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Abstract

Multimodal large language models (MLLMs) have recently
achieved strong visual understanding abilities by coupling
large language models with pretrained vision encoders such
as CLIP. However, these models still rely on static vi-
sual representations that are computed independently of
the query, limiting their ability to capture query-specific vi-
sual cues. In contrast, text-to-image diffusion models nat-
urally produce query-aware representations through text-
conditioned denoising, making them a promising comple-
mentary source of visual features. Motivated by this obser-
vation, we propose DiffVLM, which leverages pretrained
text-to-image diffusion models to extract query-aware vi-
sual representations that complement conventional CLIP
features in MLLMs. We first analyze the behavior of dif-
fusion features, finding that they are both rich in seman-
tics and encode strong image-text alignment. By leveraging
text-conditioning, we reveal that we can steer these features
to focus on regions relevant to the input question. When
aligning these features with a LLM, we uncover a leak-
age phenomenon: amplifying text-guidance allows the LLM
to reconstruct information directly from the input diffusion
prompt. To address this, we introduce a mitigation strat-
egy that preserves query-aware information while prevent-
ing leakage. We harness the complementary strengths of
CLIP’s image-text alignment and diffusion features’ query-
adaptive representations via a simple fusion strategy. Dif-
JVLM improves visual question answering performance on
vision-centric and general-purpose benchmarks.

1. Introduction

Effective visual feature extraction remains a key chal-
lenge in designing robust multimodal large language mod-
els (MLLMs). Due to its vision-language pre-training,
CLIP [54] has become the de facto visual encoder in many
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Figure 1. Overview. (Left) We present our text-conditioned dif-
fusion feature-extraction pipeline. Following LLaVA, we extract
visual features from the frozen diffusion model and pass the ques-
tion as text-prompt. The LLM uses these features for question-
answering. Cross-attention maps show that the model can use the
question to focus on relevant regions (Right). We show example
pairs from the MMVP benchmark [63] where diffusion features
outperform CLIP.

MLLM architectures. However, its representations often
fail to capture fine-grained visual details such as orienta-
tion and structure [5, 48, 63]. Moreover, they struggle to
encode compositional relationships, such as the binding be-
tween objects and attributes [5, 27, 52, 74].

Recent attempts to address these shortcomings [25, 26,
28, 37, 43, 62, 63] largely rely on static visual features,
which may fail to capture task-relevant visual details. For
example, answering a question about the visibility of a
butterfly’s feet, as in Fig. 1 (right), requires precise lo-
calization and fine-grained semantic understanding. Al-
though some works explore question-aware visual repre-
sentations [18, 73], they often require substantial architec-
tural changes to CLIP and employ fusion at a single stage,
thereby limiting rich interactions between the image and the
query [14, 18, 35]. Finally, while [31] also proposes using
diffusion features for multimodal reasoning, its focus is on
analyzing how semantic information is stored in diffusion
models rather than leveraging query-conditioned represen-
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Figure 2. Inspecting Diffusion Features. (a, b) We visualize spatial features for three image pairs from MMVP-VLM using PCA
across blocks and timesteps. For (a), we use T=50; for (b), we fix U-L1-R1-BO-Cross-0Q. We observe: (1) different blocks capture
either shared semantics or image-specific details; (2) higher timesteps encode coarse layout, while lower timesteps emphasize fine-grained
structure; and (3) features like out and res-out have tokens which can act as “registers” that act as shared global descriptors across
similar images. (c) We plot average pair-wise cosine distance of diffusion features at different blocks and timesteps over all image pairs
in MMVP-VLM. We observe that diffusion features better preserve visually distinct information as all blocks exhibit pair-wise distance

greater than CLIP.

tations for multimodal understanding.

In this work, we leverage text-to-image diffusion mod-
els as the visual encoder (pipeline shown in Fig. | (left)).
These generative models can synthesize high-quality im-
ages aligned with the semantics and compositions de-
scribed by a text prompt [53, 55-57]. Recent studies at-
tribute this capability to strong internal representations and
the network-wide cross-attention mechanism that modu-
lates pixel features using text embeddings [22, 38, 60, 66].
Our key hypothesis is that these representations jointly
encode general-purpose and fine-grained semantics, while
textual conditioning enables query-aware modulation of vi-
sual features. Motivated by this observation, we intro-
duce DIff VLM, a multimodal architecture that combines
query-aware diffusion representations with the image-text
aligned features of conventional vision encoders such as
CLIP, leveraging their complementary strengths for im-
proved multimodal reasoning.

We first analyze unconditional features extracted from
diffusion models across multiple blocks and timesteps, us-
ing the LLaVA framework. Although prior work has shown

that such features can be repurposed for tasks such as clas-
sification, segmentation, and depth estimation [12, 30, 50,
68], their utility for multimodal reasoning remains largely
unexplored. Results on both general-purpose and vision-
centric benchmarks show that diffusion features encode
complementary information and in many cases match or
outperform CLIP-based LLaVA models (examples shown
in Fig. 1 (right)).

To better understand how these features align with text,
we analyze text-conditioned cross-attention maps. As il-
lustrated in Fig. 1 (left), these maps focus on semanti-
cally relevant image regions. We quantify this alignment
using image-text matching and find that diffusion cross-
attention significantly outperforms CLIP in capturing spa-
tial and compositional relationships (Table 2).

We next investigate how text conditioning modulates in-
termediate spatial features by manipulating its strength dur-
ing feature extraction. While low guidance (lower strength)
produces minimal changes, stronger guidance results in
more spatially focused feature maps that highlight regions
relevant to the text prompt. However, when aligning these



features to the language model, we find that at higher guid-
ance, a leakage phenomenon occurs in which the language
model can reconstruct the diffusion prompt from the fea-
tures, relying on the prompt rather than the image. We
quantify this effect and introduce a mitigation strategy dur-
ing training.

We then leverage questions directly as the text condition,
showing that this steers intermediate features toward query-
relevant regions. Building on these observations, we pro-
pose a fusion strategy that combines conditional diffusion
features with CLIP-style encoders to improve multimodal
understanding.

In summary, our contributions are:
¢ Analysis of Text-Conditioned Cross-Attention Maps.

We investigate what information is stored in text-
conditioned cross-attention maps and find that they en-
code robust vision-language correspondence.

* Query-Adaptive Spatial Modulation. We show how
text conditioning modulates spatial features, enabling
greater focus on query-specific regions.

* Prompt Leakage under Strong Conditioning. We un-
cover a leakage phenomenon where the LLM can learn to
reconstruct the diffusion prompt, quantify its extent, and
propose a mitigation strategy.

