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Deep Neural Networks (DNNs) are everywhere

AlphaFold
Protein Structure Database

Developed by DeepMind and EMBL-EBI

Examples: Free fatty acid receptor 2 At1g58602 Q5VSL9 E.coli Help: AlphaFold DB search help

Feedback on structure: Contact DeepMind

At last — a computér program that https;//a|phafo|d .ebi.ac.uk/
can beat a champion Go player PaGE 484

ALL SYSTEMS 90 @

What's on your mind today? oo

https://becominghuman.ai/summary-of-the-alphago-

paper-b55ce24d8a7c Chat GPT Llama 4

o

+ Ask anything

» Gemini

https://www.flaticon.com/free-icon/llama_1840979



It's hard to understand how DNNs work
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Why is it important to understand
DNNs?




Interpretabillity is crucial to enable Trustworthy Al

Trust Transparency
v Users will trust a system more if v' Detect biases and debug issues
they can understand it within the model

v' Important for high-stakes domains g%% v' Editing existing models to fix issues
Interpretability

Safety | Improved models

v Gaining insight on how and what our
models learn

v Evaluate & monitor their capabilities
v' Understand their failure modes &

when we can safely deploy them v' Helps design better models and
training methods
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Can we bring Interpretability into Deep Learning?

Accuracy @

. *

Neural Networks

Yes! This Tutorial

#1 post-hoc interpretability tool
o #2 inherently interpretable NN
(interpretable NN by design)

O
Random Forests

Decision Trees O
Linear model

Accuracy & Interpretability Interpretability
trade-off exists



Goal of this Tutorial: Principled Interpretability

* Provide a unified overview of interpretability in deep learning

0 @ ©

Post-hoc Rigorous Analysis to Building Inherently
Interpretability tools Evaluate interpretability Interpretable DNNs
T
- 950
5.
What knowledge has the Which explanation is more faithful?

model learned?



Goal of this Tutorial: Principled Interpretability

= \We will focus on interpretability in deep vision models in this Tutorial,
and draw connections to LLMs when applicable

Lily Lily Ge Akshay Lily Tuomas
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Q .
- 90
95 3
How does a deep vision What knowledge has the Which explanation is more faithful?

model work? model learned?



Goal of this Tutorial: Principled Interpretability

= \We will focus on interpretability in deep vision models in this Tutorial,
and draw connections to LLMs when applicable

Ge Akshay Lily Tuomas
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Part 1 Part 3
1:00 - 1:20 1:20 - 2:30 2:30 - 3:00 3:15 - 3:55
Fundamentals & Post-hoc Rigorous Analysis to Building Inherently
backgrounds Interpretabg tools Evaluate interpretability Interpretable DNNs
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How does a deep vision What knowledge has the Which explanation is more faithful?

model work? model learned?



Principled Interpretability Tutorial: Part 1

* Provide a unified overview of interpretability in deep learning

Lily
B

&

Part 1
1:00 - 1:20
Fundamentals &
backgrounds

o

How does a deep vision
model work?



Basic task: Supervised Learning

= Classification Task

Data: x Label: y
NN model
— Cat
f(x)
Multi-layer Convolutional Neural Vision
Perceptron (MLP) Network (CNN) Transformer (ViT)

OlylO bl EOLIOLIO

| MLP head |

Transformer
Encoder
v




Architecture 1: MLP f() = WPa(WDx + D) + @

"—20.271 Ship score
0.3 Dog score

© Multi-layer

Perceptron (MLP) — " — : :
, L 90.6 1 cCat score
X e.g. 2 layer NN f(x)
input x 1st hidden layer z(1) € R256 2 |layer (output) y € R1°
256 neurons 10 neurons (classes)
1st pixel | O
2 pixel | O QO | 1t hidden neuron t
39 pixel | O — QO | 2m hidden neuron — O 1 output neuron
P : weight w : weight W O 10t output neuron
3072t pixel O bias b O 256t hidden neuron bias b
PXEL L) activation o(+) activation o (")

Note: * . is usually much larger



Architecture 1: MLP

* MLP model can have many hidden layers, e.g. a (L+1)-layer MLP model
= Generally, when we say “iy, neuron at [, layer” = hidden representation/post-activation

Zl-(l) eER

X%Z(O) e 2@ L0 J = 204D
O O O O o
o — O = O = ... = O —p
. : : : O
O O O O

, weight w® weight W (2 weight W ®

input x bias bV bias b® bias b®) output y

activation o(-)  activation o () activation o ()



Architecture 2:

" —81 1 Ship score
—40 Dog score

@® Convolutional
Neural Network

11 1b.8- Cat .score

(CNN)
X e.g. 5 layer CNN f(x)
input x 1st hidden layer z(1) € R6%28%28 2nd hidden layer z(2) € R%%26%26
6 neurons 2 neurons
9 3

height 3 5

(32) —> q q eoe
Conv filters Conv filters

wm, p® 28 w®, p® * /
width (32) activation o (-) activation o (-) il

depth (3)




Architecture 2: CNN

" —81 71 Ship score
—40 Dog score

©® Convolutional
Neural Network

11 1b.8- Cat .score

(CNN)
X e.g. 5 layer CNN f(x)
= |n MLP 0O
= hidden layer representation at Layer [ is an 1-D activation vector: z(!)) € R™ O
= a hidden neuron is a scalar, i.e. has scalar activation value: zl.(l) eER O
= |In CNN

= hidden layer representation at Layer [ is a 3-D activation map: z() € R™w>mHXMp
= a hidden neuron is a channel, i.e. 2-D activation map: zl.(l) € RMwXMH




Architecture 2: CNN

= As an example, Resnet 50 has
= There are total 3904 hidden neurons (64+256+512+1024+2048) in the end of

= Note: total # of neurons in Layer 0 to 4 = 4k ; c.f. ~
64 channels 256 channels 512 channels 1024 channels 2048 channels
2L ° 8
§——>é > > > H-@—L» - . H-@—|» > - Y @—» > - —"——»%’D—»a
~ o © Q
= Q ] L
c (_>é é
S| |=

X3 x4 X6 X3
Layer O Layer 1 Layer 2 Layer 3 Layer 4

(Conv 1) (Conv 2.x) (Conv 3.x) (Conv 4.x) (Conv 5.x)



Architecture 3: VIT

" —96 7 Ship score

© Vision Transformer e —30 | Dog score
(ViT) > 2EP. ’ : s
E5 (= 1160.31 Cat score
X e.g. ViT-Base (ViT-B/16) f(x)
input x input embedding vectors z, € R768
/ it 1‘% (t=0) | [CLS] 4 | pos0 | === — %
eig - =l
(32) — 16 :/ — t=1 [ | 4 [pos1| == - .
tokenize :/ linear projection (t=2) [ | 4 [pos2 | ==p E §
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L L emb
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Architecture 3: VIT

= Transformer Encoder has L blocks, each block consists of two main module:
Multi-Head Attention layer (MHA) and Feedforward layer (MLP)

> block 1 T — —
— ‘ | — =

layer layer ~ _
IR RO A S ETARORS RS

norm MEIA @ norm MLP S o

Key, Query, Value matrix: 1 hidden |ayer: # - # -
WK(H)’WQ(H)’WV(H) € R64%768 H=1~12 Wup € R3072%768 Woiown € R768%3072 ; :
Output matrix: W, € R768%768

Each input & output (at position t) of a block remain same dimension: z((ti)_l) € R768, 7\ € R768

» 2(0)
The above diagram (dashed arrow) in block 1 only show the position-wise operation for input z((f))



Architecture 3: VIT

Learnable parameters:
WO € ]R768><768

= Detailed look at Multi-Head Attention layer (MHA)

WK(H)I WéH), WV(H) = R64X768

PSORMCHRCS
® 90 Yo -

4 attn head 1 Qﬁ
norm N \ :

Aggregate | =P Z@)attn = Wo[O((S));"-;O((g)]

VA
® attn head 12 /Oé
ko oy V(o)
Key at Head H: k) = w, L Attention: a(” = q(f) - k()
Query at Head H: qgﬁ) = WQ(H)Z(Lt’}’ Output at head H: 0((5) = Di=1~T “Ef) ”((g)

H H H H
Value at Head H: v((g) = WV(H)Z&I;’ k((t)), q((t)),v((t)), o((t)) € R® Zty 20D 2(¢) attn € R768



Architecture 3: VIT 20 = 25

" InViT
» hidden layer representation at Layer [ for position t is an 1-D activation vector:
((8 € R%model | often refer to as residual stream
= we also often look at a hidden neuron in the MLP layer, which is a scalar, i.e. has
scalar activation value: Z((S mepi € R O
,O _ 0
= + Zy = 2, mLp Residual
—O_‘—?_‘—*— > stream
Input to block Input to block
I layer layer [+ 1

norm |~ | MHA J={+ norm |~ 7 | MLP [=»1*

-1 (l) /(D) )
((t) LgV Z(t), attn Z (£), LN Z(t), MLP
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In Part 2.1, we will introduce
Sum mary methods to interpret neurons

» For an individual neuron Q, smallest unit in the network
= |t's a scalar, we look at the “activation value” (i.e. post-activation, o(-))

MLP CNN ViT
O O O
O O O O

hidden output hidden output
layer layer layer layer
Residual stream
C F Y ™\ "
Input to block ‘ T ‘ T Input to block

l layer + layer . I4+1
norm MHA norm |~ . "
Z(i[) ZH ) .
(t), attn (t), MLP
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In Part 2.2, we will introduce methods to
Summa ry interpret representation vectors

= For an representation vector (J, medium unit in the network
= |t's a vector, can be pre-activation or post-activation, o(-)

MLP CNN ViT
hidden output hidden output
layer layer layer layer

F "

O O >
Input to block ‘ T ‘ Input to block
l layer " layer | I4+1
norm |~ _ ¥ norm |~ =
( 7
Z N, “(t), MLF



Principled Interpretability Tutorial: Part 2

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/

1:20 - 2:30

Post-hoc
Interpretability tools

i

What knowledge has the
model learned?
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Tutorial Part 2: Overview

Post-hoc 1. Understand individual neurons
Interpretability tools (neuron-level interpretability tools)

2. Understand groups of neurons / full layer
(representation-level interpretability tools)

What knowledge has the

model learned?
3. Understand multiple layers / circuits

= We will discuss methods (circuit-level interpretability tools)
from small unit to large unit

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Tutorial Part 2: Overview

Post-hoc 1. Understand individual neurons
Interpretability tools (neuron-level interpretability tools)

What knowledge has the
model learned?

= We will discuss methods
from small unit to large unit

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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What is an automated interpretability tool??

Given a DNN Understand model internals
(Neuron concepts)

Network Dissection (Bau & Zhou etal, CVPR’17)
CompExp (Mu & Andreas, NeurlPS’20)

MILAN (Hernandez etal, ICLR’22)

CLIP-Dissect (Oikarinen & Weng, ICLR’23)

INVERT (Bykov etal, NeurlPS’23)

Clustered CompExp (La Rosa etal, NeurlPS’23)

Linear Explanation (Oikarinen & Weng, ICML'24)
Describe-n-Dissect (Bai & lyer etal, ICML'24 MI, TMLR’25)
MAIA (Shaham & Schwettmann etal, ICML'24)

SAND (Srinivas etal, WACV’25)

L2
==

HEARING

https://buffer.com/resources/10-surprising-facts-about-how-our-brain-works/


https://netdissect.csail.mit.edu/final-network-dissection.pdf
https://netdissect.csail.mit.edu/final-network-dissection.pdf
https://arxiv.org/pdf/2006.14032
https://arxiv.org/pdf/2006.14032
https://arxiv.org/pdf/2311.13594
https://arxiv.org/pdf/2311.13594
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https://arxiv.org/pdf/2006.14032
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https://openaccess.thecvf.com/content/WACV2025/papers/Srinivas_SAND_Enhancing_Open-Set_Neuron_Descriptions_through_Spatial_Awareness_WACV_2025_paper.pdf
https://openaccess.thecvf.com/content/WACV2025/papers/Srinivas_SAND_Enhancing_Open-Set_Neuron_Descriptions_through_Spatial_Awareness_WACV_2025_paper.pdf

Understand the model internals of your DNN
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|

Layer 2_1

Layer2_2
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L 4
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[Oikarinen & Weng, ICLR'23 spotlight]



Key Ideas

= To identify the concept of a neuron, it generally requires two steps:

1. Record Neuron Patterns

[ fie (1) ]
fio (x5) neuron

; activation
S G vector

2. Decode Neuron Patterns

find the most appropriate concept t* that best describe the neuron activation patterns g,



Key properties

* The key difference between different methods lies in the following choice:

(1) Automation:
do we need to collect the probing dataset with concept labels?

(2) Polysemantic Description:
does the explanation describe all functionality of the neurons?
does the explanation describe the neuron’s full range activations?

(3) Flexibility:
does the explanation come from closed-set or open-set or generation?

(4) Faithfulness:
how well does the explanation reflect the neuron’s functionalities?



Comparison

Polysemantic Size of symbol: Explanation Faithfulness (larger is better)
Description
Group 3 . Group 4
o T Q@
Clustered CompExp .
(2023) PEXP Linear Explanation Closed-set explanation
Polysemantic O o (2024)
Invert ~ CompEXxp |
_______________ (2023)  (2020)
O MIL?AN O © O
Mono-semantic Net-Dissect (20522) CLIP-Dissect / SAND DnD MAIA
(2017) | (2023) (2025) (2024-25) (2024)

Group 1

Group 2

Require Labelled data No labelled data Automation
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Group 1: Mono-semantic, Required Label-Data

= Network Dissection [1] 2. Gather response of hidden unit (conv filters) to known
concepts

1. Collect dataset containing a dictionary

Of human-labeled Visual Concepts Input image Network being probed Pixel-wiseff?memation

Broden Dataset

Broadly and Densely annotated Dataset

1 !
\
\
L
]
\
= \
|
™

‘ Z 0

ADE20K Zhou et al, CVPR ‘17 Total = 63,305 images ra ﬁ ﬁq‘ J

Pascal Context ~ Mottaghi et al, CVPR ‘14 1,197 concepts ﬂ Z z E
¢

Pascal Part Chen et al, CVPR ‘14 ) ¢ 9 g 2
=

Open Surfaces Bell et al, SIGGRAPH ‘14 F 2

'._ _______

Desc Textures Cimpoi et al, CVPR ‘14
Colors generated

red ‘oola' : I
. =

’ &m') - 3. Quantify alignment of hidden unit-concept pairs (activation
& mask v.s. concept mask)

meshed (texture) wood (material fabric (material Area of Overlap m
Intersection over Union (loU) = _
l Area of Union .

