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Figure 1. Average Performance on 20 Vision-Language Reasoning Benchmarks (Grouped into 4 Categories).

Abstract

We introduce Lavender, a simple supervised fine-
tuning (SFT) method that boosts the performance
of advanced vision-language models (VLMs) by
leveraging state-of-the-art image generation mod-
els such as Stable Diffusion. Specifically, Laven-
der aligns the text-vision attention in the VLM
transformer with the equivalent used by Stable
Diffusion during SFT, instead of adapting separate
encoders. This alignment enriches the model’s
visual understanding and significantly boosts
performance across in- and out-of-distribution
tasks. Lavender requires just 0.13 million train-
ing examples—2.5% of typical large-scale SFT
datasets—and fine-tunes on standard hardware (8
GPUs) in a single day. It consistently improves
state-of-the-art open-source multimodal LLMs
(e.g., Llama-3.2-11B, MiniCPM-Llama3-v2.5),
achieving up to 30% gains and a 68% boost on
challenging out-of-distribution medical QA tasks.
By efficiently transferring the visual expertise
of image generators with minimal supervision,
Lavender offers a scalable solution for more accu-
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rate vision-language systems. Code, training data,
and models are available on the project page.
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Figure 2. Lavender: Diffusion Instruction Tuning. Lavender
uses the text-vision attention maps of a Stable Diffusion Model,
AttentionSDM , as a guiding objective for the attention of the
target vision-language model (VLM), AttentionV LM . The Atten-
tion Alignment module employs a 3-Layer ConvNet to transform
AttentionV LM to match AttentionSDM via an MSE loss, act-
ing as a regularisation term during supervised fine-tuning.

1. Introduction
Training frontier foundation models from scratch costs mil-
lions of dollars at minimum, requiring hundreds of GPUs
and millions to billions of data (DeepSeek-AI et al., 2024).
This challenge is even more pronounced in multimodal
settings: vision-language models (VLMs) often face data
scarcity because collecting paired image-text datasets is ex-
pensive (Zhu et al., 2024). A common workaround is to

1

https://astrazeneca.github.io/vlm/


Diffusion Instruction Tuning

apply supervised fine-tuning (SFT) on a pretrained large lan-
guage model (LLM), leveraging its abundant text-only pre-
training and adjusting bridging layers or additional encoders
with limited image-text pairs (Liu et al., 2024c; Covert et al.,
2024; Jiang et al., 2023). However, these methods typically
overlook the importance of transformer-level attention align-
ment within the LLM core—a key component for effectively
expanding text-based models into the visual domain.

Precise visual-text alignment is crucial for advanced multi-
modal reasoning. While both VLMs and diffusion models
(DMs) process text and images, they diverge in their genera-
tion objectives. We observe that DMs, such as Stable Dif-
fusion (Rombach et al., 2021), which reconstructs images
at the pixel level, appear to learn more precise text-vision
attention maps than VLMs that are optimised solely for text
token generation (Figure 3).

In this work, we demonstrate that the high-quality cross-
attention maps from these DMs indeed offer a useful tar-
get for guiding the text-vision attention in VLMs during
SFT, thus improving word-to-region alignment and the over-
all performance. We introduce Lavender (Language-and-
Vision fine-tuning with Diffusion Aligner), the first frame-
work to directly align VLM transformer attention layers
with those of Stable Diffusion (Figure 1(c)). Specifically,
during SFT, Lavender transfers diffusion-based attention
distributions to VLMs, enhancing core visual-textual inter-
actions. To mitigate catastrophic forgetting, we additionally
propose several attention aggregation methods and training
strategies that preserve existing VLM competencies.

