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Background

Interpretability in Deep Models

| Yy’ If you want users’ trust,
d T i - open the “black box”

0 =I5 * show users “how” the model make such
ra | ) @ decisions in a user-friendly way

A =
- ¥ o B =

POSITIVE NEUTRAL NEGATIVE
“Great service for an affordable "Just booked two nights "Horrible services. The room
price. at this hotel.” was dirty and unpleasant.
We will definitely be booking again.” Not worth the money."
Cephalopyrus
1 species Sylviparus 1 species
Bird species classification Review sentiment analysis
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Existing Methods Interpreted Language Models Locally

(a) Attention Visualization

Layer: |6 v |Attention: | Sentence A -> Sentence B v

. (d) Commonsense Reasoning
[CLS] the Question: While eating a hamburger with friends, what
the cat are people trying to do?.
; | ./ Choices: have fun, tasty, or indigestion
ca &y Explanation: Usually a hamburger with friends indicates
sat on Function- Natural a good time.
on the \ based Language
the rug (e) Sentiment Analysis
Visualiza
mat  [SEP] tion . Counterfac), | Original text: It is great for kids (positive).
Attention tual . .
[SEP] “based Negation examples: It is not great for kids
Example- (negative)
(b) Question Answering Perturba based | Adversarial I
Context: In 1899, John Jacob Astor IV invested tion Featurs Example (f) Classification
$1OD,QOO_ for Tesla to further develop and producea| 4 Attribution Original text: The characters, cast in
?jﬁ;'g':;g%z?':::;% g::f;s’ Zi;l:r:_::ittshe money e impossibly contrived situations, are totally
. . , ’ — | estranged from reality (Negative).
: ? F D
gueﬁ;on. WT;SE Tes(l)ags1pend Astor’s money on? (e B e?ﬁ;pos Perturbed text: The characters, cast in
onfidence: L./6 —> 1. Surrogate impossibly engineered circumstances, are fully
model estranged from reality (Positive)

(c) Sentiment Analysis

)ﬁﬂ)-}h:&—muam« —

What a @limovie! ...if you have no taste.
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Limitation 1

Can we exhaustively understand LLMs?
Intrinsic Barriers to Explaining Deep Foundation Models

ZHEN TAN, Arizona State University, USA
HUAN LIU, Arizona State University, USA

Theorem 3.4. There exists a complexity gap.

1. The complexity of explanations is bounded by human cognitive limits;
2. The complexity of deep foundation models, including LLMs, are significantly large;

=> |t is intrinsically infeasible to exhaustively explain LLMs.

&ﬁ Arizona State University

Data Mining and Machine Learning Lab Interpreting Pretrained Language Models via Concept Bottlenecks


https://arxiv.org/pdf/2504.16948?

Limitation 2

How to interpret language models globally?

Input text [ Excellent lobster and decor, but rude waiter. ]

Input text [Excellent lobster and decor, but rude waiter] Backbone [ Black-box LLM f; ]
‘ -
Backbone [Black-box LLM fB] rFood Ambiance | ... .

Concept Bottleneck @ @

Target label [Sentiment: DAGAGAGAEAE (4)] ,.
Target label Sentiment: Y% Y 5% ¥ ¢ (4)

S

(a) Attention-based explanation is local (b) Concept-based explanation is global
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-utility Pareto front

CBE-PLMs: The interpretabilit

Joint training can achieve similar task performance while providing concept prediction

® L|STM-standard 4 BERT-standard LSTM-independent BERT-independent ® |L|STM-sequential 4 BERT-seguential ® LSTM-joint 4 BERT-joint
B GPT2-standard & RoBERTa-standard GPT2-independent RoBERTa-independent | GPT2-sequential 4 RoBERTa-sequential [l GPT2-joint A RoBERTa-joint
S80{ % 2+ = T +
= = 80 14
= 70 - - o + 2
-
g . - < 5904 * *- -
8 60 - © + -=- +
= <<
¥ 50 A - % 60 4 <+
= = =
40 - T 1 1 T 1 1 1 I 1 T I
0 20 40 60 80 100 0 20 40 60 80
Concept Macro F1 (%) Concept Accuracy (%)
(a) CEBaB (b) IMDB
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Concept Annotation and Aug

ChatGPT-guided Concept augmentation with Concept-level Mixup (C3M)

a. According to the review "{text;}", the .

"{concept, }" of the movie is "positive". x®, y® c® -9 xD,yi) ~

b. According to the review "{texts}", the ’ 'S $ " "

"{concepts }" of the movie is "negative". PLM f3 : PLM fo

c. According to the review "{texts}", the ) v

"{concepts}" of the movie is "unknown". z® zU)

d. According to the review "{text;}", how is the . : P

"{concept;}" of the movie? Please answer with one PrOJeCtor :Human-specified Projector
Concepts H Py

option in "positive, negative, or unknown".

o £ e 2T
(a) ICL-based prompting prm— [O” ﬂo k__," €\__,"]

ChatGPT-gene rated
Concepts :

Input text [ Excellent lobster and decor, but rude waiter. ]

1

Backbone [ Black-box LLM fj ] . .
y(l) ",

_ ] ! o Concept-level ) :"“sa ™ S

Food Ambiance | ... bei\i\ce y 4 MixUP " 2

Concept Bottleneck[@ @ /\f J i Csq i E’