[1] Bau etal, Quantifying interpretability of Deep Visual Representations, CVPR 2017 http://netdissect.csail.mit.edu/

Freeze trained network weights Upsample target layer Evaluate on segmentation tasks
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Group 1: Mono-semantic, Required Label-Data

= MILAN [2]

1. Collect a dataset that labels individual 2. Use the dataset to train models that can be
neurons with fine-grained natural language used to search for descriptions that best describe
descriptions (MILANNONATION) a new neuron through maximizing PMlI
& roups of cars roups of cars
m MR gamll) people \:, p (gamf pe}iple )
Input 1 lmages (c) Patch description model trained on MILANNOTATIONS

l max,; pmi(d; i

plaid and checkered patterns  MILAN (this work)

O\l woven NetDissect (Bau et al. 2017
O<OEO € sect ( : )
— O similar patterns p(label | exemplars)
—
? —> orass around animals MILAN (this work)

(a) Neurons in a

deep network (d) Generated neuron labels

(b) Exemplar-based neuron representations

[2] Hernandez etal, Natural Language Descriptions of Deep Visual Features, ICLR 2022



Group 2: Mono-semantic, No Label-Data

= CLIP-Dissect [3]
Use CLIP and more similarity metrics (cosine, WPMI, soft WPMI) to search for concepts that best
describe neuron activities

CLIP-Dissect
NPl @ -~ —- -~ m e e m e mm e mm e — e —— e —— == -y Qutput

Network being probed: Generate neuron

f(x 9(Ak(x1) labels
—— e AR ES) 1= (T, ras P
C N ‘ g k: X3 ‘ arﬂggggx ( :P) _
= ] -
P e g(Ax(xy)) t; = oceanic

_________________________________

| : Benefits
A Concept set: § : E :
[buming, oceanic, ] | v l 1 l l l 1 . - .
: [ o oo [ - o] | et actiatng mmagesr « Concept annotation-free
| encoder 1 -. =
Probing dataset: Dprope | n ol - ko 1 T ] _'_ < =" L.
L PR et e | * Training-Free
— Ej r—
: “ IJ_T‘ [j_Tz I:!_TJ _ : Layer 4 Neuron 1108, Concept: broccoli .
L lmags - G A I I I Highest activating images: o Unrestrlcted & Open
: encoder n Ty |IgTy | IyTs | - |InTa : TN ST
: @ Compute conc?pt_ " X i B\t
: activation matrix P : Vocabu Iary conce ptS
|
: I
! |
1 1

« Efficient (10-60x faster than
MILAN & Net-Dissect)

[3] Oikarinen & Weng, CLIP-Dissect: Automatic Description of Neuron Representations in Deep Vision Networks, ICLR
2023



Group 2: Mono-semantic, No Label-Data

= SAND [4]

INPUTS . SAND: Spatially-Aware open-set Network Dissection : NEURON DESCRIPTION
‘ - and top-5 activating images and masks

« Build upon CLIP-Dissect P b Stap 2 |
i . Compute activation mask Dilate mask to add Add mask to l
pl pel | ne Trained model > FemsasntonD contextual information the imagesinD_ ., -
. probe S
neuron | n i

Neuron 145, Layer 1, Resnet 50
Assigned Concept = Tritone stripes

« Consider neuron’s spatial
activation patterns through

. . Probing datasetD . = : v ,/ )
image masking 3 | \\ e | <
* Provide higher quality of 00 00 1 R R by o e o
7 c0.10 feOll 0.2 | c013 cO.1|1] s0 >

explanations on low-level :
Concepts Concept Set C Cupfext| . [e2||c20 @] 22|23 | . |e2m| 2

ot ||ctio|ctit | eri2|cti3 | ... |etu -
Bus ; al 3 || ca10 e8] c3i2 | e | ... |eau > = e
Car | s4
window €|C] | | ciCl.10 [eClIT ciC].12 | ciC|.I13 ciCLI| s5
- Neuron 1254, Layer 4, Resnet 50
Step 3: Calculate SoftWMPI  Step 4: Pick the concept Assigned Concept = Racer turning
score for a concept ¢ with max_Soft WMPI

[4] Srinivas, SAND: Enhancing Open-Set Neuron Descriptions through Spatial Awareness, WACV 2025



Group 2: Mono-semantic, No Label-Data

» Describe-and-Dissect (DnD) [5]

 Remove the need of pre-specifying concept set
 Leverage LLMs & Image-to-text models, provide generative descriptions without collecting data

Results on ResNet-50 model
trained on ImageNet

-y
. .
II"E = 1
| - i ! 1|
1 1 ’ 1 :
1 l’ — ] neuron n , I : I g g
i |i— + T ‘E @ w : —l_. sl —. hAGOZLl _:_ } ’ /fLayeereuron@i/ Top Activating Image;:
| e I—l""'@ ; . | ) B ZZ =
: : . : / ’ g /, Z
l Z
I

I
I
1! BLIP GPT Caption
I
I

| @’ Candidate Concept

@ Probing Set Augmentation i : Generation

(

I .
Image-to-Text Summarizer |

Top Activating Extractor

Images I

[l

—— - CLIP-Dissect:
I Net-Dissect: waffled (2.0)
I ------------- L -------- I
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[5] Bai etal, Interpreting Neurons in Deep Vision Networks with Language Models, TMLR 2025



Group 2: Mono-semantic, No Label-Data

= MAIA [6]

 Use LLM agent to obtain neuron explanations

Tools Vision Model
dataset_exemplars —
text2ima — —

XtZlimage : ‘.g 3
edit_image — ¥ m / ’
image2text — )

MAIA

log _experiment —

What is Unit 355 in CLIP Layer 4 selective for?

edit_image(“turn the figure into Spider-Man”)

[NEURON LABEL]: Spider-Man imagery

Are biases present in the ResNet-152 Tench class?

text2image(“a person shows off a freshly
caught tench”,...)

[BIAS]: The neuron is biased toward tench ug
being held by humans in fishing contexts. %

[6] Shaham etal, A Multimodal Automated Interpretability Agent, ICML 2024



Group 3: Poly-semantic, Required Label-Data

= Compositional Explanation (CompExp) [7]

« Building upon Net-Dissect, obtain compositional explanations in logical forms “OR”, “AND”, “NOT"

water loU .14 water OR river loU .1t

ep.r I WEE

(a) inputs x river loU .08 / NOT blue loU .004 2

" I
TS - 3
- 1

(b) neuron fi5,(x) blue loU .006 (e) logical forms L(x)

h ' Neuron + Concept .i 5*4?
(c) neuron masks M,g,(x) (d) concepts ((x) () IoU

(water OR river)
\ AND NOT blue loU .16
\ :

[7] Mu & Andreas, Compositional Explanations of Neurons, NeurlPS 2020



Group 3: Poly-semantic, Required Label-Data

= Clustered CompEXxp [8]

« Building upon CompEXxp, obtain a more complete compositional explanations by looking at the full
range of neuron activations

((grey-c OR brown-c) OR blue-c) ((building OR shelf) OR pedestal)
’ ' = | 3 |

W 2.63<A'<452

A'<0.61 : '@

|
p , ' Al > 452

0.61<A'<1.49 ) ‘ >

1.49 < A'<2.63

[8] La Rosa etal, Towards a fuller understanding of neurons with clustered compositional explanations, NeurlPS 2023



Group 3: Poly-semantic, Required Label-Data

= INVERT [9]

« Use Image class-level labels (and superclass) + AUC as similarity metric to search for best
descriptions for neuron activities

( N ( : )
INVERT explanation
La beled dataset’ D Interpreting a neuron by identifying the concept that it detects best.
, ("anatog ctock”) ([“cLock”] OR “odometer”)
I LS ["cLock"J OR [“odometer”} [ ” LLL S ]J
— § ANDNOT| “wa clock”
(“clock”] e : . '! |“digital clock"]
Lih AUC = 0.9061 b AUC = 0.9260 r AUC = 0.9573
: al (“wall clock”) GIB | [ negative OIB | [ negative OIB | [ negative
5. ' positive > ' positive s ' positive
S0P - 2 0.6 £ 0.6 2 0.6
st || “rule” = < =
E-g — g 0.4 g 0.4 & 0.4
~ 0.2 1 0.2 4 0.2
;llN"odometer"‘, i T . T 5 ~_
"o 2 4 6 8 "o 2 4 6 8 "o 2 4 6 8
ImageNet 2012 validation set,
\_ 1000 classes + 473 hypernyms ) L L=1 L=2 L=3 )

[9] Bykov etal, Labeling Neural Representations with Inverse Recognition, NeurlPS 2023



Group 4. Poly-semantic, No Label-Data

= Linear Explanation [10]
« Explaining the “neuron activations” not just for highly activated inputs

% of input " . Explain with a of concepts
Neuron o on P =) "2 36%parrot + 2.11*(bird of prey) + 0.94*bird
activation profile ... " [e.g. Neuron #140 in ResNet 50, layerd]
P others < O . - '
Activation value A, Linear Explanation for polysemantic neurons

« can obtain linear explanation easily by solving a sparse linear regression problem

0 Record 9 Construct concept-activation matrix P e Learn sparse layer w, to predict
ﬁ%‘-‘ data;ﬂ neuron activations
\ Concept [ G = L
Ak(x1) Fish 1 0 0 mlnll T PTWk ||2
Ak(xz) Grass 1 1 0 Wk
. Purple 0 0 0
A A(xy)

Flamingo 0 0 Vee 1

[10] Oikarinen & Weng, Linear Explanations for Individual Neurons, ICML 2024



Group 4. Poly-semantic, No Label-Data

= Linear Explanation [10]

« 18t Simulation pipeline in
Vision setting to evaluate
neuron description
(explanation) quality

* Importantly, explanation
generation and explanation
testing should use different
set of probing data

e.g. Linear Explanation,
Network Dissection

Dtrain ., Target . Activation . | , , '
probe Model patterns | Explainer Explanation | E
train /-
e S
Dtest . Simulated
probe Simulator — Activations S(E )
e.g. SigLIP l
Target Activation Correlation
Model patterns score
test test
Ak p(qr " s(E))
Target model Network Dissection MILAN CLIP-Dissect LE (Label) LE (SigLIP)

ResNet-50 (ImageNet)
ResNet-18 (Places365)
VGG-16 (CIFAR-100)
ViT-B/16 (ImageNet)
ViT-L/32 (ImageNet)

0.1242 £ 0.002
0.2038 £ 0.005
n/a
n/a
n/a

0.0920 £ 0.002
0.1557 £ 0.005
n/a
n/a
n/a

0.1871 = 0.002
0.2208 £+ 0.005
0.2298 £+ 0.004
0.1722 £+ 0.004
0.0549 + 0.002

0.2924 + 0.002
0.3388 + 0.004
0.4330 £ 0.004
0.3243 + 0.005
0.1879 + 0.004

0.3772 £ 0.002
0.4372 £ 0.003
0.4970 £ 0.004
0.3489 £ 0.005
0.2182 -+ 0.004

[10] Oikarinen & Weng, Linear Explanations for Individual Neurons, ICML 2024
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Akshay Tuomas

Tutorial Part 2: DEMO TIME

Post-hoc
Interpretability tools

What knowledge has the
model learned?

= We will discuss methods
from small unit to large unit

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Unified Neuron Explanations: GitHub repo

Unified Neuron Explainer

A single framework that runs four neuron explanation methods against shared infrastructure (activation collection,
CLIP features, dataset loading, CSV output).

Method Paper Concept source Qutput

CLIP-Dissect Oikarinen et al., ICLR Fixed text file + CLIP t00-1 concent ber heuron
2023 similarity P PLP

Linear Oikarinen & Weng, Fixed text file + SigLIP/label sparse linear combination
Explanations ICML 2024 regression per neuron
Dfescrihe-and- Bai et al., TMLR 2025 ELI_F' r:::_::pticms +Llama 3 +SD  top-3 generated concepts
Dissect validation per neuron

. : top-1 Brod t
NetDissect Bau et al., CVPR 2017 Broden pixel labels + loU . e

neuron



Unified Neuron Explanations: GitHub repo

neuron_explainer/

— 10/ .
—— datasets.py Input_/Output_. _
___ output.py Loading probing datasets, saving results
—— model : . : :
"ﬂetiiget_mdel_w ]- Target Model: Architecture, loading pretrained checkpoint
— concepts/ .
—— naming/from_file.py Conc_:epts.
- naming/generative.py Loading concept sets,
—trqrgundi?gfclin_grﬂunding-D*f Setting up concept supervision (e.g. ground-truth or CLIP, SigLIP)
—— dCl1lvatlions
L— collector.py ]- Activations: Collecting target model activations
—— scoring/ .
L clip_match.py Scoring:
— linear_sparse.py Assigning concepts to individual neurons
- m;hgsg'?"at”e—““ re.py (e.g. comparing to CLIP, training sparse linear regressor, etc.)
—— base.py
- {:Pip_dissect.pyr Existing Methods:
— Linear_explanatlons.py Combining modular framework components to reproduce existing methods
—— describe_and_dissect.py g . . : . :
__ net_dissect.py (e.g. NetDissect, CLIP-Dissect, Linear Explanations, Describe-and-Dissect)



Demo 1: CLIP-Dissect

Demo Notebook: demo_clip _dissect.ipynb
Code will be released on tutorial website
@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Demo: CLIP-Dissect

= Method

1. Load target model, probing dataset and concept set
2. Collect target model’s neuron activations for probing dataset
3. CLIP grounding: collect image & text activations for probing data & concept set

4. Score neurons against concepts



Step 1: Load model, probing data, concept set

Network being probed: f(x)

%



Step 1: Load model, probing data, concept set

# Load target model (auto-downloads weights the first time)

print(f"Loading target model: {MODEL NAME} ...")
target_model, target_preprocess =| load_tar Et_mudel{HDDEL_NAMEJ device)
print(f" Parameters: {sum(p.nume for p in target_model.parameters()):,}")

Loading target model: resnet36_cifarl@® ...