¢ Conditional Diffusion Feature Fusion. We propose
a simple yet effective fusion strategy combining CLIP-
style vision encoders with conditional diffusion features,
achieving a +6% gain over CLIP and 10% gain over
SigLIP2 on MMVP.

2. Related Work

Vision Language Models Vision language modeling has
been a popular topic with foundational image-text align-
ment papers such as [54, 72]. Multimodal LLMs go one
step further and have taken the success of large-scale pre-
trained LLMs and applied them to vision tasks [1, 14, 35,
65]. More recent methods like [10, 40, 77] show how visual
instruction can be done quickly with low data while being
competitive with strong baselines [3, 35]. Despite strong
progress, numerous works and benchmarks have revealed
limitations of current MLLM pipelines, including halluci-
nation [16, 19, 23, 36, 59, 75] and weak spatial reason-
ing [9, 17, 62, 63, 71]. Several improvements have been
proposed, such as increasing the resolution [41, 45], en-
hancing data mixtures [39, 62], and combining with other
encoders [37, 62, 63]. These observations suggest that im-
proving vision encoders, and enabling them to adapt to the
query, remains a key challenge.

Combining Visual Features with Other Modalities Be-
yond RGB, prior work connects additional modalities to
language via masked modeling [4, 47] or tool use [20, 42].
Works such as [8, 25, 43] show how integrating modalities
such as depth and semantic segmentation improves results

on tasks such as counting and spatial reasoning. However,
these models utilize static features and are unable to focus
on potentially query-relevant information.

Diffusion Models for Discriminative Tasks Diffusion
Classifier [33] shows how to rework a standard class-
conditional diffusion model into a discriminative classi-
fier. [50] identifies where and when in a diffusion U-Net
provides the strongest discriminative features. For classifi-
cation, [49] explores feature extraction and shows how dif-
fusion models are stronger than other generative models on
discriminative tasks. There has also been significant explo-
ration on using diffusion models as encoders for segmenta-
tion tasks [29, 70]. [21] demonstrates that diffusion models
can achieve state-of-the-art on few-shot image-text match-
ing. Building off these works, we show how diffusion mod-
els can provide sufficiently strong discriminative features
for visual instruction tuning.

Revelio [31] also studies diffusion representations
for multimodal understanding.  Our work differs in
three key aspects. First, in motivation: we propose
question-conditioned diffusion features to address limita-
tions of CLIP-style representations in multimodal reason-
ing, whereas Revelio focuses on analyzing how seman-
tic information is encoded in diffusion models for gen-
eral discriminative tasks. Second, our analysis provides
complementary insights: we uniquely examine how dif-
fusion features encode pairwise differences between per-
ceptually similar images (Section 3.1), and investigate how
text-conditioning impacts cross-attention mechanisms (Sec-
tion 4.1) and intermediate spatial features (Section 4.2). Fi-
nally, our method leverages text-conditioning for vision-
centric understanding, whereas Revelio uses unconditioned
features on general-purpose benchmarks.

3. What Visual Information Do Diffusion Mod-
els Encode?

In this section, we examine what visual information is en-
coded in unconditional diffusion representations and their
effectiveness for multimodal understanding, quantifying
performance across different blocks and timesteps. We use
Stable Diffusion v2.1-base [56].

3.1. Diffusion Features Encode Semantic and Struc-
tural Information

We first analyze intermediate diffusion features via PCA to
understand how features across layers and timesteps encode
semantic and structural information. For each block and
selected timestep, we extract pixel-wise features and project
them onto their top three principal components. We present
the results in Fig. 2.

We are primarily interested in the query features used
in the cross-attention layers, as they most directly interact
with text embeddings and are likely to be more semantically



Table 1. Unconditional Diffusion Performance. We show
performance of multimodal reasoning with diffusion features at
different layers and timesteps, across LLaVA-Bench, MMVP,
BLINK-val, and NaturalBench.

LLaVA-B MMVP BLINK-val  NaturalBench
Q-Acc I-Acc G-Acc

OpenAl CLIP ViT-L-14 66.5 24.7 36.6 377 438 143

Vision Encoder

All Acc Acc

SD Layer Configurations at T = 50

D-L2-R0-B0O-Cross-Q 334 17.3 35.8 2677 349 7.1
U-L1-R1-BO-Cross-Q 45.3 22.7 37.3 302 371 9.1
U-L1-R1-B0-Out 41.1 22.0 37.8 28.8 37.1 87

U-L1-R2-B0-Cross-Q 42.2 22.7 349 311 379 84
U-L2-R1-BO-Cross—Q  39.0 22.0 37.2 288 357 9.0
U-L2-R2-Res-Out 34.2 19.3 35.7 277 357 6.7

SD Time-Steps for U-L1-R1-B0-Cross—Q

T =10 40.0 22.0 36.8 303 36.6 89
T =50 453 22.7 373 302 371 9.1
T =100 44.7 22.0 37.4 309 385 94
T = 250 413 18.0 37.4 268 345 7.1
T = 500 29.8 12.7 36.5 169 276 3.1

aligned. We also examine features extracted after the cross-
attention operation (bO—-out) and after the full residual at-
tention block (res-out). We also inspect features across
multiple timesteps: higher timesteps correspond to noisier,
earlier stages where coarse structure dominates, while lower
timesteps capture finer details as noise decreases.

Fig. 2(a) shows PCA maps of diffusion features ex-
tracted at timestep 50 (low noise) for a subset of image
pairs from the MMVP-VLM dataset. These features encode
both shared and sample-specific patterns across images. In
the pair of minions, PCA maps reveal consistent represen-
tations for object components, such as glasses and clothing.
These features also capture fine-grained details, as seen in
the pair of butterfly images, where the body and wing re-
gions are clearly separated. Notably, features extracted af-
ter the cross-attention operation (rows 4 and 7) often contain
“register” tokens: 1-2 tokens that capture the most variance
in the image and are shared across pairs of images. Next,
we examine how features evolve with timestep as shown
in Fig. 2(b). We find that higher timesteps capture coarse
spatial structure (e.g., the snowman’s body and hat), while
middle timesteps increasingly highlight finer details, such
as the scarf (row 1, timestep 250).

Prior work [63] identified a key limitation of CLIP: se-
mantically similar yet visually distinct images are often em-
bedded similarly. Motivated by this, we assess whether dif-
fusion features better capture such visual differences. We
use the MM VP-VLM benchmark, which was created by in-
cluding pairs of images that had CLIP distance below 0.05
and DINO [51] distance above 0.4. We compute cosine dis-
tance between feature maps of similar image pairs across
blocks and timesteps as shown in Fig. 2(c).

