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Stag Pretraining Sup d Finetuning Reward Modeling Reinf t L g ° j§7< B/%Q i% H:BE

Raw internet Demonstrations @ NEEHSERD — Prompts ®
text trillions of words Ideal Assistant responses, - - ~10K-100K prompts - ° _|§ : N EF-I
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors ﬂL X D iE)\

written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

® o o o + KMEEIA)E

Language modeling Language modeling Binary classification Reinforcement Learning
Algorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

© o0 © O @uET
Base model SFT model RM model RL model o j( E 3 i]:ef:-ﬁ \ /l_\_—%—
I~ FIAAR

100 0s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs

muonths of training days of training days of training days of training
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Survey: Causality for LLMs

Causality for Large Language Models

Anpeng Wu, Kun Kuang, Mingin Zhu, Yingrong Wang, Yujia Zheng, Kairong Han, Baohong Li, Guangyi Chen, Fei Wu, Kun Zhang

. Section 2: The Background of Large Language Models and Causality
Outline

* Debiased Token Embedding

¢ Counterfactual Training Corpus
/ Causal Foundation Model

Section 3: Causality for Pre-Training

* Debiased Token Embedding

Section 4: Causality for Fine-Tuning — * Counterfactual Training Corpus
¢ Supervised Tuning on Specific Tasks

LLM with Causali . z . L
. - Section 5: Causality for Alignment — + RLHF, DPO, Preference Optimization
(Introduction)
. . * Causal Discovery
Counterfactual Reasoning

Other Debiasing Tasks

Section 7: Causality for Benchmark \ )

Assessing Causal Reasoning in LLMs

‘ Section 8: Future Directions on LLMs with Causality

Conclusion (Section 9): Causality improves LLMs’ training, inference, and evaluation across five key stages.

Figure 1: The Role of Causality in Enhancing LLMs: A Comprehensive Framework Across Development Stages

https://arxiv.org/abs/2410.15319 N
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Large Language Model

Embodied Al ?
(o)) 2

Image Text File

Digital Data
Prompt

Memory Reasoning

i Embodied Al Input
o %
Large Dc@dell
o]

Plugins

2l g

|
— 2y >

>
Perception n
T Output
= .
Navigation ugn Interaction
b

TR / i\.

Text to Sp:& Real-World @ Simulation oo {I ! I ' I
Environment Prediction Decmun Behawor Analysis Output
ﬂ» (Data Classification) ata Optimization) (Data Analysis Results)
Text Output Qiu, Y., Chen, X., Wu, X. et al. Embodied artificial intelligence in
ophthalmology. npj Digit. Med. 8, 351 (2025). https://doi.org/10.1038/541746-
025-01754-4

1B =FE YIE=sg) #E=S 8
N | %

Artificial general intelligence (AGI)—sometimes called human-level intelligence AI—is a type of artificial
intelligence that would match or surpass human capabilities across virtually all cognitive tasks. <Wikipedia>
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The Computational Social Science Society of the Americas ...
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People who drowned after falling out of a fishing boat
correlates with

Marriage rate in Kentucky
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&he New York imes
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* it Many Facial-Recognition Systems Are
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Translate (+]

o [ R T - | Algorithms falsely identified African-American and Asian faces
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S National Institute of Standards and Technology found.
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Table 4: Confounders and adjusted variables when we set
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Confounders
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Add friends by Drift Bottle
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education and income T
There is a clear correlation between years 65% r—e

of education and income. But does this E <
mean there is also causation? Ty

N : ) 12% &
David Card Joshua D. Angrist Guido W. Imbens qm

Prize share: 1/2 Prize s hare: 1/4 Prize share: 1/4 5 7 8 9 10 1 12 13 14 15 16 17 18 19 20

Years of education

=




EBEERMA?

= b = =+ . 0
° |E_j'::|l—:|—\ /' v.s. mFREEMV . 12%
\\
The association between ¢ jt ?l—:}g\ / V.S. %E:EE\ /. 53%
education and income T
. . 0 7
il iy o /=
mean there is also causation? —y
SHEOAESR "EH’
* = 2 EOxE AL
?
Income °
=
6 7 8 9 10 1 12 13 14 15 16 17 “ 18 19 20 )

Years of education
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iR TRIESMEI] (CB-1V)

CB-1V (Confounder Balanced IV regression):

BBrE (FHEED - HZMX EZRAT T =§(Z,X)
TR 2SR HIRAE (X)), HHWLE T L ¢(X)

B (EREED - AT RGO ERFEY Y = £(T, (X))

Wu A, Kuang K, Li B, et al. Instrumental Variable Regression with Confounder Balancing, ICML 2022 102
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Table 2: The bias (mean = std) of ATE estimation on real-world data (Data-m z-m x -myy)

Within-Sample

Method THDP-2-6-0 THDP-2-4-2 Twins-3-8-0 Twins-3-3-3
DeepIV-LOG | 2.8736 = 0.0577 2.6227 £0.0651 0.0135 £0.0215 0.0237 £0.0111
T ﬂﬁﬁ@ UEI ﬁ{%— DeeplV-GMM | 3.7760 + 0.0316  3.7396 + 0.0402  0.0194 + 0.0047  0.0221 + 0.0041
OneSIV 1.7249 + 0.3752  1.7411 £ 0.3422  0.0083 = 0.0191  0.0080 £ 0.0167
DFIV 3.5543 + 0.0891 3.6218 + 0.1038  0.0268 £ 0.0005  0.0265 =+ 0.0003
DFL 32018 £ 0.0496  3.1991 = 0.0374 0.0624 £ 0.0586  0.0847 =+ 0.0049
N Z Mt T DirectRep 0.0675 + 0.0562  0.4600 + 0.0711  0.0167 = 0.0171  0.0193 £+ 0.0251
JE;}% ﬁﬁslzéﬁﬂd&‘ CFR 0.0854 + 0.0579  0.4826 + 0.0642  0.0115 4+ 0.0167  0.0223 + 0.0176
DRCFR 0.0553 + 0.0644  0.4336 + 0.0692  0.0114 4+ 0.0221  0.0118 £+ 0.0174
/E;quzﬁp_]:ﬁj)tgﬁ |§| ya CB-IV 0.0117 = 0.3882 0.1601 = 0.2499 0.0067 + 0.0271 0.0014 = 0.0249

Out-of-Sample

Method THDP-2-6-0 THDP-2-4-2 Twins-5-8-0 Twins-5-3-3
DeepIV-LOG | 2.8760 = 0.0553 2.6226 £ 0.0692 0.0140 £ 0.0208 0.0238 £0.0111
DeeplV-GMM | 3.7768 + 0.0350 3.7388 = 0.0416  0.0193 = 0.0047  0.0221 =+ 0.0040
OneSIV 1.7287 £ 0.3725  1.7351 £ 0.3430  0.0082 &+ 0.0191  0.0081 £ 0.0168
DFIV 3.5538 + 0.0904  3.6225 + 0.1061  0.0268 £ 0.0005  0.0265 =+ 0.0003
DFL. 32038 + 0.0496  3.1994 + 0.0376  0.0624 £ 0.0584 0.0846 =+ 0.0046
DirectRep 0.0608 + 0.0817  0.4571 £ 0.0759  0.0162 + 0.0175  0.0194 + 0.0253
CFR 0.0785 + 0.0810  0.4804 + 0.0687 0.0110 + 0.0163  0.0225 =+ 0.0180
DRCFR 0.0450 + 0.0953  0.4321 +£ 0.0673  0.0113+0.0219  0.0118 £+ 0.0174
CB-IV 0.0150 = 0.3927 0.1578 £ 0.2540  0.0065 = 0.0270 _ 0.0015 =+ 0.0247

i 22 41 HITE X
THAE

Wu A, Kuang K, Li B, et al. Instrumental Variable Regression with Confounder Balancing, ICML 2022 103
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Yuan J, Wu A, Kuang K, et al. Auto |V: Counterfactual Prediction via Automatic Instrumental
Variable Decomposition[J]. TKDD, 2022.

