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standard for recovering causal structure.

» Interventions may be impossible,

unethical, or impractical.
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CAUSAL LATENT VARIABLE MODEL

Independent Causal Mechanisms?

L
p(2) =p(z1,...,2) = [ [ pe(2: | pay)

=1

Interventions replace mechanisms pX12)

pzr(z) = [ Pe(z | pay) [ | pe(z | pay)

LeT ¢z

What makes the model causal is that it also
describes a family of interventional distributions

b dodods

Marginal observational distribution
We observe only x

p(x) = > p(x| 2)p(2)
zeZ 3
2Peters et al. Elements of Causal Inference: Foundations and Learning Algorithms. MIT Press, 2017.
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MULTI-DOMAIN DATA ASSUMPTIONS

A1: Invariant measurement model
> We observe datasets {D}ece. Only the latent distribution changes across domains:

> Deis a set of i.i.d. samples from a 2%~ p%(2),  x¥~p(X|Z=2%)
domain-specific distribution p¢(X)

P pe(x) =Y p(x|2)p*(2)

e=1: z~p'(2) D'~ p'(X)
z;‘ A2: Shared mechanisms?
oln 9‘9 i D) e Unintervened mechanisms are shared across domains.
p°(2) = T Pi(z | pay) [ pe(z | pay)
e—3: g‘g 2~ p3(2) D3 ~ pA(X) Leze Lgze
A3: Sparse Mechanism Shift'3
De — {xe,1 xe,Ne} 1)\91 pe(X) Each domain changes only a small subset of mecha-
T nisms:
|Z°| < L

X: survey responses  Z: values/opinions

e: geographic region
SPerry et al. Causal Discovery in Heterogeneous Environments under the Sparse Mechanism Shift Hypothesis. NeurlPS, 2022. 4
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SHIFT PRIOR: DETECTABILITY AND KL APPROXIMATION

p(Z = k) f(pPay)k+17 6°(pay )«
e-intervention-detectability

For each candidate shift (¢, e, pa,), either the mechanism is unchanged,

p°(Z; | pay) = p(Z: | pay),

6=1(0,0,0) 6=(1.0,0.5, - 0.5)

or the change is bounded away from zero:
KL(p(Z | pay) || p°(Z: | pay)) > e.
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In the additive Gaussian model, column m,
determines how Z, affects the mean of x.
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Measurement model symmetry Why this matters
For any permutation 7 € S, of latent » The causal graph is fixed to a complete
coordinates, DAG ordered

p(x|z,M, o) =p(x|z:,M,, o) Z <. <2,

» Inference over causal order happens
through which concept is encoded in

2 = (Zn(1), > Zn(1)) each latent coordinate.
M, = [mg Moy o Mo » Permuting columns of M permutes the
causal order of latent concepts.
In the additive Gaussian model, column m, The measurement model is symmetric; the
determines how Z; affects the mean of x. full model is not, because the priors over Z

break this symmetry.
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ABOUT WVS

World Values Survey

» Large-scale cross-national survey
measuring values, beliefs, and norms*.

> Covers topics such as democracy, religion,
gender equality, societal trust, work, and
economic security.

» We focus on wave 7, conducted from
2017-2022.

11

*Haerpfer et al. World Values Survey: Round Seven Country-Pooled Datafile Version 5.0. 2022.
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ABOUT WVS

World Values Survey CRL setup

» Large-scale cross-national survey > X: responses to survey questions.

measuring values, beliefs, and norms*.
» z: latent cultural values and

> Covers topics such as democracy, religion, demographic concepts.
gender equality, societal trust, work, and

. . > e: country / survey environment.
economic security.

» Direct interventions on values are

» We focus on wave 7, conducted from , i
infeasible, so country-level

2017-2022. . .
heterogeneity provides weak
supervision.

D =37 85,851 L=3, K=3
survey questions total responses discrete latent variables

*Haerpfer et al. World Values Survey: Round Seven Country-Pooled Datafile Version 5.0. 2022.



MEASUREMENT MODEL

X&)~ Np (mo +> mgzg’j,diag(o'z)>
| M|
0.25
0.20
2y I 0.15
0.10
Zy I 0.05

0
Values ‘ Jobs Work  Wellbeing Hardship Trust ‘ ‘ Politics Demographics
Neighbors Security Morality

Figure 1: Measurement matrix from latent variables to survey responses.

