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Background

Diffusion Models are Black-Boxes

Diffusion,
Mid-Timestep Latent

Transformer,
Mid-Level Feature

Input Image

Representation for Restoration Representation for Generation 2
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Background

Existing Vision Interpretation Methods

Gradient Interpretation

Feature

l ? Compute gradient
Output: “Dog”

Hard to apply on generative models



Background

Existing Vision Interpretation Methods

Gradient Interpretation Representation Interpretation

e\

l

Feature Feature Semantic
- Components
l I Compute gradient onke a ;

Output: “Dcl>g”

Hard to apply on generative models Requires model-specific design



SR »
N e 7 ¥

PEKING UNIVERSITY

Background

Gradient-Based Interpretation

....................

! <«—— Gradients ! A P c [Tiger Cat
i —> Activations 3 S . s Image Classification
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FC Layers Yy
Guided Backpropagation

; P (or)
Rectified Conv ," -7 R Q
Feature Maps ," B j" = 5 A ZZI
Fid ’ >» )
A cat lying on Image Captioning

Guided Backprop
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Any RNN/LSTM
Task-specific| < the ground
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Visual
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gradients via backprop linear combination

| (1) Grad-CAM ‘Dog’
Ramprasaath et al., Grad-CAM: Visual Explanations from Deep Networks via Gradient-based Localization, ICCV 2017



b‘lN!r'(‘ ‘ \
N e 7 ¥

PEKING UNIVERSITY

Background

Cross-Attention for Representation Interpretation

(1) Contrastive pre-training (2) Create dataset classifier from label text
Pepper the I -
aussie pup » E-I:;: _ «| A photo of > Text
i | ncoder : "1 a {object}. Encoder
- : \ 4 ¥ ¥ v ) .
T, Ty T3 Tn
—>» I LTy | 112 | 11Ty I-Ty Lo
(3) Use for zero-shot prediction v v v v
—» I [Ty | 15T; | 15Ty Iy Ty T, T, Ty Ty
Image
- 13 [3'T| ]3'T2 ]3'T3 ]3'TN I
Encoder mage I 1Ty | I;Ty | 1T I,-T,
Encndar_}] vt btz | it "IN
Y
» Iy Ty | InTa | INTs In' Ty B paho:to of

Radford et. al., Learning Transferable Visual Models From Natural Language Supervision, ICML 2021
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Background

Cross-Attention for Representation Interpretation

( Y~ Latent Space Conditioning)
E H ~ Diffusion Process | Eemantiq
Ma
> i Denoising U-Net €g Text

Repres
entations

x(T-1)

A
a D

A 271 RT ]
\Pixel Spacg g b
KQV E &£---- (‘T
denoising step crossattention  switch  skip connection concat - 4

Rombach et. al., High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022



ANELT TS
" & .

PEKING UNIVERSITY

Background

Cross-Attention for Representation Interpretation

* Summing attention from multiple layers
* More fine-grained saliency maps
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Raphael et. al., What the DAAM: Interpreting Stable Diffusion Using Cross Attention, arXiv 2022
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Background

Cross-Attention for Representation Interpretation

DDPM Process
» Loss for Instance Enhancement ey Blpetnl o
* More fine-grained saliency maps B
Z,
“A cat an da I_I;Qg” g:;s;gk;awﬁon .
Q K

Loss Computation
(+okens “lion” ,"crown”) L,=1 - maxGa(A2%)

Ls=1 - max G(A%)

I 2
Loss: L= max(L,,L;)
ﬁaussmn ’
Update: Z2,=2Z,-aV, L -

e 2 g - Smooﬂnln@ 6](742) &(AG)
T : . : e Fl"a[ cross— _o wH—l/‘ 2
: ~ ’ - Attention Maps N
) : (+iw‘65+6P +=D) .Bn“. o X
Stable Diffusion (SD) Stable Diffusion w/ Attend-and-Excite -