Aefthit: P(Y|Z,T,U) # P(Y|T,U)
%/Eﬁ%'fﬁ Z 1 U



TEITESHERN (AutolV)

Function & Data 2SLS(van) 2SLS(poly) 2SLS(NN) DeeplV KernellV DeepGMM

step

f

linear

~

v-c B
(\l B
o
o -
o .
2 | | |
pr —— ——
@ 2. DAL\
/ 1 - - -
Py 1) A" N 1 S [ B e B S B S BB S B S B T R B e e S B B

Estimated response function with RandIV

True response function

Estimated response function with TruelV Estimated response function with AutoIV

Figure 2: Response function prediction in low-dimensional scenarios.

Yuan J, Wu A, Kuang K, et al. Auto IV: Counterfactual Prediction via Automatic Instrumental
Variable Decomposition[J]. TKDD, 2022.
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Instrumental Variables in Causal Inference and
Machine Learning: A Survey

Anpeng Wu, Kun Kuang, Ruoxuan Xiong, Fei Wu, Senior Member, IEEE

Abstract—Causal inference is the process of using assumptions, study designs, and estimation strategies to draw conclusions about
the causal relationships between variables based on data. This allows researchers to better understand the underlying mechanisms at
work in complex systems and make more informed decisions. In many settings, we may not fully observe all the confounders that affect
both the treatment and outcome variables, complicating the estimation of causal effects. To address this problem, a growing literature
in both causal inference and machine learning proposes to use Instrumental Variables (IV). This paper serves as the first effort to
systematically and comprehensively introduce and discuss the IV methods and their applications in both causal inference and machine
learning. First, we provide the formal definition of Vs and discuss the identification problem of IV regression methods under different
assumptions. Second, we categorize the existing work on IV methods into three streams according to the focus on the proposed
methods, including two-stage least squares with IVs, control function with IVs, and evaluation of IVs. For each stream, we present both
the classical causal inference methods, and recent developments in the machine learning literature. Then, we introduce a variety of
applications of IV methods in real-world scenarios and provide a summary of the available datasets and algorithms. Finally, we
summarize the literature, discuss the open problems and suggest promising future research directions for IV methods and their
applications. We also develop a toolkit of Vs methods reviewed in this survey at https://github.com/causal-machine-learning-lab/mliv.
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mliv

from mliv.dataset.demand import gen_data ﬂ;
from mliv.utils import CausalDataset

gen_data()

data = CausalDataset('./Data/Demand/0.5_1.90_©.6_10000/1/")

from mliv.inference import Vanilla2sLs
from mliv.inference import Poly2SLS
from mliv.inference import NN2SLS

from mliv.inference import OneSIV

from mliv.inference import KernelIV
from mliv.inference import DualIV

from mliv.inference import DFL

from mliv.inference import AGMM

from mliv.inference import DeepGMM
from mliv.inference import DFIV

from mliv.inference import DeepIV # Tensorflow & keras

for mod in [OneSIV,KernellV,DualIV,DFL,AGMM,DeepGMM,DFIV,Vanilla2sLS,Poly2SLS,NN2SLS]:
model = mod()
model.config['num'] = 180
model.config['epochs'] = 18
model.fit(data)

print(mod)

Anpeng Wu, Kun Kuang, Ruoxuan Xiong, Fei Wu, Instrumental Variables in Causal
Inference and Machine Learning: A Survey[J]. ACM Computing Surveys, 2025.
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ilffE{RZE (Collider Bias)
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Miao W, Tchetgen Tchetgen E J. On varieties of doubly robust estimators under missingness not at random

with a shadow variable[J]. Biometrika, 2016, 103(2): 475-482.
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Baohong Li, Haoxuan Li, Ruoxuan Xiong, Anpeng Wu, Fei Wu, Kun Kuang*. Learning Shadow Variable Representation for Treatment Effect Estimation under Collider Bias, ICML, 2024.
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ESTIMATOR SELECTED DATA UNSELECTED DATA SELECTED DATA UNSELECTED DATA SELECTED DATA UNSELECTED DATA
HECKIT 0.323+0.065 0.330+0.046 0.3404+0.055 0.3524+0.042 0.349+0.069 0.4134+0.048
DR 0.298+0.032 0.316+0.042 0.33140.048 0.357+0.053 0.367+0.033 0.448+0.017
IPSW 0.328+0.048 0.348+0.049 0.328+0.031 0.353+0.034 0.465+0.011 0.5454+0.014
BNN 0.2904+0.011 0.306+0.012 0.329+0.048 0.3544+0.033 0.359+0.011 0.439+0.015
TARNET 0.2954+0.012 0.312+0.011 0.329+40.030 0.3574+0.053 0.366+0.071 0.436+0.087
CFR 0.290+0.009 0.3074+0.008 0.3244+0.009 0.350+0.013 0.359+0.008 0.436+0.030
CFOREST 0.310+0.030 0.331+0.038 0.338+0.019 0.368+0.022 0.373+0.026 0.45340.043
DR-CFR 0.284+0.038 0.307+0.040 0.340+0.055 0.3554+0.064 0.366+0.051 0.435+0.060
TEDVAE 0.28140.056 0.419+0.070 0.378+0.063 0.420+0.059 0.3944+0.054 0.431+0.067
DER-CFR 0.29140.010 0.309+0.014 0.323+40.015 0.348+0.017 0.358+0.011 0.43940.013
DESCN 0.295+0.002 0.312+0.002 0.326+0.003 0.357+0.004 0.365+0.003 0.449+0.011
ES-CFR 0.289-+0.003 0.3054+0.004 0.33140.003 0.359+0.003 0.369+0.003 0.448+0.005
OURS 0.227+0.001 0.2294-0.001 0.24940.013 0.25540.021 0.299+0.008 0.300+0.008
IHDP (PEHE) ACIC 2016 (vPEHE) JOBS (Rpol)
ESTIMATOR WITHIN-SAMPLE  QUT-OF-SAMPLE  WITHIN-SAMPLE OUT-OF-SAMPLE WITHIN-SAMPLE  OQUT-OF-SAMPLE
HECKIT 1.58740.065 1.62140.041 3.10640.444 3.34040.111 0.32840.050 0.33140.052
DR 1.35540.123 1.57240.205 2.34640.129 2.65340.222 0.3164-0.007 0.31740.036
IPSW 2.11840.344 2.12940.295 4.24440.145 5.41140.073 0.28440.051 0.289-40.063
BNN 1.30840.298 1.45740.339 2.17340.150 2.58640.486 0.30340.025 0.30440.041
TARNET 1.240+0.158 1.416+0.154 2.2754+0.756 2.805+0.766 0.31540.012 0.31640.050
CFR 1.283+0.186 1.40140.238 2.10740.297 2.36140.587 0.31340.018 0.31440.072
CFOREST 1.7024+0.292 1.9484-0.429 4.13740.295 4.605+0.137 0.32640.012 0.32640.059
DR-CFR 1.299-0.087 1.399+40.171 2.24040.691 2.34040.663 0.3224-0.022 0.3234-0.099
TEDVAE 4.246+0.394 4.347+0.563 3.50140.708 4.468+0.813 0.29640.046 0.30040.031
DER-CFR 1.44640.345 1.57140.371 2.21440.204 2.24640.598 0.309+0.023 0.31140.029
DESCN 1.193+0.057 1.665+0.246 2.1854+0.150 2.306+0.236 0.33140.010 0.33140.051
ES-CFR 1.499--0.096 1.43640.095 3.87540.224 4.49440.214 0.29040.045 0.29340.046
| OURS 0.703=0.106 0.723+0.102 1.911+0.126 2.047+0.351 0.279+0.017 0.280+0.018
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Baohong Li, Anpeng Wu, Ruoxuan Xiong, Kun Kuang*. Two-Stage Shadow Inclusion Estimation: An IV Approach for Causal
Inference under Latent Confounding and Collider Bias, ICML, 2024.
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« F—NER
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(a) Stage 1 of 2SSI. (b) Stage 2 of 2SSI. (c) The overall framework of 2SSI