We observe several notable trends: (1) diffusion fea-
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Figure 3. BLINK-val Performance. Benchmark performance
across different timesteps. SD-based models consistently outper-
form CLIP (in black), with notable improvements of +10% on spa-
tial reasoning, multi-view reasoning, and art style.

tures capture intra-pair visual differences substantially bet-
ter than CLIP; (2) bO-out and res-out consistently
show greater pair-wise distance than cross—qg features,
which aligns with our earlier observations that output fea-
tures encode more image-specific content; and (3) pairwise
distance increases as the timestep increases.

3.2. Diffusion Features are Effective for Vision-
Centric Tasks

Motivated by these findings, we next investigate whether
the semantics and structural information in diffusion fea-
tures enable them to be effective for multimodal under-
standing. For this analysis, we examine the performance of
unconditional diffusion features across various blocks and
timesteps, using LLaVA [39, 40] as our training framework.

We use LLaVA-Bench-In-the-Wild (LLaVA-B) to assess
instruction understanding on 24 out-of-distribution images
with 60 questions requiring world knowledge. For core vi-
sual reasoning, we use MM VP [63] and NaturalBench [34],
which test orientation, color, and other fine-grained visual
attributes. We also evaluate on BLINK [17], which tests
vision-centric reasoning via visual prompting.

In Table 1, we show model performance on all bench-
marks across blocks and timesteps, and in Fig 3, we exam-
ine more granular task-level performance on the BLINK-
val benchmark. First, we observe that on LLaVA-Bench,
the baseline CLIP-based LLaVA model performs the best
while SD-based models have almost a 20 point degradation.
This gap narrows on MM VP, where SD-based models come
within 2 points of the baseline. On NaturalBench, CLIP sig-
nificantly outperforms SD-based models, again suggesting
better vision-language alignment on tasks requiring broader
knowledge. On BLINK-val, however, SD-based models
consistently outperform CLIP by 1.2%.

Across blocks, we observe that cross—q features gen-
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Figure 4. Visualizing Cross-Attention Maps. We show a sample from COCO-captions and averaged cross-attention maps at low and high
timesteps for a few key words, representing the attention between pixel features and a specific word. We observe that cross-attention maps
at higher timesteps show higher focus on background elements (e.g., “court”). Attention maps from lower timesteps provide improved
localization of both object and action concepts (e.g., “racquets” and “holding”).

erally perform better than out features such as on LLaVA-
Bench and MMVP suggesting an improved alignment to
text at these layers. However, we see that the feature ex-
tracted from the down-stage performs much worse with
a 12 point drop compared to its up—stage equivalent on
LLaVA-Bench. This aligns with [46], where features at
the down—-stage contain more diffusion noise. Features
extracted at earlier timesteps (10-100) perform better than
later timesteps, likely because features from later timesteps
lose too many fine-grained details. Inspecting BLINK-val
performance in Fig. 3, we observe that features from differ-
ent timesteps excel at different tasks. Notably, features at
the earliest timestep (t=10) improve over CLIP by 10 points
on spatial reasoning and match CLIP on counting. Addi-
tionally, diffusion features consistently exceed CLIP per-
formance on multi-view reasoning regardless of timestep.
While diffusion features lag behind CLIP on instruction-
following tasks, they offer strong complementary informa-
tion for pure visual reasoning.

4. How Does Text Guidance Interact with Dif-
fusion Representations?

A key advantage of diffusion models over standard vision
encoders is their ability to condition visual generation on
text. In this section, we investigate how this text guidance
modulates diffusion representations and whether it can be
leveraged for query-adaptive visual understanding.

4.1. Cross-Attention Maps Capture Text-Aligned
Visual Semantics

We first visualize internal cross-attention maps to assess
how effectively diffusion models capture image-text cor-
respondences. Using two COCO images [11] and their
captions, we compute averaged cross-attention maps at a
16 x 16 resolution. As shown in Fig. 4, the model accu-

rately grounds text in visual regions — for example, “rac-
quets” highlights the correct object. Attention maps across
timesteps are complementary: higher timesteps emphasize
broader contexts (e.g., “court”), while lower timesteps fo-
cus on finer details.

To quantify alignment, we adopt image-text matching as
a proxy task, following [21]. We compute scalar align-
ment scores by applying LogSumExp pooling [6] over
summed cross-attention maps across layers and timesteps.
We aggregate maps from five representative timesteps (¢ €
189, 389, 589, 789, 989) and average results across three tri-
als. We evaluate our method on MMVP-VLM [63] and
Winoground [61], which require fine-grained understanding
of spatial relations, attributes, and compositional reasoning.

As shown in Table 2, diffusion cross-attention maps out-
perform CLIP-based models across all benchmarks with a
5% improvement over CLIP-ViT-H on MMVP-VLM and
a 2.1% improvement on Winoground. On MMVP-VLM,
SD2.1 excels at tasks involving orientation (+11%), identi-
fication of specific features (+20%) and viewpoint (+17%).
Notably, SD2.1 achieves this without contrastive training
and even outperforms several larger CLIP variants.

4.2. Text Conditioning Modulates Spatial Feature
Representations

Given the strong image-text associations observed in the
cross-attention maps, we investigate how text conditioning
modulates the block-level features. Fig 5(a) shows PCA
maps of unconditional and conditional features and their
difference across blocks. Both remain structurally similar,
but the change between conditional and unconditional fea-
tures highlights key attributes of the image; for instance, the
elephant’s ears and trunk are accentuated in the first image,
and the minion’s tongue is localized in the second image.
To understand this effect further, we visualize how the
feature changes when we amplify text-guidance. This is



Table 2. Quantifying the Quality of Diffusion Cross-Attention. We evaluate how well diffusion cross-attention maps capture text-image
alignment using the MM VP-VLM and Winoground benchmarks. We compare Stable Diffusion with various CLIP-based models across
visual patterns such as viewpoint, structure, and object presence. Icons are used to denote pattern categories: @: Orientation and Direction,
Q. Specific Features, &£ State and Condition, T3: Quantity and Count, e Spatial Relations, @ Appearance, &3 Structure, A: Text, B

Viewpoint. Formatting follows [63].

