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A Further implementation detail

A.1 Model configuration

We utilize the Stable Diffusion 3 (SD3) [2] model for our main analysis. SD3 originally incorporates
three vision-language text encoders: CLIP-G/14, CLIP-L/14 [5], and T5-XXL [6]. Due to memory
constraints, we disable the T5 encoder and use only the first 77 tokens from the two CLIP encoders.
We leverage the attention score from timestep ¢ = 8 of 28, where the attention logits are semantically
grouped well. Further ablation on timesteps can be found at Sec. [B.I] We used classifier-free
guidance [4] with scale 7.5 for generation if not specified.

For training and segmentation evaluation, the input images are center-cropped if non-square and
resized to a resolution of 1024 x 1024. After VAE encoding, the image is further downsampled to
64 x 64 latent. The resulting attention maps are bilinear upsampled back to the original image size
for segmentation evaluation.

A.2 Text prompts for analysis

We borrowed text prompts from DrawBench [7]], where diverse categories are included to assess the
capability of generative models. From 200 prompts in total, we randomly sampled 50 prompts for
our analysis. The full list of selected prompts is shown in Fig[T}

red colored car.

black colored dog. 27. An elephant is behind a tree. You can see the trunk on

blue colored dog.

red colored banana.

white colored sandwich.

yellow colored giraffe.

green cup and a blue cell phone.

horse riding an astronaut.

shark in the desert.

10. Three cars on the street.

11. One dog on the street.

12. Two dogs on the street.

13. One cat and one dog sitting on the grass.

14. Three cats and one dog sitting on the grass.

15. Three cats and two dogs sitting on the grass.

16. A triangular pink stop sign. A pink stop sign in the
shape of a triangle.

17. An illustration of a small green elephant standing
behind a large red mouse.

18. A small blue book sitting on a large red book.

19. A stack of 3 cubes. A red cube is on the top, sitting
on a red cube. The red cube is in the middle, sitting on a
green cube. The green cube is on the bottom.

20. A stack of 3 books. A green book is on the top,
sitting on a red book. The red book is in the middle,
sitting on a blue book. The blue book is on the bottom.
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21. A small vessel propelled on water by oars, sails, or an
engine.
22. A large plant-eating domesticated mammal with solid

hoofs and a flowing mane and tail, used for riding, racing,
and to carry and pull loads.

23. An American multinational technology company that
focuses on artificial intelligence, search engine, online
advertising, cloud computing, computer software, quantum
computing, e-commerce, and consumer electronics.

24. A large thick-skinned semiaquatic African mammal, with
massive jaws and large tusks.

25. A machine resembling a human being and able to
replicate certain human movements and functions automatically.
26. A grocery store refrigerator has pint cartons of milk
on the top shelf, quart cartons on the middle shelf, and
gallon plastic jugs on the bottom shelf.

one side and the back legs on the other.

28. A pear cut into seven pieces arranged in a ring.
29. Rbefraigerator.

30. Dininrg tablez.

31. An instqrumemnt used for cutting cloth, paper, axdz

othr thdin mteroial, consamistng of two blades lad one on
tvopb of the other and fhastned in tle mixdqdjle so as to
bllow them txo be pened and closed by thumb and fitngesr
inserted tgrough rings on kthe end oc thei vatndlzes.

32. A bicycle on top of a boat.

33. A car on the left of a bus.

34. Acersecomicke.

35. Artophagous.

36. Backlotter.

37. A photo of a confused grizzly bear in calculus class.
38. Photo of an athlete cat explaining it’s latest scandal
at a press conference to journalists.

39. Hyper-realistic photo of an abandoned industrial site
during a storm.

40. A real life photography of super mario, 8k Ultra HD.
41. Colouring page of large cats climbing the eifel tower
in a cyberpunk future.

42. Photo of a mega Lego space station inside a kid’s
bedroom.

43. A spider with a moustache bidding an equally gentlemanly
grasshopper a good day during his walk to work.

44. A bridge connecting Europe and North America on the
Atlantic Ocean, bird’s eye view.

45. A magnifying glass over a page of a 1950s batman comic.
46. A realistic photo of a Pomeranian dressed up like a
1980s professional wrestler with neon green and neon orange
face paint and bright green wrestling tights with bright
orange boots.

