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Reinforcement Learning
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Reinforcement Learning in trial-and-error cost sensitive applicaitons
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World Model in Reinforcement Learning
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The Role of World Model in Reinforcement Learning
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The Role of World Model in Reinforcement Learning
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The Role of World Model in Reinforcement Learning
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The Role of World Model in Reinforcement Learning
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The Role of World Model in Reinforcement Learning
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IRIZAEA P agv9 FF a5 . world model E AR
Disentangled Transition Model:

Controllable Uncontrollable Py (s 18y, ai-1)

r ' p?’z(‘g?rl S:—l)
Reward- Spegch,;aos@on, Sm;lgrimng Dy, (597 | S¢_1, Gr-1)
and direction vehicles aF
Relevant Py, (577 | 8¢-1)

f N
Reward- Music and [ Remote ]

Irrelevant | air conditioner scenery
. 7

Disentangled Representation Model:
9, (57" | 02, 515 A1)
44, (s{" | 01, 57_))
q s, (S?? | 04, S¢-1,as-1)
9, ({7 | 01, 8t-1)

F 2R 35 0 K A R 19 AP Bk 32 ey B R B AEREE L AR EA
FREM G EE X R

Type 1: s¢" has an incident edge from a;_;, and there is a directed path from s¢" to r;.
Type 2: s% has no incident edge from a,_, and there is a directed path from s% to r,.
Type 3: s% has an incident edge from a;,_;, and there is no directed path from s to r,.
Type 4: s% has no incident edge from a,_1, and there is no directed path from s to r,.
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IFactor: World Models with Identifiable Factorization

Disentangled Transition Model:
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and direction vehicles aF
Relevant Py, (577 | 8¢-1)

Disentangled Representation Model:
9, (57" | 02, 515 A1)
44, (s{" | 01, 57_))
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ZHMEAAR: Jo=Inpy(oIs) Jg=npe(r|s7)

— t t t t t i ‘ ]
J1otAL = E% [Z (JO + JR + JD + JRS + JAS)] T ) Fe HE BT I =—P1- KL(q¢l||pyl) - B KL(q¢.2||p72) —Bs - KL(q¢3||p,,3) —Ba - KL(q¢4IIpy4)
— &%
(B Trs = A1 {1, (Rs; 87, a0-1.4,88(s_)) — L, (Rs; 8T, ay_1.4,S8(sT_ )}

Z
i ‘ﬁ )fb J’\ a% t o _ . . od _ . ol
S Tas = A2 - Loy (@r-1; 57, 88(St-1)) — Lo, (ar-1; 57, S€(St-1))}.
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Figure 6: Policy optimization on variants of DMC with various distractors.
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The Role of World Model in Reinforcement Learning
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Spurious variableZ} "2 & Z LA /1 :  a 2D-car example

 — i |
[ o L]
®
L )

I;I I;I e
éo‘ t—1 t t+1

Fig. 4: The visualization of the example. The red dotted ar-
row presents that (vy); is a spurious variable for (py);+1.

Fig. 11: The visualization of the state and the causal structure

for the Car Driving benchmark. Left: the Toy Car Driving. Example: As shown in Figure il when the velocity v
The goal of the agent is to arrive at the star-shape destination. maintains stationary due to an imperfect sample policy. (vy);
Right: The ground truth of the causal structure in Toy Car and (vy), have strong relatedness that (v,)7 + (vy); = v and
Driving. The state is vector-based and its value is continuous. one can represent the other. Since we design that (py)1 —

(Py)e = (Vy)is (vx)r and (py)i1 — (py); also have strong related-

The state includes the direction d, the velocity v, the velocity ness, which leads to that (v,), becomes a spurious variable Oﬂ

on the x-axis vy, the velocity on the y-axis vy, and|the position (Py)ie1 given (py),. despite that (vy), is not the causal parent

(Px. Py)- The action is the steering angle a.

Iy L

NANJING UNIVERSITY Learning And Mining from DatA

of y;+1. By contrast, when the data is uniformly sampled with
various velocities, this spuriousness will not exist.