We begin by verifying Lavender on a small OpenFlamingo
model: entropy and visual analyses show Lavender aligns
VLM attention with DM attention. Leveraging Stable Dif-
fusion to offline extract per-word attention on 130k label-
image pairs-no extra training cost-Lavender yields notable
gains over autoregressive finetuning on 20 diverse bench-
marks, including up to 70% improvement on OpenFlamingo
across seven benchmarks. For Llama 3.2-11B, fine-tuned
on in- and out-of-distribution data, performance improves
by up to 30% on 19 benchmarks, surpassing comparable
small open-source models by 50%. On self-attention-only
MiniCPMv2.5, it achieves up to 4% gains.

This advantage extends to severely OOD domains, evi-
denced by a 68% boost on the WorldMedQA medical bench-
mark for Llama 3.2-11B. Further analyses reveal that larger
fine-tuning sets help Lavender resist overfitting more ef-
fectively than autoregressive baselines, and the aligned at-
tention maps yield finer-grained visual understanding. To-
gether with qualitative evidence of improved VLM attention,
these results confirm Lavender’s premise: diffusion-based
attention distributions effectively align visual and textual
representations, fostering more robust, data-efficient VLMs.
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Figure 3. Image generation models (Stable Diffusion on the
left) exhibit stronger word-to-region attention alignment than
VLMs (Open-Flamingo on the right). Per-word average attention
maps suggest that diffusion models may be closer to an ideal
distribution correlating image regions with textual tokens.

Ablation studies reveal that the method of attention aggre-
gation and the choice of layers for fine-tuning are critical
to performance. Learned aggregation strategies outperform
manual ones and lightweight pretraining of an Aligner Net-
work helps prevent catastrophic forgetting on small datasets.
LoRA fine-tuning delivers faster improvements, full fine-
tuning proves more effective for handling complex tasks.
Aligning all cross-attention layers proves most effective,
highlighting the importance of precise attention alignment.

In summary, we introduce Lavender, a novel framework
that transfers “visual expertise” from text-to-image diffu-
sion models to vision-language models without additional
annotations. By aligning attention distributions, Lavender
enhances word-to-region grounding, improves fine-tuning
efficiency, and boosts model robustness, particularly in
out-of-distribution settings. Moreover, our architecture-
agnostic attention alignment loss is compatible with RL
post-training, offering scalable diffusion-guided feedback
instead of costly, subjective human vision feedback. Be-
yond addressing data scarcity, Lavender demonstrates that
pretrained generative models can guide multimodal learning
in a scalable and compute-efficient manner. This approach
bridges two expert paradigms—language and vision gener-
ation—into a more unified, capable system. Our findings
suggest broader applications in multimodal AI, offering a
modular and privacy-friendly alternative to closed-source
models. We open-source our work to encourage further
exploration of diffusion-guided alignment, unlocking new
possibilities in vision-language reasoning.

2. Diffusion Instruction Tuning
We aim to enhance a pretrained Vision-Language Model
(VLM) by leveraging attention distributions from a pre-
trained Diffusion Model (DM). We assume there is an ideal
attention distribution that maximises VLM performance and
that the DM’s attention is closer to this ideal distribution.
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Figure 4.Sketch of Diffusion Instruction Tuning (left) and a short pseudo code
(right), whose full version is available in Appendix F.

Algorithm 1 Diffusion Instruction Tuning

Require: D = f (x ( i ) ; y ( i ) )g, � D , � , scale�
Ensure: Fine-tuned VLM parameters�

Stage 1: Precompute DM Attention (run once)
for each(x ( i ) ; y ( i ) ) 2 D do

A ( i )
DM  pDM (a j x ( i ) ; y ( i ) ; � D )

end for
Stage 2: Fine-Tune VLM
repeat

Sample batchB � D , setL VLM ( � ) = 0 ; L att( � ) = 0
for each(x ( i ) ; y ( i ) ) 2 B do

ComputepVLM (a j x ( i ) ; y ( i ) ; � )

� ( i ) ( � )  Aligner
�
pVLM (a)

�
� A ( i )

DM

L VLM ( � )+= � log p(y ( i )
l j x ( i ) ; y ( i )

q ; � )

L att( � )+= k� ( i ) ( � )k2

end for
L total( � )  L VLM ( � ) + �L att( � )
Update�  � � � r � L total( � )

until convergence

2.1. Models and Notation

Vision-Language Model (VLM). Let � be the VLM pa-
rameters, pretrained for tasks such as image captioning or
question-answering. It models:

p(yl jx; yq; � ); (1)

wherex; yq; yl , as image, question, and label answer.