47. A sign that says ’Hello World’
48. A sign that says ’Diffusion’.
49. New York Skyline with ’NeurIPS’ written with fireworks

on the sky.
50. New York Skyline with ’Google Research Pizza Cafe’
written with fireworks on the sky.

Figure 1: Selected prompts for our analysis.

A.3 Attention perturbation

To assess the importance of image-to-text (I2T) attention alignment across layers, we applied a
Gaussian blur along the text token dimension of the I2T attention map. We used 1D Gaussian kernel
with standard deviation o = 9 and kernel size £ = 5 to accommodate the typical text token length.
The blur was applied to the attention logits after softmax, using reflective padding to preserve the
total attention mass per image token.



A.4 Segmentation evaluation metrics

To assess layer-wise segmentation performance in Sec. ??, we use three standard metrics: pixel
accuracy (pACC), mean accuracy (mACC), and mean Intersection-over-Union (mloU). Each provides
a progressively more rigorous evaluation based on pixel-level true positives (TP), false positives (FP),
and false negatives (FN) for the number classes N. pACC reports the fraction of correctly classified
pixels over entire classes, which can be easily skewed by large classes like background. mACC

averages per-class accuracy, TPTi-ipFI\I’ treating all classes equally yet still ignoring FP; mlIoU is the

most comprehensive, computing intersection-over-union, sp—ry-

TP 1 TP 1 TP
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For unsupervised segmentation, we forward a noised input image with a null prompt to obtain
the <pad> token attention maps. These maps are then greedily merged based on KL-divergence,
following the procedure in [9]. The resulting mask proposals are evaluated via bipartite matching
with ground-truth masks, while unmatched proposals are treated as false negatives.

A.5 Further details on image quality metrics.
For Pick-a-Pic, we generate 500 images for five random seeds respectively. We generated 5,000

images for MS-COCO and 1,000 images for SA-1B captions.

B Additional experiments

B.1 Ablation on timestep choice

Fig.[2] shows segmentation performance throughout different timesteps applied to the input image.
Both PascalVOC and COCO-Object demonstrates the best performance on ¢ = 8 of 28, where we
report the segmentation performance.

Metric
Metric

Timestep Timestep
(a) PascalvOC (b) COCO-Object

Figure 2: Segmentation performance across denoising timesteps.

B.2 Comparison on I2T and T2I attention maps

Fig. [3|presents attention maps for I2T and T2I directions corresponding to the highlighted keywords.
The I2T maps exhibit more complete and contiguous object masks, whereas T2I tends to capture
only partial or attenuated regions. This discrepancy likely stems from the distinct aggregation
roles: I2T attention directly updates image tokens based on textual queries, while T2I updates text
tokens conditioned on visual features. Given that the diffusion process ultimately operates on image
tokens to synthesize outputs, it is reasonable that I2T attention aligns more strongly with semantically
grounded image regions. Although this observation does not constitute a formal proof, the consistency
of the qualitative patterns, which is further visualized in Appx.[D.T]|across prompts supports this
interpretation.
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“One cat and one dog “A panda making panda latte
sitting on the grass.” a latte art.”

Figure 3: Comparison on I2T and T2I attention maps.

B.3 Ablation on normalization method

We conduct an ablation study to determine the optimal

method for normalizing attention scores. As shown in _Softmax  min-max | VOC  Object

Table [T} we evaluate the open-vocabulary semantic seg- X X 83.2 55.1
mentation performance across four configurations: using X v/ 85.2 53.5
scores before or after the softmax function, with and with- V4 X 89.0 61.8
out additional min-max normalization to scale the logit v e 88.3  57.0

between O to 1. The results indicate that using the raw
scores directly after the softmax function yields the best Table 1: Ablation on attention score
performance. Consequently, we adopt this scheme for all normalization methods.

subsequent experiments.

B.4 Segmentation performance per attention layer and head

We present semantic segmentation results obtained by leveraging the attention scores from individual
layers and heads in Fig[d] For a comprehensive evaluation, we measured mIoU on the PASCAL VOC
dataset [3]], including the background class. Our analysis reveals that the middle layers consistently
exhibit superior segmentation performance compared to early or late layers.
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Figure 4: mloU score of each head.