Model Details MMYVP Visual Patterns Winoground Benchmark
Image Params  IN-1k ‘
Model i Size (M)  ZeroShot | o Qo g 15 b4 ® 9 A B Avg | Text Image  Group
OpenAl ViT-L-14 [54] : 224% 4276 75.5 : 133 133 200 200 133 533 200 6.7 133 193 : 2775 1.5 11.75
OpenAl ViT-L-14 [54] | 3362 4279 766 | 00 200 400 200 67 200 333 6.7 333 200 ,2850 825 11.25
OpenCLIP ViT-H-14 [24] : 224%  986.1 78.0 : 200 133 60.0 333 133 533 400 6.7 267 29.6 : 30.68 1191 8.36
SigLIP ViT-SO-14 [76] | 2242 877.4 820 267 200 533 400 20.0 66.7 40.0 200 533 378 1175 1.25 6.50
SigLIP ViT-SO-14 [76] I 3842 878.0 83.1 1200 267 600 333 133 667 333 267 533 37.0! 1750 425 11.00
DFN ViT-H-14 [15] : 2242 986.1 83.4 : 200 267 733 267 267 667 467 133 533 39.3 : 38.50 11.50 14.25
DFN ViT-H-14 [15] 1 3782 986.7 844 1133 20.0 533 333 267 66.7 40.0 200 40.0 348 138.50 13.25 15.25
MetaCLIP ViT-L-14 [69] : 224% 4276 79.2 : 133 6.7 667 6.7 333 467 200 6.7 133 23.7 : 32.50 10.75 15.25
MetaCLIP ViT-H-14 [69] 1 224%  986.1 80.6 1 6.7 133 600 133 6.7 533 267 133 333 25213425 11.00 15.25
EVAOI ViT-g-14 [58] : 224%  1136.4 78.5 : 6.7 267 40.0 67 133 66.7 133 133 20.0 23.0 : 2725 9.25 11.25
EVAO2 ViT-bigE-14+ [58] | 224>  5044.9 82.0 133 200 667 267 267 66.7 267 200 333 3333200 10.50 13.50
SD-v2.1-base [56] ; 5122 865.9 - ; 311 333 356 200 333 467 333 333 444 346 ; 31.92 14.17 10.50

done via the following equation

Xampliﬁed = Xuncond +s (Xcond - Xuncond) ( 1)

where s is the guidance-scale and controls the ampli-
fication. =~ We visualize the change in Fig. 5(b) for
U-L1-R1-B0-Cross—Q as we increase s from O (purely
unconditional) to 7. While lower s settings do not modify
the structure of the image, high s values increase focus on
different parts of the image, such as the ears for the elephant
or the mouth for the minion.

We quantify this change via CKA [32] between uncon-
ditional and conditional features across guidance scales on
the COCO-captions test-set. Features experiencing high
text modulation should show lower CKA similarity with the
unconditional representation as guidance scale increases.
Fig. 5(c) shows that all blocks experience substantial text
modulation, with res-out and out features experiencing
the greatest change and cross—q features showing more
moderate effects.

4.3. Amplified Text Guidance Induces Leakage

Here, we examine how increasing text-guidance impacts
alignment between diffusion features and the downstream
LLM, using image captioning as a proxy task. Our intuition
is that stronger alignment will translate to better captioning
performance. For this analysis, we train only the projection
layer on the LLaVA-558K dataset.

All models use U-L1-R1-B0-Cross—Q at t =50 and
16 x 16 resolution. We provide the ground-truth caption
as input during training as an oracle. For evaluation, we
use the COCO-Captions test-set and use CIDEr [67] and

SPICE [2] metrics. During inference, we measure perfor-
mance when passing ground-truth captions (GT Cap.) and
no captions (No Cap.). The results are shown on the left of
Fig 6. Increasing guidance-scale during training improves
performance when the ground-truth is provided, surpassing
even CLIP, but worsens performance when no caption is
given. This inverse trend suggests that the LLM can extract
the input text-prompt from the diffusion features.

We investigate this phenomenon further via a mis-
matched setting. Specifically, there is evidence of leakage if
the LLM can reconstruct the caption for an unrelated image-
text pair during inference. The results of this are shown on
the right in Fig 6 (Mismatching Images): the model trained
with s = 4 is able to achieve a CIDEr score of 12.97.
As a mitigation, we implement dropout during training,
where, with some probability, no caption is passed to the
diffusion model during pre-training. We observe that this
improves robustness as captioning performance decreases
on the Mismatching setting, and performance on the No-
Captions setting remains consistent across guidance-scales.
Dropout thus helps the model balance extracting image fea-
tures against decoding text information present in diffusion
features, mirroring classifier-free guidance training.

5. Can We Extract Text-Aware Features for
Question-Answering?

In this section, we investigate whether text-conditioning can
be leveraged to extract question-aware features. While stan-
dard vision encoders produce static representations regard-
less of the query, diffusion models offer the opportunity to
steer internal representations via conditioning on the ques-
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Figure 5. Visualizing Text Conditioned Diffusion Features. (a) A few images are sampled from the MMVP-VLM dataset and visualize
PCA maps of spatial features extracted from different intermediate layers under both unconditional and text-conditioned settings (t = 50).
While the overall structure of the features remains similar after adding text, the difference of these features (Acond) can highlight specific
regions influenced by the text. (b) We show amplifying text guidance highlights relevant object and part regions. (c) Finally, we measure
CKA similarity between unconditioned and progressively text-conditioned features across blocks and observe that spatial features extracted
from out layers experience greater modulation compared to cross—q features.
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guidance settings. Models trained with stronger ground-truth conditioning outperform the CLIP baseline when given ground-truth captions
at inference, but degrade significantly when no caption is provided. Evidence of Leakage (Right): We examine whether increasing text-
guidance scale causes prompt leakage into the LLM. Training with caption dropout improves robustness when no caption is provided, with

minor performance drops when ground-truth captions are used.

tion to focus on question-relevant regions. Building on
these insights, we introduce Diff VLM, which harnesses the
complementary strengths of CLIP and diffusion features for
improved multimodal understanding.

5.1. Conditioning with Questions Focuses on Rele-
vant Regions

We next investigate whether text-guidance improves focus
on related spatial regions for question inputs, as text-to-
image diffusion models are trained with captions, not ques-

tions. This is non-trivial: unlike captions, questions contain
non-visual words as well as words describing visual con-
cepts that may not actually appear in the image, making it
unclear whether the model can isolate and attend to the vi-
sually relevant content.

We sample two image-question pairs from the Natural-
Bench benchmark [34] and perform PCA on the uncon-
ditional and conditional features and their difference. As
shown in Fig. 7, the difference highlights question-relevant
regions: when asked about a rope (which is absent), the



Table 4. Fusion Ablations. We evaluate model
performance when combining CLIP and diffusion
features with different guidance scales and fusion
strategies.