Diffusion Model (DM). Let � D be the DM parameters,
which remain �xed during our procedure. It models:

p(xjy; � D ): (2)

Attention Distributions. We write:

pVLM (ajx; y; � ); pDM(ajx; y; � D ); (3)

We hypothesise thatpDM(ajx; y; � D ) is closer to the
optimal posterior attention distributionp� (ajx; y) than
pVLM (ajx; y; � ), and the two can be aligned by projecting
pVLM into a comparable space using small learnable layers.

2.2. Assumptions

Ideal attention in Vision-Centric Tasks:An attention distri-
butionp� (ajx; y) minimises the next-token prediction loss
of VLM, L VLM; DM Attention Proximity:Empirically, the
DM's attention is more concentrated (lower entropy) and
hence closer top� than the VLM's, supported by Figure 3,
experiments in Section 6.1 and detailed justi�cations in
Appendix G;Shared Dataset:Both models use the same
image-text setf (x ( i ) ; y( i ) )g; Fixed DM Parameters:� D is
kept �xed; only � is updated;Pretrained VLM Parameters:
� is further �ne-tuned with an attention alignment loss.

2.3. Bayesian Derivation

Our objective is to update the VLM parameters� such that
the model not only performs well on its primary task but

also aligns its attention mechanism with that of the DM. We
formalise this objective within a Bayesian framework.

Posterior Distribution: We aim to �nd the posterior dis-
tribution of the VLM parameters given the dataD and the
DM's attention distributions:

p(� jD; A DM) / p(D j� ) p(ADM j� ) p(� ); (4)

whereADM = f pDM(ajx ( i ) ; y( i ) ; � D )g is the collection of
attention outputs derived from the DM's conditional distri-
bution, andp(� ) is the prior over the VLM parameters.

Likelihood of the Data: The likelihood of the data given�
is:

p(D j� ) =
Y

i

p(y( i )
l jx ( i ) ; y( i )

q ; � ): (5)

The negative log-likelihood corresponds to the standard loss
functionL VLM (� ) used to �ne-tune the VLM:

L VLM (� ) = �
X

i

logp(y( i )
l jx ( i ) ; y( i )

q ; � ): (6)

Likelihood of the DM's Attention: We model the like-
lihood of observing the DM's attention given the VLM's
parameters, denoted asp(ADM j� ). To simplify the notation
and make the equations more concise, we introduce:

� ( i ) (� ) = pVLM (a j x ( i ) ; y( i ) ; � ) � pDM(a j x ( i ) ; y( i ) ; � D ): (7)

This represents the pointwise difference between the VLM's
and DM's attention distributions for thei -th data point,
serving as a measure of divergence at each attention location
a. Assuming that these differences are Gaussian-distributed
with equal variance, the likelihood can be expressed as:

p(ADM j� ) / exp

 

�
�
2

X

i






 � ( i ) (� )








2
!

: (8)
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This corresponds to the attention alignment lossL att(� ):

L att(� ) =
X

i






 � ( i ) (� )








2
: (9)

By minimizingL att(� ), i.e., the MSE loss, we encourage the
VLM's attention to align with that of the DM, guiding it to-
ward the optimal posterior attention distributionp� (ajx; y).

