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n‘\‘x

4 Toda Task
ﬁlﬁﬁﬂ y * Why did you do that?
*Egg * Why not something else?
; Trainin + When do you succeed?
Bayesian Data 9 b - Whendo you fail?
CFR * Whencan | trust you?
. g g * How do | correct an error?
= ;I-'—; Markov ~ GitHiRE User
Eie SVM AOG
& SRRl IRRY
Z XAl | Task
t‘: XGB x | understand why
RF HREZILE New '
£ * | understand why not
Training Machine Explainable | Explanation « | know when you succeed
4
%% GAN dranst. Data | Learning N Model Interface * | know when you fail
« | know when to trust you
CNN Frocess * | know why you erred

AI ;Emg > User
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| 1] Explainable Artificial Intelligence, https://www.darpa.mil/program/explainable-artificial-intelligence
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Interpretation
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Textures (layer mixed3a) Patterns (layer mixed4a) Parts (layers mixed4b & mixed4c) Objects (layers mixed4d & mixed4e)

softmax

Feature Visulization!?l:

s a3 on, HALE N,
1% BARE LA & K &R
B, R ARAL B B N R AL,

A

Sy =~

% NZY © N : 2R D%
/ Neuron Channel Layer/DeepDream Class Logits Class Probability
layer,[x,y,2] layerp[:,:,2] layerp[:,:,: ]2 pre_softmax[k] softmax([k]

|2] Feature Visualization, https://distill.pub/2017/feature-visualization/ 9
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Zebra Model

Zebras
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[3] Kim, Been, et al. "Interpretability beyond feature attribution: Quantitative testing with
concept activation vectors (TCAV)." ICML, 2018.

[4] Ramaswamy, Vikram V., et al. "Overlooked Factors in Concept-Based Explanations:
Dataset Choice, Concept Learnability, and Human Capability." CVPR. 2023.
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Ramaswamy et al.l"l: 238 % ¥ 694412
EBERN2LARE, Libepire
E-SIE R ST S

10



1& 4. 7] FERE AL 77 i 1) A

P
% (Have supervision for concepts (AwA2)? Great!
No supervision for concepts (ImageNet)? No problem, we’ll handle it
5 Possible to do some self-supervision (ImageNet)? Great, we’ll use it
1n \\ ........... ... ....... :
o T | tansees D D
>‘L Concepts
1E Ol ! v
A Backbone Ol ¢ cheetah
> Network | |
é 6 O ' Ante hoc Explainable
A ) ' - -
Trad/t/onal CNN models : Learning via Concepts

Self-Explaining Neural Networks

AREBEMNL. ERAFIILET R
AHF I ARENELBE, HE
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[5] Sarkar, Anirban, et al. "A framework for learning ante-hoc explainable models via concepts." CVPR. 2022. 11
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X | Blackbox | Y
ML model M, < >

Transparent design methods

e Decision Tree
Jé}% (Fuzzy) rule-based learning
e KNN

R R M
v

N

Prediction

Explanatlon

il BRI —DMTHRENEERAATRTOEF AR, LHTHE, 2

SRR AL s R e R AR

[6] Arrieta, Alejandro Barredo, et al. "Explainable Artificial Intelligence (

XAI): Concepts, taxonomies, opportunities and 12

challenges toward responsible AL." Information Fusion 58 (2020): 82-115.
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This is a cardinal because ...
. . g R )
j (Deep Finegrained Classifier ) T ( Recurrent explanation generator model
;Et it [-| has || a |:|bright|:| red |@ @ @:|<EOS>
/‘ E . . N . :
00 S
G = 5% Iz o
m 5 -05 (0] \
! g § i ? § Con
7}% 2 m — _| oo g“— o ‘
P S
VGG | :
N <S0OS>
N> \_ J & Y,
i
7
+

by AR TR R MR AR R RS A2,

[7] Hendricks, Lisa Anne, et al. "Generating visual explanations." ECCV, 2016. 13
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3.954 5.030 | Black footed albatross

5.443 | Indigo bunting

1.447 4,738 | Cardinal
° 27.895| Clay colored sparrow
. .
[ d
[ ]
2.617 5662 | Common yellowthroat
Similarity score
A 4 )
i & T b RS
Convolutional layers f Prototype layer gp Fully connected layer / Output logits

THRL R/ BSRAATAE, B, TR Z

[8] Chen, Chaofan, et al. "This looks like that: deep learning for interpretable image recognition." NeurIPS 32 (2019). 14
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Why is it a Cardinal not
a Summer Tanager?

Query (Cardinal) Why is the prediction Why is the prediction Why is the
a Cardinal?

a Summer Tanager? prediction confident?

Attributive Explanations

Discriminant Explanations

R ERIFEHE

Prediction: Bird Prediction: Bird

S B e I < b

B £ F A P(Y|do(X)) = Zte\f P(Y|X,t)P(t)

eIy VT Ae - BUR AL = A R LAY B &

[9] Wang, Pei, and Nuno Vasconcelos. "Scout: Self-aware discriminant counterfactual explanations." CVPR. 2020. 15
[10] Wang, Tan, et al. "Causal attention for unbiased visual recognition." ICCV. 2021.
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(a) Attention Visualization

Layer: | 6 v |Attention: [Sentence A -> Sentence B v]
(d) Commonsense Reasoning
[CLS] the Question: While eating a hamburger with friends, what
are people trying to do?.
the cat /
N I Choices: have fun, tasty, or indigestion
ca . _ Explanation: Usually a hamburger with friends indicates
sat on Function- Natural a good tlme
on the \ based Language
the rug (e) Sentiment Analysis
Visualiza
mat > [SEP] tion Attention Coutr:lt:lrfac o Original text: It is great for kids (positive).
[SEP] “based Negation examples: It is not great for kids

(b) Question Answering

Context: In 1899, John Jacob Astor IV invested
$100,000 for Tesla to further develop and produce a
new lighting system. Instead, Tesla used the money
to fund his Colorado Springs experiments.
Question: What €lid Tesla spend Astor’s money on?
Confidence: 0.78 —> 0.91

(c) Sentiment Analysis

Perturba

tion

Decompos
ition

Gradient

Surrogate
model

(negative)

Adversarial
Example

(f) Classification

Original text: The characters, cast in
impossibly contrived situations, are totally
estranged from reality (Negative).

