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All forms are non-stable and forever changing



The way of change Is causality disguised as cause-and-
effect



Do trust a decision derived from correlation alone,
even If the data are distortion-free and noise-free



Simpson's Reversal & Paradox

Kidney Stone Treatment

Treatment A Treatment B

Small stones Group 1 Group 2
93% (81/87) 87% (234/270)

Large stones Group 3 Group 4
73% (192/263) 69% (55/80)
Both 78% (273/350) 83% (289/350)

Quiz: Which treatment is better?

https://en.wikipedia.org/wiki/Simpson%27s_paradox



Simpson's Reversal & Paradox

Heart disease drugs (fictitious data to make a point)

Treatment with Drug A Treatment with Drug B

Low blood pressure Group 1 Group 2
93% (81/87) 87% (234/270)

High blood pressure Group 3 Group 4
73% (192/263) 69% (55/80)
Both 78% (273/350) 83% (289/350)

Quiz: Which drug is better?



When you know the c2us2! diagram, you know which one is the right decision.



Paradoxes are treasures



Not all things can be seen and known

« Use causal Al to discover, and/or acknowledge the existence of unseen and unknown

Situation may reduce your ability (vision/IQ/EQ) temporarily

« Basketball & gorilla example

Mind is a choice maker
» Reaction often leads to a regrettable choice

* |nstinct is NOT Intuition

No learning comes without desire and persistence
« Desire ~= Reward

« 1M-10M episodes for RL to converge



Correlation whispers the presence of causation



Reichenbach's Common Cause Principle

If A correlates with B, then
 A->B
 OrA<-B

e Or A<-C->B, where Cis the common cause



Causality Brings

* A Deeper Truth: Beyond Mere Correlation

* Find (explainability & accountability)
* Reveal the ( amidst spurious correlation & Simpson's paradox)
* Uncover

* Proactive Change: Shaping, Not Just Adapting

* |t offers how to change/ specific outcomes (rather than
merely adapting to survive)

e A Holistic View: Oneness and Evolution
e See diverse data, tasks and domains as

* Naturally evolute to with ease (free of fear, and anxiety)



Causal Al As Structural Causal Models (SCM)

Observe (%1, %Xz, X;P(-'l,?*,g)
Whot X3 wowd hove hek

4’3:: 3;(74.7,%2*! = 42



Causal Al’s Key Research Questions

Forward question: Uncover the underlying (which
then estimates the future consequence of interventions, or
counterfactual effects in the past)

Reverse question: How to suggest (among infinite many)
in a changing environment, given resources or
budgets, to bring a desirable future outcome?



Estimate Causal Effects: Backdoor, Front Door And IV

THE BOOK OF WHY

DO-CALCULUS AT WORK

Genotype (Unobserved)
Q
Smoking Tar Cancer
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FIGURE 7.4. Derivation of the front-door
rules of do-calculus.

adjustme %
Justment formula from the

No back-door path

Back-door exists but unadjustable, but
front-door path and adjustable

Middle image from The Book of Why

Back-door exists but unadjustable and
front-door does not exist

Instrumental Variable (IV) exists

Strong IV available

Strong IV unavailable, but multiple
weak IVs available



Estimate Causal Effects: IV & 2SLS

To estimate the effect Y of the treatment X.

C unobservable (i.e. can not adjust or control C)

Strong IV Z observable

Stage 1: Regress each column of Xon Z, (X = Z4 + errors):
s = (227" x,

and save the predicted values:
X = 76 = X="rX.

In the second stage, the regression of interest is estimated as usual
values from the first stage:

Stage 2: Regress Y on the predicted values from the first stage:
Y = jfﬁ + noise,

which gives

Basts = (X" P, X) ' XTPY.

Two-stage least squares (2SLS)



https://en.wikipedia.org/wiki/Instrumental_variables_estimation

What if no IV (nor its candidates) available, and the
structure is unknown?

s it possible to uncover the unknown causal
mechanism? How?



Uncover Unknown Causal Mechanism

Is it even possible to uniquely recover what is unobservable
and unknown (i.e. Z), purely from some observation (i.e. X)?




Changes Make It Possible




Sufficient changes in n and z (via u), enable to recover unknown n
and z uniquely (a.k.a. identifiability in causal theory) |

£i —7 Z, 23 Zz:(3u+2) 2.+ 9;4,./12

Nk
ga



Identifying Weight-Variant Latent Causal Models

Yuhang Liu! Zhen Zhang' Dong Gong? Mingming Gong>® Biwei Huang* Anton van den Hengel !

Kun Zhang> Javen Qinfeng Shi !