For simplicity, we assume a non-informative priorp(� ).
Consequently, the posterior distribution in the previous
equation Equation (4) is governed primarily byp(D j� ) and
p(ADM j� ). If regularisation is needed, a more informative
prior can be seamlessly incorporated. Combining the terms,
the negative log-posterior (up to a constant) becomes:

L total(� ) = L VLM (� ) + �L att(� ): (10)

Here,� balances the importance of aligning the attention
distributions with the primary task. We fully justify the
inclusion of the attention alignment loss in Appendix H.

2.4. Practical Implementation

For each sample(x ( i ) ; y( i ) ), we extract per-word attention
from both models. Then, we �ne-tune� by minimizing:

L total (� ) = �
X

i

log p
�
y( i )

l jx ( i ) ; y( i )
q ; �

�
+ �

X

i

k� ( i ) (� )k2 :

(11)
This is model-agnostic, requires no additional data, and
encourages the VLM's attention to become more focused
by following the DM's distributions.

3. Attention Alignment

We discuss how to compute per-word attention in VLMs and
DMs. Although both employ attention to capture vision-text
interplay, their attention aggregation differs (Figure 4). Un-
derstanding these distinctions is key to effective alignment.

3.1. Attention Aggregation in Diffusion Models

Text-guided diffusion models generate images from textual
input by iteratively denoising a random-noise image. During
each denoising step,cross-attentionlayers enable the model
to focus on relevant textual tokens. Speci�cally, queries
Q are derived from the noisy imagex t , while keysK and
valuesV come from the text embeddingv:

Q = f Q (x t ); K = f K (v); V = f V (v); (12)

wheref Q , f K , andf V are pretrained projection matrices of
DM. The attention mapM is then computed as:

M = Softmax
�
(QK > )=

p
d
�
: (13)

Prior work (Hertz et al., 2022) shows that averaging these
maps across layers and time steps reveals meaningful corre-
spondences between words and image regions. The resulting

per-word attention distributionspDM(ajx; y; � D ) indicate
salient image regions for each token, as shown in Figure 3.
We leverage these maps as a proxy for the optimal poste-
rior attention distributionp� (ajx; y), guiding the VLM's
alignment toward more focused vision-text interactions.

3.2. Attention Aggregation in Vision-Language Models

In VLM transformers, each text tokenTt attends to image
patch tokensTp across multiple heads and layers, producing
attention weightswhl

( t;p ) , whereh 2 H; l 2 L; t 2 T; p 2 P,
with H; L; T; P being heads, layers, tokens, and patches,
respectively. These weights capture semantic and spatial
relations between tokens and patches. To obtain a single-
channel per-word map, we aggregateN text � Npatch� H � L
attention heads/layers into a(N text � Npatch) matrix. Then
we reshape the patch dimension into a

p
Npatch �

p
Npatch

grid, approximately reconstructs the original layout of the
image, which we verify in Appendix J. This procedure yields
interpretable saliency maps—each row corresponds to a text
token's focus on the image patches—facilitating alignment
with DM attention (see Figure 5).

Figure 5.An illustration of the attention aggregation process in
VLMs. Attention weights between text tokens and image patches
are aggregated to form per-word saliency maps that approximate
the spatial layout of the image.

3.2.1. SIMPLE AGGREGATION FUNCTIONS

A straightforward approach is to pool attention weightsA
(i.e.,whl

( t;p ) ) across headsH and layersL via mean or max.
We consider four strategies:

A (L;H )
mean/max(A ) 2 f max-max; max-mean; mean-max; mean-meang;

where each denotes a combination off Max; Meang over
H and L. This yields a single per-word attention map,
capturing a coarse measure of word-to-patch alignment.

3.2.2. ATTENTION FLOW

Proposed by Abnar & Zuidema (2020),attention �owcumu-
latively combines multi-layer attention to capture deeper in-
teractions than simple pooling. Starting with the �rst layer's
attentionA (1) , we iteratively merge subsequent layersA ( l )

via element-wise multiplication or addition:

�A  �A � A ( l ) or �A  �A + A ( l ) :
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