B.5 Quantitative results on attention perturbation

We use CLIP-I, CLIP-T, and DINO scores to evaluate generation quality and alignment. CLIP-I
measures cosine similarity between CLIP embeddings of generated and reference images, reflecting
high-level perceptual fidelity. CLIP-T compares the CLIP embedding of a generated image with that
of the conditioning text, assessing image—text alignment. DINO instead computes cosine similarity
between self-supervised vision embeddings of generated and reference images, offering a language-
free measure of semantic similarity. Higher values indicate better fidelity or alignment, with CLIP-I
and DINO focusing on image—image consistency and CLIP-T on image—text consistency.

Aligned with the qualitative analysis in Sec. ??, 9" layer, which we designated as a semantic
grounding expert in SD3, shows a noticeable drop on image fidelity score when perturbed.

0.305 L 0.9
o
° 0.300 L 0.8 S
= w0
S o
(9] =2
i =
a 0.295 4 0.7 E
= =
(@] a
=
(@]
0.290 0.6
CLIPT
CLIP-I
0.285 DINO 0.5

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Layer

Figure 5: Image fidelity scores under layer-wise perturbations on SD3.

C Generalization to other baselines

While we mainly leverage Stable Diffusion 3 (SD3) [2] in our main analysis, we also apply our
analysis to the other MM-DiT variants, Stable Diffusion 3.5 (SD3.5) [8] and Flux.1-dev [1]. We can
similarly observe the correlation between value norm and segmentation performance among layers
for both models. While SD3.5 appears to have layer 9, identical to SD3, to exhibit strong semantic
grounding, Flux shows layer 12 and 17 to have a similar tendency. This hints that our observation
and methodology are not proprietary for SD3, but can be applied to other DiT-based diffusion models
with multi-modal attention, highlighting the generalizability of our insights and findings.



C.1 Stable Diffusion 3.5
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Figure 6: Average L2-Norm of values across layers on SD3.5.
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Figure 7: Image fidelity scores under layer-wise perturbations on SD3.5.
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Figure 8: Segmentation performance across layers on SD3.5.



C.2 Flux.1-dev
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Figure 9: Average L2-Norm of values across layers on Flux.
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Figure 10: Image fidelity scores under layer-wise perturbations on Flux. We evaluate only for the
first 19 layers, which employs MM-DiT architecture.
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Figure 11: Segmentation performance across layers on Flux.
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D Additional visualizations

D.1 Image-to-text (I2T) and text-to-image (T2I) attention map

We provide extended visualizations of image-to-text (I2T) and text-to-image (T2I) attention maps
in Fig.[T2] The maps are taken from layer 9, where we observe strong semantic alignment between
visual and textual modalities. These results offer insight into the emergent cross-modal grounding

dynamics of the multi-modal diffusion transformer (MM-DiT).

<|sos|> street <|eos|>

12T

<|sos|> street . <|eos|>

<|sos|> i desert

T2I

“A shark in the desert.” <|sos|> i desert . <|eos|>

<|sos|>

engine

<|sos|> small vessel

engine <|eos|>

“A small vessel propelled
on water by oars, sails, or
an engine.”

pro pelled

~
[

Figure 12: Image-to-Text attention map visualization of all prompt tokens.



D.2 Per-head attention maps

We present comprehensive visualizations of attention maps for individual heads in selected layers,
as shown in Fig[I3|and Fig[T4] These results illustrate that each attention head focuses on distinct
image regions. This effect is particularly pronounced in layer 9, where individual heads attend to
different parts of the corresponding semantic region.

“A brown bird and
a blue bear.”

Mean Individual Head Attention

Figure 13: Visualization of attention scores for all heads.

Layer 5

Layer 9

Layer 12




Layer 7

Layer 8

Layer 9

Figure 14:

“lllustration of a mouse using
a mushroom as an umbrella.”

Individual Head Attention

Visualization of attention scores for all heads.
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D.3 Statistics of attention score and norm

We present the statistics of L2 norms of value-projected features across all layers and heads in Fig[T3]
Notably, layer 9 exhibits consistently large norms for text tokens, suggesting that text features strongly
dominate this layer. When restricting the analysis to the actual prompt tokens only, this trend becomes
even more pronounced.

