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Figure 2. Class Activation Mapping: the predicted class score is mapped back to the previous convolutional layer to generate the class
activation maps (CAMs). The CAM highlights the class-specific discriminative regions.
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Zhou, Bolei, et al. "Learning deep features for discriminative localization." CVPR. 2016.
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Selvaraju, Ramprasaath R., et al. "Grad-CAM: Visual explanations from deep networks via gradient-

based localization." ICCV. 2017.
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Wang, Haofan, et al. "Score-CAM: Score-weighted visual explanations for convolutional neural

networks." WACYV. 2020. 15
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Gradient-based Localization

1. Chattopadhay, Aditya, et al. "Grad-CAM++: Generalized gradient-based visual explanations for deep
convolutional networks." WACV, 2018.

2. Fu, Ruigang, et al. “Axiom-based grad-cam: Towards accurate visualization and explanation of cnns."
WACYV, 2018.

3. Omeiza, Daniel, et al. "Smooth Grad-CAM++: An enhanced inference level visualization technique for
deep convolutional neural network models." arXiv preprint arXiv:1908.01224 (2019).

4. Wang, Haofan, et al. "SS-CAM: Smoothed Score-CAM for sharper visual feature localization." arXiv
preprint arXiv:2006.14255 (2020).

5. Muhammad, Mohammed Bany, and Mohammed Yeasin. "Eigen-CAM: Class activation map using
principal components." IJCNN, 2020.
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via gradient-free localization." WACYV. 2020.
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deep convolutional networks." arXiv preprint arXiv:2103.13859 (2021).
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Transactions on Image Processing 30 (2021): 5875-5888.
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Black-Box Explanation Method
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I . (a) Original Image (b) Explaining Electric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador
! ° Figure 4: Explaining an image classification prediction made by Google’s Inception neural network. The top
[] 3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic guitar” (p = 0.24) and “Labrador” (p = 0.21)
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Ribeiro, Marco Tulio, Sameer Singh, and Carlos Guestrin. ""Why should 1 trust you?" Explaining the

predictions of any classifier." ACM SIGKDD. 2016. 17



RISE
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Petsiuk, Vitali, Abir Das, and Kate Saenko. "Rise: Randomized input sampling for explanation of

black-box models.” BMVC. 2018.
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Black-Box Explanation Method

Novello, Paul, Thomas Fel, and David Vigouroux. "Making sense of dependence: Efficient black-box

explanations using dependence measure." NeurlPS 35 (2022): 4344-4357. N



D-RISE H bk iy ikt S g it

INSTITUTE OF INFORMATION ENGINEERIN'

Object Detection Saliency Map

Detection proposals

person .
1
Object
Detector
dy,

I d; !

Mask weights

7jo2] . Jos)
v

Weighted sum

Y

Hbskrnf = : hitps://github.com/RuoyuChenl0/objectdetection-saliency-maps
(iFMifEStar— MiZEFE)

Petsiuk, Vitali, et al. "Black-box explanation of object detectors via saliency maps." CVPR. 2021. 20


https://github.com/RuoyuChen10/objectdetection-saliency-maps

Explain Any Concept

¥ @84} 5 % 4G A 42744
Shapley Value with SAM

INSTITUTE OF INFORMATION ENGINEERIN'

—_— >H>“>D>ﬂ —_— Q % — “DOg”
=

Target Model Feature Map Decision

0.13
. e [E
2 s ,D | — B 5 i MC | T
E 3 i Sampling
0.26
0.05
Binary Surrogate Shared Shapley Concept-based
. SegmentedImage | i poiure  Model (PIE) FC Layer Value  Explanation
Phase One Phase Two Phase Three

Figure 1: The technical pipeline of EAC in a three-phase form.

Sun, Ao, et al. " Explain Any Concept: Segment Anything Meets Concept-Based Explanation." NeurlPS. 2023. 2
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explanations." IJCAI 2021.



PR - Faithfulness

Evaluation Metric

£ X (Insertion AUC score)
Insertion AUC score#tfTDeletion®y 1% i3 42 A A & K
SRR FAE, RERT AR IEZNT =,

Insertion® = f (x[xﬁ=x0])

£ X (Deletion AUC score)

Deletion AUC scorelll = 4 T2 T2 X B AL ERRKRS
o TR, AN LE, ZATHRERHEMBBES EC
IR HARI T RN T ET T,

Deletion®) = f (x[xu=xo])

0.0 0.2 0.4 0.6 0.8 1.0
% of imaae revealed

Deletion (low AUC = better faithfulness)

1.0

0.8

_ 06

o
04

0.2

0.0

E9S
!
T
P i
VY
Al

0.0 0.2 0.4 0.6 0.8 1.0
% of image removed

Petsiuk, Vitali, Abir Das, and Kate Saenko. "Rise: Randomized input sampling for explanation of

black-box models.” BMVC. 2018.

b@‘-’f’? g i‘ﬂa’ QI%‘%Z&‘

E OF INFORMATION ENGIN

23



Erishs - Faithfulness 4 4’@]?4?3%4’2@1%%‘;

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Evaluation Metric

%X (uFidelity) WRELSL: g IRFIET LR S B T x
¥ L EERFIE

X —ANMEf, —ANTHELg, —A%%EEx, — FEBE: RS X, X

AFRADS], ZLGHFOI &R AR BRI, SRR D BRI e

mpsrE) .