Baohong Li, Anpeng Wu, Ruoxuan Xiong, Kun Kuang*. Two-Stage Shadow Inclusion Estimation: An IV Approach for Causal
Inference under Latent Confounding and Collider Bias, ICML, 2024.
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Inference under Latent Confounding and Collider Bias, ICML, 2024.

a=5 a=10 a=15 B8=5 68=10 B8=15
ESTIMATOR S = 1 DATA S = 0 DATA S = 1 DATA S = 0 DATA S = 1 DATA S = 0 DATA ESTIMATOR S = 1 DATA S = 0 DATA S = 1 DATA S = 0 DATA S = 1 DATA S = 0 DATA
HECKIT 0.648+0.038 5.685+0.324 0.724+0.060 6.741+£0.359 0.714£0.057 6.763+0.507 HECKIT 0.0894+0.007 6.008+0.230 0.724+0.060 6.7414+0.359 1.8194+0.122 9.490+0.778
2SRI 0.998+0.070 6.076+0.262 1.052+0.097 6.673+£0.219 1.016+£0.063 6.799+0.363 2SRI 0.1144+0.011 3.317%0.155 1.052+£0.097 6.673+0.219 2.9184+0.251 10.88+0.452
IPSW 1.075£0.082 12.724+1.070 1.0634+0.093 12.394+0.656 1.056+0.085 12.45+0.442 IPSW 0.136+0.035 5.588+0.777 1.063£0.093 12.3940.656 3.150+0.396 24.65+2.918
SHADOW 0.8524+0.083 4.6194+0.269 0.956+0.116 5.233+£0.289 0.957+0.088 5.25840.449 SHADOW 0.0994+0.009 3.220+0.149 0.956+0.116 5.233£0.289 2.5124+0.260 7.3504+0.520
DEEPIV 0.630+0.048 12.06+0.832 0.633+0.051 12.46+0.424 0.641£0.053 12.5741.007 DEEPIV 0.0654+0.007 4.697+0.278 0.633+0.051 12.46+£0.424 1.9454+0.117 24.97+1.596
KERNEL IV~ 0.29740.097 6.4504+0.367 0.4004+0.175 6.9954+0.526 0.428+0.109 7.220+0.903 KERNEL IV~ 0.052+0.015 3.73440.182 0.400+0.175 6.995+£0.526 1.7594+0.747 12.074+0.611
DEEPGMM  0.65540.105 8.1384+1.268 0.688+0.108 8.399+1.555 0.699+0.104 9.163+1.419 DEEPGMM  0.0404+0.009 3.893+0.443 0.688+0.108 8.399+1.555 2.445+0.396 13.59+2.546
DFIV 0.5724+0.090 12.724+0.686 0.580+0.106 12.97+1.667 0.620£0.052 13.60+1.181 DFIV 0.0724+0.008 5.056+0.435 0.580+0.106 12.974+1.667 1.809+0.302 28.27+1.978
CB-1V 1.202+0.228 7.91040.482 1.270+0.225 8.4424+0.574 1.343+0.153 8.771£0.712 CB-1V 0.0994+0.021 3.737+0.276 1.270+£0.225 8.4424+0.574 4.031+0.412 14.46+0.615
2SSI1 0.1474+0.020 1.320+0.335 0.154+0.016 1.278+0.155 0.155+0.024 1.2754+0.227 2SSI 0.038+0.020 1.995+0.088 0.154+0.016 1.278+0.155 0.5224+0.411 2.655+0.630
SrRbHRAs WS =S
* (+HE L = FTHNATE{RT
= REZXJa=A< Az
28SI —
CB-IV {
DFIV i
DeepGMM | 1
Kernel IV fe
DeepIV fuf
SHADOW [
IPSW Fed
2SRI [
Heckit o
True b
3 2 -1 0 1 2 4
Estimated ATE values
Baohong Li, Anpeng Wu, Ruoxuan Xiong, Kun Kuang*. Two-Stage Shadow Inclusion Estimation: An IV Approach for Causal 190
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Figure 1: Underlying bias present in unknown causal relation.

=0 [t=1| |t=2| |t=t Assumption 1. SUTVA.
Stress 0 o XD H—b{ %2 M- Assumption 2. Unconfoundedness.
Levels Xl X1 Xl . . .
>Y< Assumption 3. Positive Assumption.
Neural | o o 2} @ Assumption 4. Markov Assumption.
Activity 2 2 2 A .
ssumption 5. Temporal Dependency.
Cortisol 0 1 g LN REE . . . . .
" X3 ny A3 @ Assumption 6. Invariant Causal Mechanism. At different timestamps,
. N . the causal relationship between variables does not change over time,
Dopamine| { Xg Xa) Xa )1 @ and the parent node of a variable in the previous timestamp remains its
IVDaa  CIVData  CIVData  Current Data parent node in the next timestamp.