Theorem 4.1. Suppose latent causal variables z and the
observed variable x follow the generative models defined
in Eq. (1)- Eq. (3), with parameters (f, A, 3). Assume the
following holds:

i N(ﬁi,l(u), Bz‘,2(11)), (D
i = AL (u)(z) + ng, 2)
x:=f(z)+e (3)

(i) The set {x € X|p-(x) = 0} has measure zero (i.e.,
has at the most countable number of elements), where
e Is the characteristic function of the density pc.

where (ii) The function f in Eq. (3) is bijective.

i Latent ) :': ' (iii) There exist 2n + 1 distinct points Up g, Un 1, -+, Un 2n
Noise [ 1y n, ﬂB _ ‘ny ) * each noise term n; is Gaussian distributed with mean such that the matrix
Variables : :' ! fi,1(u) and variance 3; 2(u); both ; ; and 3; 5 can be Lo = (M0 (Un1)—70(Un.0), -, M (Un.20)— 770 (Un0))
\ ' . . . . . ' ®)
ponlmear mappings. Moreover, t.he distribution of n; of size 2 X 2 is invertible.
, is modulated by the observed variable u. : : R
! | (iv) There exist k 4 1 distinct points Uz 0,05 1, ..., Ug k
Latent \ ! ) such that the matrix
Causal (2 ¥ z (7)) % * In Eq. (2), A;(u) denote the vector corresponding
' 2 4 /1 Lz = (0,(uz1) = 1, (Uz0), ..., Mu(uz,k) — 1, (uz0))

to the causal weights from z to z;, e.g. Aij(u) =
[A1,i(u), A i(a), ..., Ap s (u)], and each A; ; could be
a nonlinear mapplng.

®

of size k x k is invertible.

(v) The function class of A; j can be expressed by a Taylor
series: for each X; j, A; j(0) =0,

* In Eq. (3), f denote a nonlinear mapping, and ¢ is
independent noise with probability density function

pe(€).

then the true latent causal variables z are related to the
estimated latent causal variables Z by the following rela-
tionship: z = PZ + c, where P denotes the permutation
matrix with scaling, c denotes a constant vector.




IDENTIFIABLE LATENT POLYNOMIAL CAUSAL MOD-
ELS THROUGH THE LENS OF CHANGE
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n follows an exponential family given u, and assuming z and x are generated as follows:
1

Theorem 3.1 Suppose latent causal variables z and the observed variable x follow the causal gen-

— Ve s ti del inEq. 1-Eq. 4. A he following holds:
per.m (0fu) := l:[ 7.0 exp[; (Ty.;(na)ms.; (W)], (1) | erative models defined in Eq q ssume the following holds
4 = gi(pay, 1) + g @) (i) The set {x € X|p-(x) = 0} has measure zero (i.e., has at the most countable number of
; - ?EZI; _:_’E v 3) elements), where p. is the characteristic function of the density pe,
with (ii) The function f in Eq. 3 is bijective,
i\ 4, :AzT ) ® 3 ey ®® ’ 4 . e
Bi(zu) (v)lz, 20 Lf—z’] @ (iii) The random vector u ' takes up at least 2¢ + 1 distinct vectors denoted as ug,uy, ..., Uy
where such that the matrix

* in Eq. 1, Z;(u) denotes the normalizing constant, and T;,;(n;) denotes the sufficient statis-
tic for n;, whose the natural parameter 7; ;(u) depends on u. Here we focus on two-
parameter (e.g., j € {1, 2}) exponential family members, which include not only Gaussian,
but also inverse Gaussian, Gamma, inverse Gamma, and beta distributions.

L=n(u=u)-n(u=uw),..,n(a=u)—nu=mu)) (5)
of size 20 x 2{ is invertible. Here n(u) = [n; ;(u)]; ;,

(iv) The function class of \; ; can be expressed by a Taylor series: for each \; ;, \; j(u = 0) =
0,

* In Eq. 2, pa; denotes the set of parents of z;.

* InEq. 3, f denotes a nonlinear mapping, and £ is independent noise with probability density

function pe(g). : . . “ .
Pe(€) then the true latent causal variables z are related to the estimated latent causal variables Z, which

are learned by matching the true marginal data distribution p(x|u), by the following relationship:
z = PZ + c, where P denotes the permutation matrix with scaling, ¢ denotes a constant vector.

* In Eq. 4, where A;(u) = [A1,i(u), A2,:(u),...)], ® represents the Kronecker product with
all distinct entries, e.g., for 2-dimension case, 21 ®z2 = [2%, 23, 21 22).



Quiz

By now you may be familiar that under certain assumptions fa-
cilitated by u, the latent variable z; is identifiable. Given such
assumptions and the identifiability of z1, can you uniquely re-
cover zo given u and x? If yes, please explain why. If no, does
it matter for predicting x across different domains u, and also
explain why.