) O s P P00 5 50 O o 8 X S e 1
FebRtERR : T

ur(f; 9;x) = corr <z IS, )i, f(X) = f(Xpx=x4)

SE<|S|) iES

X1 X; X3 X X1 Xy X3 X ld]
1 X2 X3 Xy 1 X2 X3 X4 ¢ ¢ (lSl)
/o :
ﬁﬁﬁ@‘% g(f,x) 2ies 9(f, %); f(x) f(x[xs=9_cs])
wAEE RO E N B b 1% fit MaskF{%
. , . AR PR 155
Bhatt, Umang, Adrian Weller, and Jos¢ MF Moura. "Evaluating and aggregating feature-based model 4

explanations." IJCAI. 2021.



Less is More

SUN YAT-SEN UNIVERSITY

¥ @84} 5 % 4G A 42744
Fewer Interpretable Region via Submodular Subset Selection o
EX (FHRETRBEZR)
|
e —NELV, —NTRITAEF(), bREEZHTYOLEREZE,
FAN BIRRRIA—NTESCV, FFEFAAKAR K.
max F(S).
ScV,|S|<k
(4% % B 1% 2 B 1F) A
f J N by \ f J/‘ - R ) . \
AR A IE A TR A A AR B AR TR A A
HSIC-Attribution ~ + Qurs 1.0: Insertion HSIC-Attribution + Qurs 10 Insertion
= o - =, % I\ HSIC-Attribution HSIC-Attribution
3 é 0.8 — 4+ Qurs 0.8 + Qurs
5 06 y 0.6
'§00.4 0.4
S 02 0.2
- 5 ” | | : ‘ i 04 _ : .
JRAE TR B AZ K 0.7284 = Per(')é'iltt(lg(c);‘:zf ilirg;e f'e\’g:fle(/ W SR TR . MEARE = Pel(')g’entaggig/‘im((:;e I'e\/'zglc'(l —
\ BRI H A F A2 % 0.9543 )\ = £50: mmiyms )
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vectors (TCAV)." ICML. 2018. 3



F X B

SUN YAT-SEN UNIVERSITY

F @4} 5 1% A R 4274

HINT Post-hoc Method .

Hierarchical Neuron Concept Explainer

(a) Bidirectional associations between hidden layer neurons and hierarchical concepts

, Association
Input 1image x Neurons <——— Hierarchy of concepts Low-level High-level
‘ concepts —> concepts
. . (less abstract) (more abstract)
st | | 1 canine — carnivore mammal
| 2
ond I I . . 3 ‘

- 4 reptile — vertebrate
: e.g. 512 neurons 5

s | - |
. . bird animal

PR o
I 445 ‘
: invertebrate person — whole
O00 .0 -
: 1) collaborative neurons contributing to a concept &
“ dog 9 Feature map zZ '512 2) multimodal neurons contributing to multiple concepts plant
(b) Step 1 Responsible region identification. (c) Step 2 Train concept classifiers. (d) Step 3 Contribution
Responsible regions to dog ra Lisg vooo scores of neurons to concepts.
9 l}n}VHV{D\VMS With the concept classifier Lg,q

isisit Spatial
B 4 - DU “dog” activation
1image x {rdog}
777> Feature map z | me— :

Aggregation & Pl Background regions Repeat on & : g

SR e e S i different : @ 4
P s (X
Indicating W/ Images ... &’@3 eooe -
i i {Tbg} {Trsptis} s w{rbw} {rog} Neuron 445 211 277 ... 25

Responsible regions

=
3
g
Shapley value
to dog

normalization

Saliency map s

Wang, Andong, Wei-Ning Lee, and Xiaojuan Qi. "HINT: Hierarchical neuron concept explainer." CVPR. 2022. 32
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Hierarchical Neuron Concept Explainer
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Wang, Andong, Wei-Ning Lee, and Xiaojuan Qi. "HINT: Hierarchical neuron concept explainer." CVPR. 2022. 33
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Concept Bottleneck Models
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Koh, Pang Wei, et al. "Concept bottleneck models." ICML. 2020,



SYSU 2023
PRESENTATION SLIDE

04

RV iR

Design-based interpretable algorithms
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° 27.895| Clay colored sparrow