Anpeng Wu, Haoxuan Li, Kun Kuang*, Zhang Keli, Fei Wu. Learning Causal Relations from Subsampled Time Series with
Two Time-Slices, ICML, 2024.
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Continuous/Complex treatment effect estimation

Causal Inference with Complex Treatments: A Survey‘

YINGRONG WANG, Zhejiang University, China

HAOXUAN LI, Peking University, China
KUN KUANG, Zhejiang University, China

Causal inference plays an important role in ex
of a treatment. It has extensive applications of
marketing, health care, and education for a lo:
of binary treatment that there is only one tre
can be much more complex in practice, such
attempt to introduce the causal inference metho
comprehensive manner. At first, we formally lo
and their possible variations on special condit
under the three treatment settings. In each situat
methods conforming to the unconfoundedness ¢
is conducted according to their detailed implem
codes, together with evaluation metrics that are
provide a brief summary about these works anc

2 choices

2% =16 choices

|

Alternatives: 9

v
do O £ me
v

4 choices |

v

56 5710 g

uncountable choices

do O £ ga

Ly v

Treatments: inject 6.28 g
Settings:  binary multi-valued continuous bundle
[ I I , I l
Survey 3. Multi-valued 4. Continuous 6. Datasets and
Structure Treatment Treatment ] - Suincl Tt ] Metrics I
3.1 Observed 4.1 Observed 5.1 Observed Lr 6.1 Available
3 Confounders Confounders Confounders Datasets
et I 3.1.1 GPS-based 4.1.1 Govariate .| 5.1.1 Representation’ P
 Methods Adjustment -based Methods | Metrics
.| 3.1.2 Tree-based ' 4.1.2 Representation 5.1.2 Generative .
:  Methods "\ -based Methods Modeting Methiads ™) » 6.3 Open-source
2. Preliminary » . = \ J
D | 3.1.3 Representation 4.1.3 Generative 513 Dd.ffl
"\ -based Methods Modeling Methods (= Apmeniorion

3.1.4 Generative
_ Modeling Methods

3.1.5 Meta Learning
Methods

r

4.2 Ungbserved
Confounders

L >

3.2 Unobserved
Confounders

» 4.2.1 Proxy Variable

Variable

" 4.2.2 Instrument ]

- 52 Unobserved
Confounders

'8 )\

5.2.1 Proxy Variable

r

5.2.2 Auxiliary
Variable

5.2.3 Null

Treatment

7. Future Work and
L Discussion

8. Conclusion ]




Some working papers

 Causal Inference with Delayed Response

Response time

D;(w) <T; time
True Positive O vy o >
yw)=1YT(w)=1
Dl(W) > Ti
False Negative () ] A >
Yiw) =1, ¥ (w) =0
True Negative Di(w) =
Yw) =0, 7 (w) =0 O (] >
Intervention Observation time

Wi =w Ti



Some working papers

* Short-term and Long-term Treatment Effects

(a) Surrogate setting.

(X)

O

&)

(b) Common setting.

A 4

®

Patient with
clinical depression

Covariates X
Age, gender, income, health condition, family,

acceptance of psychotherapy, degree of depression...

Treatment Assignment

Treatment T

||
=0
Antidepressants

Dosage?

Outcome Response

Outcome Response

A J

—

Short-term outcome S (2 months)
@ Relieving symptoms

@ Health condition

@ Houschold expenses

—>

Long-term outcome Y (2 years)
/0
x Drug resistance Household expenses

@ Side effects for health Employment

No
@ Withdrawal difficulty \/\ Recurrence probability

Direct Effect

T

(¢) A medical case in the short-term and in the long-term.
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* Precise causal effect == accurate decision?

True Causal Effect
Estimated Causal Effect
Decision Boundary

Estimation Error

Estimated Causal Effect

e o — ———— — — — — — — — — — — — — — —

Estimator 1

Estimator 2

090,/ 02 o4 06 08
True Causal Effect

(a) Synthetic Data

0.6
Correct
Incorrect
0.5]
0.41
0.4 0.5 0.6

(d) S-Learner

=
o

Method Error Rate Method Error Rate
S-Learner 13.33% S-Learner 48.00%
CFRNet 12.33% CFRNet 37.33%
ECal 4.500% ECal 20.00%
1.0 1.0
S-Learner . S-Learner
0.81 CFRNet éo_s. CFRNet
ECal i} ECal
©
0.6 2 0.67
]
8 b
0.4 E 0.4
@
e
0.21 a 0.2 _\
w

o
o

0 02 04 06
True Causal Effect

0.8

(b) ILIDP Data

0.6

Correct

Incorrect
0.5
0.4

0.4 0.5
(e) CFRNet

Method Error Rate
S-Learner 28.50%
CFRNet 29.13%
ECal 2.180%
1.0

- S-Learner

é 0.8 CFRNet

i ECal

0.6

©

3 -

T0.4

o

©

£

+ 0.2

w

%90

02 04 06 08 1.0
True Causal Effect

(¢) Jobs Data
0.6
Correct
Incorrect
0.5
0.4
0.4 0.5 0.6
(f) ECal
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- EISRLERIN (a2 REEEX)
- FILBIHANE W, FETEES X FHYEEREREEMEER

2
X! ;-«(WeX, ;) B X! -(Wo(1-X.;))
WwT.X. ; wT.(1-X. ;)

, (4)

P
-

2

0

PROPOSITION 3.3. If0 < P(X; = x) < 1 forallx, where P(X; = x) =
L ¥ I(X; = x), there exists a solution W* satisfies equation (4) equals
0 and variables in X are independent after balancing by W=,
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min /{z;’;l W; - log(1+ exp((1 - 2Y;) - (X;@\)\)J (5)
/ X' .(woxX,) X (woa-X )" s
S'/t/' [Zi;l {VT~X.J - - {’\‘FT'(I—X.J}} 5 = A],\\W =0,
// 2 2 n N 2
S IWIE <o, I < B, 18I < A (Ef_ WES D < Ay
FEA TR 5 - J [ ~]

- RUIREH R % AR AR e
AH, RR T AT

Shen Z, Cui P, Kuang K, et al. Causally regularized learning with agnostic data selection bias[C]//MM. 2018: 411-419.
Kuang K, Cui P, Athey S, et al. Stable prediction across unknown environments[C]//KDD. 2018: 1617-1626. 137
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Figure 2: The framework of our proposed DGBR model.
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Balance-Subsampled Stable Prediction

- Causal Regularizer (Approximate global balancing)

- Making each variable in X become independent with others by
learning a global sample weights W':

2
P XI_;-(WoX,;) X! ;-(Wo(1-X ;) (4)
Jj=1 wT.X wT.(1-X. ;) 2’
X3 X3 X3
[ | I
(’ (_’ 1 L < 4
| 1 1
[ | |
|
: XZ : XZ 1 XZ
i /. ? 4
F-- -y | — SFm--- R SFo--- -
// f /, // /
* F—x, © C X | “ T X
(a) Raw data (b) Reweighting (c) Subsampling

Figure 1: A toy example to illustrate the main idea of each deconfounding method.

Kuang K, Zhang H, Wu F, et al. Balance-Subsampled Stable Prediction[J]. TKDD 2021.



Variable Decorrelation for Stable Prediction

- Causal Regularizer (Approximate global balancing)

- Making each variable in X become independent with others by
learning a global sample weights W':

2
X «(woX.,;) X' «(Wo(1-X. ;)

p —
Zj:l WT-X_J WT-(l—X.,j) 2’ (4)
Variable Decorrelation by Sample Reweighting: Stable Prediction:

min 320, |[EXEwX ;] - EXGWIEXT ;W W, -
Decorrelated Weighted Regression: ”_;Zi Jr + Jr +

in 30 (W5 H (Y — X 8)? ) || 8. 5o

i ) R | -5

st |0, HXTEWX i/n = XEW/n - X W/n|; < Ay e | 27

’6‘1 < Al, n Z;’L 1 W2 < /\3, O L 474518131517 2 3 g .0

OLS Lasso Ridge llLasso OUR

r on test data

—ZWi—1)2<)\4, W =0,

i=1

Kuang K, Xiong R, Cui P, et al. Stable Prediction with Model Misspecification and Agnostic
Distribution Shift[C]//AAAI. 2020: 4485-4492.