Using cache found in C:\Users\tuoma/.cache\torch\hub\chenyaofo_pytorch-cifar-models_master
Parameters: 861,620

# Dataset preprocessed for the TARGET MODEL (used for activatieon collection)
probe_target =|Eet_datEEEt{DATASETENAHE, tran5furm=targetﬁpreprncess}I

# Dataset preprocessed for CLIP (used for CLIP image features)
probe_clip =|get_dataﬁet[DATASET_NAHE, transfnrmzclipEErﬂunder.preprGCEESH

# Load concept wvocabulary

concepts =|luad concept set(CONCEPT SET FATHH

print{f"\nConcept vocabulary: {len{concepts):,} concepts ({CONCEPT_SET_PATH})")
print(f" Sample: {concepts[:8]}")

Concept vocabulary: 28,000 concepts (data/concept_sets/20k.txt)
Sample: ['the', 'of', ‘'and', 'to’', 'a', '

in', 'for', 'is']



Step 2: Collect target model neuron activations

Network being probed: f(x): |
|

: g(Ak(x4))
: o i Q(An:(xﬁ))



Step 2: Collect target model neuron activations

act_paths :Icullect_activatinnﬁﬁ

—> Specify target model (e.g. resnet56_cifar100)

model = target_model, —

dataset = probe_target, . .

target_layers= TARGET LAYERS, Specify probing dataset (e.g. places365 val)
batch_size = BATCH _SIZE, .

device = device, Specify target model layers (e.g. layer2, layer3)
pool_mode = POOL_MODE,

save_dir = SAVE_DIR,

dataset _name = DATASET _NAME,

model_name = MODEL_NAME,

num_workers NUM_WORKERS,

)
print("\nCached activation files:")
for layer, path in act_paths.items():
size_mb = os.path.getsize(path) / le®
print(f" {layer:20s} {path} ({size_mb:.1f} MB)")

Cached activation files:
layer2 saved_activations\places365_val_resnet56_cifarle@_layer2.pt (4.7 MB)

layer3 saved_activations\places365_val_resnet56_cifarl@@_layer3.pt (9.3 MB)

Saves activations to disk (to reuse with other concept sets or other methods)



Step 3: CLIP Grounding

CLIP-Dissect

o Input e e e

Conceptset: §

{ burning, oceanic, ... l

Text Ty

T,

T3

T

encoder

Probing dataset: @pmbe

I
I
I
|
|
|
| >
I
I
|
1 F 4
— - Ef
| — l:a,
|
b : Image |
' 4
I
I
I
|

encoder

— IN




Step 3: CLIP Grounding

# Load CLIP for grounding (downloads the first time)
print(f"\nLoading CLIP grounder: {CLIP MODEL NAME} ...")
clip_grounder :|ELIPGrnundin§ECLIP_HDDEL_NAME,Idevicej

Loading CLIP grounder: ViT-B/1l6 ...

print("Computing CLIP image features ...")
image_features =] clip_grounder.get_image_features
probe_clip, | | , save_path=img_feat_path, num_workers=NUM_WORKERS

) # [N_images, D]

print("Computin o
text features = clip_grnunder.get_text_feature5[
concepts, save_pa h:text_feat_path

} # [N_concepts, D]

print({f"\nImage features: {tuple(image_features.shape)} (normalised to unit norm)")
print(f"Text features: {tuple(text_features.shape)}")

Computing CLIP image features ...

CLIP image features: 100% || Z286/286 [02:39<00:00, 1.79it/s]
Computing CLIP text features ...

Image features: (3658@, 512) (normalised to unit norm)
Text features: (20008, 512)




Step 3: CLIP Grounding

CLIP-Dissect

o Input e e e

Conceptset: §

{ burning, oceanic, ... l

T, [T | T3 | o | Ty

Text
encoder

Probing dataset: Dyrobe I A Ay

1
1
1
|
|
|
I »
I
I
I |k LTy Ty | Ty . 1Ty
— - Ef
] —* 13 I_f;T] I_';TQ IgTﬁ_ e
I
A : Image | i : : s wo| o e
' 4
1
1
1
|

encoder Compute concept-
—| Iy InTi| IgTo| IyTa| - | InTyy

activation matrix P




' &l J - N g
P =|clip_grounder.get_concept_activation_matrix(image_features, text_featurESJLCpui}

print{T"F matrix shape: {tuple(F.shape):"]
print(f"Value range: [{P.min():.3f}, {P.max():.3T}]

(cosine similarity)™)

P matrix shape: (36508, 200080)
Value range: [-0.044, 08.365] (cosine similarity)



Step 4: Score neurons against concepts

Output

|
: Successfully dissect NN!

__________________



Step 4: Score neurons against concepts

for layer in TARGET_LAYERS:
target_feats = load_activations(act_paths([layer]) # [N_images, N units]
print(f"Scoring {target_feats.shape[1]:,} units in '{layer}' ...")

IsimiLarities = sim_fn(P, target_feats, device=deuice}| # [N _units, N_concepts]

ISCDFES, concept_ids = torch.max(similarities, dim=1) I

for unit_idx, (score, cid) in enumerate(zip(scores.cpu(), concept_ids.cpu())):
all_rows.append({

'layer": layer,

"unit®: unit idx,
“"concept": concepts[int(cid)],
“"score": float(score),

)

Layer,unit,concept,score

layer3,d,stripe,8.141204833984375

layer3,l,dotted,®. 20458984375

layer3,2,shelving,®.19598388671875

layer3,3,wicker,®.2760009765625 Results are saved in csv format
layer3,4,Truits,8.15118488203125

layer3,5,stalls,8.14532478703125

layer3,6,dotted,®.114501953125

layer3,7, lattice,8.1728210844921875



Qualitative Results

* e.g. Visualize top-3 neurons by CLIP-Dissect confidence

Unit 41: "field" (0.411)

U it 20: "exterior" (0.377)




Qualitative Results

* e.g. Most common concepts per layer

layer2 — top concepts

bamboo
shelving
field

rails
harvest
servicing
cabinets
performing
basement
vegetation
doors
desserts
roof
conservatory
balloons
orange
mentors
grenadines
fundraiser
fossils

I = = T = T e e e e R e R R T =

I T
0.00 0.25

T T T T
0.75 1.00 125 1.50

Number of neurons assigned

%)

layer3 — top concepts

pasture -
exterior 7
ruins -
habitat
forest
elephants -
flowers
archaeological
diving
shops
sauna
monitors
pizza
building
transexual
cookbook
instructors
motorized
fractures
seal

[ T R I = = = T = T B I S R e S S R ]

0.00

T
0.25

T
0.50

T T T T
0.75 1.00 1.25 1.50
Number of neurons assigned

T
175

T
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Demo 2: Unified Neuron
Explanations

Demo Notebook: demo_explanation.ipynb
Code will be released on tutorial website

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Run multiple neuron explanation methods

= With our unified repo, you can run 4 existing explanation methods:
» CLIP-Dissect, Linear Explanations, Describe-and-Dissect, NetDissect

from neuron_explainer.methods.clip_dissect import CLIPDissect

from neuron_explainer.methods.describe_and _dissect import DescribeAndDissect
from neuron_explainer.methods. Linear_explanations import LinearExplanations
from neuron_explainer.methods.net_dissect import NetDissect

results_by method['linear_explanations'] =|LinearExplanatinns(}.runEI

target_model_name=MODEL_NAME,
target_layer=TARGET_LAYER,
dataset_name=PROBE_DATASET,
mode=METHOD_COMFIGS['linear_explanations']['mode’'],

concept_set path=METHOD CONFIGS['linear explanations']['concept_set path'],
clip_model_name=METHOD_CONFIGS['linear_explanations']['clip_model_name'],
batch_size=BATCH_SIZE,

device=DEVICE,
pool_mode=METHOD_CONFIGS['linear_explanations']['pool_mode'],
unit_ids=sampled_units,
max_Length=METHOD_CONFIGS['linear_explanations']['max_length'],
tolerance=METHOD_CONFIGS['linear_explanations']['tolerance'],
glm_neuron_batch=METHOD_CONFIGS['linear_explanations']['glm_neuron_batch'l],
glm_lambda=METHOD_CONFIGS['linear_explanations']['glm_lambda'],
save_dir=SAVE_DIR,

result_dir=str(RESULT DIR / 'linear_explanations'),
result_filename="'results.csv’,

results_by method['net_dissect'] * NetDissect().runi I

mode l=netdissect_model,
Llayer=TARGET_LAYER,
data_directory=BRODEN_DATA_DIRECTORY,
categories=METHOD_CONFIGS['net_dissect']['categories'],
batch_size=BATCH_SIZE,
tally_batch_size=METHOD_CONFIGS['net_dissect']['tally batch_size'],
tally_ahead=METHOD_CONFIGS['net_dissect']['tally_ahead'],
guantile=METHOD_CONFIGS['net_dissect']['quantile'],
output_dir=str(RESULT_DIR / ‘net_dissect'),
result_filename="'results.csv’,



Compare multiple neuron explanation methods

» Qualitative examples (ImageNet-pretrained ResNet50)

unit J CLIP-Dissect Linear Explanations Describe-and-Dissect
153 control tower, indoor (score=0.620) 374 fixture + 3.07*tandem + 1.43%infrastructure + 0.94*food + 0.07 (corr=0.448) elevated viewpoints | elevated views of spaces | industrial or corporate architecture
187 minibike (score=0.782) 2.96"poisoning + 2.63*wheeled vehicle + 2.30*tam-o0'-shanter + 1.66%bike + 1.54%apse + 0.12 (corr=0.50Y) § vehicles with riders | vehicles in various states | various vehicle compositions
237 ram (adult male sheep) (score=0.457§ §6.33*forager + 5.14%garb + 4.59*labor + 3.98*grandparent + 1.83*chef + 0.06 (corr=0.580) rural themed pastoral scenes | formal procession scenes | agricultural and ceremonial processions
296 Jjacuzzi, indoor (score=1.356) 3.40*bath + 2.92*work surface + 1.46*cooking + 0.06 (corr=0.688) people in bathtubs | bathing and relaxation scenes | people in bathing situations
385 swimming pool, indoor (score=0.386)Q §3.52*whirlpocl + 2.071*equipment + 1.87*food + 1.75%recreation + 1.34%interior + 0.03 (corr=0.598) spring and coil designs background | spring and coil structures | blue plastic springs
617 leaf (score=1.013) 10.99*savory + 9.73*macrofauna + 3.83"veined + 0.15 (corr=0.495) leaf insect habitats | insect an a leaf | nature with leaves and insects
879 green color (score=0.564) 8.89"snorkel + 4.19"emerald + 2.36%recreation + 2.06 fiberglass + 0.99%bath + 0.14 (corr=0.452) various shades of green | various green items | variations of the color green
1326 Jcarousel (score=0.758) 3.76"swing + 3.69 carousel + 2.02*veranda + 1.67"four-poster bed + 0.76*dining + 0.07 (corr=0.488) carousel scenes with animals | carousels and animals | carousel scenes
1497 Qutility room (score=1.379) 5.83"bath + 3.52%Interior + 3.11"kitchen + 0.14 (corr=0.710) bathroom fixtures and decor | bathroom settings
1617 § pool table (score=1.299) 4.42*bongo + 2.53*furniture + 1.78*poolroom, home + 1.14*cook + 0.12 (corr=0.528) billiard game environments | billiard related settings | billiard and game spaces
CLIP-Dissect: Describe-and-Dissect:
single concept Linear Explanations: Concepts generated by
per neuron Linear combination of concepts per neuron image captioning model + LLM




Compare multiple neuron explanation methods

» Qualitative examples (ImageNet-pretrained ResNet50)

Neuron ID Concept

| CLIP-Dissect: “carousel”l
Linear Expl: “3.76 * swing + §
1326 3.69 * carousel + ...”
Describe-n-Dissect:
“carousels and animals”

| CLIP-Dissect: “pool table” | ] ) 3
Linear Expl: “4.42 * bongo + |
1617 2.53 * furniture + ...”
Describe-n-Dissect:
“billiard game environments”

| ¥




Tutorial Part 2: Overview

Post-hoc
Interpretability tools

2. Understand groups of neurons / full layer
(representation-level interpretability tools)

What knowledge has the
model learned?

= We will discuss methods
from small unit to large unit

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/



https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/

Medium units

» \We focus on a larger unit than single neuron: representation vector z

= Specifically, we will look at model internal representation vector z € R4,
including residual stream, attention head output, and full MLP layer.

* There are 3 main methods to understand a representation vectors:

NEEENEEEER
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TCAV Sparse Autoencoder Activation patching



Linear direction

» Hypothesis: Concepts are represented by linear directions v in
representation space (£)

* Neurons can be regarded as special directions in representation
space, with elementary vectors (v = ey):

zr =epz, e,=(0,..,1,0,..,0) is the k-th standard basis vector.




Linear direction

Can we extend interpretability study to more general direction v in the
representation space”?

Two questions:

1. How do we find direction of interest, from infinity number of

directions in the representation space?
» Supervised: TCAYV, find the direction corresponding to predefined concept.
* Unsupervised: SAE, automatically discover important directions.

2. How can we apply these directions?
* Model steering (intervention): Steer model output by injecting the direction.

Beyond single direction: Activation patching.



Method 1: TCAV

TCAV [1] learns Concept Activation Vector (CAV)
as linear direction in representation space. fi(E

) f
. . i) P | )
= Collect positive/negative samples for target A vc\.f/(ﬁ))
conce S I f165)
pt.

= Train a binary linear classifier, vt as a linear
CAV for concept C at layer /.

= The learned weight of linear classifier is v}
* Limitation: Require concept labels

Concept vector for “stripe”

[1] Kim, et al. "Interpretability beyond feature attribution: Quantitative testing with concept activation vectors
(tcav)." ICML, 2018.



Method 2: Sparse Autoencoder

: Hidden layer
Sparse Autoencoder discovers concepts (Eoncent Mtivafions a.)

automatically from representation.

Concept vectors v
= Encoder: Map representation to a A \/
sparse latent a,. (concept) > S =
© o
a; = o(Wy; 32) S S
0 S
= Decoder: Reconstruct representation from ™ L=
2 We Wd 2
latent (concept)
Z’ — 2 aWd v
LT Reconstruct

i

[2] Pach, et al. "Sparse Autoencoders Learn Monosemantic Features in Vision-Language Models" NeurlPS 2025



Method 2: Sparse Autoencoder

SAE is trained to recover the original ( Hiotdev;}astaer )
' conce ctivations
representation from a sparse latent. S GEElyARIGHS Ae

Concept vectors v

e

min‘llz’ — ZII%‘-M Z la;|
i

Reconstruction loss L, loss for sparsity

S

2 2’

» Original SAE uses RelLU activation to create sparsity. v

= Modern SAE introduces more activations: Reconstruct
JumpRelLU, TopK, BatchTopK...

S \ A9p022Q /<\

%, / Encoder \




Method 2. Sparse Autoencoder

Example SAE neurons [2] from CLIP ViT-L/14

TON#1918 T N#1639 1691 T N#173

[2] Pach, et al. "Sparse Autoencoders Learn Monosemantic Features in Vision-Language Models" NeurlPS 2025



Method 2: Interpreting SAE neurons

SAE does not tell us the concept correspond to each latent neuron.
* Manual inspection: Check top-activate images.

* DNCBM [3]: Use CLIP model and compare decoder weight v. with concept’s
CLIP text embedding.

More generally, we can treat SAE latent as individual neurons, and use
all methods we introduce in small-unit part. (e.g. CLIP-Dissect [4]).

[3] Rao, et al. "Discover-then-name: Task-agnostic concept bottlenecks via automated concept
discovery." ECCV 2024

[4] Oikarinen and Weng, “CLIP-Dissect: Automatic Description of Neuron Representations in Deep Vision
Networks,” ICLR 2023



Application: Model Steering

» After extracting concept vectors v, from SAE/TCAV/... , it can be
applied to steer the output of the model.