Z; — economic hardship, Z, — demographics, Zz ~ cultural conservatism
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CAUSAL GRAPH RECOVERY

Ordering of latent concepts Baseline Causal Influence

0.08
hardship < demographics =< cultural conservatism Hardship 007
0.06
Post-hoc edge strength o
q . .. o .05
Causal influence® measures the change in the joint “Z Demographics oot
o . . . @}

distribution when the direct influence of Z; on Z; is 0.3
removed. S o
‘onservatism 0.01

j— j—£

CI{J = D« (,0 (Z) ” pl (Z)), Hardship  Demographics Conservatism  ©

Parent

Pz | pa, \ z) = / p(ze | pa,)p(z;)dz;

Demographics

and p/*(Z) is the interventional distribution arising
from replacing p(z. | pa,) by P'~*(z. | pa, \ z).

Economic
Hardship

Cultural
Conservatism

14

SJanzing et al. Quantifying Causal Influences. The Annals of Statistics, 2013.
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9 A . 0.08
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0.06
Post-hoc edge strength = 005
Causal influence® measures the change in the 5 001
joint distribution when the direct influence of Z; on o
. 0.02
Z; is removed. Conservatism oo

=t . _ j—£ Hardship  Demographics Conservatism  ©

Clp ' DKL (p(Z) || p’ (Z)), Parent

Demographics

Pz | pa, \ z) = /p(a | pa,)p(z)dz;

and p/~“(2) is the interventional distribution aris-
ing from replacing p(z | pa,) by o'~ (z. | pa,\ z).
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Hardship

Cultural
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14
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CAUSAL GRAPH RECOVERY

Ordering of latent concepts Baseline Causal Influence
hardship < demographics =< cultural conservatism S ZET
0.06
Post-hoc edge strength
Causal influence® measures the change in the joint
distribution when the direct influence of Z; on Z; is 003

removed. Conservatism o

0.05

Demographics 0.04

Child

0.01

C|{;’e = Dy, (,O(Z) ” p’ -t (Z)) s Ty D

Parent
Pz | pa,\ z) = / p(z: | pa,)p(z)dz

Demographics

and p/7*(Z) is the interventional distribution arising
from replacing p(z. | pa,) by P~ (z. | pa, \ z).

We also can look at intervention indicators(Z),
direction(A), and relations per environment.

Economic
Hardship

Cultural
Conservatism

14

SJanzing et al. Quantifying Causal Influences. The Annals of Statistics, 2013.



POSTERIOR LANDSCAPE

Evidence across causal orderings Red points are latent-order permutations; blue paths
log BF(ﬂ’) = log p(X, \I/,r) — log p(X, \117(,) interpolate. The true ordering is the reference.
Total Log Bayes Factor
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Figure 2: Multimodality across permutations of the causal ordering. .5



POSTERIOR LANDSCAPE

log BF(7) = Alog p(Zr, ®,)+ Alogp(X, ¥, | Z,).

latent mechanisms measurement model
Measurement Model Contribution to Evidence Latent Mechanism Contribution to Evidence
o \\ ] \ i M
N - — 1000 il - N T 1000
\ 3000 / ‘ I ‘ I | ‘
5 -20<104 | 500 5 200l 1 ‘ \ ‘ ‘ } 500
: gaol | \ |
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Figure 3: Measurement model creates permutation modes; latent mechanisms distinguish among
them.
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Inference strategy

» The model admits closed-form conjugate
updates for most parameter blocks.

> The exception is (©, A); we exploit
Pélya—Gamma augmentation®.

SPolson et al. Bayesian inference for logistic models using Polya—Gamma latent variables. JASA, 2013. 17
"Del Moral et al. Sequential Monte Carlo Samplers. JRSS Series B, 2006.
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INFERENCE

Inference strategy

» The model admits closed-form conjugate
updates for most parameter blocks.

> The exception is (©, A); we exploit
Pélya—Gamma augmentation®.

» Standard MCMC chains can get trapped in
one causal-ordering mode.

» Tempering lets latent mechanisms guide
inference before the full likelihood
dominates.

Likelihood-tempered SMCS

Many weighted particles explore causal-ordering

modes in parallel”.