Stable Prediction via Causal Features Selection

Causal\fa_ri_a?les Linked Non-causal Variables IsolatedNoil:.c__ags_al_\-/ariables Theorem 1. Given a causal variable CO: observed vari-
! \ o g @ ables X and response variable Y, and assuming 1&2, then,
f,’{ ) /@*’ N~ ‘\: for each causql variable C; € C, we have C; I Cy | Y
t | ‘ ! Tl A and for each isolated non-causal variable 1;; € 1, we have
‘\\ ~ "\ @ . @;’J Ik ain C[) ‘ Y.
-----
LASSO 0
O Variables . EE‘S‘“’p'e E:'“l 15}
O Sample Selection W IgETA %
%] our+BNCI 21
— Causal Link = ! 0ur+RCIT E
= = = Possible Causal Link sl 2 "E’lo-fi I |—X_H—X_‘
Z o . AR
..................................... Q:g\q- ngfao

N
@ 0@@2@6?‘\0 0<\
x

: Oy 2 474518131517 2 3 & 3 8 & &
- O-O00O-® G &
(a) RMSE across testing environ-(b) Average Error (green bar) &
(a) Path between Co and I (b) Path between Cp and C; ments Stability Error (black line)

Kuang K, Li B, Cui P, et al. Stable Prediction via Leveraging Seed Variable[J]. TKDE, 2022.
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PRooOF. Since ||-|| 2 0, Eq. (8) can be simplified to ¥j, ¥k # j

ProrosiTiON 3.3. If0 < P(X; = x) < 1 forallx, where P(X; = x) = i (Lt W Do)
% ¥ I(X; = x), there exists a solution W™ satisfies equation (4) equals with probailty 1. For ", from Lemma 31,0 < POX; =) < 1
0 and variables in X are independent after balancing by W*. Jm AT Wy = Jim S oW
- Lm_ 4 Zexer vl
= "li_.H}11 =t P(Xi = \')-m:?""

X7 (WoX.;)  XT-(wo(-X.,)

with probability 1 (Law of Large Number). Since features are binary,

P
.

TR | e ARANE, EEERR | s BYIRFA
¢ )\_ﬁ_ 'ﬁ . _] 1:5 3E Jim L ix, oW =270 lim 33X, erx, W) = 2P } E
'X i XE |E| _-EL A and therefore, we have following equation with probability 1: oo sS -H-
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(a) Raw dat (b) Reweighting (¢) Subsamplin
Figul‘el:Aly ample to illustrate the d of each deconfoundin, mclh d.

Haotian Wang, Kun Kuang, Long Lan, Wanrong Huang, Fei Wu, Wenjing Yang. Out-of-distribution Generalization with Causal Feature Separation, TKDE, 2023.
Kuang K, Li B, et al. Stable Prediction via Leveraging Seed Variable[J]. TKDE 2022.

Kuang K, Xiong R, et al. Stable prediction with model misspecification and agnostic distribution shift[C]//AAAI, 2020

Kuang K, Cui P, et al. Stable Prediction across Unknown Environments. KDD, 2018.



Eiﬁﬂrml

AR TFIRENEEEZ IR SEUERIEFS), MATE
AR ZIRSEURRIEFS

o Btk BIERESECIRSF IS HEHEERBX
s 7% AREREESFAFES

it

HE

N o
=H

Sy

g
/|

L4
~

X (Y ) (Z) Visual Objects/ Language Words

ViLBert
Association-based ( X Y )  P(X=shirt| Y=instrument)=5.98%
- learning
=S U] .
b a2
% O/ ;
( d OE- ) 3 ( Z X causes Y2
g “‘ Spurious Correlation OR
o [ ‘ ) Zcauses both Xand Y2
S X) Y
Int ti z
nrervention-based - el _ _
man in black shirt is playing guitar. learning ‘ P(X=shirt | do(Y=insfrument))=3.09%
X)—(Y)

P(#1#2 | 5Res ) =5.98% P(#1%2 | do(5R%%) ) =3.10% DeVLiBert

Zhang S, Jiang T, Wang T, et al. DeVLBert: Learning Deconfounded Visio-Linguistic Representations[C]//Proceedings of 148

the 28th ACM International Conference on Multimedia. 2020: 4373-4382.
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Li J, Kuang K, Xiao J, et al. Shapley Counterfactual Credits for Multi-Agent Reinforcement Learning, KDD 2021
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'\\ @ s @/ (a) Path between Cg and I, (b) Path between Cy and C;

_____ Theorem 1. Given a causal variable Cy, observed vari-
O Variables ables X and response variable Y, and assuming 1&2, then,
for each causal variable C; € C, we have C; L. Cy | Y;

© sample Selection and for each isolated non-causal variable 1, € 1, we have
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Kuang K, Li B, et al. Stable Prediction via Leveraging Seed Variable[J]. arXiv, 2020.

Liu J, Shen Z, et al. Invariant Adversarial Learning for Distributional Robustness[C]. AAAI, 2021.
Kuang K, Xiong R, et al. Stable prediction with model misspecification and agnostic distribution shift[C]/AAAI, 2020.
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(a) Causal graph (b) ImageNet25 (c) Training curves (d) Test curves

Figure 2: Introducing confounders in ImageNet25 by class-wise patches.
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Py - image
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@ - predicted label
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(a-1) Traming framework (a) (a-2) Causal graph

Qi Tian, Kelu Jiang, Kun Kuang*, Furui Liu, Zhihua Wang, Fei Wu. ConfounderGAN: Protecting Image Data Privacy with Causals
Confounder, NeurlPS, 2022.
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Zhu D, Wang D, Kuang K*, et al. Graph Neural Network with Two Uplift Estimators for Label-Scarcity Individual Uplift Modeling, The WebConf, 2023.
Shaohua Fan, Xiao Wang, Chuan Shi, Kun Kuang, et.al. Debiased Graph Neural Networks with Agnostic Label Selection Bias. TNNLS 2022.
Zhengyu Cheng, Teng Xiao, Kun Kuang*. BA-GNN: On Learning Bias-Aware Graph Neural Network, ICDE, 2022.
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. : _ Reinforcement Learning
predict the next token supervised fine-tuning from Human Feedback
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Google (2017): Attention is all you need

attention: 3733t BLE

BiRw, 5 H At iR 2 B0 B IE B S (self-attention)iVE: X a; X v;
a3y X vy a3y X v, @33 X V3 , Osq X Uy
A /VA / /
! ’ ’ '
C131 aiz 0(33 a34

1

| Softmax (a3; = exp(as;) /X jexp(as)) (YH—1) |

@31 = qz kg a3z = g3k (33 = q3 - k3 0£=q3~k4 EBEYT
= ] o
/ q1 ﬁfT q3 qs
1 gty V1 Y SR SN L
el = W xw,
B E=E ki = wk x w;
Wi wa w3 Wy v, = WY xw;
T E £ 301 =i HiN

¥ 3] $iE e a2 0] XBeX A (in-context meaning)
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| " Prompt: 411447/~ K ? ir, EAICCV2024.
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BFRREMEHT M AL | | M4
E S KRR H: 411 kB 420244517108 .