= By injecting the vector v} into specific layers, generated image can
be steered.
Zsteer = Z T+ /117(1:

~
S

_ [
» Zsteer — 2 + /IUC

-
—————
P L

Ve



Application: Model Steering

StyleGAN2 Cars

StyleGAN2
FFHQ

BigGANS512-deep
Irish setter

Initial image rotate zoom out

[5] Harkonen, et al. "Ganspace: Discovering interpretable gan controls” NeurlPS 2020




Method 3: Activation patching

= Activation patching replace representation in target input with that
from source input.

Zpatched = 4src

* Allow evaluating the impact of individual token (image patch) to
final prediction.

Z

/——‘ ———— y Zpatched = 4src

[6] Izadl, et al. "Causal Attribution via Activation Patching." arXiv 2026.




Method 3: Activation patching

——————

______

Source Context

/

/

______

————— y Forward Pass

e S L B B B T
S T T -1
Selected Token Activations

"""""""""" N e Y BN SN s g

\ T Y s S W oy S SN s g
- / Target Context

ﬂ(ﬁ: o B s G B -0

—{ R B s B

| —d e S S B —n—->ED
- Patched Context

Bt HFor'war'd Pas?[:]_b[:]

1 — > —

—0—0

-0
-

BN Classification [N
Head

Repeat for each
patch to form
attribution map

s

uU§

Softmax
Probability

Attributing contribution of individual token (image patch) via activation patching.

[6] Izadl, et al. "Causal Attribution via Activation Patching." arXiv 2026.



Connections to Language models

These introduced methods are also widely applied in language models:
» SAE [7] and activation patching (ROME [8]) are also applied to analyze LLMs.
* TCAV's idea is also applied for LLM, more known as linear probing [9]

[7] Bricken et al. “Towards Monosemanticity: Decomposing Language Models With Dictionary Learning,”
Transformer Circuits / Anthropic, 2023.

[8] Meng et al. “Locating and Editing Factual Associations in GPT,” NeurlPS, 2022.

[9] Conneau et al. “What you can cram into a single $&!#* vector: Probing sentence embeddings for linguistic
properties,” ACL, 2018.



Special representation space

Besides general methods, there are some special representation
spaces allowing specific methods on them:

1. CLIP image embedding space: This space is semantically aligned with CLIP
text-embeddings, allowing interpretation with text.

2. Attention head outputs: Besides output representation z, attention head also
provide attention map, attributes contribution to each token.



Special representation space #1: SpLIiCE

» SpLiCE studies the image embedding of CLIP model. This is a special
representation space aligned with CLIP text embedding.

» Utilizing alignment with text embedding, SpLiCE decomposes z into linear
combination of text embeddings.

CLIP text embedding of i-th

/ concept

Z = CiV;

VAR

I-th t activati
CLIP image embedding I-th concept activation, sparse

[10] Bhalla, et al. "Interpreting clip with sparse linear concept embeddings (splice)." NeurlPS 2024



Special representation space #1: SpLIiCE

wedding sign | 0.06 powder 0.08 cat 0.05
cow 0.04 " J . showboard | 0.07 shower 0.05
shop logo 0.04 3 : ?‘ - & skiing 0.07 tabby cat 0.03
sweets 0.04 slopes 0.06 Ty - & = scratching  [0.03
sweetened 0.03 winter sports | 0.04 a | . shampoo 0.03
swing 0.02 : ski resort 0.03 2 ‘ \ sink 0.02
“A statue of a cow sitting under “Afield that has some snow “A cat is looking at a bathtub in a
a sign on grass.” and a man skiing in it” bathroom with a toilet.”
‘ ! ' vitamin ¢ 0.10 red umbrella 0.07 wild horses 0.10
.y oranges 0.08 umbrella 0.06 blackandwhite 0.08
fresh orange 0.06 woman walks 0.03 bw
depression 0.04 businessman 0.03 : . . ~ mare 0.07
unhappy 0.04 autumn winter 0.01 = -~ beach sand 0.03
food background | 0.03 : orange GioM @' L= horse 0.02
“Aknife stabbing an orange with  macro shot 0.03  “Adult with orange umbrella background “Afoal on the beach laying nexttoa  resting 0.01
a sad face.” walks on bricked open area.” paved 0.01 horse.” kissing 0.01

[10] Bhalla, et al. "Interpreting clip with sparse linear concept embeddings (splice)." NeurlPS 2024



81

Special representation space #2: Attention heads

= Different attention heads attend to
different region of the image.

= Attention maps quantifies attention
to each patch and visualize it.

KT

Ja.

A = softmax (

)

Different colors correspond to different attention
heads at the last layer self-attention on CLS token.

[11] Caron, et al. "Emerging properties in self-supervised vision transformers." ICCV 2021.



Summary

Component Method 1: Method 2: Method 3:
P Linear Probe / TCAV | SAE Activation Patching
Transformer, Residual Stream [22] Zhang et al.” [13] Kravets et al.; [14] [12] Zukowska et al.
Zhang
Transformer, [16] Basile et al. [21] Lieberum et al. * [15] Chereddy; [12]
Zukowska et al.

Transformer, MILP / FFN Output |[17] Chen et al. [21] Lieberum et al. * [15] Chereddy

CNN, Conv Block Output [1] Kim et al.; [20] De | [19] Gorton [18] Kowalska &
Santis et al. Kwasnicka

(1-1) (D) (1-1) O) ORI 0) 0]
(1) Zw) = 2w T Z1) attn Zwy = Z(6) T 2@, mLp Residual

stream
Input to block I I I I Input to block
l layer layer [+ 1
norm -> ->® norm -> _>®

Q)
Z(¢), MLP

* Works on LLMs
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Tutorial Part 2: Overview

Post-hoc
Interpretability tools

What knowledge has the
model learned?
3. Understand multiple layers / circuits

= We will discuss methods (circuit-level interpretability tools)
from small unit to large unit

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Introduction: Larger Unit

* Why larger units?
= Neuron explanations or layer representations may be highly localized
» Beyond single neuron/layer, can we understand a DNN across layers?
» Discover circuit of neurons across layers in a DNN

4b 4¢ 4d

)

179

4+
m

Image source: [1] Rajaram et al., “Automatic Discovery of Visual Circuits”, NeurlPS23W



Key Ideas

= A circuit can be parameterized as a directed acyclic graph ¢ = (V,E)
* Vertices V = neurons or tokens or other smaller units in the DNN
» Edges E - weights connecting the vertices in the graph




Key Ideas

= A circuit can be parameterized as a directed acyclic graph ¢ = (V,E)
* Vertices V = neurons or tokens or other smaller units in the DNN
» Edges E - weights connecting the vertices in the graph

= Desirable properties for discovered circuits
" Let G; = (Vf, Ef) be the full computational graph of the DNN - G < G,

» Let M be a metric of interest
» e.g. class accuracy, to discover a circuit for classifying a particular class

= Circuit faithfulness: circuit should behave similar to the full DNN w.r.t. M
(M (Gr) — M(G)| < € where |V]| < |Vf|

[2] Zukowska et al., “Seeing Through Circuits: Faithful Mechanistic Interpretability for Vision Transformers”, arXiv 2604.14477



Characteristics of Circuit Discovery Methods

* The key differences between methods lie in the following choices:

Q1. Automation
= |s the circuit constructed automatically or by manual inspection by human researchers?
* For Q2 and Q3: are they completely automated or involve manual inspection?

Q2. Method for identifying vertices V (smaller units)
= E.g. using neuron interpretability (CLIP-Dissectl'?) or sparse autoencoders!'3] etc.

Q3. Method for identifying edges E

= E.g. using model weights or activation correlation or inter-neuron sensitivity, etc.

= |dentifying V and E (Q2, Q3) can be simultaneous or sequential (in any order)

[12] Oikarinen and Weng, “CLIP-Dissect”, ICLR23
[13] Joseph et al., “Prisma”, CVPR25W



Overview of Circuit Discovery Methods

Type 1: Manual Inspection
Q1: Both vertices & edges manually
Q2: Vertices? - Feature visualization
Q3: Edges? - Visualizing weights

Q1: Both automatically
Q2: Neurons as concepts

45

Concept: Sky ‘=i

(ch

layer3.5 (ch 450)

Type 4: Activation Patching

Q1: Both automatically

Q2: Vertices whose edges are present in circuit
Q3: Edges which causally affect output

pr— p—

Head 1.2
Head 2.2

[
[

]
]

Output

Head 1.1
Head 2.1

[
[

Type 2: Concept Graph

Q3: Sensitivity & similarity b/w vertices

Type 3: Activation Correlation
Q1: Both automatically

Q2: Vertices that maximize attribution
Q3: Attribution score b/w vertices

Type 5: SAE/Transcoder based

Q1: Vertices automatically, edges manually

Q2: Vertices: SAE/transcoder decomposed tokens
Q3: Manual inspection of attribution graph & features

Circuit
. If/{grs
B == =



Overview of Circuit Discovery Methods

Type 1: Manual Inspection
Q1: Both vertices & edges manually
Q2: Vertices? - Feature visualization
Q3: Edges? - Visualizing weights

0:237) T ' ® positive (excitation)
d inhibit - ‘ =




Type 1: Manual Inspection

= How to |dent|fy vertices VV? Considering CNN layer channels as neurons
= Feature visualization3l: X" = arg ,max hij(6,x)
= Adversarially optimize an image to highly activate a particular neuron
= Manually inspect optimized images and find relevant neurons 4 3]

Windows (4b:237) o WA
excite the car detector n
at the top and inhibit
at the bottom

Car Body (4b:491)
excites the car
detector, especially at
the bottom.

Wheels (4b:373) excite ‘J.
the car detector at the = -
bottom and inhibit at
the top

A car detector (4c:447)

[3] Olah et al., “Feature Visualization”, Distill 2017
[4] Olah et al., “Zoom In: An Introduction to Circuits”, Distill 2020
[5] Cammarata et al., “Curve Circuits”, Distill 2021



Type 1: Manual Inspection

= How to |dent|fy edges E? Considering CNN layer channels as neurons (vertices)
= Consider conv. weights with highest L2-norm between selected vertices
* Manual inspection to find relevant edges

@ positive (excitation)
@ negative (inhibition)

Windows (4b:237)
excite the car detector
at the top and inhibit
at the bottom

Car Body (4b:491)
excites the car
detector, especially at
the bottom.

Wheels (4b:373) excite
the car detector at the
bottom and inhibit at
the top

A car detector (4¢:447)
is assembled from
earlier units.

[4] Olah et al., “Zoom In: An Introduction to Circuits”, Distill 2020
[5] Cammarata et al., “Curve Circuits”, Distill 2021



Overview of Circuit Discovery Methods

Type 2: Concept Graph

Q1: Both automatically

Q2: Neurons as concepts

Q3: Sensitivity & similarity b/w vertices
Concept: Sky ‘“‘j;" i 1 R —

H tHHS" H
ky% R B
[ | é* —5 g



Type 2: Concept Graph Construction [6-8]

= How to identify vertices VV and edges E?®!

* Root nodes (starting nodes)
* For a given query image, pick nodes/neurons with > top-1% activations

= Other nodes in the circuit
* For each root node in layer [, check all neurons in the next layer [ + 1

(a) Neuron Sensitivity Score (b) Semantic Flow Score

same reduced
? activations

Layer
+1

Edge weight = (Sys + Sgr)
given SNS > NS and SSF > Tsr

-
--------

Zero-Masking

the Source Neuron Highly Activated Samples

[6] Visual Concept Connectome, CVPR24; [7] NeurFlow, ICLR25, [8] Granular Concept Circuits, ICCV25



Type 2: Concept Graph Construction [6-8]

= How to identify vertices VV and edges E?®!

* Root nodes (starting nodes)
* For a given query image, pick nodes/neurons with > top-1% activations

= Other nodes in the circuit
* For each root node in layer [, check all neurons in the next layer [ + 1

Concept: S Ky layer3.4 (ch 450) layer3.5 (ch 450)
T e s

layer4.0 (ch 1556)

| 4

layer4.0 (ch 95)
'

o R layer4.1 (ch 1662)
%

layer4.0 V(ch 267)

>

ImageNet-pretrained ResNet50

[8] Granular Concept Circuits, ICCV25



Overview of Circuit Discovery Methods

Type 3: Activation Correlation
Q1: Both automatically

Q2: Vertices that maximize attribution
Q3: Attribution score b/w vertices




Type 3: Activation Correlation based

= How to identify vertices VV and edges E?!". ]
» Quantify activation correlation across layers with an attribution matrix
a; = f(x)[l;] = layer [; activations

Olit1n(allz

d ai’m

Alx, l;,m n] = - attribute [, ; neurons to [; neurons

A =Y., A[x] = aggregate over dataset

= |teratively build and refine circuit by maximizing attribution at each layer
fori =L to 1. top-k arg mn?xZ(A[li,m, nl) —> select layer [; neurons that maximize attribution with [;
fori =11to L: top-kargmax }.(A[l;_,m,n]) > select layer [; neurons that maximize attribution with [;_,
n

[9] Wang et al., “Discovering Influential Neuron Path in Vision Transformers”, ICLR25
[1] Rajaram et al., “Automatic Discovery of Visual Circuits”, NeurlPS23W



Type 3: Activation Correlation based

= How to identify vertices VV and edges E?U". °]

Vertices selected iteratively by maximizing the attribution score
Edges shown are proportional to the attribution score

[1] Rajaram et al., “Automatic Discovery of Visual Circuits”, NeurlPS23W



Overview of Circuit Discovery Methods

Type 4: Activation Patching

Q1: Both automatically

Q2: Vertices whose edges are present in circuit
Q3: Edges which causally affect output

2”3

Input
H d1.1][H d1.2
I
Head2.1][H d 2.2




Type 4: Activation Patching based

» Key idea: ldentify edges E that are important

A. Clean-Corrupted Data Creation

Step 1: Select target signal

Class: zebra ’ Class: church
\ J

‘ Text: Ambulance ‘

Text: Dog ‘

Step 2: Segment signal and inpaint

B. Save Clean/Corrupted Activations

Input

Y

Y

C. Build Circuit

Input patch activation to
| corrupted value

Head 1.1

Head 1.2

-

4

\ 4

\ 4

Head 1.1

Head 1.2

Head 2.1

Head 2.2

A 4

A 4

Y

Head 2.1

Head 2.2

Y

Output

Output

[2] Zukowska et al., “Seeing Through Circuits”, arXiv 2604.14477

Iteratively:
Exclude (nodes and) edge from circuit if
”M(Oclean) — M(Ocorrupt)llz <7




Overview of Circuit Discovery Methods

Type 5: SAE/Transcoder based

Q1: Vertices automatically, edges manually

Q2: Vertices: SAE/transcoder decomposed tokens
Q3: Manual inspection of attribution graph & features

Circuit



Type 5: SAE/Transcoder based

= How to identify vertices V and edges E?!10
» Use intermediate layer tokens (& input tokens & output logits) as vertices
» Use transcoder to decompose tokens into interpretable components
* For a given input, create an attribution graph with edges EF = A,_,;