Pr (@, ®,Z | X) < p(®)p(¥)p(Z, X | @, @)/ Tk

coc=Tg>T1 > >Tx=1, &

=(©,7,A), ¥=(M,o?)

(®,w,2) ' pr (@, ¥,2)
w® «—1/8
for k = 1 to K do

Set weights w® o }Esl
[p(Z(S) X | ESON ] Te—1/T—,

Resample parncles using {w, ”}

(®,v,2) G|BBSUPDATE((<I> w,2)

end for
Return weighted particles at Ty = 1

» T)

SPolson et al. Bayesian inference for logistic models using Polya—Gamma latent variables. JASA, 2013.
"Del Moral et al. Sequential Monte Carlo Samplers. JRSS Series B, 2006.
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US SURVEY DATA: PREDICTWISE

PredictWise political opinion surveys CRL setup

» Collected from U.S. respondents between » X: political issue, party, and
2017-2022. vote-choice responses.

» 7.8k respondents; 75.5k item-level » z: latent political attitudes within
responses. each survey.

» Each survey covers one political topic pair, » e: region x urbanicity survey
with issue questions plus party/vote-choice environment.
questions.

» We analyze two surveys: Trade &
Regulation and Elites & Racism.

7.8k 12 L=2 K=5

respondents natural domains discrete latent variables

18



US SURVEY DATA: MOSTLY ONE-DIMENSIONAL

What the model finds

M| EP'Z[Z/]*EP[[ZA
1.00 Rural Midwest 03 Rural Midwest
Rural Northeast - Rural Northeast . .
Trade o Rural South 0.2 Rural South o5 » Most cross-environment vari-
.75 Rural West 01 Rural West
Suburban Midwest -1 Suburban Midwest i i
050 Suburban Northeast o Suburban Northeast RED ation CO”&pSGS onto a Slngle
il Suburban South Suburban South : . :
Regulation Suburban West —0.1 Suburban West Ieft_”ght aXlS.
. Urban Midwest Urban Midwest 0.25
-2> Urban Northeast 02 Urban Northeast o
Urban South ¢ Urban South inn-
General , P 03 IrbanlSoug , » Trade & Regulation: clear
Z, Z,

rural-urban gradient.
(a) Trade and Regulation
» Rural domains shift right, ur-

) 0.4 ; 1.00
0.8 Rural Midwest Rural Midwest : :
e Rural Northeast 0.3 Rural Northeast ban domaInS Shlft Ieft, SUbUf-
Elites o Rural South 0% Rural South 0.75 : P
06 Rural West gy el West ban domains lie in between.
0.5  Suburban Midwest 0.1  Suburban Midwest
Suburban Northeast 0 Suburban Northeast 0.50
0.4 Suburban South Suburban South : q q S
Racism 03 Suburban West ~01  Suburban West » Elites & Racism: similar gra-
%y &,

Urban Midwest
0.2 a8 02 Urban Northeas i i it

0.1 U.vl,m.sm.ntl ~03 Ul:h;\n‘SmlHll dient, with larger deviations
¢ B e oa e 0 in the rural South and urban

General

(b) Elites and Racism Northeast. 19



LLM INTERVENTION PIPELINE

We use the PredictWise survey design, but replace natural domain shifts with controlled

interventions on latent political topics.

(i) Demographic Data

PredictWis male, >54, married,...
Data

Detailed Profiles J

John Smith, Former Dental Technician ...

(iii)\LLl\/l

[Interventional Profiles} [Interventional Profiles [Interventional Profiles}

John Smith, Democrat, ... John Smith, Republican, ... John Smith, Pro-Immigration, ...

(iv) [ LLM
4 v
Survey Responses Survey Responses Survey Responses
X1:10, X2:25, X3:60, ... X1:10, X2:85, X3:55, ... X1:90, X2:85, X3:55, ...

Figure 5: Four-stage pipeline: sample demographics, expand profiles, apply interventions, then
generate survey responses. 20



LLM REFERENCE EFFECTS

ATE(d, £) = Ego(z, 5 10.5)[Xa] — Ego(z,»—0.5)[Xal,  Wr e = |T\ > ATE(d, 6).
deT
75
General
50
Regulation
2 25
&
a Trade Immigration Trade
3 0
,g e
C Immigration =25

—50
Poverty - [Regulation}"[Poverty}

Party Regulation Trade Immigration Poverty
Intervention

Reference effects computed directly from known LLM intervention pairs; the structure is nearly

block-lower-triangular, with strong party/regulation effects and weak trade effects. 2



LLM MEASUREMENT RECOVERY

Party

Regulation

Trade

Immigration

Poverty

.