Attend-and-Excite

Chefer et. al., Attend-and-Excite: Attention-Based Semantic Guidance for Text-to-Image Diffusion Models, TOG 2023
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Multi-Modal Diffusion Transformers

Uniform perspective of different modalities

Auxiliary Objectives ~ Score Matching Loss Denoising i
Masked Generative ~ Gontrastive Latent ' - a Block: Y2

Foresight (MGF) Alignment (CLA)

{

Denoised Action Sequence

] 1@@99999

Noisy Actions Tokens

[ Voltron & Perceiver/ ]
ResNets-18
A

Multimodal Goal Shtlc Cam erst Cam

“Move the
Or slider to the
right”

Reuss et al., Multimodal Diffusion Transformer:

Goals, Robotics: Science and Systems 2024

Scale B
|
N x MLP
— g, 182
Scale & Shift +———
|
Layer Norm
Multi-Head
Cross-Attention
R —
’)’1
Scale
Multi-Head
Self-Attention
g, )81
Scale & Shift a——-
I Linear
Layer
Layer Norm

®O00) S8es

Learning Versatile Behavior from Multimodal

10
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Multi-Modal Diffusion Transformers

Uniform perspective of different modalities

Auxiliary Objectives _ Score Matching Loss _ Denoising i
Masked Generative Contrastive Latent BIOCk: Y2
Foresight (MGF) Alignment (CLA) Scale <

f I t N x —MI:_P ,
MDT .- -l ‘ Denoised Action Sequence R 2, P2 o iy
8000 1@ T ep e Concat modalities
i Muﬁ:w « Self-Attention

L >

_ ; EEEES Y
DL bbbl ———%| + Text prompt
| w'v;:,:;:::“" ) glueea o embeddings are
g ¥ W = T lsoupdated
8000 ssss
Reuss et al., Multimodal Diffusion Transformer: Learning Versatile Behavior from Multimodal 1

Goals, Robotics: Science and Systems 2024
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DiTs with MMAttn: FLUX, SD 3+, ...

Flux.1 Kontext
N/2 Double Stream Blocks N Fused DIT Block

Replace the word "KONTEXT" TEXT
—

with "BEER" ENCODERS Text Stream

Visual Stream

Noised Latent (IVAE
=l - —>...— (Image
Positional Embeddings: Combined Stream Decoder)
VAE [TTO, h, W]
(Image
Encoder)

Encoded Input Image

Positional Embeddings:

[T=1,h,w]
Flux with both Double Stream Attention Stable Diffusion 3 with Noise-Condition
and Fused Self-Attention Fused Self-Attention

Patric et al., Scaling Rectified Flow Transformers for High-Resolution Image Synthesis, ICML 2024
Batifol et al., FLUX.1 Kontext: Flow Matching for In-Context Image Generation and Editing in Latent Space, arXiv 2025
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Background

Attention Functionalities in MMDiT

« Semantic information from multi-modal cross-attention
« Geometric and shape details from self-attention

SOUI'CC 1mage Whlte hOI'SC Class Layer3 Layer 6 Layer 9 Layer 10 Layer 12 Layer 14 Layer 16 | Avg.
N 3 dog 1.00 1.00 1.00 1.00 0.89 0.76 1.00 0.95

horse 0.96 1.00 1.00 1.00 0.64 1.00 091 0.93

sheep 0.97 1.00 1.00 1.00 1.00 0.90 0.97 0.98

leopard 0.97 1.00 1.00 1.00 0.97 0.79 0.87 0.94

tiger 1.00 1.00 0.97 1.00 0.88 1.00 0.97 0.97

green 093 091 091 0.96 0.67 0.38 0.60 0.77

white 0.97 1.00 0.94 0.97 0.97 0.61 0.85 0.90

orange  0.97 1.00 0.94 0.92 0.89 0.94 0.83 0.93

yellow  0.96 0.77 1.00 0.98 1.00 0.36 0.68 0.82

red 0.97 0.97 0.93 0.85 0.70 0.23 0.65 0.76

Class Layer3 Layer 6 Layer9 Layer 10 Layer 12 Layer 14 Layer 16 | Avg.