“ T .
Attribution of vertex s to vertex t| Derivative of pre-activation of t
w.r.t. activation of s

Activation magnitude of node s

[10] Yang et al., “Circuit Tracing in Vision—Language Models”, CVPR26F



Type 5: SAE/Transcoder based

= How to identify vertices V and edges E?!10
» Use intermediate layer tokens (& input tokens & output logits) as vertices
» Use transcoder to decompose tokens into interpretable components
* For a given input, create an attribution graph with edges EF = A,_,;
Asoe = asWsy €ER

/
Attribution of vertex s to vertex t

— | R . Jacobian matrix: How much does vertex s
@—E_’@ U affect vertex t (computed via autograd)
1 .
45_,[ Attention ] | MLP Input | MLPOutpl:\lj_L SAE | Apply Cha|n rU|e ( )T (t)

| ! . —_— S

! | for the transcoder: wg_,; = dec Jsot fenc

N e e e e e e e m e mmmmmmmmm e . Y o

Transcoder decoder vector Transcoder encoder vector
for vertex s for vertex t

[10] Yang et al., “Circuit Tracing in Vision—Language Models”, CVPR26F



Type 5: SAE/Transcoder based

» Final circuit identification!°]

» Feature activation visualizations:
» Top-k activating examples & vision encoder attention maps for each vertex (token)

* Manual inspection of attribution graph and feature activation visualizations

R, GEMMA34B Feature Activation Analysis
' SigLip Attention Map Text Activation
v g
]
Transcoder Dataset ot
ImageNet (1.3M) Cauldron (1.9M) SmolLM2-Distll .
“;EW-E“ e n v FineMath: 348 tokens
parmiFam o - Stack-Edu; 1258 tokens
TEE L P S InfiMM-WebMath: 408 tokens H H
E’:=§$§§ e Co;no:\edia V2: EUEtolkel‘s Attrlbutlon Graph
ﬂ:mfﬂ!ﬂu ; g FineWeb-Edu: 710.4B tokens = Human experts
" [ g == DCLM-Edu: 1065.6B tokens =
ﬁﬁgg:ﬁg _________ } o = analyze and trace the

= attribution graph using
— information from
feature analysis.
Deriving a highly
explainable circuit.

v Trained with Per-Layer-Transcoder for 30k steps

¢ GEMMA 3 4B (Trancoder Replacement Model) '_ SR =

[10] Yang et al., “Circuit Tracing in Vision—Language Models”, CVPR26F



Evaluation

» Most vision circuit discovery works use their own evaluation methods
* There is scope to create a more unified evaluation benchmark
= E.g. evaluation benchmarks in LLM circuit discovery!!']

= Evaluation methods

* Interventions with circuits should causally affect model outputs
* Pruning the circuit (i.e. setting circuit node activations to zero)
= Activating the circuit (i.e. setting all other nodes outside the circuit to zero)

1.0

E.g. from [1], pruning particular class’ circuit
neurons reduces class accuracy

0.2 —— Random Neurons
—— Maximally Activated Neurons
—— Weight Circuit

00 02 04 06 08 10 12 14 [1] Rajaram et al., “Automatic Discovery of Visual Circuits”, NeurlPS23W
% Edges pruned [11] Mueller et al., “MIB: A Mechanistic Interpretability Benchmark”, ICML25



Usecases

* Interventions to prevent text-based adversarial attacks

CLIP: circuit for images containing text

layer3.0 layer3.1 layer3.2

g R
854 g 699 o
. A
; *
1212 12%6
LS |

Adversarial
text “green”

CLIP zero-shot probabilities Probabilities after pruning circuit
red traffic light 0.036 red traffic light 0.874
green traffic light | 0.964 green fraffic light 0.126

[1] Rajaram et al., “Automatic Discovery of Visual Circuits”, NeurlPS23W
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Principled Interpretability Tutorial: Part 3

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/

2:30 - 3:00

Rigorous Analysis to
Evaluate interpretability

5]

Which explanation is more faithful?
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Tutorial Part 3: Overview
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.3

Rigorous Analysis to 1. Methods to evaluate explanations vy

Evaluate interpretability

Tuomas
T 2. DEMO 2}

(neuron-eval & sanity tests for reliable metric)

Which explanation is
more faithful?
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Evaluate interpretability
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1. Methods to evaluate explanations

Which explanation is
more faithful?
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Challenge

* Many methods have been proposed to explain neurons:

—p. | INterpretability |
Tools -
®
CLIP-Dissect
Net-Dissect —
Describe-and-Dissect :
. Which
o ?
= However, it is not clear: should we\tru)st.)
= Which methods produce best explanations? P~ ' ‘ :

(4

€9

= How should we evaluate how accurate / faithful an explanation is?




Existing Evaluation — 1. human study

= Currently, one of the most common methods to evaluate neuron explanation is
through crowdsourced/human study

Show human a set of highly activated images for the neuron of interest and a
neuron explanation (e.g. “Red”) from a method, then ask human to rate it

Q: Does the explanation match the images?

Choice: No, Maybe, Yes
Shess G otied — Choice: Strongly disagree, disagree, not agree

nor disagree, agree, strongly agree



Existing Evaluation — 1. human study

= |Large scale crowdsourced eval:

Total 1520 neurons across 2 models & 10 layers

Average rating

4 -
As we will discuss shortly, it turns
3 | out that this is actually not a
good way for evaluation
2 e -~ disagree @
1

Random Net-Dissect MILAN CLIP-Dissect

[Oikarinen & Weng, ICLR’'23 spotlight]



Existing Evaluation — 2. labelled dataset

» Use curated labelled dataset (e.g. Broden, Imagenet val)

Calculate how much the explanation (through concept masks in the labelled dataset)
overlap with (binarized) neuron activations using IOU score

Given neuron of interest: unit 2

. » .
Area of Overlap

loU =

Given Explanation: Lamp _
Area of Union .
»1 8
concept mask t
of lamp ..-...-

[Bau etal, CVPR’17; La Rosa etal, NeurlPS’23]




Existing Evaluation — 3. Simulation

» Use a simulator to simulate how much a neuron will activate on the given input

= Key idea: a good explanation should allow the simulator model to accurately

predict the neuron activations e.q. Linear Explanation.

Network Dissection, CLIP-Dissect

trai Target Activation : i
Dp?%%le — I\/?c;?jZI — palt\t/er:m - Explainer | — " | Explanation | E
q’tcrain /
ptest ‘ il Simulated
probe » | Simulator | — Activations s(E)
e.g. SigLIP i
. Target Activation . Correlation test
Model patterns { ] score p(qx " s(E))
test
Ak

[Oikarinen & Weng, ICML'24]



Existing Evaluation — 3. Simulation

= Simulation results:

Target model Network Dissection MILAN CLIP-Dissect LE (Label) LE (SigLIP)

ResNet-50 (ImageNet) 0.1242 + 0.002 0.0920 + 0.002 0.1871 £0.002 0.2924 +=0.002 0.3772 £ 0.002
ResNet-18 (Places365) 0.2038 1L 0.005 0.1557 1L 0.005 0.2208 L 0.005 0.3388 L 0.004 0.4372 1 0.003
VGG-16 (CIFAR-100) n/a n/a 0.2298 = 0.004 0.4330 = 0.004 0.4970 £ 0.004
ViT-B/16 (ImageNet) n/a n/a 0.1722 £ 0.004 0.3243 = 0.005 0.3489 £ 0.005
ViT-L/32 (ImageNet) n/a n/a 0.0549 = 0.002 0.1879 £ 0.004 0.2182 £ 0.004

Table 2. Average correlation scores between simulated and actual neuron activations, across all neurons in the second to last layer of the

respective models. For ViT models we report the MLP neurons in the last transformer block. We do not include Network Dissection and
MILAN results for the last two models, as those methods are designed for 2d activations, while the final layers of these models have
effectively scalar activations.

[Oikarinen & Weng, ICML'24]



Challenge of Existing Evaluation approaches

* We have discussed 3 main existing evaluation methods:
» How are they connected to each other?
= Which one should we use?
= /s there a systematic way to perform evaluation?

Motivation of Neuron-Eval:
A unified framework to evaluate and compare neuron explanation quantitatively

[Oikarinen etal, ICML'25]



Neuron Eval

* A unified framework to evaluate and compare neuron explanations quantitatively

Neuron
activations a, with metric M

Target Neuron fi, \ 1

1
0

A
N
e

[ Probing data D ] - (ak’ Ct)

0
0

“Hippo” [ Explanation t ]

Concept
activations c;

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25

Prior work as a special case #1

Crowdsourced Evaluation on Highly
Activating Input (Zhou etal’15, Bau
etal’17, Oikarinen etal’ 23)

s := [P(concept|neuron is active)

_ Bla) - B(e)

1B (ax)l]x
TP TP = B(ay) - B(c),

TP+ FN FN = B(ax) - B(c,),

Can be viewed as binary classification:
predict neuron activations

« M =Recall
* ¢, from Amazon Turk raters



Neuron Eval

* A unified framework to evaluate and compare neuron explanations quantitatively

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25

Prior work as a special case #2

loU with Labeled Data (Bau etal’17)

« M=loU
* ¢, from curated labeled dataset
(Broden)

Prior work as a special case #3

Automated Simulation Evaluation
with Language Models & VLM (Bills
etal’23, Oikarinen etal’24)

* M = Correlation coefficient
* ¢, from model predicted neuron
activations (pseudo labels)




Neuron Eval

NeuronEval: A General Framework to Evaluate Neuron Explanations

We Ca n re p rese nt d |Ve rSG eva I U atl O n S Metric M Study Concept Source ¢; ~ Granularity | Domain
. . Recall (Zhou et al., 2015) Crowdsourced Whole Inpu Vision
from 19 previous works and 18 different ‘, (Baw et al, 2017, Oikarinen & Weng, 2023) | oo i
. ~Recall (Oikarinen et al., 2023; Bai et al., 2025) Crowdsourced Whole Input } Vision
m etrl CS u n d e r O u r fra m eWO rk' Precision (Srinivas et al., 2025) Generative Whole Input | Vision
Fl-score (Huang et al., 2023) Generative + Model = Whole Input | Language
- 1 3 eXIStIng + 5 new from thIS WOI’k (Gurnee et al., 2023) Labeled data Per-token Language
= can handle individual neurons, TCAV, “  \Which score should we
linear probing, SAE features etc Acer !
- use and trust?
Potential Issues _ —
Correlation(T&R) | (Bills et al., 2023) Model
. . . Correlation (Oikarinen & Weng, 2024) Model
» Different papers use different evaluation —
. . . . . zpedr'i??n (T&R) (Bricken et al., 2023; Templeton et al., 2024) = Model
metrics without much justification orrelation _ _
~WPMI (Oikarinen & Weng, 2023) Model A r
= No clear idea what metrics are good or - (Shatam e k., 20%4) Generative Whele Ingut | vision
rel |ab|e ~MAD (Singh et al., 2023) Generative Whole Input | Language

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25



Neuron Eval: Sanity Tests

» To address this, a Sanity Test is introduced to evaluate the metric M
» These are the necessary tests for a good evaluation metric M

» Motivated by the failure of M = Recall and Precision (shown in Toy example in
the next slide):
» Recall favors the generic concepts:
» e.g. “pet’ neuron, but “animal” can have same perfect score
» Precision favors the specific concepts:

LE 1]

» e.g. “pet’ neuron, but “dog”, “cat” can have same perfect score

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25



Neuron Eval: Sanity Tests

» Failure example of using Recall/Precision as evaluation metric

Probing data Neuron: pet . : :
robing data P Results of different evaluation metrics:

Dtest B(ak) Cdog Ceat Cpet Canimal
k i 4 ’ 1 ’ ’ Concept t SRecall SPrecision Siou
: Y
. 0 Dog 203=067 [2/2=1 |2/3=067
1 0 1 1 1 Cat 1/3=0.33 [1/1=1 I 1/3=0.33
Pet 3/3=1 3/3=1 3/13=1
1 1 0 1 1 Animal 3/3 =1 3/6=0.5 |3/6=0.5
0 0 0 0 1 « Correct concept Pet gets perfect score
with all metrics
0 0 0 0 1 « Recall incorrectly gives perfect score to
superclass Animal
0 0 0 0 1  Precision incorrectly gives perfect
score to subclasses Dog and Cat




Meta-Evaluation: Sanity Tests

= For a reliable metric, it should be able to differentiate between

= correct concept v.s. too specific concept — missing labels test - {f}] EIEEEEiii .

1 if [¢;]; = 1, else with probabili ctlla
= correct concept v.s. too general concept — extra labels test [c;]i:{ L i [eri = 1, else with probability izt

(0 otherwise

= i.e. we should observe changes in As(k) =E : [sm(ak, c;,) — sm(ax, ct, )]
-+ .

Ideal Neuron f* [ Exszgg’:i;:)n ; } [ Extra Labels ] Missing Labels [Extra Labels Test:
] 1 1 1 su(@*, ¢") - sy(@*, ¢) =0
1 1 1 0
0 0 1 0 Missing Labels Test:
0 0 1 0 [SM(a*, c) - sy(@*, c)=-0.5
Neuron activations a* Concept activations c; c C

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25



Sanity test for reliable evaluation metric

= Surprisingly, most existing Evaluation Metrics do not pass these tests @

= Among 18 metrics M (13 existing + 5 new), (3 existing + 2 new)

Meta-Evaluation #1 (I) Missing Labels Test (IT) Extra Labels Test Pass
Experimental Theoretical Experimental Theoretical

Recall 98.66% 100.00% 0.00% 0.00% X
Precision 45.73% 0.00% 99.81% 100.00% X B} i} .
F1-score 93.68% 100.00% 99.82% 100.00% v
IoU 93.62% 100.00% 99.81% 100.00% v Rellable evaluatlon metrlc
Accuracy 23.79% 60.00% 70.37% 69.68% P
Balanced Accuracy 98.65% 100.00% 53.67% 60.00% X .
Inverse Balanced Accuracy 64.18% 60.00% 99.50% 100.00% X F 1 -S CO re y IO U y CO rre | atl O n y
AUC 94.96% 100.00% 59.18% 60.00% X .
Inverse AUC 5281%  60.00% 99.99%  10000%  x Cosine (neW), AUPRC (neW)
Correlation 99.41% 100.00% 99.92% 100.00% v
Correlation (T&R) 87.83% 100.00% 60.26% 43.64% X
Spearman Correlation 64.05% 67.20% 49.21% 44.08% X
Spearman Correlation (T&R) 80.04% 100.00% 59.81% 19.68% X
Cosine 99.45% 100.00% 99.26% 100.00% v
WPMI 95.89% 100.00% 58.84% 100.00% X
MAD 59.81% 60.00% 99.34% 100.00% X
AUPRC 95.61% 100.00% 99.46% 100.00% v
Inverse AUPRC 99.15 % 100.00% 95.58% 89.54% X

Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Tests, ICML 25



Insights from the Sanity test results

Failure Zone

Extra Labels Test As ‘
0.0
-0.1
-0.2
-0.3
—— Recall
4
-0.4 Precision
—-e- |oU
_0'5_—-— Correlation | B
—0.6-" Correlation (T&R)
— AUC
=-0.7 - MAD
Accuracy
i e e an g

Neuron/Concept Activation Frequency
Balanced

data

Only Recall fails the Extra label test on balanced
data — concept is present 50% of the time

= As data becomes more unbalanced, metrics like
AUC, Accuracy, Corr (T&R) starts to fail



Remaining Challenges

= Human evaluation is still the gold standard to evaluate explanations

—

Interpretability
# #
Tools — Swm (akv Ct)
CLIP-Dissect
Net-Dissect —
Describe-and-Dissect Which
‘ IS better?