Table 3. Performance Fusing Conditional Diffusion Features. We evaluate
model performance when combining conditional diffusion features with conven-
tional CLIP encoders, demonstrating improved performance on the MMVP and
NaturalBench benchmarks.

Vision Encoder  Res, LLAVA-BMMVP GQA  Natural-B Vision Encoder MMVP GQA Natural-B
All Acc  Acc Q-Acc I-Acc G-Acc Acc Acc G-Acc
CLIP ViT-L-14 336 665 247 627 377 438 143  CHPVITL-14 47 627 143
+SD (s =4) - 637 307 625 41.6 473 162  SD & CLIP Concat.
PE-Core ViT-L-14 336 623 333 635 424 476 166  Scale=0(Uncond) 267  63.1 13.8
+SD (s = 4) - 638 307 641 435 489 168  Scile=1 die) e
X ) SD & CLIP Cross-Attn.
SigLIP2 ViT-SO-16 384  66.5 327 635 405 464 16.1
+SD (s =4) - 671 427 642 447 502 188  Scale=0(Uncond) 269 627 148
Scale = 4 30.7 62.5 16.2

Is the man holding onto
a rope?

Is the man wearing a
yellow hard hat?

Is the man holding onto
arope?

Is the man wearing a
yellow hard hat?

X =
Uncond. Cond. Diff Uncond. Cond. Diff

i e ded

Figure 7. Visualizing Question-Conditioned Features. We sam-
ple an image with two questions from NaturalBench and visualize
spatial features conditioned on questions via PCA. We see that the
difference between conditional and unconditional features finds
the relevant regions.

model attends to the pipe held by the men; when asked
about a yellow hat, focus shifts to the top of each man’s
head. In the bottom row, the model highlights the rope
(bottom-left), and the man’s head for the hat” question.

5.2. Fusing Conditional Diffusion and CLIP Im-
proves Multimodal Understanding

Motivated by our findings: (1) CLIP features provide strong
image-text alignment, (2) diffusion features encode comple-
mentary vision-centric information, and (3) text-guidance
enables query-adaptive feature extraction, we propose Dif-
fVLM to integrate conditional diffusion features with CLIP
encoders for enhanced multimodal understanding.

We leverage a cross-attention mechanism to fuse the fea-

tures, where the CLIP encoder features are the queries, and
diffusion features are passed as the keys and values. To
prevent the large language model from incorrectly latching
onto the diffusion prompt, we only pass question prompts
during the SFT stage of training and provide no text during
the pre-training stage. We set the guidance scale s = 4 for
all experiments.

We evaluate our fusion strategy with CLIP, along with
stronger CLIP-style encoders such as SigLIP2 [64], and
Perception Encoder (PE-Core) [7]. As shown in Table 3,
conditional diffusion features improve NaturalBench per-
formance consistently across all encoders. On MMVP, we
observe strong gains for CLIP (+6%) and SigLIP2 (+10%).
PE-Core, which already has a stronger MMVP baseline,
shows marginal improvement. Adding conditional diffusion
features also improves PE-Core and SigLIP2 performance
on GQA and LLaVA-Bench, indicating that these gains ex-
tend to general-purpose question answering.

We ablate concatenation vs. cross-attention at s = 0
(unconditional) and s = 4 (conditional) settings in Ta-
ble 4. Simple concatenation with unconditional features
already improves MMVP by 2.0 points, indicating that dif-
fusion features encode complementary visual information.
Increasing guidance to s = 4 yields further gains of +3.8%
on MMVP and +3.4% on NaturalBench, demonstrating the
added benefit of question-conditioned representations.

6. Conclusion

In this work, we investigate the potential of diffusion mod-
els to serve as task-aware feature extractors. We find
that diffusion features encode rich vision-centric informa-
tion that enables improved performance on vision-centric
benchmarks. Next, we show that cross-attention maps cap-
ture fine-grained vision-text correspondences that propagate
to block-level features, and that amplified guidance can leak



the prompt to the LLM. Building on this, we present Dif-
fVLM, a simple yet effective fusion of CLIP and condi-
tional diffusion features that leverages their complementary
strengths and improves performance on both vision-centric
and general-purpose benchmarks.
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DiffVLM: Towards Text-Aware
Multimodal Understanding via Stable
Diffusion

Supplementary Material

A. Experimental Settings

A.1. Block Configurations

We first describe our block-selection settings in more detail.
We extract features at both the encoder (down—-stage) and
the decoder (up—stage). Additionally, we inspect mostly
pixel-wise query features used in the text-conditioned cross-
attention layers. We inspect these features across blocks
and resolutions. Lastly, we examine a select set of output
features (denoted as out). We adopt a structured nam-
ing convention to identify specific feature blocks within
the diffusion model. Each name follows the format:
Stage-Level-Repeat-Block-FeatureType. The
stage is either D or U, followed by the resolution level (L#),
the residual block index level (R#), the transformer block
index (B#), and finally the type of feature extracted (Cross-
Q, Out, or Res-Out). This notation allows for precise refer-
encing of intermediate features across the model hierarchy.
The full configurations are shown in Table 5.

Table 5. Block Configurations. We describe all block configura-
tions used in our analysis and experiments.

Feature Config. Res Dim Description

D-L2-R0-BO-Cross-Q | 16 x 16 | 1280 Down-Stage, Level 2, 1st ResBlock,
Cross-Attention Query

Up-Stage, Level 1, 2nd ResBlock,
Cross-Attention Query

Up-Stage, Level 1, 2nd ResBlock, Attention
Output

Up-Stage, Level 1, 3rd ResBlock,
Cross-Attention Query

Up-Stage, Level 2, 1st ResBlock,
Cross-Attention Query

Up-Stage, Level 2, 3rd ResBlock, Output

U-L1-R1-B0-Cross-Q | 16 x 16 | 1280
U-L1-R1-B0-Out 16 x 16 | 1280
U-L1-R2-B0-Cross-Q | 16 x 16 | 1280
U-L2-R1-B0-Cross-Q | 32 x 32 | 640

U-L2-R2-Res-Out 32 x 32| 640

A.2. LLaVA Training Settings

For visual feature processing, we fix the number of to-
kens to 256 and resize all features to 16 x 16 regardless of
their original resolution. Our experimental settings follow
LLaVA [39, 40]. The full hyperparameters are described in
Table 6. Our training protocol remains mostly unchanged,
except we use DeepSpeed stage 2 for both stages of train-
ing. We train using 4 NVIDIA H100s. For our LLM, we
use the Vicuna-7B [13] model.

Table 6. Training Hyperparameters. Format from [63].