Top-0 dog 053 060 078 060 033 047 038 055
Oop- horse 050 070 082 065 068 053 028 | 0.59

Source image

sheep 0.53 0.45 0.25 0.45 0.62 0.53 0.25 0.44
leopard  0.47 0.65 0.57 0.60 0.47 0.65 0.60 0.57
tiger 0.23 0.12 0.55 0.20 0.45 0.42 0.53 0.36

green 0.00 0.00 0.05 0.00 0.05 0.00 0.12 0.03
white 0.00 0.05 0.30 0.55 0.03 0.15 0.25 0.19
orange  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
yellow  0.00 0.42 0.07 0.05 0.00 0.30 0.07 0.13
red 0.00 0.15 0.28 0.20 0.00 0.20 0.10 0.13

Self-attention map  Cross-attention map

13
Liu et. al., Towards Understanding Cross and Self-Attention in Stable Diffusion for Text-Guided Image Editing, CVPR 2025
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Attention in MMDIT contains rich semantic information as well.

How to interpret it and acquire accurate saliency map?
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Method

Raw Cross-Attention is not accurate in MMDITS

“A dragon on a hill.”

clouds

 The prompt domain is updated alongside image domain
* Fine semantic in deeper level cannot be accessed
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Method

Concept Residual Stream

Multi-modal DiT Multi-modal DiT with CONCEPTATTENTION
MM-ATTN
MM-ATTN
Prompt
“A dragon 5 Tokens &
hill.” < < z z
on a hi = = 2 2
> > > >
= - — ~
—i - - -
pd =z 4 =
Iteratively updates prompt and image tokens B Also process for interpretability

16
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Method

Concept Residual Stream

Multi-modal DiT Multi-modal DiT with CONCEPTATTENTION
MM-ATTN
MM-ATTN
Prompt
i dragon TOKleWS
onahiny = B — 1 )= < = =
BB | I = £
' > > > ... 1>
- - - -
pd z E_E
Iteratively updates prompt and tokens _B Also process for interpretability

Concept tokens are updated through each layer, but does not interact generation

17
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Method

Single-Directional Concept Cross-Attention

« Multi-Modal Self-Attention: (a) Multi-modal Attention

Image Keys Prompt Keys
kmp = [Kmlil,,. .o pK'ppl . o ]

Image Prompt->Image
Self Attention Cross Attention

) T
Oy, 0p = bOftmaX(qukI )*Um,p.
D

Image
Queries

Image Image
Values - Output

Prompt _y Prompt
Image->Prompt Prompt Values Qutput
Cross Attention Self Attention

Prompt
Queries
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Method

Single-Directional Concept Cross-Attention

- Multi-Modal Self-Attention: (@) Multi-modal Attention

Image Keys Prompt Keys
kmp = [Kmﬂjh. .o pK'ppl . o ]

— soft LT 28 | sefAttontion b Crans Ao
0z, 0p = softmax(qzpky, ) Vep- 4 Cross Attention moge _y 0 image
- Values Output

L ] X
« Concept Cross-Attention: .

— pt% Prompt
. g % Image-Prompt Prompt Values Output

qe. = [Qpcl . ] 23 Cross Attention Self Attention

kpe = [Kpz1 ... Koxy, Kpeq ... Ky, (b) Concept Attention

Image Keys Concept Keys
%-% Image->Concept Concept X - Concept
. T S 3 Cross Attention Self Attention Output

0. = softmax(q.k...)V.c 85 Concept

Values
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Producing Saliency Map

Image Keys Concept Keys
Image->Concept Concept
Cross Attention Self Attention

Image
Values
Concept
— Output
Concept
Values

0. = softmax(q.kl, )vze

¢(04,0.) = softmax (0,0

T
&

).