H 0
®
®

> 2.617 5662 | Common yellowthroat
Similarity score
L A Py e J
A S hE T
Convolutional layers f Prototype layer gp Fully connected layer A Output logits

Chen, Chaofan, et al. "This looks like that: deep learning for interpretable image recognition." NeurIPS 32 (2019). 37
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In Distribution

Feature Extraction Hierarchical Path Probabilities
pPi(zip) pil(roon) Pr(klzsp)  Pr(klzoop)
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i | i
; tjunco R
softmax -+ p, ) lindigo bunting .04l

| | B.05 19-49 !

softmax — pg

Out-of-Distribution | | .
I

= I 1 !
‘ane:mone fish 10.020: n.oao:
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| :20: ! | ! |
—4 Ilionfish o026 lo.040)
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Inference Stopping Criterion ] :pul‘lfer L0 .2
= .20, 9.20_.
Pred Path Uncertainty > Threshold? s
Depth=1 Depth=2 Prediction Pz(z1p) Pa(®oon)
ID: True True Goldfinch
00D: True False Bixd
Common Exrroxr Cases
Incorrect Classification brambling Undexprediction e brambling Overprediction e brambling
/= goldfineh /@ goldfinch Junes /// _—+ goldfinch
Pulfer b = house finch Goldfinch birg \/ house finch bir ."?: house finch
. : junco ; \ junce \ \ junco
7 5 S~ indigo bunting S~ indigo bunting " ~~@ indigo bunting
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Prediction:  brambling Groundtruth:  puffer Prediction:  bird Groundtruth:  goldfinch Prediction: indigo bunting Groundtruth:  bird
Hierarchy Dist: 2 Hierarchy Dist: 2 Hierarchy Dist: 0 Hierarchy Dist: 1 Hierarchy Dist: 1 Hierarchy Dist: 0

Linderman, Randolph, et al. "Fine-grain inference on out-of-distribution data with hierarchical

classification." Conference on Lifelong Learning Agents. PMLR, 2023. 38



R
A
2 &
% &
4
5 D SUN YAT-SEN UNIVERSITY

HEe WA EBETHR Ante-hoc Methods 64D AR LA

IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII

Vaughan, Joel, et al. "Explainable neural networks based on additive index
xNNs models." arXiv preprint arXiv:1806.01933 (2018).

Nori, Harsha, et al. "Interpretml: A unified framework for machine learning
EBMs interpretability." arXiv preprint arXiv:1909.09223 (2019).

Ustun, Berk, and Cynthia Rudin. "Supersparse linear integer models for optimized

SLIMs medical scoring systems." Machine Learning 102 (2016): 349-391.

Choi, Edward, et al. "Retain: An interpretable predictive model for healthcare

RETAIN using reverse time attention mechanism." NeurlPS 29 (2016).

. _ Wilson, Andrew Gordon. "The case for Bayesian deep learning." arXiv preprint
Bayesian Deep Learning ,.x3,,:2001. 10995 (2020).
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SCM: Structural Causal Model
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SCM: Structural Causal Model

Prediction: Bird
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B ResNet + CBAM
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<
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(a) Causal Graph (b) Target Intervention (c) Improper Intervention

Figure 3. The causal graphs of visual recognition.

S: confounder (RAZ &, A TAEAFI])
M: mediator (A Al TAEAF I &GP R T =) ;
X: 1mage;

Y: label

Wang, Tan, et al. "Causal attention for unbiased visual recognition." ICCV. 2021. 46
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SCM: Structural Causal Model
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47

Wang, Tan, et al. "Causal attention for unbiased visual recognition." ICCV. 2021.
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Counterfactual
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Why is it a Cardinal not

Query (Cardinal) Why is the prediction Why is th icti Why is
y p y is the prediction y is the a Summer Tanager?

a Cardinal?

a Summer Tanager? prediction confident?

Attributive Explanations

Discriminant Explanations
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Chen, Ruoyu, et al. "Sim2Word: Explaining similarity with representative attribute words via counterfactual
explanations." ACM Transactions on Multimedia Computing, Communications and Applications 19.6 (2023): 1-22.
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explanations." ACM Transactions on Multimedia Computing, Communications and Applications 19.6 (2023): 1-22.
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Chen, Ruoyu, et al. "Sim2Word: Explaining similarity with representative attribute words via counterfactual

explanations." ACM Transactions on Multimedia Computing, Communications and Applications 19.6 (2023): 1-22. o2
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Sim2Word B2 & RiAE G BB 0,35

5 0 Clock Shadow
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Brown Eyes

No beard
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. oo
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Pointy 5 o Clock
Nose Shadow

Fully Visible
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Chen, Ruoyu, et al. "Sim2Word: Explaining similarity with representative attribute words via counterfactual
explanations." ACM Transactions on Multimedia Computing, Communications and Applications 19.6 (2023): 1-22.
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Feature Visualization, https:/distill.pub/2017/feature-visualization/ 55
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Evaluation Metric