LLaVA-1.5
Stage 1 Stage 2

Hyperparameter

batch size 256 128
Ir 2e-3 2e-5
Ir schedule decay | cosine cosine

Ir warmup ratio 0.03 0.03

weight decay 0 0
epoch 1 1
optimizer AdamW [44]
DeepSpeed stage 2 2

Table 7. End-to-end latency comparison of vision encoders with
LLaVA-v1.5-7B on a single A100 GPU.

Model Vision LLM Total
Latency (ms) Latency (ms) Latency (ms)
CLIP 47.96 314.48 362.44
SD 98.86 306.96 405.82
CLIP & SD Cross-Attn 155.66 316.59 472.25

B. Further Experimental Results

B.1. Computational Cost of Diffusion Model

To provide a quantitative assessment of the efficiency trade-
offs, we benchmarked the end-to-end latency of our pro-
posed model against the LLaVA-v1.5-7B baseline on a sin-
gle A100 GPU.

The results as shown in Table 7 show that while our pro-
posed fused vision encoder adds approximately 108 ms of
latency compared to the standard CLIP encoder, this results
in only a ~30% increase in the total end-to-end latency.
This is because the LLM’s forward pass remains the pri-
mary computational bottleneck. Regarding scalability, we
hypothesize that this vision encoder overhead will have a
diminishing relative impact as language models continue to
scale in size. Future research could explore more efficient
fusion strategies for use cases requiring lower latency.

B.2. Comparison with Vision-Centric Models

We also compare diffusion features against other vision-
centric models. We use DINOV?2 as our baseline and show
the results in Table 8. We find that SD2.1 and DINOV2
have similar performance on MMVP, but DinoV2 outper-
forms SD2.1 slightly on LLaVA-B and NaturalBench. On
BLINK-val, SD2.1 obtains a 2.6% improvement. We show
the BLINK-val breakdown in Table 9. Our findings show
that diffusion features generally outperform DINOV2, with
+7% on Multi-View, +9% on Reflectance, and +9% on Se-



mantic Correspondence.

B.3. Fusion Ablations

In Table 10, we explore the impact of using other visual
backbones to improve upon CLIP. Specifically, we exper-
iment with the DINOv2 and SigLIP2 vision encoders us-
ing the cross-attention fusion strategy. We observe that
fusing conditional diffusion features outperforms other fea-
tures across all tasks.

C. Full Captioning Results

We tabulate all COCO-Caption results displayed in Fig. 6
and present them in Table 11.

D. Further Diffusion Feature Analysis

D.1. Visualizations

We provide more visualizations of unconditional diffusion
features via the NaturalBench benchmark [34] as it consists
of more complex image-pairs compared to MMVP [63]. We
observe similar trends as our analysis in Sec 3.1. We ob-
serve more instances of shared objects represented similarly
across each pair of images (as evidenced by the similar col-
ors of the PCA maps). For instance, in pair (d), diffusion
features across multiple blocks capture shared semantics of
the motorcycle, its wheels, and the driver. Other examples
include the shared encoding of the face masks in pair (e)
for U-L1-R1-B0-Cross-Q and U-L1-R1-B0-Out. Interest-
ingly, we see that this behavior is not as present in features
extracted at the down-stage. We hypothesize that this
could be a result of the diffusion noises present during the
encoding stage. Lastly, we note more examples of “regis-
ter” token behavior for vit-out and res-out features.
This can be seen for all samples for the res—out features
and pairs (a-d) for the vit—out features.

D.2. CKA Analysis

Here, we aim to understand the relationship between rep-
resentations across different blocks. Specifically, we use
CKA [32] to measure the similarity of different represen-
tations. We use the COCO-Captions test set, which con-
sists of 5000 images, for our analysis. Furthermore, we ex-
plore how increasing text guidance may impact these block-
wise relationships by computing CKA at various guidance
scales, namely s = 0,1,4. As shown in Fig. 9, for s = 0
(purely unconditional features) cross—qg features exhibit
more similar representations compared to out features.
When conditioning on text, we observe minimal changes
in feature similarities. However, increasing text guidance
(s = 4), we see that pair-wise CKA similarity decreases for
all pairs of blocks, with a greater decrease for out blocks.
This aligns with the trends we observed in Fig. 5 where out

features exhibited greater changes in their representations
due to higher text guidance.

E. Further Cross-Attention Map Analysis
E.1. Quantifying Effect of Timesteps

We examine how different time-steps impact performance
for MMVP-VLM in Table 12 and observe that features ex-
tracted from earlier timesteps yield better performance on
fine-grained patterns, such as the presence of specific con-
cepts, but worse performance for color and appearance. We
do the same for the Winoground benchmark, as shown in
Table 13. We find that earlier timesteps (¢ € {89, 189, 289})
have a significantly lower ability to select the correct image
given a caption (image-score) compared to later timesteps
with a 14pt gap between features taken from t = 89 and
features from t = 989. Ensembling features across multi-
ple timesteps helps balance out performance and we ob-
serve this strategy achieves the highest text-score (ability
for model to select the correct caption given an image) with
relatively good performance on image- and group-score as
well.

E.2. More Visualizations

Here, we provide more visualizations of cross-attention
maps at both early and later timesteps. We sample images
from the COCO-Captions test set to generate these maps.
We observe intriguing differences in how concepts are en-
coded across timesteps. For example, in the skier image,
later timesteps more precisely capture object-attribute bind-
ings (e.g., the word “black” better corresponds to the coat
at t = 500, compared to t = 50). We also note that early
timesteps may not always be more localized than higher
timesteps as the map for “coat” is slightly more concen-
trated at t = 500 than t = 50. For the second image of
the otter, we see that the “Frisbees” map precisely localizes
the frisbees across both timesteps. We note similar trends
concerning the higher timestep maps better-capturing back-
grounds, as “rock” captures the background better at t =
500, while at t = 50, the corresponding map attends more
on just the edge between the rocks.

E.3. Inspecting Cross-Attention across Layers

While our earlier analysis averaged cross-attention maps
across all layers at the 16 Xx 16 resolution, we
now aim to understand how individual layers con-
tribute to visual-linguistic representation.  Specifically,
we look at cross-attention maps at the following lay-
ers: D-L2-R0-BO, D-L2-R1-B0O, U-L1-RO-BO,
U-L1-R1-B0O, U-L1-R2-B0O. The maps are shown in
Fig. 11. We observe that down-stage cross-attention
maps vary considerably compared to up—stage maps.
However, one set of maps is not necessarily better than



Table 8. Comparison of diffusion features with DINOV?2 and CLIP across multiple benchmarks.

