regime.
For the Qwen2.5-0.5B student, TRAG increases Avgg from 62.4 to 65.3 and Avgs
from 57.1 to 60.2 compared to the PT-SFT baseline. This result also surpasses
LLaVA-KD on the same backbone by 1.2 points in Avgg and 1.5 points in Avgs.
Similar robust improvements are maintained for the Qwenl.5-0.5B backbone,
where TRAG achieves the highest scores in both average metrics.
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Table 1: General VQA benchmark comparison of TRAG. Performance on eight
general VQA benchmarks across multiple backbones and parameter scales. Models are
grouped by size; # Samples denotes the number of training samples. Avgs denotes the
average over all 8 benchmarks, while Avgs averages the remaining 6 benchmarks ex-
cluding MMB®YN and MMMU. For the < 2B and < 0.5B categories, the best performing
result is highlighted in bold and the second-best result is indicated with underline. Blue
indicates the teacher model for each backbone, gray rows represent models trained with
the standard PT-SFT pipeline, yellow denotes recent competitive distillation baselines,
and green indicates our proposed method. The symbol { denotes results reproduced
under our experimental setup for fair comparison.

. ’ ’ N Visual Question Answering Benchmarks A
Size Method LLM i Samples g A TextVQA MME MMDB MMEC™ POPE MMMU| V% Av9s
Bunny Phiz2.7B 26M [625 709 567 744 686 372 - 882 | - -
Imp-3B Phi2-2.7B L5M 635 728 59.8 - 729 467 - - -
MobileVLM ~ MobileLLaMA-27B 1.2 M |59.0 610 475 644 596 - 849 - |627 -
MoE-LLaVA Phi2-2.7B 22M |626 703 57.0 - 680 - 8.7 - -
<4B| MiniCPM-V  MiniCPM-24B 570 M |515 744 56.6  68.9 640 627 795 - |658 -
TinyLLaVA Phi2-2.7B 12M 620  69.1 501 732 669 - 864 384 |69.4 -
TinyLLaVA® Qwenl.5-4B 12M |627 702 60.0 705 675 67.2 869 386 |69.6 65.4
TinyLLaVA Qwen2.5-3B 12M 630 761 60.1 716 731 704 87.8 413 |7L9 67.9
LLaVADI  MobileLLaMA-2.7B 12 M |61.4  64.1 50.7 688 625 - 867 - |657 -
Tmp-28 Qwenl.5-1.88 T5M |619 661 515 652 638 613 867 - |663 -
Bunny-2B Qwenl.5-1.8B 26M |59.6 646 532 650 59.1 585 858 - |645 -
Mini-Gemini-2B  Gemma-2B 27M |607  63.1 562  67.0 59.8 513 856 3L7 |654 -
MoE-LLaVA-2B  Qwenl.5-1.8B 22M |6L5  63.1 480  64.6 597 573 8710 - 639 -
TinyLLaVAT  Qwenl.5-1.8B 12M 609 652 477 613 578 562 834 348 |62.7 584
TinyLLaVAT  Qwen2.5-1.5B 12M |617 709 584 704 70.6 640 860 39.2 |69.7 65.1
) KD! Qwenl.5-1.8B L2M [60.9 646 533 663 658 631 865 327 |66.2 6L6
<2B| LLaVADI MobileLLaMA-1.4B 12M |554  56.0 453 589 550 - 847 - 592 -
LLaVA-MoD Qwen2-1.5B 5M 588  69.2 50.9 69.2 689 644 87.2 - |688 -
Align-'KD  MobileLLaMA-1.4B 3.6 M | 60.1  67.7 531 651 575 - 870 - |65.0 -
CompoDistill Qwenl.5-1.8B 1.2 M 61.2 66.5 53.5 67.0 645 63.0 85.5 34.1 |66.4 61.9
LLaVA-KD Qwen1.5-1.8B 12M |623 647 534 69.1 640 637 863 33.6 |66.6 62.1
LLaVA-KD Qwen2.5-1.5B 12M 625 716 50.7 700 71.0 666 867 358 |70.2 65.4
TRAG Qwenl.5-1.8B 12M 617 669 55.6  67.0 66.6 633 868 352 |67.4 629
TRAG Qwen2.5-1.5B 12M |62.6  73.2 60.0 71.2 708 69.3 87.2 337 |70.8 66.6
TinyLLaVA!  Qwenl.5-0.5B T2M |567 609 166 594 552 518 839 319 |604 558
TinyLLaVA!  Qwen2.5-0.5B 12M 586 612 479 623 59.3 524 851 304 624 57.1
KDf Qwen1.5-0.5B 12M |568  60.4 46.1  58.9 547 497 849 323 |60.3 555
LLaVA-MoD Qwen2-0.5B 5M [566 611 57.1  67.0 587 541 = = -
< 0.5B| CompoDistill!  Qwen1.5-0.5B 12M 591 611 482 638 59.6 549 857 34.0 |62.9 583
LLaVA-KD Qwenl.5-0.5B L2M 596  60.6 499 645 601 555 859 302 634 582
LLaVA-KD Qwen2.5-0.5B 12M 598  60.6 520 647 613 57.0 864 283 |64.1 58.7
TRAG Qwenl.5-0.5B 12M 595 621 189 652 609 546 865 309 |63.8 585
TRAG Qwen2.5-0.5B 12M |60.2 627 520 68.1 617 57.7 87.6 313 |65.3 60.2