Transparent design methods

X Black-box

iy e Decision Tree
ML model M, J{QX e (Fuzzy) rule-based learning
< > e KNN

N

Prediction

v

Explanatlon

Arrieta, Alejandro Barredo, et al. "Explainable Artificial Intelligence (XAI): Concepts, taxonomies, opportunities
and challenges toward responsible AL." Information Fusion 58 (2020): 82-115.
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Zhang, Quanshi, et al. "Interpreting CNN knowledge via an explanatory graph." 44A1. Vol. 32. No. 1. 2018. >/
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Hendricks, Lisa Anne, et al. "Generating visual explanations." ECCV, 2016. 58
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Ruoyu Chen, Hua Zhang, Jingzhi Li, Li Liu, and Xiaochu Cao.

“Generalized Semantic Contrastive Learning via Embedding Side Information for Few-Shot Object
Detection.” Submitted to /EEE Transactions on Pattern Analysis and Machine Intelligence.
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“Generalized Semantic Contrastive Learning via Embedding Side Information for Few-Shot Object

Detection.” Submitted to /EEE Transactions on Pattern Analysis and Machine Intelligence.
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Interpretability of the foundation model
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Interpretation of foundation model.pdf
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_ ([ Review: Delicious food!  Sentiment: Positive |
k Demonstration Review: The food is awful. Sentiment: Negative
Examples
Template New \| Review: Terrible dishes!  Sentiment: Negative
Review: [Text] Query -{kRewew: Good meal! Sentiment: 5
Sentiment: [Label] l Input
Text Label Large Language Model

Delicious food! 1 Parameter Freeze
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Terrible dishes! 0 | Output

Positive
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Dong, Qingxiu, et al. "A survey for in-context learning." arXiv preprint arXiv:2301.00234 (2022). 64



M4ERE Chain-of-thought (CoT)

Standard Prompting
/{: Model Input )

\

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples
do they have?

/{ Model Output :}

tA: The answer is 27. x J

B EFR TR RS T
T BRI T4,

4% Brain A FA

Chain-of-Thought Prompting

(( Model Input ﬂ:} \\
Q

: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples

do they have?

J

~ Model Output -

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6 =9. The
answer is 9. ¢/
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In-context few-shot learning
via prompting:

<input, chain-of-thought, output>
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Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models." NeurIPS 35 (2022): 24824-24837.
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Tree-of-thought (ToT)

B EAMERI ARG IAZT R T EF AT A ERBE KT,
#%%%Tiyﬁmu, AR RAREBRE T ENT %o
Allen Newell ef al.

— ToT ¥ %% :
’ 1. Thought decomposmon %Y iF

2. Thought generator & 2R A AR

N2

a) Sample KA
b) Propose #iX

| i .
T ﬁ 3. State evaluator K& F4E
i | a) Value MMA&

b) Vote HKE

4. Search algorithm 4% & ¥ &
a) J EAL%L
b) FAEKE

Y Majority vote

(a) Input-Output  (c) Chain of Thought  (c) Self Consistency
Prompting (I0)  Prompting (CoT) with CoT (CoT-SC)

(d) Tree of Thoughts (ToT)

Yao, Shunyu, et al. "Tree of thoughts: Deliberate problem solving with large language models." arXiv preprint 67
arXiv:2305.10601 (2023).
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Trenton Bricken, ef al., "Towards Monosemanticity: Decomposing Language Models With Dictionary
Learning." https://transformer-circuits.pub/2023/monosemantic-features. 2023.
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1 A #3 B a%, KN—A-%2 ETransformer P I T K&
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Cluster #49 ® A/0/307 This feature fires for references to citations in scientific pa...
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® A/1/2176 "fig"
. " . . . 4 . . .
Trenton Bricken, ef al., "Towards Monosemanticity: Decomposing Language Models With Dictionary 69

Learning." https://transformer-circuits.pub/2023/monosemantic-features. 2023.
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input — concept — result

blue head

Blue Grosebeak

x weight @
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. 2 O » ' ubeachn O”tiger”
“syringe” ©
o y gO

“beach
O

©)

©

(a)
KA E A

(b)

AR B S A

School bus

= |arge, yellow vehicle

- the words "school bus” written on the side

= a stop sign that deploys from the side of the bus
—a flashing lights on the top of the bus