Spurious variable®; @2 & iz ALAE 77« FE AT

Theorem 2 (RL Spurious Theorem). Given an MDP with Theorem [2| shows the relation between the policy evalu-
the state dimension ng and the action dimension n,, a data- ation error bound and the spurious variable density, which
collecting policy np, let M* denote the true transition model, indicates that:

M, denote the learned model that M; predicts the i™ dimen- « When we use a non-causal model that all the spuri-
sion with spurious variable sets spu; and causal variables ous variables are input, R;p, reaches its maximum value
cau;, i.e., §r+1,i — M;((Squ) © Weanuspu;)- Let V;:’fﬂ denote Rspu < 1. By contrast, in the optimal causal structure,

the policy value of the policy n in model My and correspond- Rspu reaches its minimum value of 0.

. . : : : » The density of spurious variables Rj,, and the correla-
ingly V;:’F . For an arbitrary bounded divergence policy r, i.e. , 1S SR , B ‘
tion strength of spurious variables A, both influence

. . < ’ ) ICy €V - . . .
maxs Dgp(n(1S), mp(1S)) < &, we have the policy evalua the policy evaluation error bound. However, if we ex-

tion error bound: clude all the spurious variables, i.e., Ry, = 0, the corre-

lation strength of spurious variables will have no effect.
INIR .

R
VMH_VM ] e e max s Ec
Ve gl . - 7P Vér +2(1 P [nse+
(1 + Vmax) Amaxns(ns + ng)Rep, ] (6)

e t+1E TN TE=FZ D
s spuh———— TtEANTRREE

ns(ng + ng)’

4

Rspu =

which represents the spurious variable density, that is, the
ratio of spurious variables in all input variables.

i1 % K 5
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FOCUS: oFfline mOdel-based reinforcement learning with CaUsal Structured World Models

Causal Structure Learning RL Algorithm Learning
Learn the causal structure from given offline data Learning algorithm with fix structure

Train
. Parameters Simulated
H Data
Choose ] Causal
Offline Threshold Model

Data
— p Value ﬁ
Matrix Policy

\ o Causal Structure

Fig. 1: The architecture of FOCUS. Given offline data, FOCUS learns a p value matrix by KCI test and then gets the causal
structure by choosing a p threshold. After combining the learned causal structure with the neural network, FOCUS learns the
policy through an offline MBRL algorithm.

/ _ _ @\ Algorithm 2 Causal Structure Network Mcaysai(+)
/] / Input: state s, € R™,
o L ] o action a, € R,
@ ® © @ causal structure mask matrix G € {0, 1}
@— @— @\ @\ Make M;(-;6;) as the copy of the basic model M(-;6),
wherei=1,---,n;.
= L o &) & for i = 1 to 1, do
= & &) &) Let G.; denote the i column of G

.................

of 3 SN G Get the masked input X = (s;,a,) o G;
= == . . . s . &
[ @._ .. H Basic Situations H O D Dasked 1oy (sr.a,) ol
: 1 ; / : Get prediction ¥ = M;(X; 6;) e R™
1 s asassasasassssa. ¢ -th ~
1 5 2 3 r 1 .
i @ II{ otk femean ] @ : Let Y; denote the i"* element of Y
- 1 : J! Situations | i Situations i: ; H end for
P LU e QR e S B
4
E [ ) Fig. 3: The basic, impossible and compound situations of the causation between target variables and condition variables. In AL AN
/ 'd the basic situations, Top Line: (a)-(d) list the situations that the condition variable X* is in the 7 time step. Bottom Line: Return Y = (Yl)iél C

NANJING U Similarly, (e)-(h) list the situations that the condition variable XFisinther+ 1 time step. miﬂaaﬂﬁ"lﬂingmlm




Experiment
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Fig. 6: Comparison of Causal World Models and Plain World Models to validate the spurious theorem. We evaluate the model
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Fig. 7: Comparison of Causal World Models and Plain World Models to validate the RL spurious theorem. We evaluate the
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Table 1: The results on causal structure learning of our model and the baselines. Both the accuracy and the variance are calcu-
lated by five times experiments. FOCUS (-KCI) represents FOCUS with a linear independence test. FOCUS (-CONDITION)
represents FOCUS with choosing all other variables as conditional variables.