%-

Z Zy Zy Zy Zs

35 Interpreting latents

5 The posterior mean M| recovers
the topic blocks used to generate

the synthetic survey.

Z; — Regulation(& Party)
Z> — Party

Z3 — Trade

Zy — Immigration(& Party)

Zs — Poverty e



LLM MEASUREMENT RECOVERY

75
General
|M| 50
Regulation
Party ) 25
35 B
= Trade
£ 0
Regulation 30, %
& Immigration —25
25 o
Poverty
Trade 0 overty
2 ~75
Party Regulation Trade Immigration Poverty
Intervention
15
Immigration q
o Z; — Regulation(& Party)
Z> — Party
5
Poverty [
Z3 — Trade
~0

Zy — Immigration(& Party)

Zs — Poverty -



LLM CAUSAL INFLUENCE RECOVERY

Baseline Causal Influence

Regulation
(& Party)
Party
T
rage
(& Party) |=—/ o=t
= Trade
|®)
Immigration

(& Party)

Regulation
(& Party) Poverty

Regulation  Party Trade Immigration Poverty
(& Party) (& Party)
Parent

» Largest recovered edge: Regulation — Poverty.
» Trade is nearly independent of the other issue dimensions.

» Party signal is split across recovered latents, so party edges are less isolated.

0.100

0.075

0.050

0.025
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LLM CAUSAL INFLUENCE RECOVERY

Baseline Causal Ir

Party
Regulation

(& Party)

Party
Immigration
(& Party) =
= Trade
) Regulatlorﬂ"’"’ﬁ”overt
Immigration

(& Party)

- 0.025
Regulation

(& Party)

'V

Poverty Poverty

Regulation  Party Trade Immigration Poverty
(& Party) (& Party)
Parent

» Largest recovered edge: Regulation — Poverty.
» Trade is nearly independent of the other issue dimensions.

» Party signal is split across recovered latents, so party edges are less isolated.
23



THANK YOU

Thank you

Questions?

o

z2~p'(2), D'~ p'(X)
2~ pA(2) D2~ p2(X)
2~ p%(2) D~ p(X)

B,12,)
i J0gBCD_EGY
L % M
yzB i -’FAK
T LN &

o Erea
Lo imz —
P vs HL ZHE
?ﬂ ¥ @ m’w [Exen
V@ < B B zco

S @rHA 0T
,@; SWN Ayex tpm‘mc A
' VEN
% Ambeo
A G%)KG &l
é‘; \pREHL Qe

QCZE

s

%N ﬂj
SA . .
Q, Rrr i African-Islamic

@ N@ (Lsut'in a
AN rthodox
%D I‘*‘ZL © Western

—mEp |z

FBR

0 05 0.0 05
Economic Hardship

00

Cultural Conservatism
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APPENDIX: KL SHIFT PRIOR

Finite-sample lower bound For testing
Ho : p = po versus Hy : p = ps with N, samples,
Po(T) +ps(1=T)<n

2(1 —n)?
No

A detectable intervention therefore needs KL

= KL(pollps) >

signal bounded away from zero.
Local KL expansion

KL (softmax(8)||softmax(8 + 8)) ~ 38 Hed,

Hy = diag(p)—pp ", p = softmax(8).

Fixed Hessian for tractability

If the truncation depends on 6, its normalizing
constant also depends on 6, breaking conjugate

updates.
Ho = 1? (I— 1?11T) ,

6=10,0,0) 6=(10,05 -0.5) 0=(0.3,0)

16T Hod > ¢,

]
Po,

— Dutle) - JoTH 1070

The approximation is best near & = 0 and degrades

for highly concentrated categorical distributions.



APPENDIX: ENVIRONMENT-SPECIFIC CAUSAL INFLUENCE

Economic Hardship — Demographics

mA
B i
EN = i
")A.

Economic Hardshlp —> Cultural Conservatism

— A ]
@ NLlj . B m VEN eWNG
% %E; P ® RE |
) (€] = A A my KA; MAR

Demogra thS — Cultural Conservatlsm
o L? & NEIA\I 2 .