Perturbed text: The characters, cast in
impossibly engineered circumstances, are fully
estranged from reality (Positive)

)

base value PoSTIVE(INpULS)
0.416328 0.999853

e

)ﬁﬁhﬁﬁﬂ«««(

inputs
What a @i@movie! ...if you have no taste.

1% 4% 5 B A 0 By =R T A 7y iR IL %

[11] Zhao, Haiyan, et al. "Explainability for Large Language Models: A Survey." arXiv preprint arXiv:2309.01029 (2023).
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. ([ Review: Delicious food!  Sentiment: Positive |
k Demonstration Review: The food is awful. Sentiment: Negative
Examples
Template New X Revn.ew. Terrible dishes! Sent{ment. Negative
Review: [Text] Query '{kRewew: Good meal! Sentiment: 3
Sentiment: [Label] l Input
Text Label Large Language Model
Delicious food! 1 Parameter Freeze
The food i1s awful. (
Terrible dishes! 0 1 Output

Positive

BT ) B

[12] Dong, Qingxiu, et al. "A survey for in-context learning." arXiv preprint arXiv:2301.00234 (2022).
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%48 4% 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

A: The answer is 27. x

AR TR BT RS AT

T NN é&‘f$’ﬁ£}§ ﬁ}—o

FRagHE A,

4% Brain A FA

Chain-of-Thought 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: 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?

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. /

TR T AR AR . RIA

In-context few-shot learning
via prompting:

<input, chain-of-thought, output>

K 2
E R?m

ERPE—ABRBGHFIF—NERMAR A& f Ak ey PR

5%'&:

1. Bt BN E A ERAR ST
TR o) AR i 9 o 18] 3 R

2. ABRABGITARET —NTHE
BoE o, R MEFEES
%nm,%&ﬁﬁﬁﬁﬁﬂﬁ
5k 69 X 77 69 Bl &

3. Tﬁbimf‘ﬁi/ﬁwwt)ﬁ\
R VT 38 it 15 5 Mg A9 AT S

4, HERGRKHETEAS

T B bt 2 6940 6,2 B
R T B o, T AR
H T b B,

[13] Wei, Jason, et al. "Chain-of-thought prompting elicits reasoning in large language models." NeurIPS 35 (2022): 24824-24837. 22
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Self-Consistency with CoT (CoT-SC)

Chain-of-thought
prompting

Self-consistency

Q: If there are 3 cars in the parking
lot and 2 more cars arrive, how many
cars are in the parking lot?

A: There are 3 cars in the parking lot
already. 2 more arrive. Now there are
3 +2=5cars. The answer is 5.

Q: Janet’s ducks lay 16 eggs per day.
She eats three for breakfast every
morning and bakes muffins for her
friends every day with four. She sells
the remainder for $2 per egg. How
much does she make every day?

Q:

[14] Wang, Xuezhi, et al. "Self-Consistency Improves Chain of Thought Reasoning in Language Models." ICLR. 2023.

Language
model

Language
model

Greedy decode

This means she uses 3 + 4 = 7 eggs every day.
She sells the remainder for $2 per egg, so in
total she sells 7 * $2 = $14 per day.

The answer is $14.

Sample a diverse set of
reasoning paths

~

She has 16 - 3 - 4 = 9 eggs
left. So she makes $2*9 = | The answer is $18.
$18 per day. |

|
This means she she sells the
remainder for $2 * (16 - 4 - 3) The answer is $26.
= $26 per day.

| J

She eats 3 for breakfast, so |
she has 16 - 3 = 13 left. Then |
she bakes muffins, so she I The answer is $18.
has 13 - 4 = 9 eggs left. So

she has9eggs * $2=9$18. |

25-4%Brain A FA

The answer is $14. ] ﬁ

U

Marginalize out reasoning paths
to aggregate final answers

The answer is $18. ] 3

&

1 R B Y45 (CoT) RIRTIEZE

;};\gﬂ .

&kMﬁ 12 A 64 fR AL 25 P R
M4 m—ETE & HEESL
Bk CoT - oy “&

%%%”;

BEARABERTEFRBER—
BB RALANIEEIRAH

HATR A

23



K& 5 A Ay 7 AR

s 4 MY ‘Tree—of—thought (ToT) & X%, 5FkDeepMind H FA

AP A IAET R E B AE T A kB FHIRE,
FBTELEE, A RARINMETENG T L,
Allen Newell et al.

— — ToT ¥ %% :
| 1. Thought decomposition & 4 5~ &
2. Thought generator &2 4 5%

““““

b) Propose X

L]
L{ 3. State evaluator KX &1 F4E
a) Value W&

l &)é)l
N\ J
Y Majority vote

(a) Input-Output  (c) Chain of Thought  (c) Self Consistency
Prompting (10) Prompting (CoT) with CoT (CoT-SC)

b) Vote HKF

4. Search algorithm 4% & ¥ i&
a) J HEA%E
b) EEAL

(d) Tree of Thoughts (ToT)

[15] Yao, Shunyu, et al. "Tree of thoughts: Deliberate problem solving with large language models." arXiv preprint 24
arXiv:2305.10601 (2023).
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Selection-Inference (SI) -3 DeepMind H FA

Chain-of-Thought Proof Writer (iterative) Entailment Bank Selection-Inference

@\ 050 @*(\ .O @\ )
@/ (\ ~/ ®>/ UQ C

C - context, Q - question, A - answer, S - selection, I - inference. & & & B-4A <2 N %, &R BE- A M,
Va3 k=% AR, $All¢%&MME%TﬁW%$ﬁr+%MMEO

[16] Creswell, Antonia, Murray Shanahan, and Irina Higgins. "Selection-Inference: Exploiting Large Language
Models for Interpretable Logical Reasoning." ICLR. 2022.
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Selection-Inference (SI) -3k DeepMind A FA

Algorithm 1 Selection-Inference

Require: An n-shot selection prompt, Pselect-

Require: An n-shot inference prompt, pinfer.