..... 1~ J\ 3

o PN

Beta Distribution ¥Yea

Target label [Sentlment jﬁ(‘,ﬁ(iﬁ(** (4) ]

(b) CBE-PLMs (c) Concept-level Mixup
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Human Involvement after Deployment

Robust Inference-Time Intervention

[ o bidk ] - NI—A— RI(W/OCM) Rl—#— 0OI - NI—&— RI(W/OCM) Rl—#— OI
ent I : le waiter. 590 s 90
E’J;‘::s:*.o Eso-
4 - + + Unk 340 340
; 4. ; L6 BiEEE ) Q
Sentiment score: 4 - Conf: 0.65 - Logit: 7.15 - Bias: -0.21 f' 20 f‘ 201
Neg Service 2.8 $ $ A |
S F 0o 2 4 6 8 10 F 0o 2 4 6 8 10
Number of Concepts Intervened Number of Concepts Intervened
Ambiance .
Sum of other 17 features 0.68 (a) BERT (b) GP’I‘Z
00 05 1.0 15 20 25 . .
Concept Contributions The results of Test-time Intervention.
C tlevel lanati "NI" denotes "no intervention", "RI
oncept-level explanation
P p (W/0 CM)" denotes "random
Robust Adjustments: intervention on CBE-PLMs without the
1. Correct intervention improves the performance. concept level MixUp", "RI" denotes

2. More robust to incorrect interventions. "random intervention on CBE-PLMs",

and "OI" denotes "oracle intervention".
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Utility and Interpretability Trade-off

Dataset | CEBaB | IMDB
Model | D D | D D
Task Concept Task Concept Task Concept Task Concept
LSTM | 40.57/60.67 - 43.34/64.47 - 68.25/53.37 - 90.5/90.46 -
PLMs GPT2 | 66.69/77.25 - 67.26/78.81 - 71.67/67.53 - 97.64/97.55 -
BERT | 68.75/78.71 - 71.81/82.58 - 80.5/78.4 - 98.89/98.68 -
RoBERT:a | 71.36/80.17 - 73.12/82.64 - 84.1/82.5 - 99.13/99.12 -
LSTM | 56.47/67.82 86.46/85.24 54.54/65.84 83.46/84.74 | 68.5/554 72.5/77.5 93.02/91.53 76.92/75.41
CBE.PLM GPT2 | 64.04/77.75 92.14/92.05 63.57/74.71 90.17/90.13 | 70.05/69.53 80.6/82.5 96.85/96.81 86.14/88.06
i 5 BERT | 67.27/79.24 93.65/92.75 68.23/78.13 89.64/90.45 | 77.42/74.57 80.2/83.7 97.62/97.58 92.57/92.05
RoBERTa | 70.98/79.89 96.12/95.34 69.85/79.29 91.45/92.23 | 82.33/80.13 86.7/85.3 98.45/98.12 93.99/94.28
LSTM - - 59.67/70.53 88.75/86.67 - - 94.35/92.32 83.83/84.52
GPT2 - - 65.54/77.87 93.58/92.32 - - 97.89/97.88 89.64/88.25
CBE-PLMs-CM | prpr - - 70.58/80.07 94.43/93.26 - - 98.18/98.06 94.87/94.32
RoBERTa - - 72.88/81.91  96.3/98.5 - - 99.69/99.66 96.35/96.36
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Conclusion & Future Work

Contributions:

N

We provide the first investigation of standard
training strategies of CBMs for interpreting
PLMs and benchmarking CBE-PLMs.

We propose C3M, which leverages LLMs and
MixUp to help PLMs learn from human
annotated and machine-generated concepts.
C3M liberates CBMs from predefined concepts
for the interpretability-utility tradeoff.

We demonstrate the effectiveness and
robustness of test-time concept intervention for
the learned CBE-PLMs for common text
classification tasks.

Arizona State University

Related Research:

« Can we achieve local and global interpretability
at the same time?

e Can we further reduce the human involvement
during inference time?

See Zhen Tan’s AAAI 25 paper: CLEAR
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https://arxiv.org/abs/2312.15033
https://dl.acm.org/doi/10.1609/aaai.v39i24.34710

Can we explain the explanations?
- Are the explanations reliable?

Are We Merely Justifying Results ex Post Facto?
Quantifying Explanatory Inversion in Post-Hoc Model Explanations

Zhen Tan'! Song Wang? YifanLi® YuKong® Jundong Li? Tianlong Chen* Huan Liu'

Orlgmal Iak:)ougllg (normal) (spurlous)
[ (norma” (SpurIOUS) E - -
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https://arxiv.org/pdf/2504.08919

What if machine and human do not agree on the same concepts?
- Aligning machine’s concepts to human’s

. , e . B
Machine’s Concepts Mismatch Human'’s Concepts

QN

iniic communicatin Ongoing research

Human word added Machine word added

Better Communication

M
N
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What are the next steps?

How to achieve better human-machine collaboration
through explanations that are:

- User-aware
- Reliable Zhen Tan’s homepage

- Applicable

to enhance science discovery?
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https://zhen-tan-dmml.github.io/

Thank You

« For more details, please check out the paper.

* Feel free to contact the first author Zhen Tan (ztan36 @asu.edu) for
any questions.

« Implementation is released on GitHub.
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https://arxiv.org/pdf/2311.05014
mailto:ztan36@asu.edu
https://github.com/Zhen-Tan-dmml/CBM_NLP
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