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Wang, Sheng-Yu, et al."Data attribution for text-to-image models by unlearning synthesized images." NeurlPS 2024

Region-level Data Attribution 2



HONOLULU

ICCV

Overview: Motivation T B2 200" HAWRII
Image_level methods: ‘T{'f:i.rzf'ng Image Generated Image Training Image
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* Failed in case of complex scenes
composed of components from ‘
many different training images. <t
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* Not able to localize contributed 5 “-i—;.;'_-?:gx Most Contributed X T s

regions in a training image. B .

Image-level Which objects in the training images contribute
Attribution Methods the most to the generated dog (bench)?
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Most Contributed "

Region-level methods:

* Measure attribution for particular
regions.

[l Attribution Score [File
5 from AbC [1]: from ARD:
A 0.3592 = 0.8984 —
Training Image Generated Image Training Image

Attribution Score

e Able to extract attributed regions.

L= Ty

* Enhance region-level applications.

[1] Wang, Sheng-Yu, et al. "Evaluating data attribution for text-to-image models." ICCV 2023
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Proposed Method: AR Detector !c!':':!;zu\z’s
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_ aYE Architecture of Attribution-Region (AR) Detector,
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which is based on CountGD [1].

[1] Amini-Naieni, Niki, et al. "Countgd: Multi-modal open-world counting."
NeurlPS 2024.
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Assume positive training pairs (Q;, Rg,, pi, Xi, Rx,), where Ry, of X; contributes the most to R, and
Ry, does not contribute to the generation of any RQj with j # i; negative pairs (Q;, Rg,, pi, X;)-

ICCV

Proposed Method: Training OCT 18-23, 2025
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Dataset Generation

* Step 1: Ask GPT to categorize classes into group and generate

prompt for each group to avoid prompt - class conflict.

“Categorize all classes
into semantic groups”

___J'_.’

[
“Design prompt templates
for each group” _>I\ChatGPT1I ->

e o

{Living_creatures: bear, bird,...
Furniture: bed, bathtub,...

oo

"y

(Living_creatures: “A <> is resting
under the sade of a large tree”,...
Furniture: “A <> is placed near a

* Step 3: Construct negative pairs (¢;, Ry, i, X;;) by collecting
target images from other positive pairs X;; € {X7, X5, ... } \ {X;}.
Aggregate positive and negative pairs to construct the full dataset.

k:.

grand fireplace in a rustic home.”,

\‘

J

Dataset # concepts # positive samples

# negative samples

train/val/test train/val/test
COCoO 10 T5K /1K /1K 5.5M/ 84K / 85K
LVIS 477 198K /2. 7K /2.6K 25M /415K /409K
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* Step 2: Utilize Break-a-Scene [1] to
synthesize positive pairs satisfied
previous assumptions.
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[1] Avrahami, Omrri, et al. "Break-a-scene: Extracting multiple concepts from a single image." SIGGRAPH Asia 2023.
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Quantitative Results

Dataset || Method || Box acc. | InverseRank@5 | Recall@1 Recall@5 Recall@10 * Metrics:
AbC [1] N/A 0.1059 0.0817 0.1643 0.2079 InverseRank@K = 1/Rif R < K
AbU [2] N/A 0.0771 0.0594 0.1239 0.1452
= i <
COCO | 1cpE3] || 086 0.1143 0.0793  0.1752 02231 Recall@K =1if R < K,
VFA [4] 0.83 0.1026 0.0759 0.1508 02115 Where R is rank of Sy, within the
o 0.89 0.2293 0.1095 0.4620 0.7278 sorted list of scores S;1, S5, ...
. (+100.6%) (+34.0%) (+163.7%) (+226.2%) predicted for corresponding
AbC [1] N/A 0.0574 0.0507 0.0774 0.1061 negative pairs.
AbU [2] N/A 0.0494 0.0417 0.0644 00813 ARD significantly outperforms
LVIS  '1cPE3]1 || 062 0.0812 0.0607 0.1304 0.1665  image-level attribution methods
VFA [4] 0.64 0.0724 0.0621 0.1179 0.1593  and finetuned few-shot
0.1534 0.0968 0.2531 0.3516 detectors in localizing and
L, 0.72 (+88.9%) (+55.9%) (+94.1%) (+1112%) predicting attribution scores of

[1] Wang, Sheng-Yu, et al. "Evaluating data attribution for text-to-image models." ICCV 2023.
[2] Wang, Sheng-Yu, et al. "Data attribution for text-to-image models by unlearning synthesized images." NeurlPS 2024.

[3] Lu, Xiaonan, et al. "Breaking immutable: Information-coupled prototype elaboration for few-shot object detection." AAAl 2023.
[4] Han, Jiaming, et al. "Few-shot object detection via variational feature aggregation.”" AAAI 2023.
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Image-level data attribution methods (e.g, AbC,...) are usually distracted by background and cannot
localize target region in region-level tasks.

0.7391 0.6996 0.6913 0.6754 0.6555
- - = l'

0.6483 0.6368 0.6311 0.6127 0.5413

.’I llA <V* \! \'.

+ fork> is | NN
' lying on an | Wi

] 3 u

anfique ' 55974 02714 02475 02042 0.1824

;\wooden desk.”,

0.1750 0.1631 0.1577 0.1553 0.1539

0.6253

0.6610

i “A<V* bench>is
 resting in the middle ;
of a traditional

AbC AbC

Region-level Data Attribution 8



I[:Ev “HONOLULU
Applications OCT 19-23, 2025 HAWAII

Investigate Model Behavior with
e e | Noisy Training Sample
Ep,:“<teddy> standing in P2: “<teddy>wearing

the forest.” nothing standing on the
: beach.”

Detail Repair in Object Generation

Low level noise

p:"Yellow <vi |
teddy> sitting under |
_______________________ o atreeinaforest." !
Training  Trained _ Ganaration o ﬁ
Process ' model i Training ' Traine g . Generation |
5 G e ™ Process  model (7 /557 | Process |
......................... B} | 3= st e A —
i Init model (7 “ a8 ‘ :
e SR O ) \\ 7:’;_77/,«' ‘ g 1) o
- ~

| 0.19;
clothes || (relatedto | Medium level noise
bl Clothes) a7 3
P1 l 3 4 I:
y et Vlﬂ’.;“!ﬁ N I —
___________________________ S i Trained !
Trained ; Generation v2! & 'Ll';:'c\lel;g [>' model (; \‘ Sl /
B neie’ G W)\ Process '

| Vo Process /
, i B T J e
‘ : i__'!‘_'_t,_'_‘?."_‘_’_‘?!.G_.i\~-——~<""" } ; :
H ’ o... i N b \—/

' , ~->| ARD

Region-level Data Attribution



Region-level Data Attribution

ICCV

0CT19-23, 2025

HONOLULU
HAWAII



	Slide 1
	Slide 2: Problem Formulation
	Slide 3: Overview: Motivation
	Slide 4: Proposed Method: AR Detector
	Slide 5: Proposed Method: Training
	Slide 6: Dataset Generation
	Slide 7: Quantitative Results
	Slide 8: Qualitative Results
	Slide 9: Applications
	Slide 10: Thank you for listening!