Require: Tnitial Context, cﬁ made up of statements e.g. facts and rules. Selection-Inference
Require: The question, gq.

Require: Language model, LLM.

Require: The number of reasoning steps, H. A
t=0 > Start at step 0. . . -
while ¢ < H do ~NCs Yl 1 W a)
s + Selection_Module(pserect,C*,q,LLM) > Do selection. f;—a\ffk\_/j e .,
it Inference _Module(pinfer,s’) > Do inference. ([ Q@ )V
Cttl e Ctuit > Add the newly inferred fact to the context. -
t—t+1 > Move onto the next step of reasoning
end while
return s’
Selection module Inference module
# n-shot prompt #n-shot inference prompt
# First example. # First example.
<context 1> \n <question 1> <fact>. We know that <fact>[ and <fact>]*. Therefore, <new fact>.
# Example selection "
<fact>. We know that <fact>[ and <fact>]*. Therefore, # Problem to solve.

.. <output of the Selection module>. Therefore,
# Problem to solve.
<context> \n <question>

[16] Creswell, Antonia, Murray Shanahan, and Irina Higgins. "Selection-Inference: Exploiting Large Language 26
Models for Interpretable Logical Reasoning." ICLR. 2022.
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2023.10.4 ClaudeH J5 /. 8] Anthropic & 7 Poster :
Towards Monosemanticity: Decomposing Language Models With

Dictionary Learning
£ A3 8 %, K—A-2 ETransformer P I T K&
] R AFAE

7

El AR : BT EA RV, CORT BB I 2RI AR &P
WK S HAPETARA “ZiELH7

—ANBAEWEER “BMm” (superposition), 5492 R4
% T A£G AN EE D —AN Y S TP Rk,

AKXKBAT—MARAHR O R RNEEFIHRF I H %,
BEAPE RS RE LML TFRFIINMX T H, UERS
 (disentanglement) #8 X #9 P &

[17] Trenton Bricken, et al., "Towards Monosemanticity: Decomposing Language Models With Dictionary
Learning." https://transformer-circuits.pub/2023/monosemantic-features. 2023.
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2023.10.4 ClaudeH J5 /. 8] Anthropic & 7 Poster :

Towards Monosemanticity: Decomposing Language Models With
Dictionary Learning

£ A3 8 %, K—A-2 ETransformer P I T K&
o] R ATAE

Cluster #49 ® A/0/307 This feature fires for references to citations in scientific pa...
® A/0/311 This feature fires for reference citations in academic paper... AN/334
AJ1/3445 ’
N\ ® A/1/776 Years in some citation notation " report"/"
® A/1/1538  Citations in a [@author] or [@authoryear] format statement"/synonyms, as
e . released or read by a
th . < /\ 5 1 2 /\ j QX ® A/1/1875 'r:Aark"down Citation (Predict year) h person or orgamtestion in
A n rOplC 7R ] -E—/ S ] T ® A/1/2252 [@ news contexts - o o A1/1648
—- ~ . ® A/1/2237 [Ultralow density cluster] AN/2625 e *
!# =) > B ) . ; - 2 AN/2361
7‘CJ é’\ﬁ MLP E— Trans former 5 Jﬁ ]i X,:T—_ Cluster #42 ® A/0/126 This feature seems to fire on section headings, specifically ... Avaddy o \ A/‘I/.390 A12060
* ® A/1357 "ref" in [context] q.k~. WA
N2 ~, ~ ~
~ Q ® A/1/1469 "s"["sec" after "{#", section reference in some markup
E A B0MTA R I & A9 MLP# & L) b 45,
7N e
® A/1/3841 "Sec A,
~ ~
Vi %— Eﬂ ']7 é}% ;[5 /’ MLP gi ® A/13898  Section number in {#SecX} ‘E'. 1
- ﬁ ﬂ? }lb ) j% ﬂi. j ( o A/A083 (" : & 308!y M -
° 1/3568
% /\ /@m’ i] * Xd— = l éﬁ # j: ® A/1/2129 "' in [context] p— ° @, AAE L anffor
"T_ EJ 4—‘£ }’ ® A/1/553 "](#" in [context] .A/1/3474
M 1524
/\ j:‘ﬂ Cluster #43 ® A/0/8 This feature attends to text formatting markups such as ref... RUUSSSS AJ11015
l 3 ‘/EJ . ] I/X }A 1 X ( 5 1 2 # /ﬁ:E‘ > H ® A/0/398 This feature attends to references to figures and tables. o A/1/1506
/\ 2 ® A/0/454 This feature fires on reference/bibliographic citations in LaT... R
K 2|256x (131072/M4F4E) & o w0
® A/1/366 "type" A/1336
Heafn i 4
y ® A/1/945 ref" in [context] “A/1/1393

® A/1/1895  "-"in [context]
® A/1/2176  “fig"

[17] Trenton Bricken, et al., "Towards Monosemanticity: Decomposing Language Models With Dictionary 78
Learning." https://transformer-circuits.pub/2023/monosemantic-features. 2023.
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input — concept — result

blue head

Blue Grosebeak

% weight @ %ﬁ,\l—i"\ .