La large windows

Shoe store

= a building with a sign that says "shoe store"
= a large selection of shoes in the window

a shoes on display racks inside the store

= a cash register

a a salesperson or customer

Volcano

= a large, cone-shaped mountain

= a crater at the top of the mountain

= |lava or ash flowing from the crater

= a plume of smoke or ash rising from the crater

GPT-3 & nx 89t 3L £

ImageNet ImageNetV2 CUB
Architecture for ¢ Ours CLIP A |Ours CLIP A | Ours CLIP A
ViT-B/32 62.97 58.46 4.51|55.52 5190 3.62|52.57 5195 0.62
TR TR — V?T—B/l6 68.03 64.05 3.98|61.54 57.88 3.66|57.75 5635 1.40
ViT-L/14 75.00 71.58 3.42[69.3 6533 397|63.46 63.08 0.38
ViT-L/14@336px 76.16 72.97 3.19|70.32 66.58 3.74 | 65.257 63.41 1.847
RNS50 59.44 5481 4.63|52.98 4943 3.55|4891 47.79 1.12
RN101 61.88 57.65 4.23|55.43 51.13 4.30|51.59 4946 2.13
ResNets RN50x4 66.05 61.48 4.27|59.23 54.85 4.38|55.97 5499 0.98
RN50x16 69.45 66.28 3.17[62.68 58.8 3.88|59.03 5759 1.44
RN50x64 73.19 69.63 3.56|66.82 63.02 3.80|64.62 6424 (.38

ImageNetA=ImageNetV2 8942 A A — B 69~ 3-5%89 7 i,

1%89 7 3

[19] Menon, Sachit, and Carl Vondrick. "Visual Classification via Description from Large Language Models." ICLR. 2023.

CUB# ~

Barber shop

= a building with a large, open storefront
= a barber pole or sign outside the shop
= barber chairs inside the shop

= mirrors on the walls

= shelves or cabinets for storing supplies
= a cash register

L= a waiting area for customers

Cheeseburger
|-= a burger patty
= cheese

= a bun

= lettuce

-a tomato

= onion

L= pickles

= ketchup

= mustard

T2 =P,

@ S(e@) =

Average
= two legs

—= a small body
= a small head
—= two wings
= a tail

= a beak

L a chicken

CLIP:® i #5383 f7

= red, brown, or white feathers

F X B
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Violin

= a stringed instrument

= typically has four strings
= a wooden body

= a neck and fingerboard
= tuning pegs

= a bridge

= a soundpost

= f-holes

= a bow

Pirate ship

= a large, sailing vessel

= a flag with a skull and crossbones
—a cannons on the deck

—a a wooden hull

= portholes

L= rigging

L a crow's nest

I dED(c)

Our top prediction: Hen

and we say that because...

73
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Concept Space E, € RNcxd test image

prompt: describe what the axolot! looks like:

LLM: The axolotl's limbs are delicate, and the tail is long and thin. T : l ﬁ
Extract concept using LM and delete class names: ‘
Candidate concepts: limbs are delicate; tail is long and thin text encoder
" b
Input Image x Human Designed Concepts _ r ) _
o (@) Fs nape color = grey ] . T e Y mew -
@ 'has bill shape el 5—»5" S; | imbs are de 1cat¢‘3 : image encoder

5 : : submodular  concepts | €42 tail is long and thin ‘
@ has head pattem eyebow : LLM — candidates — G il : ; !
Ot S O e G e 1 o v . d !
Ours: LLM Generated Concepts M eils arebrgtipik o E
8 'black throat with a white boarder | class 2-red panda l !
‘brown head wnth white stripes |, o | ! |
“la i biowaback afd e s F G0 thick, softfur || concept scores: g(x,C) = x-EcT € RN |

; O .grayls rown ack and wings = \ Rl « conce | o . (1,N¢)

[ | (©):ciis DIOW Dacsdno Nalsy - . pts || €22 reddish brown fur | [ - | B | (LN
prompt describe what the black-throated sparrow looks like: LLM > candidates —-» optimization ] e : | :
¢k carsarcalsored | W e RV*Ne f
> > 8 _— 1| 35— 5 8 - |
BT RAFE T AR (LLM) (e ; \ |
e St JE= . Class-Concept g dot product |
GPT-3 ) /)5&‘ ffé T Xj‘ AL 5% 'Vl' # ,g_; élj T\ class N-tree frog Weight Matrix  |softmax ;
Sy F | eni toes are long |
LLM candidiies submodular & concepts_ enz green body — AN) |

| optimization | : . -
¢Nk  smooth bumpy skin || 9 = argmax(g(x,C) - a(W)")
. S 1 Tt
N classes Generate concepts: Sec 3.4 Select concepts: Sec 3.2  Bottleneck-C (Nc concepts) Predict the label with concepts: Sec 3.3
Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable 75