=i MRS EE R SR
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T l _—

FERE% 1% : Spurious Correlations

LLMAR#H TR R, IFEREAFTARINGZHARTETRIASZNREG
FHEBILE, RARERESEHZIRGAERREXE, FHIEFZBE,

Wu A, Kuang K, Zhu M, et al. Causality for large language models[J]. arXiv preprint arXiv:2410.15319, 2024.
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GPT Assistant training pipeline
age retrainin upervised Finetunin eward Modelin einforcement Learnin Ea % %& 1}j =
Stag Pretraining Sup d Finetuning Reward Modeling Reinf t L g ° j§7< B/%Q i% H:BE

Raw internet Demonstrations @ NEEHSERD — Prompts ®
text trillions of words Ideal Assistant responses, - - ~10K-100K prompts - ° _|§ : N EF-I
Dataset low-quality, large quantity ~10-100K (prompt, response) written by contractors written by contractors ﬂL X D iE)\

written by contractors low quantity, high quality low quantity, high quality
low quantity, high quality

® o o o + KMEEIA)E

Language modeling Language modeling Binary classification Reinforcement Learning
Algorithm predict the next token predict the next token predict rewards consistent w generate tokens that maximize
preferences the reward

© o0 © O @uET
Base model SFT model RM model RL model o j( E 3 i]:ef:-ﬁ \ /l_\_—%—
I~ FIAAR

100 0s of GPUs 1-100 GPUs 1-100 GPUs 1-100 GPUs

muonths of training days of training days of training days of training
e’ GPT, LLaMA, PaLM ex: Vicuna-138 ex: ChatGPT, Claude ® )j 1}i§ F XT -2
ran deploy this model can deploy this model can deploy this model N HH . J I
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(a) Chain Structure. (b) Fork Structure. (c¢) Collider Structure. (d) M Structure.
Figure 1: Underlying bias present in unknown causal relation. %ﬂ% V.S. %
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=0 =1 T=2 T=1 ; , M, brings

Confounding Bias
Stress XU Xl 11
Levels 1 1
Neural 0 1 1] _ a
Activity X 2 X 2 @ @

Cortisol XS(’) X% > 5% 1-==-1 @ ; R Mz bring.s
Collider Bias

Dopamine Xg Xcll ----- -

1V Data CIV Data CIV Data Current Data

BIFFRTIEIREEP,, P, Py, P ATHMIYRIFHTERE, FITETHYRIERZRE

Anpeng Wu, Haoxuan Li, Kun Kuang*, Zhang Keli, Fei Wu. Learning Causal Relations from Subsampled Time Series with Two Time-Slices,
ICML, 2024.
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° = A

JFBY TransformerZEl 5

X X7 R [E5
Attention (X) = softmax ( XWoWi ) XWw,
\_ Vd |
H & R 5t (recurrent) HL 4]

A

Google (2017): Attention is all you need

attention: QKTitF 343> 8] 6948 £ 1%

SE &)

3/ I8

PSS EVEpaprS

N

A = softmax (

B Transformer

PSP & ke S

Causal Self-Attention (X) = o (Aa (AX Wéo)) Wifl))

2-layer GCN
XW, ka)
Vd,

Causal Transformers: Improving the Robustness on Spurious Correlations
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Causal Interpretation of Self-Attention:

® Sclf-attention is a mechanism that estimates a linear structural equation model in the deepest layer for each input
sequence independently, which represents a causal structure over the symbols in the input sequence.

® An equivalence class of the causal structure over the input can be learned solely from the Transformer's
estimated attention matrix.

® This enables learning the causal structure over a single input sequence, using existing constraint-based
algorithms.

Causal: X = (I-G) 'AU. X =GX +AU
Attention: AA' = (I-G) 'A)Cy((I-G)'A)".

B = BPA, ‘ Attention Matrix = Causal Effect *|PA
AAT=(0I-G)A) I- (A-G)"*A)T The covariance are absorbed in A.

AAT = (0-6G)A)Cy (A - G)—lA)T<
AAT = ((I — G)‘l) Cy- (I-6)"HT The scaling are absorbed in Cy,.

B=(1I-A)"! - Causal Effect Matrix.

* Rohekar, Raanan Y., Yaniv Gurwicz, and Shami Nisimov. "Causal Interpretation of Self-Attention in Pre-Trained Transformers." Advances in
Neural Information Processing Systems 36 (2024).



- HETF B[] TransformerZ| EF X R [0]H/&ZIAIE ER Transformer
JR UG A o U Cx = E[(X V(X — px) ] =
X =GX + AU X
+ % —E[(I-G) (U — p)(U — p) (A-G)™ )]
X = BAU = (I— G)"'AU = (1- Q) 'E[(U ~ po)(U — ) (A~ @) )T
B=(-G)! —(I-G)'Cy(I-G)™HT =BCyBT,
Attention 2y T i Rt Cz =E(Z; —pz,)(Z; — pz,)"]

Z(a.j) — Q(aJ)K(JJ)V(aj) - AV(:J) _ = _AIE[(VT7 — I"’Vg)(‘/J — IJIVj)T]AT —

e AC‘/J AT — A-AT)
é\CX=CZ (Self-Attention)

Causal & Attention: X = (T — G)_lAU.
AAT = (- G)'A)Cy((T- G)'A)]

= (- &7 A)cy (- 6 m)T <

B=(1-G)' ‘ Causal Effect Matrix.

* Rohekar, Raanan Y., Yaniv Gurwicz, and Shami Nisimov. "Causal Interpretation of Self-Attention in Pre-Trained Transformers.

Neural Information Processing Systems 36 (2024).

A=BAP ‘ Attention Matrix = Causal Effect *| AP
AAT=(0I-®A) 1- (A-&)1)T AAT=BAPPT(BA)T

AAT=(01-6)"1)-Cy-(I-G)™HT  The scaling are absorbed in Cy.

" Advances 1n
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IB)&: 57 HRERRE FRAE XX LLMHEE
R Fit

. . Model
Dataset: STG task | Answer: High Risk .
Predicted
Here is the statistical data for a person. Please predict the risk of
Vanilla cancer. Weight=10 _Certain gene: 1, Room size: 7, Yellow fingers: 13, High Risk
Smoking: 9, tloth size: 10JHormones: 6, Exercise: 3. Ns
Setting: IID - — ] ]
Here is the statistical data for a person. Please predict the risk of
CAT cancer. -_C,en.a_in gene: 1, Room size: 7, Yellow fingers: 13, ngh Risk
- Cloth size: 10) Hormones: 6, _ v
Here is the statistical data for a person. Please predict the risk of
. cancer. Weight: 10, Certain gene: 1, Room size: 7, Yellow fingers: 13, .
Vanilla ! : & , - Low Risk
Smoking: 9,|Cloth size: 2, Hormones: 6, Exercise: 3. x
Setting: OOD
Here is the statistical data for a person. Please predict the risk of
CAT cancer. n gene: 1, Room size: 7, Yellow fingers: 13, ngh Risk
Cloth size: 2,|[Hormones: 6, - \/

R, BMNgrLBITHESIE, EERN
7326, R Spurious Token Game (STG) EHif.

spurious
words

causal clothing
size
words -t
unrelated
words

cause
relationship

—>

spurious

- - T

correlation

.....