- - ' :
e W o 5 5 B B A R 7
<> 5 EALEENEARE,
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31



DA G Al X AL mhAR A 6 VT R AR

Concept Activation

with

with

Of Multimodal

Vectors (CAVs) Models
f(‘%g;%) f ( S “stripes”
% “horse”
Qtrlpeg “mane”
0 DRACHIAY
f(#8.)
(¥ : Text
K w ) I (e Encoder
R |
cstripes Chands Cmane  Cplack
I A
C e R

Learning the Concept Bank

Post-hoc CBM (PCBM)
Embeddings  Projection onto the Predictions
d p Concept Subspace N
f:X—>R* f(x)eR proj.. f(z) € R g:R% =Y

(] @tri es. 0.8
p
Horse: 1.2 PCBM
Hands: -0.5 prediction
> ] Black: 0.7
Mane: 0.9 p(Zebra): 0.8

PCBM-h

Residual W prediction
Fitting J @

p(Zebra): 0.95

r: RY
Hybrid Post-hoc CBM (PCBM-h)

Fitting the Concept Bottleneck

Post-hoc Concept Bottleneck Models.

[18] Yuksekgonul, Mert, Maggie Wang, and James Zou. "Post-hoc Concept Bottleneck Models." ICLR. 2023. 32
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@
“begch" o @ - “beach”.q 186"
“syringe”
R o e
(@) @®
(@)
(a) (b)
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% R 8 M g

School bus

= |large, yellow vehicle

—a 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

u 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 4 nx 89t 3£ £

ImageNet ImageNetV?2 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
Vision Transformers V@T—B/16 68.03 64.05 3.98|61.54 57.88 3.66|57.75 56.35 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
RN50 59.44 54.81 4.63 5298 49.43 3554891 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 4385597 5499 0098
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 64.24 0.38

ImageNetFrImageNetV2 6942 & — B b9~ 3-5%89 2 3t

1%89 7 3

[19] Menon, Sachit, and Carl Vondrick. "Visual Classification via Description from Large Language Models." ICLR. 2022.

CUB#H ~

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

= 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 34K 55 3t 17

= red, brown, or white feathers

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 wooden hull

= portholes

= rigging

La a crow's nest

Our top prediction: Hen

and we say that because...
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LLM-prompts: Image-prompts:
- . “What does a “A lorikeet is a small to medium-sized parrot with a brightly colored plumage.”
| A photo of a goldfish | {lorikeet, marimba, Ii> “A marimba is a large wooden percussion instrument that looks like a xylophone.”
’ A photo of a platypus ‘ papillon} “A is a bridge composed of several spans supported by piers or pillars.”
- [ —— ; | look like?” “A papillon is a small, spaniel-type dog with a long, silky coat and fringed ears.”
P o
$% : :
58
@ N 1 3
. _J
f )\
What does A platypus
a platypus = looks llkg a
@ T | look like? il : ' N ; .
S o a ducks bil Lorikeet Marimba Papillon
n =2
5 0 Goldfish I fish g2 = > g _— + > -
B Sk i e, 27T LLM Ay B1ER 42k B ImageNet 8948 K WA ~H], XE%E
<3O A platypus looks like a beaver g _— o I\ K
a g with a ducks bil "R T Far RS £
o ‘
£ © 751 —k— CuPL S| ___. standard
2 2 S -=-- standard g
o 3 ¥ g f, 70 - o 76.0 1
@ =2
z [
[} (@)}
L ) ® 65 .
£ L= =
10 20 40 80 0.0004 0.002 0.02
Image Classification Model Size (GMACs, log scale) Language Model Size (OpenAl API cost, log scale)
[20] Pratt, Sarah, et al. "What does a platypus look like? generating customized prompts for zero-shot 34

image classification." CVPR. 2023.



Input Image x Human Designed Concepts

" has nape color :: grey
+has bill shape :: cone

@-09

' has head patt:ern :: eyebow

________________________________

l o:Ol O black throat with a white boarder !

oy @ ‘brown head with white stripes s y
, ‘ GPT-3| i |1 : - !
e (©J:grayish brown back and wings _ |

rompt: describe what the black-throated sparrow looks like:
B RTRAEBFBSTEAE (LLM) (3o
GPT-3)m %2 7 3 A LRI BEA M E K

prompt: describe what the axolot/ looks like:

LLM: The axolotl's limbs are delicate, and the tail is long and thin.
Extract concept using LM and delete class names:

Candidate concepts: limbs are delicate; tail is long and thin

?

class 1-axolotl

Si F

Lt candidates optimization

class 2-red panda

LLb Gididates optimization

N classes

Generate concepts: Sec 3.4 Select concepts: Sec 3.2

submodular _k concepts |

AY) F
k concepts
LLM — candidates ——» sul?m_odu}ar _p’
optimization
Sn F

submodular & concepts
——

Concept Space E; € RNcxd

T

text encoder

f

.

(
CL1  limbs are delicate
€12 tail is long and thin
crk  gills are bright pink
@)1 thick, soft fur
¢22  reddish brown fur
C2k ears are also red
CN.1 toes are long
CN.2 green body
cNk  smooth bumpy skin

N

_4

test image

Y

v

image encoder

l

x € R?

i

concept scores: g(x,C) = x- E;T € RNe

T M BHE M B EAA

W e RNXNE

a

Class-Concept
softmax

Weight Matrix

dot product

(1,N)

9 = argmax(g(x,C) - a(W)")

Bottleneck-C (Nc concepts) Predict the label with concepts: Sec 3.3

[21] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable

image classification." CVPR. 2023.
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Top-3 Concepts

Class Name

Top-3 Concepts

Class Name

Top-3 Concepts

Class Name

Top-3 Concepts

1.short legs and long
body make it an
excellent digger

2. black-and-white
striped fur

3. coat is very shaggy

1. black and red
stinger

2. small, black insect
with six legs

3. long, slender
antennae that it uses
to smell and touch

hammer

1.long, thin tool with
a wooden handle

2. great tool for
pounding object

3. used to pound on
surfaces

water buffalo

1. large head with
short, curved horns
2. heaviest living
species of bovid

3. huge, dark-colored
animal

1. black and white
plumage that is
striking in the sunlight
2. black body with a
long, slender neck