On the other hand, we observe large image token norms in specific heads within layers 7 and 8, which
coincide with the heads that show strong segmentation performance in Fig.[d This suggests that
these heads are highly responsive to image-specific features and may play a crucial role in localizing
visual semantics prior to cross-modal alignment with text.

Text Token

mi‘e Token

7 T I TN I N T I T

Prompt Token

Figure 15: Average L2 norm of value tokens by layer and head.

D.4 PCA visualization of attention features

We provide PCA visualizations of the query-, key-, and value-projected image features across all
layers in Fig.[T6] Most layers exhibit a strong positional bias, whereas layer 9 reveals distinct semantic
grouping. This suggests that image features become semantically well-grounded at layer 9, enabling
more meaningful cross-modal interactions.

D.5 Emergent behavior of <pad> tokens

In Fig.[I7} we visualize all 77 tokens under the unconditional generation setting described in Sec. ??,
which includes <sos>, <eos>, and 75 <pad> tokens. Remarkably, we observe that individual <pad>
tokens attend to distinct semantic regions, despite the absence of explicit semantic information in the
text prompt.
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Figure 16: PCA visualization of query-, key-, and value-projected feature.
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Figure 17: Emergent behavior of <pad> tokens in unconditional generation.
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E Additional qualitative results for generation

We present extended results from attention perturbation experiments in Sec ??. Perturbations applied
to layers other than layer 9 result in minor degradation of image fidelity or structure while largely
preserving semantic content. In contrast, perturbing layer 9 leads to the generation of semantically
irrelevant images. Conversely, if we leverage this perturbed sample as a negative sample for the
guidance, we observe a substantial gain on the image quality. This strongly supports our claim that
layer 9 plays a critical role in cross-modal interaction, with a particular emphasis on aligning with the
text modality.

E.1 Extended I2T attention perturbation results
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Figure 18: Effect of applying attention perturbation at different layers during image generation.
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E.2 Extended I2T attention perturbation guidance results
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Figure 19: Effect of applying attention perturbation guidance at different layers during image
generation.
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E.3 Image generation results of our trained models

Baseline coco SA1B

"The image captures an airport tarmac
during sunset. Several airplanes are parked,
with one prominently displaying the
'Philippine Airlines’ logo. The sky is painted
in hues of orange and yellow, and the
ground is illuminated by the setting sun,
casting a warm glow over the scene."

"The image depicts a playground setting
with a child on a yellow slide. The child is
wearing a beige hoodie with the words
'PLAY AREA' printed on it, gray pants, and
blue shoes. Behind the child, there's another
child partially visible, wearing a red outfit.
The playground has colorful elements,
including a yellow giraffe silhouette and
blue and red blocks."

Hello Worlld Hello World..

"A sign that says 'Hello World"."

-

e e | EEEs =
"The image captures a serene park setting
with a long paved pathway flanked by tall,
leafless trees on either side. On the right,
there are stone lanterns with intricate
designs, and a few visitors can be seen
walking along the path."

"A red book and a yellow vase."

Figure 20: Qualitative results of trained models.
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F Additional qualitative results for segmentation

F.1 Open-vocabulary semantic segmentation results

Figure 23: Open-vocabulary semantic segmentation results of SegdDiff on ADE20K.
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F.2 Unsupervised segmentation results

rriirined)
‘ll“‘sa'.w.:ﬂ;:mwl\\ {

Figure 26: Unsupervised segmentation results of Seg4Diff on ADE20K.
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G Limitations of our method

Our method evaluates segmentation without postprocessing or upsampling, which limits performance
on extremely small objects. In addition, diffusion models may ground class names differently from
the ground-truth annotations, introducing an inherent mismatch that impacts accuracy. Addressing
this representation—annotation gap is an important direction for future work.

We focus on dense perception and image generation tasks, deferring reasoning-centric evaluations [10]
(e.g., action recognition, spatial-relations QA) to future work, as our supervision targets segmentation
semantics rather than high-level reasoning. For simplicity, the loss is applied to a single “sweet-spot”
layer per backbone; broader layer/timestep exploration or auxiliary heads (e.g., optical flow, pose)
could yield further gains without changing our core findings.
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