image classification." CVPR. 2023.
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Class Name Top-3 Concepts Class Name Top-3 Concepts Class Name Top-3 Concepts Class Name Top-3 Concepts
badger ant hammer . water buffalo .
1.short legs and long l.'black aicleed D e 1.long, thin tool with N - 1. large head with
= : stinger
2 body make it an 2 seiall Bisck izt a wooden handle short, curved horns
) excellent digger e S 2. great tool for 2. heaviest living
1) with six legs 3 P
=] 2. black-and-white 3 lm; J St pounding object species of bovid
_E_ striped fur an ten ch that ituses 3. used to pound on 3. huge, dark-colored
3. coat is very shaggy i sme;l sl Goick surfaces animal
1. black and whit horned lark 1. black line running white pelican 1. long neck and bill 1. breeds T
= DHAGHE ANC Wle through yellow face make it look like a greenland, iceland,
) plqn’fuge. that s ; 2. head is black with a giant swan and northern russia
striking in the sunlight e e {
- ; white horn on cach 2. large, white bird 2. black and white
(&} 2. black body with a : : PR PR
side with black wingtips markings
long, slender neck 3. black | o 3 bill is huge and 3 Il white bird
3 red and black bill . black horn on each . bill is huge an 3. small white bir
’ side of their head yellow with a black cap
vater lil barbeton dais cienti e
M 1. depicted in A :ﬁ:ﬁ:&;’:;ﬂamb for 1. central disc with 1. long, protruding
S artworks of ponds and s smaller florets stamen
() 3 taraxacum officinal : <
= waterfall 2. named after the cit 2. have a slightly 2. orange with black
= 2. member of the o.fbarbcn:)nL Y furry texture spots and stripes
B nymphacaceac family 3. bold and vibrant 3. scientific name is
3. member of the ey :
3. lily pads float d;!isy family color palette lilium columbianum
1. grip bow tightly in drummia 1. blur as they fly - ) .
their left hand % over the drums 1.deep blue color ; i?::i::l()?f sandpit
= 2. focused and L2 2. sitting on a stool in 2. tans contrast with n;(;vcmlcnts startin
D concentrated on their front of a drum set the white of their 2 &
= task 3. position the boards from » standing
g 3. keep bow and drumstick so it is 3. sending a spray of gomct::gn tucks their
arrows in safe and dry resting on your index water into the air . k;12eslu e chiesl
place when not in use finger — p
° 1. generally not s, 1. color ranges from
S d;gn ﬁ:i Y e | 1. dark brown or 1. color is tan light brown to black
2 p black in color 2. dark brown or 2. rough or scaly
= - rc;j: p[:o‘wln,ror 2. large and dark black color texture
= gu:ﬁi; :)thi:)cohalo 3. flesh-colored, 3. small, round, and 3. darker in color,
E a;oun dthei brown, or black slightly raised such as brown or
g black

_/,J:I—-)gs(‘ é/:] %% IQ: l
Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable
image classification." CVPR. 2023.
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Visual Programming Compositional Visual Question Answering Natural Language Image Editing
IMAGE : s i i IMAGE: Prediction: IMAGEL
Question: Are there both ties and glasses in the picture?
Program:
Visual ,f’f BOX@=Loc(image=IMAGE, object=‘ties”’)
Prediction Rationale . ANSWER@=Count (box=BOX®)

BOX1=Loc(image=IMAGE, object=‘glasses’)

ANSWER1=Count (box=BOX1)

ANSWER2=Eval(“‘yes’ if {ANSWER@} > @ and {ANSWER1} > @ else ‘no’”)
RESULT=ANSWER2

Prediction: no

/ | Instruction: Hide Daniel Craig with 8) and Sean Connery with ;)

Program:

Natural Language Visual Reasoning OBJ@=FaceDet (image=TMAGE)

OBJ1=Select(image=IMAGE, object=0BJ®, query=‘Daniel Craig’, category=None)
IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
0BJ2=Select(image=IMAGE, object=0B]8, query=‘Sean Connery’, category: None)

IMAGE1=Emoji(image=IMAGE@, object=0BJ2, emoji=‘winking_face’) ViSPI‘Og XEYE _ /]\ j:;éé ,llvk /fh ﬁ{j

RESULT=IMAGE1

IMAGE: Prediction: IMAGE® T /ﬁ]’ﬂ; %’ﬁx— éﬁ 7ch? L Y /f’j‘ /%\ /}EJ
SIS s R | £

LEFT: RIGHT:
Program

Interpreter

Statement: The left and right image contains a total of six people and two boats.
Program:

ANSWER@=Vga(image=LEFT, question=‘How many people are in the image?’)
ANSWER1=Vqa(image=RIGHT, question=‘How many people are in the image?’)
ANSWER2=Vqa(image=LEFT, question=‘How many boats are in the image?’)
ANSWER3=Vqa(image=RIGHT, question=‘How many boats are in the image?’)
ANSWERA=Eval( ‘{ANSWER@} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2°)
RESULT=ANSWER4

Instruction: Replace desert with lush green grass

Prediction: fFalse ) | Program:
> 0BJO@=Seg(image=IMAGE)
¢ = = = = 4 =|
Program Factual Knowledge Object Tagging 0BJ1 Select(image IMAGE, objecF 0BJ@, query=‘desert’, category=None)
G & IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)
enerator IMAGE: Prediction: IMAGE® RESULT=IMAGE®