3. red and black bill

horned lark

1. black line running
through yellow face
2. head is black with a
white horn on each
side

3. black horn on each
side of their head

white pelican

1. long neck and bill
make it look like a
giant swan

2. large, white bird
with black wingtips
3. bill is huge and
yellow

1. breeds in
greenland, iceland,
and northern russia
2. black and white
markings

3. small white bird
with a black cap

1. depicted in
artworks of ponds and
waterfall

2. member of the
nymphaeaceae family
3. lily pads float

1. scientific name for
the flower is
taraxacum officinal

2. named after the city
of barberton

3. member of the
daisy family

1. central disc with
smaller florets

2. have a slightly
furry texture

3. bold and vibrant
color palette

1. long, protruding
stamen

2. orange with black
spots and stripes

3. scientific name is
lilium columbianum

1. grip bow tightly in
their left hand

2. focused and
concentrated on their
task

3. keep bow and
arrows in safe and dry
place when not in use

1. blur as they fly
over the drums

2. sitting on a stool in
front of a drum set

3. position the
drumstick so it is
resting on your index
ﬁn&er

1.deep blue color

2. tans contrast with
the white of their
boards

3. sending a spray of
water into the air

1. get out of sandpit
2. series of
movements starting
from a standing
position

3. person tucks their
knees up to chest

Class Name
badger
N
7]
4
)
o0
=]
£
==}
=]
o)
Q
water lil
I
)
2
=
=
archery
-
S
i)
<
Q
-
= der{natoﬁbrom
c Ve
S
=
=
-
E

1. generally not
painful

2. red, brown, or
purple in color

3. thin white halo
around them

“melanoma

1. dark brown or
black in color

2. large and dark
3. flesh-colored,
brown, or black

1. color is tan

2. dark brown or
black color

3. small, round, and
slightly raised

T By

-

W Y

1. color ranges from
light brown to black
2. rough or scaly
texture

3. darker in color,
such as brown or
black

AR B T

=K
Iu >

[21] Yang, Yue, et al. "Language in a bottle: Language model guided concept bottlenecks for interpretable

image classification." CVPR. 2023.
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[22] Chen, Haozhe, et al. "Interpreting and Controlling Vision Foundation Models via Text 37
Explanations." arXiv preprint arXiv:2310.10591 (2023).



“A photo
of a
pyramid”

Input Image Layers x Heads
"""""" T e

(a) " Attention Heads Decomposition | :
Layer 23, Head 10 Layer 22. Head 1 Layer 22, Head 10 : Layer 22. Head 1 Layer 22. Head 10
(a “number” head) (a “shape” head) (a “color” head) : “Image
1.Image with six subjects 1.A semicircular arch 1.Image with a yellow color | “An ith
2.lmage with a four people  2.An isosceles triangle  2.Image with a orange color isosceles Wilkakl
3.An image of the number 3 3.An oval 3.Image with cold green tones 1 triangle” orange

I color”

it CLIP 8 EE & R R A S AN B R e, AL B Aait & 7 Skt b, HATT A (a) 58t &
B KI5 I At ) 69 SR T R T R AR AR A &, (b) B EFA ST BMEA L
Az M ARRAPE A 8 BAR K B, VAR (c) B ILVRS KB BY T 45 7 k3 KB LA T ).

[23] Gandelsman, Yossi, Alexei A. Efros, and Jacob Steinhardt. "Interpreting CLIP's Image Representation via
Text-Based Decomposition." arXiv preprint arXiv:2310.05916 (2023).
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Causality Inspired Model Interpreter (CIMI) & EH 528 K k2. %3 TN 015

ATENTBRERGFHFREAHRLLL, THEBELTFIZETE. BEREAFRT RS R
Pk (1) KBRBLAZEA S, &EARTRMRBEREL? (2) RERD RMF AT %,
S fT ik P RVT BE U R — AR A AL RE T MR AR A ) 20 ? KRS FIALARAE =) T AT KAR A R
BAFEOZRK, AL ZBIHNGEX, HHERBEESHBEIAERLE-ANEHE,

Ak 2 BN EX B4 —0 R EFMA, —&%
K ARG S o) A AR M AR B e

OAAFNBELTERGTERNRERCERAMNE?
I REEXFF, RAWGEAXEAZMA AL, €N
A] A A7 X 7 ?

O A F B REEFATERBRN 2P XL A7
18 1 e sX e P B AR AT T A LA ASF AL ?

O do o7 23t B R AL R R 57 IROGX 2 Pl ¥k, ?

39

[24] Wu, Chenwang, et al. "A Causality Inspired Framework for Model Interpretation." KDD. 2023.
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Causality Inspired Model Interpreter (CIMI)
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E=M®X
U=(1-M)OX
AARBR A 53] —/ T 4L g: X > M,
E Y U Y U Y
(a) (b) (c) Interpreter
ELU|X EL1U =¢ofe
(a)IL 7 697 AR AR X, (b)n —#HE R A, o
LB AERE X Z TN 2 A0, 1215 p?
Z AL, Xfis‘uﬁ, EAeUdEAA B IR 5, VAT (c) A 4% 5
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[24] Wu, Chenwang, et al. "A Causality Inspired Framework for Model Interpretation." KDD. 2023.
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Causality Inspired Model Interpreter (CIMI) & EH 528 K k22, %3 TN 015