Config Backbone #Tokens LLaVA-B MMVP BLINK-Val NaturalBench
CLIP-LLaVA-v1.5-7B ViT-L14/336 576 66.5 24.7 36.60 14.32
DINO-LLaVA-v1.5-7B ViT-L14/224 256 48.9 22.7 34.66 9.95
SD-LLaVA-v1.5-7B U-L1-R1-B0-Cross-Q, T=50 256 453 22.7 37.28 9.11

Table 9. BLINK-val task-wise results. Diffusion features outperform DINOv2 on Multi-View, Reflectance, and Semantic Correspondence.

Model Backbone Sim. Count. Depth Jigsaw Art Func. Sem. Spat. Obj. Vis. Multi Refl. Foren. IQ Avg.
Corr. Corr. Rel. Loc. Corr. -View

CLIP-LLaVA-v1.5-7B  ViT-L/14-336 47.41 4500 5242 12.00 41.03 1626 31.65 64.84 50.00 27.33 43.61 37.31 23.48 20.00 36.60

DINO-LLaVA-v1.5-7B ViT-L/14-224 47.41 4333 50.00 2.67 3248 2231 20.86 6643 54.92 28.49 48.87 29.10 2045 18.00 34.67

SD-LLaVA-v1.5-7B U-L1-R1-B0, T=50 47.41 4333 51.61 000 4274 24.62 30.22 61.54 56.56 29.65 55.64 38.81 20.45 19.33 37.28

the others. For instance, “people” captures the person F. More Examples of Question-Conditioning in

on the court in the U-L1-R0O-BO maps, while in the Diffusion Features

D-L2-R1-B0 maps, “people” captures the people sitting

on the left side of the court. Another example is the “rac- In this section, we provide two more instances of how
quets” maps which accurately localize the object in the providing questions as input prompts to the diffusion
U-L1-R1-B0 and U-L1-R2-B0 maps but focus on the model enables focus on the relevant regions. We show
court net in the rest of them. these in Fig. 12. To understand how question con-

ditioning may change across resolutions, we also pro-
vide comparisons for both U-L1-R1-B0-Cross-0Q and
U-L2-R1-B0-Cross—Q features.

Notably, we observe that for some questions, high-
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Figure 8. More Diffusion Feature Visualizations. We sample six pairs of images from the NaturalBench benchmark [34] and view the
joint PCA maps across different blocks and layers. Please zoom in to see more details.




CKA Similarity (Scale Scale 0.0) CKA Similarity (Scale Scale 1.0) CKA Similarity (Scale Scale 4.0)

D-L2-R0-B0O-Cross-Q- 1.00 0.84 0.68 0.84 0.84 D-L2-R0-BO-Cross-Q- 1.00 0.86 0.84 0.85 D-L2-R0-BO-Cross-Q- 1.00

U-L1-R1-B0-Cross-Q- 0.84 1.00 0.92 U-L1-R1-BO-Cross-Q- 0.86 1.00 0.92 U-L1-R1-BO-Cross-Q +
U-Ll-Rl-BO-Out 1.00 U-Ll-Rl-BO-Outﬂ 1.00 0.78 U-L1-R1-B0-Out
U-L1-R2-BO-Cross-Q- 0.84  0.92 1.00 U-L1-R2-BO-Cross-Q- 0.84 0.92 = 0.78 1.00 U-L1-R2-B0-Cross-Q -

U-L2-R1-B0-Cross-Q- 0.84 0.81 U-L2-R1-BO-Cross-Q-  0.85 0.81 U-L2-R1-B0-Cross-Q -
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Figure 9. CKA Block-Wise Similarity. We compute block-wise CKA similarity using the COCO-Captions test set (5000 images) across
various guidance scales (s = 0, 1, 4).
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Figure 10. More Cross-Attention Maps. We display more examples of cross-attention maps from images in the COCO-Captions test set.
For the image of the skier, we can see that object-attribute binding such as“black’ and “coat” are better aligned at later timesteps compared
to earlier ones.

resolution features can better focus on relevant regions. tures highlight the pencil, while U~-L1-R1-B0-Cross-Q
This is observed for the second image in the first pair of features instead focus on the wooden board. We also find
images. Specifically, for the question about the “pencil on that when the question is not aligned, the model can in-
the man’s ear,” we find that U-1L2-R1-B0-Cross—-Q fea- crease focus on the general foreground as seen in rows 3
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Figure 11. Cross-Attention Maps Across Layers. We display cross-attention maps at timestep 50 across various layers. We see that
cross-attention maps are not uniform and that maps at the up-stage encode more robust image-text alignment.

Table 10. Fusion Performance with other Visual Backbones We
compare performance when fusing CLIP features with conditional
diffusion features as opposed to features from other strong vision
encoders.

MMVP GQA Natural-B
Acc Acc G-Acc

OpenAl CLIP ViT-L-14 24.7 62.7 14.3
+ DINOvV2 Cross-Attn 23.3 62.6 14.7
+ SigLIP2 Cross-Attn 23.3 58.6 11.9
+ SD (s =4) Cross-Attn ~ 30.7 62.5 16.2

Config

and 4 for the U-L1-R1-B0-Cross—Q features. Alter-
natively, the model may also have a more diffuse focus
or no change in focus as shown in rows 1 and 2 for the

U-L2-R1-B0-Cross-0Q features.

These examples further demonstrate the complementary
information in features across different layers and reso-
lutions. While our analysis focused on a single set of
question-conditioned features, future work could explore
more advanced ensembling techniques to improve model
performance.

G. Investigating SDXL Architecture

In this section, we investigate whether some of our key
trends extend to the SDXL architecture. Namely, we fo-
cus on how well SDXL features compare to SD2.1 features
and use the same protocol as Sec 4.3. We extract features
from up-levelO-repeatO0-vit-block7-out from
SDXL (based on analysis done in [46]). For this analysis,
only the projection layer is trained, while both the vision



Table 11. Comparison of models on the COCO-Captions benchmark. SD2.1 uses 512x 512 images; CLIP uses 336 x 336 images.