APRI

YP
8 . o Q f.-:..

- . | ) . ~ v STVIN
_Bpce a4 B A ah A ae © eSGP GRG.
0.0 0.1 0.2 0.3

— — - Baseline Causal Influence
Baseline Cl is only one view. Country-level variation.
Environment-specific interventions may The overall pattern is similar, but Ziua — Zeons

strengthen or weaken the dependencies among and Ziemo — Zeons Vary substantially across
latent concepts. countries, while Zyua — Ziemo Stays small.



APPENDIX: LABEL SWITCHING

Sign-flip symmetry
Foranys € {—1,1}},
/ /
Z =50z, M:[mo simy .- sLmL].
This leaves the full posterior representation
unchanged.
Not causal-order ambiguity

Permutation modes correspond to different causal
orderings; sign flips are nuisance label switching.

Per-sample sign alignment

d; =a ax | M, S¢ = sign(Mg-
h rggé[g]\ el ¢ = sign(Ma; ¢)
Zé = S¢Zyp.
With ground truth
Sy = sign(M;;,g)sign(Mdzﬁg), Z(lg = S¢Zy.

All metrics and graphs use the aligned 2’
rather than raw z.



APPENDIX: WVS INTERVENTION INDICATORS

Demographics
Conservatism I D

Ef|Allx L] J—

Intervention presence Intervention magnitude

The posterior mean intervention matrix Z gives
IE[HA;?HKJ = Epagmpe[DKL(p(ZZ | pae)||pe(ZZ ‘ Paz)”-
Pr(Z =11|D),
Many active interventions are small, so
the probability that latent mechanism Z; is effective sparsity is stronger than Z alone

perturbed in country e. suggests.



APPENDIX: WVS INTERVENTION DIRECTIONS

e
650115 (Zha.rd’ Zdemo)

“ BODEGY hd
=
#D &
0 LBY;
o () m BVVR BEU 3 J o EEGY
I e LB% Joamat % % s
) o . @JPN e LRQ
g oNIR L%
P oo e M w woy 17g T g R
N eousa B Lon HH" £ ¢ TUN
CAN ® A BRA * NEA
Ba
Zyara = — 1 Zyara = 0 Zyara = 1
African-Islamic @  Asia A Latin @  Orthodox ©  Western

Mechanism-level perturbations

For each country and parent configuration,

88 s (Znard> Zsemo) describes how

PE(Zeons | Zhard, Zaemo) Shifts relative to baseline.

Interpretation

Many Western countries show a consistent downward
shift in conservatism across parent states; countries
such as Taiwan show more heterogeneous direction

and magnitude.



APPENDIX: SMCS PSEUDOCODE

pr. (2, 9,Z | X) x p(®)p(L)p(Z,X | &, ®)/ Tk, co=To> > T =1.

Sequential Monte Carlo Sampler with Likelihood Tempering

Require: Temperatures {Ty,..., Tk}, particles S, and tempered invariant kernels GiIBBSUPDATE
1: (®,%,2)9 % pr (@, % 2) for all s € [S]

2: w{® «1/Sforalls € [S]

3: fork =1to K do

4 Set weights Wks) o w£5)1 [p(Z(S),X | @), \Il(s))]vTrWqu > Reweight
5. {(®, ¥ 2)k WS - RESAMPLE({(@ v,2)\ WS ) > Resample
6: (@,%,2)! « GieesUPDATE((®, ¥,2)!, T)) > Mutate
7: end for

8: return {((®, ¥,2)!Y, w)S |




APPENDIX: SMCS DETAILS

Reweighting Mutation
L1 After resampling, each particle is moved with
~(8) _ . (8) Z(9) | (s X126 w)y| Tk Tk—1 ’
Wi = Wk [p( | )X )] Gibbs updates that leave pr, (®, ¥, Z | X)
e invariant.
w® - Wk
s wn Posterior approximation
Resamplin
P p(®, ¥, Z° | X%) ~ Z W 25)"
ESSy = resample if ESSi < 7. ‘@,

S (W
We use 7 = 0.5 and stratified resampling. The final particle population represents
uncertainty over latent assignments,

mechanisms, measurement parameters, and

causal ordering modes.
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