Disentangle contents from styles to improve generalisation




IDENTIFYING LATENT CAUSAL CONTENT FOR MULTI-
SOURCE DOMAIN ADAPTATION

Yuhang Liu!, Zhen Zhang', Dong Gong?, Mingming Gong®, Biwei Huang?,
Kun Zhang?®, Javen Qinfeng Shi!
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(c) Latent Covariate Shift

(a) Covariate Shift (b) Conditional Shift

Figure 1: The illustration of three different assumptions for MSDA. (a) Covariate Shift: pp(x) changes
across domains, while pp (y|x) is invariant across domains. (b) Conditional Shift: pp (y) is invariant, while
po(x|y) changes across domains. (c) Latent Covariate Shift: pp (z.) changes across domains while pp (y|z.)
is invariant across domains.

Table 1: Classification results and ablation study on PACS data.
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Creating new image-to-image pairings, or text-to-image pairings, can be
hard to control the quality

Creating new text-to-text pairings is easy, and the quality is almost self-
guaranteed. Why?



CLAP: Isolating Content from Style through
Contrastive Learning with Augmented Prompts

Yichao Cai, Yuhang Liu, Zhen Zhang, and Javen Qinfeng Shi

AIML, The University of Adelaide, Adelaide SA 5000, Australia
{yichao.cai,yuhang.1iu01,zhen.zhang02, javen.shi}@adelaide.edu.au

""a photo of a car"

"a photo of a dog"

"a photo of a chair"
‘ "\ >a 0

original

Zero-shot performance, avg. top-1 ace. (%) (1)
PACS VLCS Off.Home Dom.Net Overall

text

Prompt Method

; CLIP 957 764 798  57.8 774
(a) Image augmentation ZS(C) Im.Aug 965 795 770 515  76.1
CLAP 97.2 82.6 81.0 587  79.9

style change CLIP 952 820 795  57.0 784

ZS(CP) Im.Aug 96.3 829  75.8 50.7 764
CLAP 97.3 834 805 580 79.8

CLIP 96.1 82.4 82.5 57.7 79.7
ZS(PC) Im.Aug 96.5 83.0 78.6 51.6 77.4
CLAP 97.2 83.4 83.0 59.0 80.6

CLIP  90.8 68.3 71.5 51.0 70.4
ZS(NC) Im.Aug 94.8 73.1 67.5 44.0 69.9

- - - PR B Ry

image
augment.

gx

text CLAP 97.2 81.0 73.5 52.6 76.1
augment° A Table 3: Zero-shot results across threle distinct prompts: "C" for "[cla.;]h",A"(ﬁ’m

i 1 "a [class] in a photo", "PC" for "a photo of a [class|", and a dynamic prompt "NC" for
label i augmented M "[noise][class]" showcase that CLAP consistently outperforms CLIP’s zero-shot perfor-
R A O T o L - e ' % mance across all datasets, whereas image augmentation exhibits mixed outcomes.

(b) Text augmentation (c) CAM visualization examples
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Is It always possible to remove all correlations (i.e. getting a
complete causal graph/model)?

Would (remaining) correlation(s) in a partial causal model be
harmful?

m\/ Z\t/mt

No need to remove all
Figure 1. Illustration of the proposed latent partial causal model: ) ; ¢
The latent space is partitioned into (my, z.) and (m;, z;), where 60 rrelation. Partial causation
m, and m; represent modality-specific latent variables. An undi- b k
rected edge between z,, and z; is employed to model latent shared Can be O
patterns. The observations x (e.g., images) and t (e.g., text) are
generated by two distinct generative processes, g, (m,, z, ) and
g:(my, z. ), respectively.

Beyond DAGs: A Latent Partial Causal Model For Multimodal Learning



The Reverse Question

How to suggest (among infinite many)
in @ changing environment, given

resources or budgets, to bring a desirable future
outcome?

This differs from RL, even from causal RL. Both can help a bit, but are far
from enough.



If just adapt to the environment, reinforcement learning (RL) is sufficient

(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement learning

rollout data {(s:, a;,s].7)}

rollout(s)

F_--_

rollout data {(si.a;,s).7,)} {(si,a;,8],7:)}

| Sn r | S‘. ' I . |

“ @ § T

t_a | t_a |

rollout(s) rollout(s) I deployment

data collected oNCe == == = == = |
with any policy training phase

Offline Reinforcement Learning: Tutorial, Review,
and Perspectives on Open Problems

Sergey Levine''2, Aviral Kumar', George Tucker?, Justin Fu!
lyc Berkeley, 2Google Research, Brain Team



MDP And POMDP

Definition 2.1 (Markov decision process). The Markov decision process is defined as a tuple
M= (S,A,T,dy,r,v), where S is a set of states s € S, which may be either discrete or con-
tinuous (i.e., multi-dimensional vectors), A is a set of actions a € A, which similarly can be discrete
or continuous, 7" defines a conditional probability distribution of the form 7'(s;1|s;, a;) that de-
scribes the dynamics of the system," d defines the initial state distribution do(sp), 7 : S x A > R
defines a reward function, and -y € (0, 1] is a scalar discount factor.