Model Details COCO-Captions Benchmark
Model Train Mode Val Mode ROUGE-L CIDEr B@4 SPICE
CLIP-ViT-L14-336 No Captions No Captions 40.75 40.60 15.02 20.50
Stable-Diffusion-2.1-base (PT) No Captions No Captions 36.78 26.59 11.77 16.41
Stable-Diffusion-2.1-base (PT) GT Captions No Captions 34.27 26.60 11.13 15.26
Stable-Diffusion-2.1-base (PT) GT Captions GT Captions 39.31 38.10 14.23 18.72
Stable-Diffusion-2.1-base (PT) GT (s = 1.5) No Captions 3343 26.43 10.53 14.31
Stable-Diffusion-2.1-base (PT) GT (s = 1.5) GT-Captions 40.70 43.53 15.46 19.56
Stable-Diffusion-2.1-base (PT) GT (s = 1.5 w/ Dropout) No Captions 36.13 29.10 11.99 16.10
Stable-Diffusion-2.1-base (PT) GT (s = 1.5 w/ Dropout) GT-Captions 40.77 41.72 15.22 19.46
Stable-Diffusion-2.1-base (PT) GT (s =4) No Captions 31.08 24.22 9.40 11.28
Stable-Diffusion-2.1-base (PT) GT (s =4) GT-Captions 43.74 56.50 18.10 19.97
Stable-Diffusion-2.1-base (PT) GT (s = 4) w/ Dropout No-Captions 37.52 31.48 12.49 16.10
Stable-Diffusion-2.1-base (PT) GT (s = 4) w/ Dropout GT-Captions 42.44 45.40 16.19 20.04

Table 12. Comparison of SD2.1 model across varying timesteps for MM VP-VLM Benchmark, using 512 x 512 images. For ‘Ensemble’
we use timesteps ¢ € {189, 389, 589, 789, 989}, and average results across 3 trials.

Model Details MMVP-Val Benchmark
Model  Timesteps 0 Q < 1% b4 @ o A o] Avg
SD-v2.1 89 0.00 13.33 20.00 13.33 40.00 3333 26.67 26.67 46.67 24.44
SD-v2.1 189 20.00 13.33 26.67 6.67 26.67 20.00 20.00 33.33 20.00 20.74
SD-v2.1 289 33.33 26.67 26.67 26.67 3333 40.00 40.00 33.33 13.33 30.37
SD-v2.1 389 33.33 26.67 33.33 20.00 13.33 26.67 40.00 20.00 33.33 27.41
SD-v2.1 489 20.00 20.00 40.00 20.00 20.00 46.67 40.00 13.33 13.33 25.93
SD-v2.1 589 20.00 33.33 53.33 26.67 33.33 3333 20.00 33.33 20.00 30.37
SD-v2.1 689 13.33 20.00 13.33 13.33 3333 40.00 26.67 13.33 46.67 24.44
SD-v2.1 789 26.67 13.33 33.33 13.33 40.00 46.67 40.00 40.00 13.33 29.63
SD-v2.1 889 13.33 33.33 33.33 46.67 40.00 60.00 33.33 26.67 26.67 34.81
SD-v2.1 989 46.67 0.00 26.67 13.33 40.00 66.67 20.00 20.00 33.33 29.63
SD-v2.1 Ensemble 31.1+7.70 33.3+6.67 356+19.25 20.0+6.67 333+1333 46.7+11.55 333+£6.67 333+1333 444+770 34.6+2.38

encoder and LLLM remain frozen. Our results are shown in
Table 14. We observe that there are slight improvements in
ROUGE and CIDEr scores when using SDXL, but SD2.1
outperforms SDXL on BLEU and SPICE.

We also examine whether SDXL features exhibit simi-
lar leakage effects as SD2.1 features and perform the same
comparison as in Sec 4.3 but using SDXL features. Specif-
ically, we use the “Mismatched” setting where we pass the
ground-truth caption as input to SDXL along with a ran-
domly chosen incorrect image. As shown in Table 15, we
observe that SDXL exhibits even stronger text-dependence.
When trained with a guidance scale of 4, the model can
more easily extract text-prompt features to reconstruct this
caption even when the image is completely different. We
find that adding dropout is still able to mitigate this effect.

H. Limitations

While our analysis demonstrates the potential of diffusion
features for multimodal understanding, several limitations
remain. First, our Difft VLM architecture introduces addi-
tional inference latency ( 30% overhead end-to-end), which
may limit applicability in latency-sensitive settings. Sec-
ond, despite our pre-training strategy where we provide no
text, the question-conditioned diffusion features may still
have some susceptibility to text leakage under high guid-
ance scales. Future work could develop more effective
strategies to handle this issue. Third, our experiments are
conducted at moderate scale using LLaVA-1.5-7B with a
fixed 256-token budget, and whether our findings generalize
to larger MLLMs or higher token counts remains an open
question.



Table 13. Comparison of SD2.1 model across varying timesteps for Winoground Benchmark, using 512 x 512 images. For ‘Ensemble’ we
use timesteps ¢ € {189, 389, 589, 789, 989}, and average results across 3 trials with 5 noise-steps.

Model Details Winoground Benchmark

Model Timesteps Text Image Group
Stable-Diffusion-v2.1-base (512) 89 29.25 5.75 3.00
Stable-Diffusion-v2.1-base (512) 189 23.75 8.25 4.25
Stable-Diffusion-v2.1-base (512) 289 25.50 9.25 6.50
Stable-Diffusion-v2.1-base (512) 389 26.00 12.75 10.25
Stable-Diffusion-v2.1-base (512) 489 29.50 16.00 11.25
Stable-Diffusion-v2.1-base (512) 589 29.75 15.75 10.00
Stable-Diffusion-v2.1-base (512) 689 30.25 13.75 10.50
Stable-Diffusion-v2.1-base (512) 789 27.50 17.00 12.75
Stable-Diffusion-v2.1-base (512) 889 27.50 12.50 9.00
Stable-Diffusion-v2.1-base (512) 989 28.00 19.75 14.25
Stable-Diffusion-v2.1-base (512) [189, 389, 589, 789, 989] 31.92+2.65 14.17+x1.15 10.50+1.09

Table 14. Performance Comparison of Uncond. Diffusion Features at T=50.

Model

ROUGE-L CIDEr BLEU @4 SPICE

Stable-Diffusion-2.1-base (512) 36.25
Stable-Diffusion-XL-base (512) 37.24

26.20
28.30

11.54
11.41

16.21
15.53

Table 15. Measuring Leakage Effects with SDXL Features via Mismatched Setting

Model

ROUGE-L CIDEr BLEU @4 SPICE

SDXL-GT Captions (s = 1)
SDXL-GT Captions (s = 1.5)

SDXL-GT Captions (s = 1.5) w/ 30% caption dropout

SDXL-GT Captions (s = 4)

29.25
36.03
30.96
49.58

7.32 4.15
21.39 8.99
10.39 5.30
63.48 20.32

4.64
9.78
6.04

21.43
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Figure 12. More Visualizations of Question-Conditioned Features. Please zoom in to see smaller regions of focus (e.g., pencil in second

row, rightmost column of U-L2-R1-B0-Cross—Q)
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