X E Xo
Interpreter Black-box model
=¢of, Explanation %,
mask g(x) o
a‘”d‘r ©) % suffC;l;?:ncy
U Y D lossLs
Instance x 0]
& L =£(f(x),f(xe) — €(f (), f(xu)
’f EfEX EP 7 v Y Q/J 5%: 2 ® L =g, 9(xmne)) Annotation
N Xin ; I Instance x’ that
’fJE ) TFJ U ZEX ‘:F ‘% ?]‘ é/J g 902 X Causal nstance x ; satisfies x' = x
5‘[#1@5 .5 E 7~ 7][E] B intervention
’ ° codir 9 Xine) lossZ; ‘ Explanation Intervened
x . ,
E — M@X p¢ o Weakly mask g(x) instance x;,;
U = (1 — M )@X x) ) Su;l)ervzsing ‘ ExP'“(“‘;*g" ‘ Fixed component
xr 0SS Xe =g\x) D x in black box
fe®) ¢0) / .
Non-explanation Trainable component
B %= 2 g_‘» 5] — /T A2 ® L, =logo(g(x) — gu(x)) ‘ ru= (1—9(0) O in impmfer
1 [ - > — ] ‘E u
X > M ; - o2 -3 : . .
g ° CIMIBGHESR . "E— T I Ea9 A LMD R D, XL —ANHEAPE ML, TAR TR Y
WIAF AR BT I 2o

[24] Wu, Chenwang, et al. "A Causality Inspired Framework for Model Interpretation." KDD. 2023. 41
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MODALITIES:

L

-

X #T XA,

-

TASKS: Any number or combination of tasks |T| can be decoded
each/any step providing fine-grained, updatable interpretability

t I
i
i
i
i

module, i

(a) MultiModN

{8 K S RARA LT A

XE 7))| 25

Single-task
Multi-task LLdi il
Decoders |D| =1
r
State: One for
each number & Concatenated
combination of embedding
inputs
Multimodal
Multimodal Encoders
Encoders (fixed number)
A A A
1 [ ( 1
1 1 I
1 d 1 €
moa, mod
T pmodm

r_ar

L 4 L -4 L -
(b) P-Fusion

[25] Swamy, Vinitra, et al. "MultiModN-Multimodal, Multi-Task, Interpretable Modular
Networks." arXiv preprint arXiv:2309.14118 (2023).
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T B B gR e An &b 22, FF
ITRE(AT M ﬁ@p-Fusion)
AT RAF

Individual Modality Contributions: Global Interpretability Technique

(importance scores) 1.0
z
°
O Task1
£ Task2
= Tabular Image Time Series
c
&
ug_ P-Fusion interpretability is not possible for individual modalities. 0
a
Cumulative Predictions: Local Interpretability Technique m1.0
= (probabilities)
o
O Task 1
£ Task2 | ] 0.9
s Tabul: Image Text Time Series
(Random) ( jious) (+all previous) (+ all previous) (+all previous) True
Label
=
S Task 1 ] o
=1 P-Fusion interpretability is not possible at intermediate steps
L Task 2 ]
a Time Saries

Prior Tahular Imag Text
us)

(Random) (+al (+all previous) Y

MultiModN ¥ B A 4% tf%f 2T X
a4 452 A BT R
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Representation Space

Pre-trained
Vision Model

A«

Highty:Aclivating Large Captioning Dataset

Images GradCAM Feature Crop

Top 5 Captions Per
Image with CLIP
confidence

Contrastive
Concept Extraction

[26] Kalibhat, Neha, et al. "Identifying Interpretable Subspaces in Image Representations." (2023).
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Feature 66 Feature 25 Feature 70 Feature 468 Feature 476 Feature 342 Feature 337 Feature 461

sabew)
Buneanoy
AlybiH

>
-
Explanations 325
Qg g
Generated: 25<
@
FALCON _ ,
(Ours, Discard—> sauce, snack chicken, turkey, cabbage, e dung beetle,
Set) roast vegetable, green national park
e
FALCON spaghetti carbonara, smoked, hanging, snowball cauliflower, boa, gray fiddler crab cessna, aircraft :
5t , ’ ’ . ’ R ' mbul , sid
(Ours) italian pasta rotisserie whitecurd  rattlesnake, coiled  white. claw tail el N, fraen
MILAN The shredded cheese,  jtems with ; Pl d Red colored Bird
; Food Ankiial Bugs anes an ed color irds
(Hernandez —> beefandpossibly g aiont features planes objects
et al) green onion bits

[26] Kalibhat, Neha, et al. "Identifying Interpretable Subspaces in Image Representations." (2023).
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Highly Activating Images Top 5 Captions with CLIP Confidence

a closeup picture of a Bearded Collie panting - SCORE: 0.723 Noun
Closeup Of A Bearded Collie... - SCORE: 0.708
A close up of a Bearded Collie's healthy, long coat - SCORE: 0.677 Ph
image of a shaggy dog's profile with patio furniture blurred out in the background. - SCORE: 0.664 rases
Bearded Collie close up - SCORE: 0.652

[ —
White Shaggy Dog Mascot Costume - SCORE: 0.888 Ve rbS
A close up of a Komondor with a white corded coat - SCORE: 0.886
File:Komondor.png - SCORE: 0.837
Komondor head Corded White Long Showing - SCORE: 0.811

Scoring
Function

A komondor participates in the annual event on February 11. - SCORE: 0.809 NOU ns
Komondor pup in grass - close up Stock Footage - SCORE: 0.562 — ( TOP SCOring \
The Puli: A Dreadlocked Dog from the Carpathians - SCORE: 0.53 2 -
image of a shaggy dog's profile with patio furniture blurred out in the background. - SCORE: 0.516 Ad]eCtlveS concepts-
The Puli, Hungary's Indispensable Herd Dog - SCORE: 0.485 =
A close up of a Komondor with a white corded coat - SCORE: 0.437 /