In the < 2B regime, TRAG continues to exhibit superior performance. Using
the Qwen2.5-1.5B backbone, TRAG achieves 70.8 in Avgg and 66.6 in Avgs, out-
performing both the TinyLLaVA baseline and LLaVA-KD. Notably, TRAG sur-
passes LLaVA-MoD (68.8 in Avgg) despite using 76% fewer training samples
(1.2M vs. 5M).

Compared to CompoDistill, which relies on uniform prompt-conditioned at-
tention supervision, TRAG achieves stronger overall results by transitioning to a
decomposed token-level objective targeting response-conditioned attention, e.g.,
improving Awvgg from 61.9 to 62.9 on Qwenl.5-1.8B. This shift indicates that
grounding cues manifested during decoding are particularly informative for dis-
tillation when supervised at token-level granularity. By leveraging this signal
in the response phase, TRAG provides a more targeted supervision pathway,
yielding robust improvements in downstream VQA across backbones.
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Table 2: Compositional reasoning benchmark comparison of TRAG. Per-
formance on three compositional reasoning benchmarks across Qwenl.5 and Qwen2.5
backbones at multiple parameter scales. Models are grouped by backbone and size.
Within each backbone/size group, the best result is highlighted in bold. Blue indi-
cates the teacher model for each backbone, gray rows represent models trained with
the standard PT-SFT pipeline, yellow denotes prior distillation baselines, and green
indicates our proposed method.

. Compositional Reasoning Benchmarks
LLM Method Size SugarCrepe BiVLC Winoground Avg
TinyLLaVA | 4B 87.3 93.2 70.1 83.5
TinyLLaVA 74.8 83.8 62.6 73.7
KD 76.1 85.3 61.5 74.3
0 LLaVA-KD |1.8B 76.6 85.5 60.9 74.3
Z | CompoDistill 81.7 86.5 62.2 76.8
o TRAG 83.1 89.1 67.2 79.8
& | TinyLLaVA 52.8 56.5 50.2 53.2
KD 51.0 50.1 52.1 51.0
LLaVA-KD |0.5B 66.9 74.5 51.7 64.4
CompoDistill 72.1 78.6 56.6 69.1
TRAG 73.4 80.2 57.3 70.3
0 TinyLLaVA | 3B 88.1 94.6 75.0 85.9
o TinyLLaVA 1.5B 87.9 93.3 70.3 83.8
o TRAG : 87.3 93.8 73.9 85.0
& | TinyLLaVA 05 75.1 85.1 57.0 72.4
TRAG ’ 78.9 87.1 59.6 75.2

Compositional Reasoning (CR) benchmarks. Table [2| reports reasoning
performance on SugarCrepe, BiVLC, and Winoground. TRAG substantially
strengthens compositional robustness, particularly in low-capacity regimes. For
Qwenl.5-0.5B and 1.8B, TRAG improves the average scores to 70.3 and 79.8,
exceeding the strongest prior baseline, CompoDistill, by +1.2 and +3.0 points,
respectively. Similar gains are observed in the Qwen2.5 family, where the 1.5B
student reaches an average of 85.0, narrowing the gap with the 3B teacher to
0.9 points. These results highlight that token-wise guidance during decoding
enhances the student’s ability to ground compositional judgments in the right
visual evidence, leading to robust gains on compositional reasoning benchmarks.

Backbone Generalization. We further evaluate TRAG on the MobileLLaMA
backbone, where it improves the 1.4B student over the PT-SFT baseline by
+3.0 VQA Avg and +7.3 CR Avg. Detailed results are provided in Appendix F.