Should use the reliable metrics M Q

O O
from Neuron-Eval m m m



Challenges

= Almost all published evaluations used metrics that failed the sanity checks

NeuronEval: A General Framework to Evaluate Neuron Explanations

Metric M Study Concept Source ¢;  Granularity Domain
Existing human studies typically only
Fl-score (Huang et al., 2023) Generative + Model Whole Input  Language m eas u re recal I ) Wh ICh IS n Ot re I Ia b | e
(Gurnee et al., 2023) Labeled data Per-token Language

(Bau et al., 2017; Mu & Andreas, 2020)

(La Rosa et al., 2024) Labeled data Per-pixel Vision

IoU

No existing crowd-sourced study
uses passing reliable metrics yet

Correlation (Oikarinen & Weng, 2024) Model Whole Input ~ Vision




Challenges

» To use reliable metric (e.g. correlation) to conduct human study, this
iIntroduces new challenges

(lar]i — p(ar)) - (Leeli — pler))

o(ag)o(ct)

Sp (ak, ) = Exi~P

Labeling all inputs is very expensive. Human raters are often noisy.

$$9 SRR 644

Can we get accurate estimates with a
subset of labels?

{ Challenge 1: Labeling Cost } [ Challenge 2: Rating noise }

Oikarinen etal, Beyond Top Activations: Efficient and Reliable Crowdsourced Evaluation of Automated Interpretability. CVPR 2026



Challenges

Challenge 1: Labeling Cost rask Obtain concept activation vector c;, t = ground beetle
Labellng a” Inputs IS Very expenS|Ve. Select all the images that contain: ground beetle.

If you do not know what ground beetle means, use a tool like Google Image search to find out.

= To collect labels for a concept i.e.
ground beetle, we use this interface
and ask user to select all inputs with
ground beetle

= |[ssue: To measure correlation, we need
labels for every input in the dataset

= Even if most of them don’t have the
concept.

= Can we do better?
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Solution #1: Model-Guided Importance Sampling

¥

Instead of annotating concepts on the entire dataset, estimate s, from

a subset using importance sampling  E,.p[h(z)] = E,~o[2Zh(x)

Challenge 1: Labeling Cost
Labeling all inputs is very expensive.

Step 1 Step 2 Step 3
Optimal sampling distn Q* that As label c,; is unknown beforehand, use Finally, mix g**94? with original
minimize the variance of estimate is  SigLIP to estimate it (model guidance) distribution p, set y=0.2

— —siglip
¢* (@) o |h(x)|p(x) sighip gy — 1Okl 67 7l MG (1) = (1 )q 9P () 4 p(
q* " () S ol - g () = (1 —=7)g™ 9" (x) + yp(x)

= q" () o |ag; - Cui p(z) = Ve eD
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Solution #1: Model-Guided Importance Sampling

=
-
o

Relative Correlation Error (%)

o

co
o

()}
o

N
(]

J
o
I

—e— Uniform Sampling (Baseline)

—*— MG-IS (Ours) MG-IS reduce # of samples needed to
annotate compared to uniform sampling!

» [eads to 15x reduction in human study cost
compare with uniform sampling

» [nstead of labelling the full set of 50,000
examples, we can get accurate estimates
with subset of ~200 examples

10! 102 103 104

Number of samples |S]



Solution #2: Bayes Rating Aggregation

Challenge 2: Rating noise Need to collect multiple annotations,
Human ratings are often noisy. what’s the best way to combine ratings?

= 'é;" Use Bayesian method for rating aggregation, instead of average rating
- or majority vote

lc:]l; = P([cf]; = 1|Ry;), posterior probability

Ty T % s = P(R:i|Cri) - P(Chi)
o o [° o fioal e P(R1i|Cti) - P(Cti) + P(Rei[~Ci) P(=Cs)
o - |1 - t
Rater 1 Rater 2 0] Rater 3 0] 0.50
I | | 0.94 Term 1 : @ function of annotation error rate n
A 0.06 . _ o
geregate Term2 : confidence of concept exists in input x;

different rater’s ¢,



Solution #2: Bayes Rating Aggregation

80 1
—e— Method 1: Average : : :

< e Method 2. Majority Test 2 version of BRAgg with different
5 60 —e— Method 3a: BRAgg (Uniform)  methods to calculate prior probability
E —a— Method 3b: BRAgg (SigLIP)
2 40 = BRAgg (SigLIP) reduces number of
0 - raters needed by ~3x over standard
S reduction! methods like Majority vote
220 RS
g = Combining BRAgg and MG-IS, it

0- reduce final study cost from

0 100 10 ~$90,000 to ~$2160!

Number of raters per input m
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Results: Comparing Neuron Explanation Methods

» Compared existing automated interpretability methods: CLIP-Dissect (CD),
INVERT, Describe-and-Dissect (DnD), MAIA, and Linear Explanation (LE)

= Across two different models, we found that Linear Explanations consistently

produced the best explanations

RN50 layer4

ViT-B-16 layerll MLP

0.2450
0.1803
0.200 1 +£0.008 +0.021
) 0.251
6 0.175; 0.1472 g "
§ 2-01(3)32 +0.005 o
c o01s0{ *U- 0.1179 " 020] 0.1568
2 +0.007 o +0.017
® 0.125 I - 0.1167
g ? 0.15] +£0.020
£ 0.100; - 0.0904
@] 8 +0.015
@ 0.075] o 0.101 1
4 8 1
5 0.050] s
g $ o0.05]
0.025 <
0.000" ' 0.00" :
CcD INVERT DnD MAIA  LE (SigLIP) CD INVERT DnD MAIA LE (SigLIP)
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Demo: Neuron Evaluation

Demo Notebook: demo evaluation_metrics.ipynb
Code will be released on tutorial website
@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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(2
Coffee Break

(15 mins)
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Principled Interpretability Tutorial: Part 4

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/

3:15 - 3:55

Building Inherently
Interpretable DNNs

[0,
95

1ahe] 04
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Tutorial Part 4: Overview

Building Inherently 1. Learning Interpretable DNN for
Interpretable DNNs classification and regression
I
- 9|50
@0 ® 2. Learning Interpretable DNN for

generative models

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Tutorial Part 4: Overview

Building Inherently 1. Learning Interpretable DNN for
Interpretable DNNs classification and regression
I
- 9|50
@S . 3

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Concept bottleneck for classification

input x
] : concepts ¢
= Concept Bottleneck [1] is a layer [=] -
where each neuron encodes an N
Interpretable concept. ' | gradelHig
narrow joint space

N—’

* Model first predicts the concepts,

then predict final label based on the
concept.

concepts ¢

0\
wing color

undertail color task y

CNN | Classifier

L bird species J

beak length

[1] Koh, et al. "Concept bottleneck models." ICML 2020



CBM architecture

_inear f, Linear h
(CBL)

input image  black-box  concepts  class pred.
NN

(D How to decide the candidate  (2) How to learn target
concept set? concepts?




What do we care about CBM? 1. Performance

» Common classification metric, accuracy, does not take interpretability
into account.

» Besides normal accuracy, another metric ANEC [2] is proposed to
measure model performance under specific sparsity level.

# of classes # of concepts

\
NEC(Wg) = 221{ Wr)i; # 0}
f Cz 1 9=1

Final classifier weight

[2] Srivastava, et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS 2024



What do we care about CBM? 1. Performance

ANEC [2] measures accuracy with limited “number of effective concepts”
(NEC) used for predicting each class, ensuring the interpretability of final model.

bright orange color

fruit bowl
B citrus fruit orange
pumpkin shape
waxy texture
m citrus juicer
“lemoni

= thick bumpy skin
= yellow feathers

- diet

[2] Srivastava, et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS 2024
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What do we care about CBM? 2. Interpretability

To evaluate interpretability, two key aspects:

1. Does the CBL neuron faithfully match corresponding concept?
= Common methods include manual inspection of top-activate images.

= More generally, can apply Neuron Evaluation method in part 3, e.g. Neuron
Eval [3].

2. Can we use CBL neuron to intervene model prediction?
* Intervene model output by correcting CBL prediction.

[3] Oikarinen, et. al. “Evaluating Neuron Explanations: A Unified Framework with Sanity Checks" ICML 2025



CBM timeline

2020 2023 2024 2025
(D Original CBM (2) CBM without human labeling _ o
(Manual concept annotation) (Use CLIP) 4 CBM with concept localization

CBM[1] LFCBMI[4]LaBo[7/] VLG-CBM[2] SALF-CBM[8]
_I—I_I—l_l—l_>
DN-CBMI[9]

(3) Automatic concept discovery
(with Sparse Autoencoder)



Related works to CBM

» SCoRe [Morgado & Vasconcelos, CVPR 2017]

» Similar idea to CBM that predicts attributes first, then use attributes to do downstream prediction.
= Mainly focus on zero-shot recognition

= SENN [Alvarez-Melis & Jaakkola, NeurlPS 2018]

» Learn concepts for downstream classification without supervision
» Use input-dependent weight instead of fixed weights in CBM

= CEM [Espinosa Zarlenga et al., NeurlPS 2022]

» Replace scalar concept bottleneck to concept embedding vector.

» The goal is to increase the capacity of CBM models, but under NEC evaluation, capacity are
similar to CBM.

» Interpretable-by-design models [Chattopadhyay et al., TPAMI 2022]

» Based on information pursuit and their variants to select queries that are sufficient for
classifications [Chattopadhyay etal, ICLR 2024; Kolek etal, ICCV 2025; Ge etal, MICCAI 2025]



Extension of concept bottleneck model

» Can we train the concept bottleneck without human labeling?
» LF-CBM (Oikarinen et. al. 2023), LaBo (Yang, et al. 2023)

= Can we ground the concept in the image?
» VLG-CBM (Srivastava, et. al. 2024), SALF-CBM (Benou, et. al. 2025)

» Can we automatically discover concepts from model?
* DN-CBM (Rao, et al. 2024)



Automate CBM construction pipeline.
= Construct concept set using LLM.

= Train concept bottleneck from CLIP pseudo-

labels (CLIP-Dissect [5]), hence allowing
flexible backbone.

Output y
O\ a mast and sails

O a ship
Any NN . ‘
DB, Backbone O ' acarnival
: fx) —

Label-free CBM:
. . . automated, scalable, efficient, no concept labels required
» Sparse linear classifier to predict downstream

classification label. D) ./ Q @

[4] Oikarinen et al. "Label-free Concept Bottleneck Models." ICLR 2023

[5] Oikarinen et al. “CLIP-Dissect: Automatic Description of Neuron Representations in Deep Vision
Networks." ICLR 2023



Post-hoc CBM

with ... with Post-hoc CBM (PCBM)
Concept Activation : or: Multimodal L
Backbone Embeddings Projection onto the Predictions

Vectors (CAVs) ~ Models
= d R p Concept Subspace R N,
fd@) S | ) stripes f:X =R f(x)€ proj f(x) € R g: —J
C.... “ = orse" (] Stripes: 0.8
aHpe Ml Horse: 1.2 Interpretable PCBM
Hands: -0.5 Predictor prediction

>"| Black: 0.7 (e.g. Sparse

f@pm b F(77)
Y
MareEo:9 Linear Layer) p(Zebra): 0.8

o JUimE.) ot 48§ "
i L3 )  (Seer) Encoder
d ...................................................................................................................................................... .
R PCBM-h
‘ >(.|.)_, prediction

Zebra): 0.95
cstripes Chands Cmane  Cblack 7 Pl )

o0 0000
Y

Residual
Fitting

X S
CeR™X Hybrid Post-hoc CBM (PCBM-h)

Learning the Concept Bank
= P-CBM trains concept bottleneck from concept bank (require concept annotation) or

multimodal models (CLIP) with backbone as clip encoder
* |Introduce hybrid (black-box) residual fitting to improve model performance

Fitting the Concept Bottleneck

[6] Yuksekgonul et al. Post-hoc Concept Bottleneck Models, ICLR 2023



» Generate candidates using LLM,
and select concepts with
submodular optimization.

» Use CLIP model to get concepts
scores for input image.

= | imitation: backbone
architecture needs to use CLIP
Image encoder.

prompt: describe what the axolotl 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

f

class 1-axolotl

S1

LLM — candidates —

class 2-red panda

Sz

LLM — candidates —»

class N-tree frog
Snv

LLM — candidates —»

N classes

Generate concepts: Sec 3.4

Concept Space E. € RNcx@

test image

e

1 v

text encoder

-

F €11 limbs are delicate image encoder
sul?mf)du.lar k concepts C‘1,2 tail is lopg and thin
optimization E 5

¢k gills are bright pink x€eR?

F cal thick, soft fur concept scores: g(x,C) = x - ECT € RNe
submodular & concepts ¢22  reddish brown fur [ - I - - | -] (L, Ne)
optimization : :

Cak ears are also red W e RN*Ne
Class-Concept 9 dot product
Weight Matrix softmax

F cN1 toes are long
submodular & concepts CN,2 green body . (LN)
optimization : : N

¢nk  smooth bumpy skin y = argmax(g(x,C) - o(W)")

Select concepts: Sec 3.2  Bottleneck-C (Nc concepts) Predict the label with concepts: Sec 3.3

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

classification." CVPR 2023



VLG-CBM

= Use Grounding-Dino to Yaomaasanngtorcoin Uy,
generate bounding box for each \# \\4 \gi
et {0 i

concept. } , Fapie vl

= With bounding box, filter non- o

visual Concepts and augment @* CBL Training iy Leaming Prodictor |
i i oF o = :

the dataset. '-----»i Backbone | — | CBL _. . og ,
- - 8 :

___________________

Concepts EER o Multilabel BCE Loss Multiclass CE Loss <----- Class Label

[2] Srivastava, et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS
2024



SALF-CBM

» Extend scalar concept prediction
to special concept map prediction
from LF-CBM.

= Extract local concept similarity
with CLIP, using a red circle to
highlight target region.

[8] Benou, et. al. "Show and tell: Visually explainable deep neural nets via spatially-aware concept bottleneck
models.” CVPR 2025.