WHITE(0-37)
a Words containing | Lowly Activating Images \\ g BO6G{6:36)
digits and special ™ SHAGGY (0.29)
g characters ¥ ‘ \ - i | COAT (0.26)
E _[stopwors S " CORDED (0.18)
L r— Contrastm% és(;)uxﬁlllTs_)Econcepts. \_ (0.16) y
@ words \_ ’ W, 5

[26] Kalibhat, Neha, et al. "Identifying Interpretable Subspaces in Image Representations." (2023). 45
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CLIP ViT-L-14 latent space illustration

What Blue Grosebeak looks like?

v
A\
add color throughout

=+ the growing season
(not-factual)

associated with
springtime
and rebirth
(non-visual)

. Usually found in forest

Previous works use sq, S5
(task-irrelevant)

Our work use s3, 54

WM*ﬁi@¢Tﬂﬁﬁ%m ER. EXAIAEY, AL BT
WEA T AR LLM% 89 AL wmﬂo

[27] Pratt, Sarah, et al. "Cross-modality Interpretable image classification via Concept Decomposition 46
Vector of Visual Language Models." (2023).
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VisProg CVPR 2023 Best Paper % & Allen Institute for Al (% 7 )

Visual Programming Compositional Visual Question Answering Natural Language Image Editing

IMAGE: IMAGE: Prediction: IMAGEL

Question: Are there both ties and glasses in the picture?

Program:

BOX@=Loc(image=IMAGE, object=‘ties’)

ANSWER@=Count (box=B0X0)

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

ANSWER1=Count (box=BOX1)

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

Prediction: no

Visual
Prediction Rationale

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

Program:
Natural Language Visual Reasoning 0BJO=FaceDet (image=IMAGE)
LEFT: RIGHT: OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Daniel Craig’, category=None)
Program I IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘smiling_face_with_sunglasses’)
Interpreter g’i OBJ2=Select(image=IMAGE, object=0BJ@, query=‘Sean Connery’, category: None)

;I‘él/;ﬁilrjngéiimage:IMAGEe, object=0BJ2, emoji=‘winking_face’) ViSPrOg 7\% D /]\ j:;'i\ i}% /fh ZC*Q
IMAGE: Prediction: IMAGE® "‘]‘ )/%]’11’7‘ %’;’X— éﬁ }*’ = /f’j‘ /%\ /}E}
B FaeMEHEE,

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

ANSWER@=Vqa(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?’)
ANSWER4=Eval( ‘{ANSWER@} + {ANSWER1} == 6 and {ANSWER2} + {ANSWER3} == 2’)
RESULT=ANSWER4

Prediction: False

Instruction: Replace desert with lush green grass
) Program:
0BJO=Seg(image=IMAGE)

Program Factual Knowledge Object Tagging 0831=Se1ect(image=IMAGE, object.::OBJa, query=‘desert’, category=None)
Generator IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘lush green grass’)

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)
OBJ@=FaceDet (image=IMAGE) Program:
In-context LISTe=List(query=‘main characters on the TV show Big Bang Theory’, max=7) 0BJ0@=Seg(image=IMAGE)
instruction-program 0BJ1=Classify(image=IMAGE, object=0BJ@, categories=LISTO) OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Barack Obama’, category=‘person’)
pairs IMAGE@=Tag(image=IMAGE, object=0BJ]1) IMAGE@=ColorPop(image=IMAGE, object=0BJ1)
RESULT=IMAGE® RESULT=IMAGE®
J ;

[28] Gupta, Tanmay, and Aniruddha Kembhavi. "Visual programming: Compositional visual reasoning 49
without training." CVPR. 2023.
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VisProg CVPR 2023 Best Paper

Visual Programming

Visual
Prediction

Program
Interpreter

High-level

Rationale

Program
Generator

In-context Examples

—

Instruction: Hide the face of Nicole Kidman with :p

Program:

0BJO=Facedet (image=IMAGE)

0OBJ1=Select(image=IMAGE, object=0BJ@, query=‘Nicole Kidman’)
IMAGE@=Emoji(image=IMAGE, object=0BJ1, emoji=‘face_with_tongue’)
RESULT=IMAGEQ

Instruction: Create a color pop of the white Audi
Program:

0BJO=Seg(image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘white Audi’)
IMAGE@=ColorPop(image=IMAGE, object=0BJ]1)

RESULT=IMAGE®

Instruction: Replace the red car with a blue car

Program:

0BJO=Seg(image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJO, query=‘red car’)
IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘blue car’)
RESULT=IMAGE®

Instruction: Replace the BMW with an Audi and cloudy sky with clear sky

Input
Image(s)

Natural Language
Instruction

In-context
instruction-program
pairs

J

[28] Gupta, Tanmay, and Aniruddha Kembhavi. "Visual programming: Compositional visual reasoning

Program:
Prompt
g GPT-3
Program

0BJO=Seg(image=IMAGE)

OBJ1=Select(image=IMAGE, object=0BJ@, query=‘BMW’)
IMAGE@=Replace(image=IMAGE, object=0BJ1, prompt=‘Audi’)
0BJ1=Seg(image=IMAGE®)

0BJ2=Select(image=IMAGE@, object=0BJ1, query=‘cloudy sky’)
IMAGE1=Replace(image=IMAGE®, object=0BJ2, prompt=‘clear sky’)
RESULT=IMAGE1

VisProgdy 42 /5 £ ik A% .

without training." CVPR. 2023.
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Image
Understanding

FaceDet
OWL-ViT DSFD (pypi) MaskFormer CLIP-ViT CLIP-ViT ViLT

Replace ColorPop BgBlur
Stable PIL.convert() PIL.GaussianBlur() PIL.rectangle() AuglLy (pypi)
Image Diffusion cv2.grabCut() cv2.grabCut() PIL.text()
Manipulation

CropRight CropAbove CropBelow

PIL.crop() PIL.crop() PIL.crop() PIL.crop() PIL.crop()
Knowledge List Arithmetic
Retrieval & Logical eval() len() dict()