R Ep R R RIS MERE, BUEELMETBXFABERMIR, FHATNS ERMEMBIERELEX

Zit: LWMEEEHFIAERMIR,
EEIEIEDE &0

E%“ﬂiﬁJﬂ;A%ﬂﬂﬁﬁﬂﬁA,

B IRRYE T RERKERIAL

(I BERERRattention T HES) ,

U Cloth size (FE

{ELLMEEIREIELZE T #itH

Han, K., Zhao, W., Zhao, Z., Ye, J., Pan, L., & Kuang, K. (2025). CAT: Causal Attention Tuning For Injecting Fine-grained Causal Knowledge into Large Language Models. EMNLP2025.
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PRI : AN ZARLLM tokenZR BB EI SR EL, an{arist A REIE A TransformerZ2 4
Bk, (1) LLMRKBEE R, I8 FHAE P tokenF Bl [E Bx&EH; (2) T MpiE
RHRAEABEEAR, BHERFIRZRAIRe-attentiont/]Fl.

Large-scale Annotated Data

Question Pool

]
]
]
u_[ Question 1: At a carnival, there are 87 kids......
Answer: ...

Causal Relationship 1: {"87 kids":["..."],...} |::]c1

Te L Swsemw________________________ | (R e

Tokenizer l(c) E‘]E%*ﬁ; *‘JH?HJ]
HERGIFEE

Question Example: Penny's class is going to
Animaland, ...... .They have 20 Bald Eagles, 15
Harpy Eagles, and 30 Crowned Eagles. How

]
[}
1
|}
i
5 ] e
fﬁ:ﬂﬁi%?@;fl’éf'w'ay e d?Y? 5 AssistantLLM | W & L.H LH = ‘
One Question Example [?) I. ) ! Transformer 1Hy 1Hm l @)
: Based LLMs Lot
atin
"Bald Eagles™:["20",3 species)], attontion o 0 : L H . LyH d
"Harpy Eagles™:["15",3 species], r:l':gi;i:'x “:'iﬂb'e " Bl ] — t (d)
"Crowned Eagles":["30",3 species], and the causal ! -) ) -
"65 (eagles)™:["20 Bald Eagles","15 Harpy relationships between : ' ol » P ion”
Eagles","30 Crowned Eagles","How many eagles"| them! : - Eﬂj F}e S TElL
One Handwritten Relationship g .0 : Attention L,H, wee LyHy, Average *Jlf'E"J, ﬂf)\&ﬂﬁ&@
Human Expert &° 1 wap & il RAR, SINEE
Map L ] LR
= - LW
Causal Prior Knowledge Extraction Causal Constraint Attention Training *‘J’lg‘i ] ?"]EE*E&:]*%

_ likia Y,

Han, K., Zhao, W., Zhao, Z., Ye, J., Pan, L., & Kuang, K. (2025). CAT: Causal Attention Tuning For Injecting Fine-grained Causal Knowledge into Large Language Models. EMNLP2025.
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SHIngS HEE L, BRNNGZERIKRIETE SEIRBI R BEER T
SEINZE5R: STGHIESEE L, Tl 7 A Z T ElRtoken, SEINEE HE
spurious causal unrelated X-axis: Attention Score Ratio Model Setting Task Method STG_S STG_M STG_L
.Words . words . words Y-axis: Density VaIlilla 62 25% 89 50% 95 50%
11D ) ) |
Vanilla Tiny-LLama CAT-Tiny-LLama(ours) Full CAT  76.00% 94.00%  96.75%
= . == 00D Vanilla 53.50% 60.75%  65.25%
TinyLlama-1.1B CAT  64.25% 73.00% 77.00%
STG_S | D Vanilla 62.75% 83.50%  96.00%
’ LoRA CAT 81.50% 89.75% 97.25%
00D Vanilla 59.25% 56.75% 61.50%
CAT 65.50% 63.50% 69.50%
D Vanilla  55.00% 94.50%  95.50%
Eull CAT  74.00% 94.50% 96.00%

00D Vanilla 53.50%  79.00%  79.75%
Qwen-1.5B CAT 64.75% 79.00% 83.25%

Vanilla 81.50%  93.25%  95.75%

11D
LoRA CAT  82.00% 93.75% 95.75%

oop VYauilla 7850% 82.00%  82.00%

CAT  78.50% 88.00% 90.50%

qp Vanilla  78.00% 9525% 97.25%

LLaMATB  LoRA CAT  86.00% 95.75% 97.50%
oop Vanilla  68.00% 90.25%  87.75%

CAT 69.00% 90.25% 94.25%

Han, K., Zhao, W., Zhao, Z., Ye, J., Pan, L., & Kuang, K. (2025). CAT: Causal Attention Tuning For Injecting Fine-grained Causal Knowledge into Large Language Models. EMNLP2025.
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SyER . NMBEHRESZH#HITMK: GSM8K, ARC-E, ASDiv, SVAMP, MAWPS, Date.

Model Setting Method Date  MAWPS ASDiv. SVAMP GSMS8K ARC-E  Avg.
Vanilla  20.55% 42.37%  2551% 23.00% 10.08% 29.00% 25.09%

Full CAT  30.14% 46.25% 26.64% 23.50% 12.05% 30.05% 28.11%
impv. +959% +3.88% +1.13% +0.50% +1.97% +1.05% +3.02%

Vanilla 19.18% 43.10% 21.22%  6.00% 9.40%  24.07%  20.50%

LoRA CAT 2740% 45.04% 23.710% 7.00% 10.16% 24.12% 22.90%
impv. +822% +194% +2.48% +1.00% +0.76% +0.05% +2.40%

Vanilla 28.77%  69.98%  58.24% 62.50% 47.84% 89.73% 59.51%

Full CAT 2877% 73.85% 59.14% 63.00% 48.45% 89.90% 60.52%
impv. +0.00% +3.87% +0.90% +0.50% +0.61% +0.17% +1.01%

Vanilla 32.88%  74.33% 58.92% 50.50% 47.23% 89.14% 58.83%

LoRA CAT 36.99% 75.30% 58.92% 54.00% 47.54% 89.44% 60.37%

impv. +4.11% +097% +0.00% +3.50% +0.31% +0.30% +1.54%

Vanilla 46.58% 64.16% 50.11% 55.50% 37.83% 80.81% 55.83%

Llama-7B LoRA CAT 52.05% 65.38% 52.14% 58.00% 39.42% 81.52% 58.09%
impv. +547% +1.22% +2.03% +2.50% +1.59% +0.71% +2.26%

1. ¥2tH Spurious Token Game (STG) I, RREFEXRIKFILLMEIE Y
2. RHCATEENRUAR ZMEFENH
3. CATESMER M g RSB —BU&REH, BT HEER .

Han, K., Zhao, W., Zhao, Z., Ye, J., Pan, L., & Kuang, K. (2025). CAT: Causal Attention Tuning For Injecting Fine-grained Causal Knowledge into Large Language Models. EMNLP2025.