20
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Pseudo-code

(a) Multi-Modal Attention
def multi_modal_attn({img, txt):

img_k, img_qg, img_v
txt_k, txt_q, txt_v

img_projection(img)
txt_projection(txt)

img_txt_k = concat([img_k, txt_k])
img_txt_qg = concat([img_qg, txt_g])
img_txt_v = concat([img_v, txt_v])

attn_out = self_attention(img_txt_k, img_txt_g, img_txt_v)

img = attn_out[:img.shape(@]], attn_out[img.shape([@]:]

return img, txt

(b) Multi-modal Attention with Concept Attention
+ def mu1t1 mndal attn with concept attnilmg, txt, concepts):

img_k, 1mg q, 1mg v
txt_k, txt_q, txt_v

img_ pro]ectlnnilmgl
txt_projection(txt)

0 concept_k, concept_q, concept_v = txt_projection(concepts)
img_txt_k = concat([img_k, txt_k])
img_txt_g = concat([img_qg, txt_qg])
img_txt_v = concat([img_v, txt_v])
attn_out = Self_ﬂttention{img_tit_k; img_txt_g, img_txt_v)
Inmack +h , tout
img, txt = attn nut['img 5hapE[ﬁ]]. attn uut[lmg shape[ﬂ] ]

' 11§ 11 | in
img concept_k
1mg concept v

cnncat{[lmg k, cuncept k]}
concat(llmg_v, concept_v])
S e

cuncept attn_map = matmul(concept_q, img_concept_k.T)
concept_attn_map = softmax(concept_attn_map, axis=-1) * scale
concepts = matmul{concept_attn_map, img_concept_v)

I A

return img, txt, concepts

21
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Experiments

Produced Saliency Maps

-

“a mountain
In the distance.”

%

“a dog sitting 5
on a car.”

22
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Experiments

Comparison with Cross-Attention on Videos

Saliency Maps for "dog"

CONCEPT =
Cross

Time



Experiments

Quantitative Benchmarks:
« Zero-shot semantic segmentation
* ImageNet-Segmentation & PascalvVOC 2012
Baselines:
« |nterpretation results on Transformer encoder features
« Attention and Interpretation on Unet-SDs

« Raw cross-attention in DiTs
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Experiments

Open Vocabulary Semantic Segmentation Result

G d Truth CONCEPT  Cross Attn DAAM TextSpan Transinterp Rollout LRP
round Trut ATTENTION  (Flux) (SDXL) (CLIP) (CLIP) (CLIP) (CLIP)

Preds

Raw
Scores

25
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Zero-Shot Semantic Segmentation Performance

ImageNet-Segmentation

PascalVOC (Single Class)

Method Architecture Acc T mloU?T mAPT Acc T mloUT  mAPT
LRP (Binder et al., 2016) CLIP ViT 51.09 32.89 55.68 48.77 31.44 52.89
Partial-LRP (Binder et al., 2016) CLIP ViT 76.31 57.94 84.67 71.52 51.39 84.86
Rollout (Abnar & Zuidema, 2020) CLIP ViT 73.54 55.42 84.76 69.81 51.26 85.34
ViT Attention (Dosovitskiy et al., 2021)  CLIP ViT 67.84 46.37 80.24 68.51 44 81 83.63
GradCAM (Selvaraju et al., 2020) CLIP ViT 64.44 40.82 71.60 70.44 44 .90 76.80
TextSpan (Gandelsman et al., 2024) CLIP ViT 75.21 54.50 81.61 75.00 56.24 84.79
TransInterp (Chefer et al., 2021) CLIP ViT 79.70 61.95 86.03 76.90 57.08 86.74
CLIPasRNN (Sun et al., 2024) CLIP ViT 74.05 58.80 84.80 61.76 41 .48 76.57
OVAM (Marcos-Manchon et al., 2024)  SDXL UNet 79.41 65.02 88.12 73.50 58.12 87.91
DINO SA (Caron et al., 2021) DINO ViT 81.97 69.44 86.12 80.71 64.33 88.90
DINOvV2 SA (Oquab et al., 2024) DINOv2 ViT 77.39 63.12 84.19 79.65 57.61 87.26
DINOvV2 Reg SA (Darcet et al., 2024) DINOvV2 Reg 72.04 56.31 80.83 77.16 56.60 86.35
iBOT SA (Zhou et al., 2022) iBOT ViT 76.34 61.73 82.04 74.96 55.80 85.26
DAAM (Tang et al., 2022) SDXL UNet 78.47 64.56 88.79 72.76 55.95 88.34
DAAM (Tang et al., 2022) SD2 UNet 64.52 47.62 78.01 64.28 45.01 83.04
Cross Attention Flux DiT 74.92 59.90 87.23 80.37 54.77 89.08
Cross Attention SD3.5 DiT 77.80 63.67 83.50 80.22 61.46 86.97
CONCEPTATTENTION SD3.5 DiT 81.92 67.47 90.79 83.90 69.93 90.02
CONCEPTATTENTION Flux DiT 83.07 71.04 90.45 87.85 76.45 90.19