We will use the fully-observed formalism in most of this article, though the definition for the partially
observed Markov decision process (POMDP) is also provided for completeness. The MDP definition
can be extended to the partially observed setting as follows:

Definition 2.2 (Partially observed Markov decision process). The partially observed Markov decision
process is defined as a tuple M = (S, A, O0,T,dy, E,r,7), where S, A, T, dy, r, and -y are defined
as before, O is a set of observations, where each observation is given by o € O, and E is an emission
function, which defines the distribution E'(0;|s;).




Expected Return

Expected return

Probability for a trajectory




Policy Gradient




Algorithm 1 On-policy policy gradient with Monte Carlo estimator

1:
2:
3:

4
5:
6:
7
8
9

initialize 0
for iteration k € [0,..., K] do
sample trajectories {7;} by running 7y, (a;|s;) > each 7; consists of s; 9, a;.0,- .., 7,3; 1
=N Tt o
compute ’Rm = Zt,:t Y T(Sz,t, az,t)
fit b(s;) to {Ri, t} > use constant by = + Y. Ri, t, or fit b(s;) to {Ri, ¢}
compute A(s; t,a;+) = Rit — b(st)
estimate Vg, J(mg, ) = ), , Vo, log mo, (i t|sit) A(Sit, @i
update parameters: 01 < 0 + aVy, J(7g, )

. end for




Q Learning (Bellman Equation)

vjcts B eSS e b,
) z JIC ,Q)S, PCS/S’&)<Y;§' *\(.VC§)>

&1((; 6) = % FC;’/; N, [_ YS?, e \( ax QWC S o )j
% 1 \{T<§‘) e 'z"th(s',‘\‘)Q\Kc s o)
¥
(sy= moax Z pesismr Lys) v Y-V ¢sH)
7.8



Algorithm 2 Generic Q-learning (includes FQI and DQN as special cases)

. initialize ¢y
. initialize mo(a|s) = eld(a) + (1 — €)d(a = argmax, Q4,(s,a)) > Use e-greedy exploration
. initialize replay buffer D = () as a ring buffer of fixed size
. initialize s ~ d(s)
. for iteration k € [0,..., K] do
for steps € [0,...,S — 1] do
a ~ 7m(als) > sample action from exploration policy
s’ ~ p(s'|s, a) > sample next state from MDP
D+ DU{(s,a,s’ r(s,a))} > append to buffer, purging old data if buffer too big
end for
Pr,0 < Pk
for gradientstep g € [0,...,G — 1] do
sample batch B C D > B = {(si,a;,s.,7¢)}

estimate error £(B, ¢k q) = >, (Qo, , — (Ti + 7y maxa Qg, (S, a")))2
update parameters: ¢ g1 < ¢p,g — Vg, E(B, Pk g)
end for
Pk+1 — Pk.G > update parameters
18: end for




O State —+ Action Value updating «---- planning sampled transition

T2 T2
J T1 71

(1) Q-learning (2) Policy gradient (3) MCTS (4) Highway graph

Figure 3: Types of value updating.
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Highway Graph to Accelerate Reinforcement Learning

Zidu Yin, Zhen Zhang, Dong Gong, Stefano V. Albrecht, Javen Q. Shi
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Environment Agent (Actor)

81

(1) Empirical State-transition

Graph )
J

ay;mTy

Observation (0); Trajectory (7) ) \Agent (Learner) -

Reward (r) o State —= Action Highway Value updating

Figure 4: Overall data flow of our highway graph RL method. The actor (on the left) sends the sampled
transitions by the behavior policy to the learner (on the right) which (1) constructs the empirical state-
transition graph with rewards (in Section 3.1); (2) converts the empirical state-transition graph to the
corresponding highway graph (Section 3.2); (3) updates the value of state-actions in the highway graph by
an improved value iteration algorithm and re-parameterize the highway graph to a neural network-based
agent as the new behavior policy (Section 3.3).

© State — Action Value updating = ---- planning sampled transition

T2 T 2
71 71

(1) O-learning (2) Policy gradient (4) Highway graph



If wish to proactively change, beyond

merely adapting to the environment context / state
° https://crl.causalai.net ~ < > B
. Agent | 2fon | Environment
0,G M
e

Both can help, but are not sufficient to Causal Graoh Structural Causal Model

answer the reverse question, which we are
working.
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Al’s Impact On Society: The Future Of Work?

Will Al and robotics replace jobs?

Humans are afraid of losing income (not jobs)

Why income is linked with jobs, in the past?

The Future of Life
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