VisProg & 78 & FIT X4 89 T Ae A 3k
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Visual Programming

Instruction: Replace the ground
with white snow and the bear
with a white polar bear

Visual

Prediction Rationale

Prediction:

Program
Interpreter

- o

€ 0BJO=Seg(
image=IMAGE)

€ OBJ1=Select(
image=IMAGE,
object=0BJO,
query=‘ground’)

€« IMAGE@=Replace(
image=IMAGE,
object=0BJ1,
prompt=‘white snow’)

€ 0BJ2=Seg(
image=IMAGE®)

€ 0BJ3=Select(
image=IMAGE®,
object=0BJ2,
query=‘bear’)

€« IMAGE1l=Replace(
image=IMAGE®,
object=0BJ3,
prompt=‘white polar bear’)

% [H Allen Institute for AI (% & &)

Statement: At least three
animals are in a flowered field

LEFT:

Program
Generator

RIGHT:

Input
Image(s)

Natural Language

LEFT

RIGHT

ANSWER@=Vqa (
image=LEFT,
question=‘How many animals
are in the flowered field?’)

ANSWER1=Vqa(
image=RIGHT,
question=‘How many animals

Instruction are in the flowered field?’)
Prediction: True True € ANSWER2=Eval(expr=‘{ANSWER@} + {ANSWER1} >= 3?’)
=Eval(expr=2 + 1 >= 3?’)
In-context |

Task Input Output Modules
: N @S T
Compositional Image + Text
MR (SRR Question Cropleft CropRight CropAbove CropBelow
Reasoning on Image Pair + m
a

Image Pairs (NLVR) = Statement True/False -

Object Tagging IRAFGELIGH Image FaceDet List Classify Loc Tag
Image Editing with  Image + fiana FaceDet E. m Replace
Natural Language  Instruction 8

ColorPop BgBlur m

instruction-program

VisProg & &k 89 AL 3 /7 32

J

[28] Gupta, Tanmay, and Aniruddha Kembhavi. "Visual programming: Compositional visual reasoning

without training." CVPR. 2023.
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ViperGPT  %£E Columbiak %

Query q Visual Input z

“Which pet is in
the top left?”

1

ViperGPT Generated Code 2z
def process_query_function(image):
image_patch = ImagePatch(image)
COde LLM | pets = image_patch.find("pet")
7'(' pets_sorted = ...

return result

API Specification

Code Execution ¢

Python Interpreter
+

APl Implementation

Result: “shiba inu”
ViperGPT A — AN VAR A2 75 X ff ik B 22 T AL T 9 69 4E R

[29] Suris, Didac, Sachit Menon, and Carl Vondrick. “ViperGPT: Visual inference via python execution for
reasoning.” ICCV (2023).
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Query: How many muffins can each kid have for it to be fair? Execution

kid_patches =
1mage_patch find("kid”)

Generated Code muffin_patches =
image patch flnd( '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
» len(kid_patches)=2

»8//2 = 4

Query: Drink with zero alcohol » drink_patches=
E— »drink_name = ‘tullamore dew’

»alcoholic = ‘yes’

: Result:
i »drink_name = ‘bacardi’ -

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

»alcoholic = ‘yes’

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

Y > drink_name = ‘dr pepper’
’V{‘ »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): car_patches =
image_patch = ImagePatch(image) image_patch. flnd(”car") ! V
car_patches = image_patch.find("car") = A I >left car_brand=" lamborghini’
car_patches.sort(key=lambda car: car.horizontal_center) - - >r1ght car_brand="ferrari’

left_car = car_patches[0]

right_car = car_patches[-1] 1 »left_car_founder= Ferruccio Lamborghini’

left_car_brand = left_car.simple_query("What is the brand of this car?") Car patches sort(. . , »right_car_founder=‘Enzo Ferrari’

right_car_brand = right_car.simple_query("What is the brand of this car?") ‘I. :
left_car_founder = Llm_query(f"Who 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}?")

Result: “Ferruccio Lamborghini might say, ‘It’s been an honor to be a rival of yours for so many years, Enzo.

P”

May our cars continue to push each other to be better and faster!

[29] Suris, Didac, Sachit Menon, and Carl Vondrick. “ViperGPT: Visual inference via python execution for
. 29 5 3
reasoning.” ICCV (2023).
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Human questions:

Input video frames: “What is the current action of the
s 2] vehicle?” ”Why does the vehicle Past control signals:
, . ' behave in this way?” A, A1y ooy Ap—2, Ap—1
Video Tokenizer Text Tokenizer

PPTTITTT  TTTIT PITTT

Large Language Model

TITTT PTTTT

Dri VeG PT4 l Text De-Tokenizer l

DriveGPT4 answers: Predicted control signals:
The vehicle is driving @y ,i.e., speed and turning angle

clear with no obstacles forward.” @\

forward.” ”Because the road is

[30] Xu, Zhenhua, et al. "DriveGPT4: Interpretable End-to-end Autonomous Driving via Large Language
Model." arXiv preprint arXiv:2310.01412 (2023).
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Human: This 1s a 8-frame video. In this video, you are sitting in a vehicle on the road. The vehicle
speed (m/s) of each frame is 9.86 9.1 8.18 7.24 6.18 5.21 4.22 3.11. The vehicle driving direction
(degree) of each frame 1s 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0. what is the current action of this vehicle?
Assistant: The car slows down to a stop.

Human: What’s driving the vehicle to behave in this way?

Assistant: since the light ahead became red.

Human: Forecast the speed and turning angle of the vehicle in the ensuing frame.

Assistant: Speed: 2.09; Turning angle: 0.0

[30] Xu, Zhenhua, et al. "DriveGPT4: Interpretable End-to-end Autonomous Driving via Large Language
Model." arXiv preprint arXiv:2310.01412 (2023).
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