26
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Experiments

Ablation on Different Layers and Timesteps

Layer vs Segmentation Performance Diffusion Timestep vs Segmentation Performance
0.9 4
0.8 -
il '..}? A
=
o
= 0.6
= Pixelwise Accuracy
g 0.5 4 —— miloU
—— Average Precision
—— Accuracy === Combined Accuracy 0.4 1 === Combined Accuracy
0.3 - ~ mloU ~ == Combined mloU ~ == Combined mloU
' —— mAP ~ == Combined mAP 0.3 1 ~ == Combined mAP
D.zd' T T T T T T T T T T T T T T T T T
0 2 4 6 8 10 12 14 16 18 0 100 200 300 400 500 600 700 800 900 ,
Layer All Noise Timestep No Noise

27
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Experiments NN R
Algorithm Ablations

Space Softmax ACCT mIOUT mAPT CA SA ACCT mIﬂUT mAPT

CA 66.59 49.91 73.17

CA v 7492 5990  87.23 5263 3572 70.21

Value 45.93 29.81 65.79 v 51.68 34.85 69.36

Value v 4578  29.68  39.61 v 76.51 61.96 R6.73

Output 78.75 6495  88.39

Output v 83.07 71.04 9045 v v 83.07 71.04 20.45

Space to Obtain Saliency Map

Concept Utilization

28
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Experiments

Demo

Write a Prompt Select or Write Concepts

A man riding bike on the street v man x bicycle x road x building x X -

HERIR AL

3 Concept Attention (Ours)

P

man bicycle . " road building

I Cross Attention

https://huggingface.co/spaces
/helblazer811/ConceptAttention/

man bicycle road building

29


https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/
https://huggingface.co/spaces/helblazer811/ConceptAttention/

Experiments

Demo

A Concept Attention (Ours)

tree water

people building

30
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Zero-Shot Low Resolution Results:

A Concept Attentlon (Ours)

man fence

F1 t J

children

people

umbrella

31
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Limitations

Correct concept “bike” chosen over similar concept “car” when both are given

Concepts “car” “street” “background” “bike”
: .::,;’ e s ﬁ
“car” Gl ~
“bike” Concept _
“background” Attention N 4 h
Street” et

Closest concept “car” chosen when correct concept “bike” is not present

Concepts “car” “street” "background”
o é
”backci;und” + R Concept Ll i B
1 g ” 3 AttentiOn RS S
street » B | o,

32
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Limitations

Cannot Deal with Overlapping Concepts:

“a mountain
in the distance.”

P Ry T

A
AT, LN Rty S A LT
Sl Logn g%, o WS 5,

33
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Conclusion

Rich semantic representation in MM-DIT Attention

A training-free approach to extract saliency maps

Excels on open-vocabulary semantic segmentation

Fails on LQ data domain



STRUCT Group Seminar

Thanks for listening!

Presenter: Jinyi Luo
2025.07.28
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