Concept Set

» Use a SAE to automatically extract

Red, Stripes, Spheres,
S d, Sungl

CO n Ce pts . Colourful, ...

= Name SAE neurons by comparing .
the cosine similarity between | . g - saln
decoder weight and text. i

= Limitation: Require backbone to be ™™ #MER P
CLIP encoder.

[9] Rao, et al. "Discover-then-name: Task-agnostic concept bottlenecks via automated concept
discovery." ECCV 2024.



Label

Input Latent Code Embedding Generators Bottleneck .
Predictor

X h
g ] | wx)
"A }%_(

g9(x)
= Replace scalar bottleneck to vector embedding.

» For each concept, two embeddings are learned for active and inactive. A weighted
mixture is used for downstream classification, based on predicted activation probability.

[10] Espinosa Zarlenga, et al. "Concept embedding models: Beyond the accuracy-explainability trade-
off." NeurlPS 2022



More CBMs

= V2C-CBM (He et al. AAAI 2025)

» DCBM (Prasse et al. ICML 2025)

» PS-CBM (Zhao et al. AAAI 2026)

* M-CBM (De Santis et al. ICLR 20206)

[9] He et al. “V2C-CBM: Building Concept Bottlenecks with Vision-to-Concept Tokenizer,” AAAI, 2025.
[10] Prasse et al. “DCBM: Data-Efficient Visual Concept Bottleneck Models,” ICML, 2025.

[11] Zhao et al. “Partially Shared Concept Bottleneck Models,” AAAI, 2026.

[12] De Santis et al. “Learning Concept Bottleneck Models from Mechanistic Explanations,” ICLR, 2026.



Comparison between CBMs (Classification)

Method Concept set generation | Concept supervision Model architecture
form
CBM [1] Manual collected Binary labels (human- CBL at any layer
annotated attributes)
LF-CBM [4] LLM-generated Continuous CLIP Linear head after
similarity backbone
P-CBM [6] LLM-generated Binarized CLIP similarity | Linear head after
backbone
LaBo [7] LLM-generated Continuous CLIP Linear head after
similarity backbone
VLG-CBM [2] LLM-generated Binary labels from vision- | Linear/MLP head after
language grounding backbone
DN-CBM [9] Auto discovery by SAE N/A SAE on backbone
representation




Comparison between CBMs (Classification)

Performance

(ANEC) O Automate label

O Human annotation

O

VLG-CBM

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

DN-CBM

777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777777

O ?
O Posthoc CBM

Binarized Label ~ Continuous label ~ Concept label with  Unsupervised Concept
localizati .
ocallzation supervision
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Concept explanation examples.

GT: 001.Black_footed_Albatross

Concept explanations

LF-CBM
- 001.Black_footed_Alb v

1. three toes on each foo
(+4.924)

2. a small, green body
(+1.806)

3. a purple-red head and
(+1.698)

4. a bright orange breast
(-1.667)

5. large feet
(-1.047)

LF-CEM
- 020.Yellow_breasted_ v

1. a dark blue-black uppe
(+2.920)

2. large feet
(-1.937)

3. iridescent blue-green
(+1.720)

4. Glossy black wings
(+1.716)

5. a red head
(+1.308)

VLG-CBM
- 001.Black_footed_Alb v

1. dark wingtips
(+4.465)

2. black feet
(+3.585)

3. a yellow beak
(+3.120)

4. yellow bill
(+1.493)

5. white body
(+1.014)

VLG-CBM
- 020.Yellow_breasted_ v

1. a black patch on the b
(+3.995)

2. a black tail
(+2.516)

3. a black throat
(+2.296)

4. yellowish legs
(+0.461)

5. greenish-yellow back a
(+0.440)

CEM
- 001.Black_footed Alb v

1. a long, pointed wings
(+0.034)

2. a pink bill
(+0.030)

3. a white wingbar
(+0.023)

4. dark wingtips
(+0.023)

5. white underwings
(+0.022)

CEM
- 020.Yellow_breasted_ v

1. a small, dark body
(+0.036)

2. a black cap and back
(+0.035)

3. a black head and upper
(+0.030)

4. a seabird
(+0.030)

5. three toes on each foo
(+0.024)

Original CBM
— 001.Black_footed_Alb v

1. has shape swallow-like

(+0.189)

2. has crown color grey
(+0.173)

3. has nape color brown
(+0.169)

4. has forehead color buf
(+0.144)

5. has wing pattern solid
(+0.140)

Original CBM

- 161.Blue_winged_Warb X

1. has upper tail color g

(+0.129)

has shape perching-1lik

(+0.122)

has shape upright-perc

(+0.110)

has forehead color gre

(+0.107)

. has bill color grey
(+6.102)

(2 I S U B

LaBo
- 003.Sooty_Albatross X

[

. @ raucous voice
(+2.218)

. a large blue-grey bird

(+2.144)

a loud cawing sound

(+1.907)

a black crest on the h

(+1.139)

. a red crest on the hea
(+1.101)

o e W N

LaBo
- 020.Yellow_breasted_ v

=

. a buffy breast
(+3.364)

a brown and white colo
(+2.857)

a black eye-stripe
(+1.930)

a black bill with a ye
(+1.919)

a red head

(+1.495)

o W N



CBM intervention

6 Blue head: 0.01
OQ Prediction:
O " Indigo Bunting 3¢
O
Intervention

. Blue head:

v

Ol

O 0.01-09  Prediction:
O

O

" Painted Bunting




Demo — CBM Intervention #1

Concept Bottleneck Model — Live Intervention
LF-CBM < 0

L'BEFORE INTERVENTION TOP CONCEPT ACTIVATIONS
_ o
0 4]

AFTER INTERVENTION B

Ground Truth: — B - ¢
0 4]



Demo — CBM Intervention #2

Hethod FIEEER “

LF-CBM - 0
BEFORE INTERVENTION TOP CONCEPT ACTIVATIONS
0 5]
. |
0 ]
AFTER INTERVENTION eSS,
Ground Truth: — 0 o
. |
0 4]
. |
0 V]
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Tutorial Part 4: Overview

Building Inherently
Interpretable DNNs

@c') 2. Learning Interpretable DNN for

generative models

Jahke1 04

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/
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Timeline: Interpretable Generative Models

2016-20

(D Disentangled
Representation Learningl’-4!

B-VAE, InfoGAN
I

[1] Higgins et al., “B-VAE”, ICLR17; [2] Chen et al. “Isolating Sources of Disentanglement in VAEs”, NeurlPS18
[3] Chen et al., “InfoGAN”, NeurlPS16; [4] Ding et al., “Guided Variational Autoencoder for Disentanglement Learning”, CVPR20



Prior work on Interpretable Generative Models

* Disentangled representation learning with GANs/VAEs
= 3-VAE and follow-up works [ 2| InfoGANE! = unsupervised discovery
» Guided-VAEM® = follow-up to f-VAE including supervised concept learning
= | imitations:

» Restricted to single family of generative models (either VAE or GAN)
» Need to train the generative model from scratch (i.e. expensive for larger models)

o} Excitation !
3|-:l >Inhibition | smilel
red

hair

o ;
(a) Unsupervised Guided-VAE (b) Supervised Guided-VAE

[1] Higgins et al., “B-VAE”, ICLR17; [2] Chen et al. “Isolating Sources of Disentanglement in VAEs”, NeurlPS18

[3] Chen et al., “InfoGAN”, NeurlPS16; [4] Ding et al., “Guided Variational Autoencoder for Disentanglement Learning”, CVPR20



Timeline: Interpretable Generative Models

2016-20 2019-20

D Disentangled (2) Post-hoc Interpretabilityl® ©]
Representation Learningl’-4!

B-VAE, InfoGAN  GAN-Dissect, -Rewriting
e I

Limitations:
Unsupervised Discovery,
Specific to GAN/VAE family

[1] Higgins et al., “B-VAE”, ICLR17; [2] Chen et al. “Isolating Sources of Disentanglement in VAEs”, NeurlPS18
[3] Chen et al., “InfoGAN”, NeurlPS16; [4] Ding et al., “Guided Variational Autoencoder for Disentanglement Learning”, CVPR20
[5] Bau et al., “GAN Dissection”, ICLR19; [6] Bau et al., “Rewriting a Deep Generative Model”, ECCV20



Prior work on Interpretable Generative Models

» Post-hoc interpretability in GANs

* GAN-Dissect [5] uses neuron-interpretability on GANs
* By intervening on neurons related to desired concepts, generated images can be edited

» [6] performs rank-1 edits on GAN weights to learn/unlearn concepts
itself is not inherently interpretable

diin | B 1
Al '..
£ B T i 4 >
q k e Ho
)| AXa A X o
b a = e

i i f AT

5 %
1

i —a

ALl '
B R

Generate imaes of churches

(b) Identify GAN units that match trees (d) Activating units addstrees
[5] Bau et al., “GAN Dissection: Visualizing and understanding generative adversarial networks”, ICLR19

[6] Bau et al., “Rewriting a Deep Generative Model”, ECCV20




Timeline: Interpretable Generative Models
2016-20 2019-20 2024-25

(D Disentangled i 15 6] (3 Interpretable-by-Design
Representation Learningl’-4] & Post-hoc Interpretability Generative Modelsl’: 8l

B-VAE, INfoGAN GAN-Dissect, -Rewriting CBGM  CB-AE

I R N I R

Limitations: Limitations:
Unsupervised Discovery, Only post-hoc editing,
Specific to GAN/VAE family Not interpretable-by-design

[1] Higgins et al., “B-VAE”, ICLR17; [2] Chen et al. “Isolating Sources of Disentanglement in VAEs”, NeurlPS18
[3] Chen et al., “InfoGAN”, NeurlPS16; [4] Ding et al., “Guided Variational Autoencoder for Disentanglement Learning”, CVPR20

[5] Bau et al., “GAN Dissection”, ICLR19; [6] Bau et al., “Rewriting a Deep Generative Model”, ECCV20
[7] Ismail et al., “Concept Bottleneck Generative Models”, ICLR24; [8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc CBs”, CVPR25



Why Generative CBMs?

= Interpretability
* Find which concepts are used during generation
» Usecase: Monitor harmful or biased concepts during generation

» Steerability
» Control generation w.r.t. human-interpretable concepts
» Usecase: Fine-grained control on generated images

_ / | /

91 [ 92

[

noise a o
concepts generated
image



Challenges in Generative CBMs

» Differences compared to classification CBMs
» Single linear layer based on concepts is usually insufficient for generation
= Solution: Concept bottleneck between two deep models

» Too few concepts may cause mode collapse (low diversity) in generation
= Solution: Encode unknown concepts as additional information

» Steering is more difficult with non-linear mapping of concepts = image
= Solution: Explicitly include training objectives for steerable generation

known
_ concepts
——~—_ linear | | linear |- - _—
fe h
f g > —| 91 ',
input — y class noise generated
- black-box ~ concepts g unknown :



Challenges in Generative CBMs

» Differences compared to classification CBMs

First two works to address this problem:
CBGM (ICLR 2024) and CB-AE (CVPR 2025)

known
_ concepts
——~—_linear [ | linear - -~ — g
- f g g —| 91 g2 a \ . 3 3
] j / a C|5SS nO-ise \ Cob— ﬁzafmz
Input black-box ~ concepts 3 unknown generated
image NN pred. concepts image
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Concept Bottleneck Generative Models (ICLR24)

» Extends Concept Embedding Models!'#l to image generation

pi $1 (W)

+ .
¢ O +a-rherw)
d7 |:> |] concat
1 ’D : _
- : ] 1 — D1 .
. : pi b (W) m
g, dic e OB = g5 .
noise _ bx ‘ \ i |:> |] generatedk
w —>] i .
1—px W Image
concept concept
embeddings probabilities ’[lunknovxf[n
concepts . ) ;
[7] Ismail et al., “CBGM”, ICLR24
CB layer Punk embed. _ [14] E. Zarlenga et al., “CEM”, NeurlPS22
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Concept Bottleneck Generative Models (ICLR24)

» CBGM training

* Train generative model + CBL from scratch
* Training objectives:
» Task loss = generative model objectives (e.g. GAN or VAE or diffusion model losses)

= Concept loss - BCE loss b/w concept probabilities and ground-truth concepts
» Orthogonality loss = minimize similarity b/w known and unknown concept embeddings

mingl, g2, CBL [Ltask + Lcon + Lorth]

Leoni = yilogp; + (1 —y;) log(1 —p;)

k
Lorth = Z(W’i: W’unk>
i=1

[7] Ismail et al., “Concept Bottleneck Generative Models”, ICLR24
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Concept Bottleneck Generative Models (ICLR24)

Interpretability: Get concept predictions for each generated image

(a) CB-StyleGAN2 on FFHQ :  (B) CB-VAE on Celeb-A : (C) CB-DDPM on
. . Color MNIST

= Results

Gen Model FID

StyleGAN2 9.0
CB-StyleGAN2 9.1

02 04 06 08 10|

Diffusion 9.1 d
CB-Diffusi 3 . , : "
VAE‘S”)“ g 4 Steerability: Fine-grained editing w.r.t. known concepts

+ Female + Glasses
CB-VAE 8.2 4 -

Similar generative
performance as
without CBL

W i T
[7] Ismail et al., “Concept Bottleneck Generative Models”, ICLR24



Timeline: Interpretable Generative Models
2016-20 2019-20 2024-25

(D Disentangled i 15 6] (3 Interpretable-by-Design
Representation Learningl’-4] & Post-hoc Interpretability Generative Modelsl’: 8l

B-VAE, INfoGAN GAN-Dissect, -Rewriting CBGM | CB-AE

Limitations: Limitations:
Unsupervised Discovery, Only post-hoc editing,
Specific to GAN/VAE family Not interpretable-by-design

[1] Higgins et al., “B-VAE”, ICLR17; [2] Chen et al. “Isolating Sources of Disentanglement in VAEs”, NeurlPS18
[3] Chen et al., “InfoGAN”, NeurlPS16; [4] Ding et al., “Guided Variational Autoencoder for Disentanglement Learning”, CVPR20

[5] Bau et al., “GAN Dissection”, ICLR19; [6] Bau et al., “Rewriting a Deep Generative Model”, ECCV20
[7] Ismail et al., “Concept Bottleneck Generative Models”, ICLR24; [8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc CBs”, CVPR25



Concept Bottleneck AutoEncoder (CVPR25)

» Limitations of CBGM (ICLR24):

» Expensive retraining of the entire generative model
= E.g. 10 V100-days for DDPM (diffusion model) training

» Concept annotations for real images
» Expensive to obtain annotations

» Generative models like GANs cannot always accurately invert real images to latents
= Additional training parameters and objective to invert real images to GAN latents

Concept
—>»| g1 || Bottleneck |—{ g, = °
Layer i
noise ——
image

[8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc Concept Bottlenecks”, CVPR25



Concept Bottleneck AutoEncoder (CVPR25)