Prediction: IMAGE®

Input
Image(s)

Natural Language

Instruction Instruction: Tag the 7 main characters on the TV show Big Bang Theory
Program: Instruction: Create a color pop of Barack Obama (person)
0BJ@«FaceDet(image~IMAGE) Program:
In-context LISTO=List(query=‘main characters on the TV show Big Bang Theory’, max=7) 0BJ@=Seg(image=IMAGE)
instruction-program 0BJ1=Classify(image=IMAGE, object=0B1@, categories=LIST@) OBJ1=Select(image=IMAGE, object=0B1@, query=‘Barack Obama’, category=‘person’)
pairs IMAGE®=Tag(image=IMAGE, object=0BJ1) IMAGE@=ColorPop(image=IMAGE, object=0831)
RESULT=IMAGE®Q RESULT=IMAGE®
PN J A
. N T . . o . .
[28] Gupta, Tanmay, and Aniruddha Kembhavi. “Visual programming: Compositional visual reasoning 31

without training.” CVPR. 2023. (Best Paper)
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Visual Programming
Instruction: Hide the face of Nicole Kidman with :p
Program:
Visual OBJ@=Facedet(image=IMAGE) | FaceDet
Prediction  Rationale OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Nicole Kidman’) mage’ - - : E -
IMAGE@=Emoji (image=IMAGE, object=0BJ1, emoji=‘face with_tongue’) Understanding OWL-ViT DSFD (pypi) MaskFormer CLIP-ViT CLIP-ViT VALT
@ RESULT=IMAGE®
5
= Instruction: Create a color pop of the white Audi Replace ColorPop BgBlur
Q Pr‘ogr‘am: Stable PIL.convert() PIL.GaussianBlur() PIL.rectangle() AuglLy (pypi)
:‘-'J 08]0=Seg(image=IMAGE) Image Diffusion cv2.grabCut() cv2.grabCut() PIL.text()
x OBJ1=Select(image=IMAGE, object=0B]@, query=‘white Audi’) Manipulation
In't"“’ira';‘ = IMAGE@=ColorPop(image=IMAGE, object=0BJ]1) CropRight CropAbove CropBelow
SRpLERer 8 RESULT=IMAGE® PIL.crop() PIL.crop() PIL.crop() PIL.crop() PIL.crop()
1
(=
= Instruction: Replace the red car with a blue car
Program: List 3 :
Knowledge S Arithmetic
............................. e e e
High-level 0OBJ1=Select(image=IMAGE, object=0BJ®, query=‘red car’) feana K Logics! Sy Y 25
ogram IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘blue car’)
RESULT=IMAGE® . AP~
VisProg &7 89 BT 3 #5692 e d 3k o
Instruction: Replace the BMW with an Audi and cloudy sky with clear sky
Program:
Program Pr\ompt
Generator
GPT-3 -
Program
0BJO=Seg(image=IMAGE)
Input OBJ1=Select(image=IMAGE, object=0B]@, query=‘BMW’)
Image(s) IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘Audi’)
0BJ1=Seg(image=IMAGE®)
Natural Language 0BJ2=Select(image=IMAGE@, object=0BJ1, query=‘cloudy sky’)
Instruction IMAGE1=Replace(image=IMAGE®, object=0BJ2, prompt=‘clear sky’)
RESULT=IMAGE1
In-context
instructit.mAprogram . o > [ o
pars VisProg 6942 5 4 s i3 42,
. . X T . . R . .
[28] Gupta, Tanmay, and Aniruddha Kembhavi. “Visual programming: Compositional visual reasoning %)

without training.” CVPR. 2023. (Best Paper)
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Visual Programming

\

Prediction

Visual
Rationale

Program
Interpreter

Input
Image(s)

Natural Language
Instruction

Program
Generator

In-context
instruction-program
pairs

IMAGE
Instruction: Replace the ground
with white snow and the bear
with a white polar bear
0OBl@=Seg(
imagesIMAGE)

0B)1=Select(
image=IMAGE,
bject=0B10,
query=‘ground’ )

IMAGE@=Replace(
image=IMAGE,
object=0BJ1,
prompte=‘white snow’)

Prediction:

0BI2=Seg(
image=IMAGE®)

08)3=Select(
image=IMAGE®,
object=0832,
query=‘bear’)

IMAGE1=Replace(
image=IMAGE®,
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Statement: At least three
animals are in a flowered field

LEFT:

R

RIGHT

RIGHT:
2 € ANSWER@=Vga(

imagesLEFT,
question=‘How many animals
are in the flowered field?’)

1 € ANSWER1=Vqa(
imagesRIGHT,
question=‘How many animals
are in the flowered field?’)