6.3 Analysis of Attention - SFT

Fidelity S 08 7 Compotit
% 0 —o— TRAG (ours)

We evaluate attention fidelity on A

VIGC-InstData [35] using layer-wise g 04

teacher—student (Ag_y) cosine sim- §02

02 04 06 08 10
Relative Layer Depth

Fig.5: Layer-wise Response-to-Vision at-
tention fidelity.
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ilarity during autoregressive genera-

tion (without teacher forcing), following the similarity definition in Section
(Figure . At the 30-60% layer depth, where cross-modal grounding is most
intensive [7,/19], TRAG achieves an attention fidelity of approximately 0.72,
significantly surpassing the SFT baseline (0.18) as well as LLaVA-KD (0.32)
and CompoDistill (0.41). This elevated fidelity indicates that by supervising
response-conditioned attention at the token level, TRAG successfully replicates
the teacher’s grounding logic throughout the generative process. Notably, this in-
ternal consistency directly correlates with the performance gains observed in Ta-
bles[T]and [2} These results confirm that maintaining high fidelity to the teacher’s
internal attention patterns is fundamental to achieving superior visual under-
standing and compositional robustness in low-capacity models.

6.4 Ablation Study

We report the main ablations on query-token selection and attention matching
below. Additional ablations on relative-depth selection and response-supervision
granularity are provided in Appendix F.

Query Token Type. Table [3| com-

pares query token choices for form-

ing visual-attention targets. Supervis-

ing only prompt tokens yields lower Table 3: Ablation results on query token
averages (VQA: 58.6, CR: 69.2) than types for attention extraction.

using response tokens (VQA: 60.2, Query Token Type VQA Avg CR Avg
CR: 75.2). Using both prompt and re- Prompt 58.6 69.2

. Prompt + Response 58.4 71.2
sponse tokens does not improve VQA Response (Ours) 60.2 75.2

(58.4 vs. 58.6) and provides only a
modest gain on CR (71.2 vs. 69.2), re-
maining substantially below response-
only supervision. Overall, the best performance is achieved when supervision is
concentrated on response tokens, suggesting that the most informative cross-
modal signal emerges during response generation.

Attention Matching Objectives.

Table [f] compares alternative discrep-

ancy measures for matching teacher—

student response-to-vision attention. Table 4: Ablation results on attention
Among the fixed objectives, cosine matching objectives.

similarity yields the strongest VQA Attention Matching  VQA Avg CR Avg
: MSE 58.2 744
average (58.7), while MSE performs Cosine Stmilarity e s
i i 1 Forward KL 57.6 73.9
b.est on CR (74.4), 1nd1c§t1ng that no Forward Kl. or6 7
single fixed measure dominates across Weighted SJSD KL (Ours) ggg ;ég
. . eighted Sum urs o .
benchmarks. The one-sided KL vari-

ants (forward or reverse) and the sym-
metric JSD objective also fall short of
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the best fixed baselines on at least one benchmark. In contrast, our entropy-
aware weighted combination of forward and reverse KL achieves the best results
on both VQA (60.2) and CR (75.2), improving over the strongest fixed baselines
by +1.5 and +0.8, respectively. Overall, these gains suggest that effective at-
tention distillation benefits from token-adaptive guidance rather than a globally
fixed matching rule.

6.5 Scaling Experiments Across Model Sizes

Table [5] examines the impact of

teacher capacity on distillation perfor-

mance for a fixed 0.5B student model.

Across both Qwenl.5 and Qwen2.5 Table 5: Scaling experiments with different
backbones, TRAG consistently im- teacher model sizes.

proves over the SFT baseline, with Teacher Student VQA Avg CR Avg
larger teachers yielding greater gains, ___Qwenl.5-0.5B (SFT) | 5.8 __ 53.2
. L. Qwenl.5-1.8B 1.5-0.5B 57.3 63.0
especially on compositional reason- Qwenl 5.4 Qwenl.5-0.5 58.5 70.3
ing. For Qwenl.5, CR Avg rises from ~ Qwen2.5-0.5B (SFT) | _ 571 724
Qwen2.5-1.5B 58.3 74.3
53.2 to 63.0 and 70.3 as the teacher Owens 5B Quen2.5-0.5B| Gy [

scales from SFT to 1.8B and 4B; for
Qwen2.5, it similarly increases from
72.4 to 74.3 and 75.2 as the teacher
scales from SFT to 1.5B and 3B. These results indicate that TRAG effectively
captures and transfers the enhanced grounding capabilities of larger teachers,
demonstrating favorable scalability with respect to teacher model size.

7 Conclusion

We presented TRAG, a response-token-wise attention guidance objective for
distilling MLLMs. By shifting cross-modal supervision from Prompt-to-Vision
to Response-to-Vision attention, TRAG directly targets visual grounding dur-
ing generation. It further decomposes supervision into token-level objectives
and adaptively balances forward and reverse KL divergences according to the
teacher’s attention entropy. Integrated into a standard MLLM distillation pipeline,
TRAG consistently improves performance on general VQA and compositional
reasoning benchmarks while also improving teacher-student attention fidelity.
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