» CB-AE addresses these limitations:
» Efficiently train only CB-AE with frozen, pretrained generator
* Train without real images or concept annotations

noise

/'/;%:
91

\

known
concepts
/'/;g[e;
— E D | 92
unknown generated
concepts Image

CB-AE

[8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc Concept Bottlenecks”, CVPR25



Concept Bottleneck AutoEncoder (CVPR25)

» CB-AE training

A. Training Objective 1 (reconstruction losses) B. Training Objective 2 (concept alignment loss)
+
F &
Z > 91— >!9/2|—>£B\ zZ > 91&. ‘;KI—):B—)ﬁ—) .
Maintain generative model CB-AE learns to
performance after adding CB-AE predict concepts

z —>» Y1 ; 4 e
Ak Rl 2 {9~ E] f (L)<
w w
\@4/ concept C
pseudo-label

C. Training Objective 3 (intervention losses)
source

*
Z > 0 > g2 r—> T
i w m_> I\J_) I ymlel\cned

Simulate interventions at training-time:

2 +ETU,L ] Erlggur?ge SE—AE to be steerable
C intervention . \J I_/

intervened

o
[

w c (7.
. . - 2
intervened intervened

[8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc Concept Bottlenecks”, CVPR25




Concept Bottleneck AutoEncoder (CVPR25)

* Results: Interpretability

A. CB-AE StyleGAN2 on CelebA-HQ B. CB-AE StyleGCAN2 on CUB

Concept Accuracy
Conc. Acc. (%) CelebA-HQ CUB
DDPM StyGAN2 StyGAN2
CB-AE 89.79 86.04 81.33
male male | white underparts| white underparts
o o black upperbarts black upperparts Good concept accuracy across
mouth open - SN mouth open | e A blfycl:r.:lgﬁll‘ o D?J(l-:(cvl;l('\t(ﬁ =< dataSGtS and mOde|S

00 05 1.0 0.0 0.5 10 00 05 10 00 05 10
probability probability probability probability

[8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc Concept Bottlenecks”, CVPR25



Concept Bottleneck AutoEncoder (CVPR25)

» Results: Steerability

?Vt_ smiling

Intervention Success / Steerability

i AN
§ Steerability (%) CelebA (64x64)

n
i AT\
4 "/)

. GAN DDPM
steering
— CBGM 25.60  13.80
A\ CB-AE 47.34  23.72

CB-AE improves steerability by ~15%

v \
! /] a
v A \
- b
d .

[8] Kulkarni et al., “Interpretable Generative Models through Post-Hoc Concept Bottlenecks”, CVPR25
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Timeline: Interpretable Generative Models
2024-25

@ Interpretable-by-Design
Generative Models!: 8]

CBGM CB-AE
—_

Limitations:
Concept leakage,
Imperfect steering

2026 2025 2026 2025-26
Variational Hard CBP®! Energy-based CB!'0 CB-Diffusion!''l CB-LLM!"2l, CB-SAE!"3!

—— e rnrnnz

Concept Leakage Prevention, Improving Interpretability Improving Steerability Applicability to Text-based
More Comprehensive Evaluation & Multimodal Generative LLMs



Concept Bottleneck SAEs (CVPR 2026)

" |f interested, welcome to drop by our poster on Friday morning
Poster Session 1: June 5™, 10:45 am to 12:45 pm
ExHall A-F, Poster #269

A. SAE baseline B. Concept Bottleneck SAE (Ours)
Prune SAE neurons with low
> Interpretability & steerability
R v
v (Y B D
sae sae ] oA
Esae Dsae v
/
L z v
#1. Most SAE neurons have Ecb ch —

low interpretability/steerability!

. C CB-SAE
#2. SAE may not discover —
user-specified concepts Enables user-specified concepts

Interpretability: +32%, Steerability: +14%
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Principled Interpretability Tutorial: Part 5

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/

How can we use interpretability?
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Recall in the PART 2 & demo

» Post-hoc interpretability tools helps us understand better the models
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Recall in the PART 4 & demo

" Inherently interpretable DNN helps us understand better the models

Prediction

We can easily visualize final layer weights, l
and see whether they make sense! e eckout counter

E:;ZZT orange
For example, we can see that:

| ez
orange = “citrus fruit” + * ’ S—

lemon bt
lemon = “citrus fruit” + “lime” + * ”

a white or yellow background
= g mandolin

Oikarinen et al. "Label-free Concept Bottleneck Models." ICLR 2023



Recall in the PART 4 & demo

= Inherently interpretable DNN helps us understand better the models

Input Label-free CBM Prediction
? Ci ot
NN | T | Predicton g Red headed
backbone - layer Woodpecker
Ole, Why?

We can explain individual decision by plotting concept contributions!

+1.69

For example, “a red head” makes this
Image a Red-headed Woodpecker

a purple-red head and breast
a red cap on the head

a red crest on the head

0.00 0.25 050 0.75 1.00 125 150 1.75
Concept contributions

Oikarinen et al. "Label-free Concept Bottleneck Models." ICLR 2023



Recall in the PART 4 & demo

VLG-CBM Prediction
NN 1 Prediction dome
= - . |—> g
backbone O layer Incorrect!
crl
Intervene the = tile roof
wrong Concept --- curvedisurfa.ce
(deactivate “curved surface”) orzon Correct!

moon +0.27

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Concept contributions

Srivastava et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS 2024



Interpretability as a Control Interface

= Actionable interpretability: turn explanations into control variables

Control Al model behaviors easily

@Q++{§}+&

Understand Steer Modify  Forget/ Unlearn



Use case #1

* Unlearning with Post-hoc neuron interpretability tool (e.g. CLIP-Dissect)

Unlearn concepts by simply deactivating the related neurons

concept k Disable class-related concepts and observe how the

related class & unrelated class’s accuracy change
" deactivate

concept | Model’s related class accuracy drop (diagonal terms)
while other unrelated class ~not affected

Oikarinen et. al. “CLIP-Dissect: Automatic Description of Neuron Representations in Deep Vision Networks." ICLR 2023



Use case #1: Unlearning with CLIP-Dissect

* Unlearning evaluation (CIFAR10/100, ResNet18, layer 4)

.
aaaaaaaa +0.5 +0.8 +0.6 .
automobile +0.5 28 +0.2 0.4 Y
.
L]

_ _ _ green: T acc.
Takeavyay. QLIP-Dlssect aSS|_gned Concepts_, can qjow: ~ acc.
help identify neurons effective for unlearning red: | acc.

aaaaaaaaaaaaaa

Oikarinen et. al. “CLIP-Dissect: Automatic Description of Neuron Representations in Deep Vision Networks." ICLR 2023



Use case #2

* Unlearning with inherently interpretable DNN (e.g. VLG-CBM)

remove concept:
& “a red throat’
Concept Disabled: "a red throat"

S
NN . C1 Prediction 807 mmm Before ablation
. ; 4/ 68.3% mmm After ablation
backbone O Iayer 0 62.7% 62.7%
C 60
—_ n >
S 50 -
Anna Ruby throated S 40
hummingbird hummingbird =
| ; 9 30
<
20
10 -
3.3%

O A
Related Classes Unrelated Classes

Srivastava et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS 2024



Use case #2

* Unlearning with inherently interpretable DNN (e.g. VLG-CBM)

& remove concept “a black

tail with white bars”
Concept Disabled: "a black tail with white bars"

 GEmm—
NN . C1 Prediction 80 7 mmm Before ablation
: = 70 4 68.9% mmm After ablation
backbone . layer 62.6% 62.7%
O cn 60 7
—— ;\E_—T
; 50 1
Northern Hooded Cactus © 40 A
. . 3
Flicker Oriole Wren ::d 30 -
20 -
10

O 4
Related Classes Unrelated Classes

Srivastava et. al. "VIg-cbm: Training concept bottleneck models with vision-language guidance." NeurlPS 2024



Use case #3

» Steering & Unlearning with inherently interpretable DNN (e.g. CB-AE)

CB-AE generated

noise images
: @ g
w 'w’

concept C

& unlearn male

smiling

mouth open
0 05 10
probability

Now the controlled model output
is mostly female!
Kulkarni et. al. “Interpretable Generative Models through Post-hoc concept bottlenecks" CVPR 2025




Use case #3

» Steering & Unlearning with inherently interpretable DNN (e.g. CB-AE)

& unlearn “mouth closed” &

unlearn “not smiling”

b -
2.1
\ = i &
\ y ; =
Q ’- : sailiod
‘ é |
#
B )
oaed 2 el Doed b £

Kulkarni et. al. “Interpretable Generative Models through Post-hoc concept bottlenecks" CVPR 2025




Use case #4: Unlearning with SAE/CB-SAE

= Setup
» SAE/CB-SAE trained on ImageNet-1k dataset for CLIP image encoder
* Apply CLIP-Dissect to SAE/CB-SAE neurons to find class-related neurons

» Unlearning evaluation with zero-shot ImageNet classification
= Ablate SAE/CB-SAE neurons related to a particular class during test accuracy evaluation

Kulkarni et al., “Interpretable and Steerable Concept Bottleneck Sparse Autoencoders”, CVPR 2026



Use case #4: Unlearning with SAE/CB-SAE

» Unlearning evaluation (SAE/CB-SAE with CLIP zero-shot c

|

Takeaway: SAE or CB-SAE latent neurons
can be selectively pruned for unlearning

| SAE > .| CB-SAE >
Aacc(diagonal) = -14.38% Aacc(diagonal) = -15.00%
Aacc(off-diagonal) = -0.08% Aacc(off-diagonal) = -0.07%

aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa

assifier)

1.00
0.75
0.50

Kulkarni et al., “Interpretable and Steerable Concept Bottleneck Sparse Autoencoders”, CVPR 2026



Interpretability for scientific discovery

a’ Research

Using Interpretability to
Identify a Novel Class of
Alzheimer's Biomarkers

An Al model was trained to detect Alzheimer's from blood samples. We

@ GOODEFIRE

opened it up to understand how—and found that DNA fragment length
patterns dominate its decision-making. We distilled this insight into a
human-interpretable classitier that generalizes better than the biomarker
classes previously reported in the literature when tested on an independent
cohort.

Want et al. Using Interpretability to Identify a Novel Class of Biomarkers for Alzheimer's Detection, Goodfire, 2026



Interpretabillity for unlearning unsafe contents

» Real-world usecase: Unlearning unsafe image generation
* Problem: Harmful prompts in SD 1.4/2.1 lead to inappropriate generated images

» Solution: Unlearning (suppressing) harmful concepts via SAE
Table 2. Nudity unlearning evaluation on the I2P benchmark. The best result for each metric is highlighted in bold.

Method \ Armpits Belly Buttocks Feet Breasts(F) Genitalia(F) Breasts(M) Genitalia (M) Total | CLIPScore (1) FID ({)
FMN (Zhang et al., 2024a) 43 117 12 59 155 17 19 2 424 30.39 13.52
CA (Kumari et al., 2023) 153 180 45 66 298 22 67 7 838 31.37 16.25
AdvUn (Zhang et al., 2024b) 8 0 0 13 1 1 0 0 28 28.14 17.18
Receler (Huang et al., 2024) 48 32 3 35 20 0 17 5 160 30.49 15.32
MACE (Lu et al., 2024) 17 19 2 39 16 0 9 7 111 29.41 13.42
CPE (Lee et al., 2025) 10 8 2 8 6 1 3 2 40 31.19 13.89
UCE (Gandikota et al., 2024) 29 62 7 29 35 5 11 4 182 30.85 14.07
SLD-M (Schramowski et al., 2023) 47 72 3 21 39 1 26 3 212 30.90 16.34
ESD-x (Gandikota et al., 2023) 59 73 12 39 100 6 18 8 315 30.69 14.41
ESD-u (Gandikota et al., 2023) 32 30 2 19 27 3 8 2 123 30.21 15.10
SAeUron 7 1 3 2 4 0 0 1 18 30.89 14.37
SDvl4 148 170 29 63 266 18 42 7 743 31.34 14.04
SDv2.1 105 159 17 60 177 9 57 2 586 31.53 14.87

| |
Metric: Number of inappropriate images successfully generated (lower is better)

Cywinski & Deja, “SAeUron: Interpretable Concept Unlearning in Diffusion Models with Sparse Autoencoders”, ICML25



Open Challenges

» Faithful explanations & Reliable evaluation
* Human-grounded validation

* Mechanistic understanding at scale

» Actionable intervention and control

* Interpretable-by-design foundation models



Reliable Evaluation of Interpretability

» Challenge: We still lack widely accepted methods for determining
whether an explanation is trustworthy

» Questions:

= How do we measure faithfulness?

* Neuron-eval [1] discussed in PART 3 is just a first step; recent work [2] on developing theory
for trustworthy interpretation

* How do we quantify uncertainty in explanations?
* moreover, explanations can be compromised with random noises [3] or adversary [3, 4]

= How do we evaluate explanations across models, datasets, and modalities? [9]

[1] Oikarinen etal, Evaluating Neuron Explanations: A Unified Framework with Sanity Checks, ICML 2025

[2] Yan etal, Faithful and Stable Neuron Explanations for Trustworthy Mechanistic Interpretability, arxiv 2025

[3] Srivastava etal, Corrupting Neuron Explanations of Deep Visual Features, ICCV 2023

[4] Sinha etal, Understanding and Enhancing Robustness of Concept-based Models, AAAI 2023

[5] Lee etal, Disentangled Concepts Speak Louder Than Words: Explainable Video Action Recognition, NeurlPS 2025



Human-Grounded Interpretability

» Challenge: What kind of explanations are useful for human
understanding

» Questions:
* What makes an explanation understandable
* How do different users require different explanations

* How do we efficiently and reliably evaluate human interpretability
» Methods discussed in PART 3 is an initial step, more efforts needed



Actionable Interpretability

» Challenge: Explanations should enable intervention, not just
observation

» Questions:
* How to effectively steer model?
= Covered in Part 4, active area of research

* How to effectively perform editing and unlearning?
= Coveredin Part5

» How to effectively detect failures before deployment?

* How to improve model design?
= Covered in Part 4, active area of research



The Future of Interpretability

Trustworthy Interpretability

Ensure the faithfulness, reliability, and actionability

Post-hoc Evaluation Inherently
interpretation metrics Interpretable DNNs

O
@ + Ail + A
$o

Jahke1 04



Summary & Resource

All materials will be available at our tutorial website:

@ https://lilywenglab.github.io/cvpr2026-principled-interpretability-tutorial/ < Iweng@ucsd.edu
- R

/
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Principled Interpretability in Vision Models, CVPR 2026 Tutorial
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CVPR Workshop Tomorrow (Thursday)!

Trustworthy, Robust, Uncertainty-Aware, and
Explainable Visual Intelligence and Beyond
(TRUE-V)

June 4th (Thursday), 8 AM, Location: Room 705/707
Workshop Organizers:

Nghia Hoang
Washington State U BenGurionU  Intel Labs
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