Prediction: True True € ANSWER2=Eval(expr=‘{ANSWER®} + {ANSWER1} >= 3?7)
=Eval(expr=‘2 + 1 >= 32*)

Task Input Output Modules
; o [ [ o [ o)
Compositional Image + Text
MR (SRR Question Cropleft CropRight CropAbove CropBelow
Reasoning on Image Pair + -
a Eval

Image Pairs (NLVR) = Statement True/False -

Object Tagging IRAFGELIGH Image FaceDet List Classify Loc Tag
mage Eding with | Image | oot B oser N s B repice ]
Natural Language  Instruction

Image
ColorPop BgBlur m

VisProg & m 09 AL R 22,

£ — AR 3| B 8945 % £ 45 VisProg.

[28] Gupta, Ténmay, and Aniruddha Kembhavi. “Visual programming: Compositional visual reasoning 33
without training.” CVPR. 2023. (Best Paper)
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Suris, Didac, Sachit Menon, and Carl Vondrick. “ViperGPT: Visual inference via python execution for

reasoning.” ICCV (2023).

Query q

“Which pet is in

the top left?”

l

Visual Input z

ViperGPT

Code LLM
T

API Specification

def

def exi

def llm_query(text) -> text:

compute_depth(image) ->
s stimated depth

e, object_name) -> bool:
"""Return True if object_name is in

torch. Tensor:
o

image"""

Generated Code z |

def process_query_function(image):
image_patch = ImagePatch(image)
pets = image_patch.find("pet")
pets_sorted = ...

return result

{
Code Execution ¢

Python Interpreter
+

API Implementation

Result: “shiba inu”

ViperGPT & — AN LA a4 75 X g 2 B 22 T AL 1 69 AR 5%
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Query: How many muffins can each kid have for it to be fair?
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Execution | [Kid patches =

image_patch. find("kid")

Generated Code

muffin_patches =
1mage patch find( "'muffin”)

def execute_command(image):
image_patch = ImagePatch(image)
muffin_patches = image_patch.find("muffin")
kid_patches = image_patch.find("kid")
return str(len(muffin_patches) // len(kid_patches))

\ » Len(muffin_patches)=8
[ » Llen(kid_patches)=2

! »8//2 = 4

» drink_patches= N
4 »drink name = ‘tullamore dew'
{ ‘f_ »alcoholic = ‘yes'

def execute_command(image):

image_patch = ImagePatch(image)

drink_patches = image_patch.find("drink")

for drink_patch in drink_patches:
drink_name = drink_patch.simple_query("What is this?")
alcoholic = Llm_query(f"Does the {drink_name} have alcohol?")
if alcoholic == "no":

return drink_patch
return None

»drink_name = ‘bacardi’
»alcoholic = ‘yes’'

lis
= »drink_name = ‘gin’
»alcoholic = ‘yes’

Y > drink_name = ‘dr pepper’
‘-%\\ »alcoholic = ‘no’

Query: What would the founder of the brand of the car on the left say to the founder of the brand of the car on the right?

def execute_command(image):
image_patch = ImagePatch(image)

car_patches = .
image_patch. find("car") A4

car_patches = image_patch. find("car")
car_patches.sort(key=lambda car: car.horizontal_center)
left_car = car_patches[@]

right_car = car_patches[-1]

- -  »left_car brand='lamborghini’
’ -y
= ; :

| »right_car brand=‘ferrari’

» left_car_founder='Ferruccio Lamborghini’

car, patches sort(

Result: “Ferruccio Lamborghini might say, ‘It’s been an honor to be a rival of yours for so many years, Enzo.
May our cars continue to push each other to be better and faster!””

left_car_brand = left_car.simple_query("What is the brand of this car?") 'right_car_f"“"dEF'E“m Ferrari'
right_car brand = right_car.simple query("What is the brand of this car?")
left_car_founder = Llm_query(f"wWho is the founder of {left car brand}?")
right_car_founder = Llm_query(f"Who is the founder of {right_car_brand}?")
return Llm_query(f"what would {left car founder} say to {right_car_founder}?")

Suris, Didac, Sachit Menon, and Carl Vondrick. “ViperGPT: Visual inference via python execution for ]5
reasoning.” ICCV (2023).
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:

s it steak? Or prime rib? The]

trust this model

, i | 4 ;
Auditor:
| know. This is grilled salmon.| |explanation doesn’t highlight
The explanation makes sense | |anything useful to me. | don't
to me. | trust this model. i :
The model classifies the imag ousse. Below is an explanation

Based on this
with the cla

O No. I do not
O Yes, | agree

n this explanation, do you agree
th the classification of the model?
N agree

Human-Centered ¥] fi&2 £
O T AN B?

O defT AW SF?

O & 20432 MH?
O & A7 AXETREAR

A LR?
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