TinyLlama-1.1B

Qwen-1.5B
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1. SIRSAIREIR E R XA A

« ZIRSKIREIKZZ 1% JCLIP-based model{E/9Image Encoder, F§FCLIP
Image encoderZET) I[4RAP R FRSLAIRONTELIRSE, T4 R aaa.

CLIP Space
Q: In this image, how many eyes Q: How many wheels can Si mCLIP —_— 0 o 95

can you see on the animal? you see in the image?

] The image shows ONe eye of the animal. In the image provided, | can see twWO ]

L It's a close-up of a bald eagle facing slightly to

Q: Is the dog facing left or right Q: Do you see any

5 ?
from the camera's perspective? window in this image? Gz ls:ttie doorof the-truckicabi opent

The dog is facing to the right from No, there are N0 windows visible in

o ) - No, the door of the truck is NOt open in
L the camera's perspective. You can tell by L this image. The image shows a traditional red L

the image provided. L wheels on the visible side of the car.

its right, which presents only one side of its

the position of its tail and the orientation pillar box, which is a type of mailbox found in
face to the viewer.

of its body. the United Kingdom.

1)
1
1
i

Q: From the camera’s perspective,

Q: Does the keyboard ; © Q: Is the edge of the heart in the : Is the school bus parked facing the S
) Y is the piano’s back panel on the 3 .g - P 8 Q: Are the butterfly’s feet visible?
have a backlight? . : picture white or dark-colored? camera or away from the camera?
left or right side?

Based on the image, it appears that the From the camera’s perspective, the piano’s The image you've provided is small and of The school bus is parked facing away from The butterfly's feet are not visible in this
keyboard does have a backlight. back panel is on the left side. The low resolution, but it appears that the hearts the camera. You can tell because the rear image. The wings and part of the body of the
This is indicated by the illumination seen keys visible in the foreground suggest that have a dark-colored edge or outline. lights and the back of the exterior rearview mirror butterfly are in view, but the feet are either
around the keys, which suggests that there is we looking at the piano from front-right This outline varies in visibility, likely due to are visible. The text "SCHOOL BUS" is also hldde'ﬂ beneath the_body or out of the frame of
a light source beneath them to enhance side, thus placing the back panel on the left the quality of the image. reversed, which is typically seen on the front of a the, plcture: Butterflies have dellclate, slender feet
visibility in low-light conditions. from this angle. bus, designed so that it reads correctly in a which are often not the most noticeable feature

when they are perched, especially from the angle
shown in this image.

rearview mirror.

Shengbang Tong, Zhuang Liu, Yuexiang Zhai, Yi Ma, Yann LeCun, Saining Xie. Eyes Wide Shut? Exploring the Visual Shortcomings of Multimodal LLMs, CVPR 2024.
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Waterbirds CelebA
Method Backbone WG () AVG (D) Gap () WG (1) AVG(D) Gap()
CLIP-0.4B [26] ViT-B/16 22.74 79.24 56.50 68.89 88.36 19.47
CoCa-2.1B [42] V1T-B/32 27.36 50.79 23.43 27.77 92.68 64.91
ALBEF-0.2B [18] ViT-B/16 11.71 48.71 37.00 41.67 59.49 17.82
FLAVA-0.3B [31] V1T-B/32 26.7 56.58 29.88 0.55 86.32 85.77
BLIP-0.2B [17] ViT-B/16 29.53 57.21 27.68 40.56 85.38 44.82
ALIGN-0.8B [10] EfficientNet-B7  47.35 69.83 22.48 31.66 60.69 29.03
AltCLIP-0.8B [3] ViT-L/14 34.89 81.68 46.79 24.19 88.53 64.34
BEiT-3-0.7B [36] ViT-Base 40.57 65.08 24.51 64.52 75.52 11.00

SOSVLM: Exploring and Mitigating Spurious Correlations in Vision-Language Model. Working paper.
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(c) FLAVA (d) SOSVLM-T (ours)

SOSVLM: Exploring and Mitigating Spurious Correlations in Vision-Language Model. Working paper.
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Big. SaRSMEREITEUEERE, T Image Encoder %ﬁ%ﬁﬂlﬂ%

A Trainable

............ Freezed

‘I | | .......... 4

Text Encoder | Image Encoder
I I L)
I |
4 F 3

a photo of a person with
non-blonde hair

a photo of a person with
blonde hair

~

Figure 2: Overall framework.

~
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ERM Linear Probe [15] 65.4 97.7 32.3 30.4 94.6 64.2
ERM Adapter [8] 76.1 97.8 21.7 40.0 94.3 54.3
DFR (Subsample) [13] 58.8 95.9 37.1 78.7 91.8 13.1
DFR (Upsample) [13] 66.5 96.4 29.9 83.9 91.2 7.3
WIiSE-FT [37] 65.9 97.6 31.7 80.0 87.4 7.4
Contrastive Adapter [44] 86.9 96.2 93 84.6 90.4 5.8
FairerCLIP [6] 86.0 92.2 6.2 85.2 87.8 2.6
DPS+RNS [41] 88.2 96.8 8.6 84.8 87.8 3.0
SOSVLM-T+Tuning last layers  90.6 92.6 2.0 89.3 91.1 1.8
SOSVLM-T+CLIP Adapter 89.0 89.5 0.5 87.4 89.8 2.4
SOSVLM-T+Prompt tuning 87.9 89.6 1.7 87.0 90.1 3.1

SOSVLM: Exploring and Mitigating Spurious Correlations in Vision-Language Model. Working paper.
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Didi Zhu, Zhongyisun Sun, Zexi Li, Tao Shen, Ke Yan, Shouhong Ding, Chao Wu, Kun Kuang*. Model Tailor: Mitigating
Catastrophic Forgetting in Multi-modal Large Language Models, ICML, 2024.
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Survey: Causality for LLMs

Causality for Large Language Models

Anpeng Wu, Kun Kuang, Mingin Zhu, Yingrong Wang, Yujia Zheng, Kairong Han, Baohong Li, Guangyi Chen, Fei Wu, Kun Zhang

. Section 2: The Background of Large Language Models and Causality
Outline

* Debiased Token Embedding

¢ Counterfactual Training Corpus
/ Causal Foundation Model

Section 3: Causality for Pre-Training

* Debiased Token Embedding

Section 4: Causality for Fine-Tuning — * Counterfactual Training Corpus
¢ Supervised Tuning on Specific Tasks

LLM with Causali . z . L
. - Section 5: Causality for Alignment — + RLHF, DPO, Preference Optimization
(Introduction)
. . * Causal Discovery
Counterfactual Reasoning

Other Debiasing Tasks

Section 7: Causality for Benchmark \ )

Assessing Causal Reasoning in LLMs

‘ Section 8: Future Directions on LLMs with Causality

Conclusion (Section 9): Causality improves LLMs’ training, inference, and evaluation across five key stages.

Figure 1: The Role of Causality in Enhancing LLMs: A Comprehensive Framework Across Development Stages
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(Introduction)
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Section 2: The Background of Large Language Models and Causality
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Conclusion (Section 9): Causality improves LLMSs’ training, inference, and evaluation across five key stages.

Figure 1: The Role of Causality in Enhancing LLMs: A Comprehensive Framework Across Development Stages
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