INDEX FOCUS LNCM FOCUS(-kc1) FOCUS(-CONDITION)

ACCURACY 0.993 0.52 0.62 0.65

ROBUSTNESS 0.001 0.025 0.173 0.212

EFFICIENCY(SAMPLES) 1x10° 1x 107 1x10° 1x10°®

ENV | CAR DRIVING ‘ MUJOCO(INVERTED PENDULUM)
| RANDOM MEDIUM REPLAY \ RANDOM MEDIUM REPLAY

FOCUS | 68.1 +£20.9 -580+41.3 86.2+18.2 ‘ 235+179 249%+14.1 49.2+19.0
MOPO | =303+499 -50.1+£342 46.2x28.1 \ 85+6.2 2.5+£0.08 43477
LNCM | 9.9+42.5 —5.4 +32.5 11.4£24.0 ‘ 13.3+£09 3.1+£07 16.3+£6.4
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The Role of World Model in Reinforcement Learning
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L} ] -~
Caused by selection However, when querying
bias, in the offline with counterfactual
dataset, with larger actions, SL will give totally
action, the y’ is smaller. opposite predictions.
y ~Ny+a) /
5 \ -~ real
y (4,61)a=0.13 (6,62 S)a =0 e 80 g,
] | B' , = 70 - GALILEO /
target line @ \ 1 60 - SL /
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15l 2 35 SRR AL g 25k s R

Caused by selection However, when querying
bias, in the offline with counterfactual
dataset, with larger /| actions, SL will give totally

action, the y’ is smaller. | / | opposite predictions.

| Y ~NOy+a)
ae 5) === real
1Y (@,61)a=0.13  (6,62.5)a=0 9 \ B,
Y | _\? \ = 70 b -+ GALILEO
target line © s\ v 60 ke SL
£ 3,57 a=04 2 50 & N
: (5, 62.3) w > : "-\* ot Do S L . > . N
i (2.45)a=1.17 a=0.02 f>}'<$ 40 QC) 3 = . § ﬁéﬁéy éﬁ % ’%‘ i/g % Wﬂijﬁ
=¥ ' >39 "o~ real - S N A A
{ ; - - AWRM-oracle g -4 \\ ﬁﬂj— ’ #%ﬂé:\/ﬁﬁ ‘éJ ﬂ;fﬁ'ﬁﬁ }ﬂ
(1,10)a=3.5 © —— GALILEO = B S SIS N
I : 9 10 Fe X © =6 \(‘ ﬁﬁcl? 7 i\ '7?? imu :ﬁ:\' /}HIJ
Q r=x+ 1 g 0 2 4 =2 -1.0-05 0 All models can make
| i action variation of| good predictions in the
 (a) aselection bias example (b) prediction in training (c) respon| offline data.
according to z; /= z; + 1 and y;; ~ N(y; + a;,2). Here, a, is chosen by a control policy
at ~ Py(aly )~ N((¢—yt)/15,0.05) parameterized by ¢, which tries to keep the ball near the line
y = ¢. In Prg. 1(a), the behavior policy u is Fgo 5. Fig. 1(b) shows the collected training data and
causal the learp€d models’ prediction of the next position of y. Besides, the dataset superfacially presents
- : the pefation that the corresponding next y will be smaller with a larger action. However, the truth
relationship igfot because the larger a, causes a smaller ¥, 1, but the policy selects a small a; when y, is close

to the target line. Mistakenly exploiting the ‘“‘association” will lead to local optima with serious
factual errors, e.g., believed that y; ., Pq; 1(yt|a) + a; « ¢ — 14a;, where qu_l is the inverse
function of Py. When we estimate the response curves by fixing y; and reassigning action a; with
’ ’ Y other actions a; + Aa, where Aa € [—1, 1] is a variation of action value, we found that the model
for example, if T(s’|s,a) = f(s) + g(a), of SL indeed exploit the association and give opposite responses, while in AWRM and its practical
then, it can also be predicted by /(7 ' (¢ ) + g(a) implementation GALILEO, the predictions are closer to the ground truths (y;41 < y; + a;). The
result is in Fig. 1(c), where the darker a region is, the more samples are fallen in. AWRM injects
S = data collected by adversarial policies for model learning to eliminate the unidentifiability between
5 dj o 7 ’/_f Y1 X Pgl(yﬂa) + at and y¢+1 X Yyt + aq in offline data.
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fRAx 7% 2 N wm ML SR E LR K& ML (Adversarial
Weighted empirical risk minimization)

ppAes Mo MNE e [-logT(s]s, a)]

St A E A A LR IR min max L(pg"*’ T) = min max ]Es,a,s’~p‘;,r [C()(S, alpﬂ*)ZT(Ss a, S,)]a

- TeT pell TeT pell
M e g Mk P (s
s, alh) = o
| Algorithm 2 AWRM with Oracle Counterfactual Datasets |
| |

i I“P“t_ . . The idea of AWRM: Iteratively construct an
| ®: policy space; N: total iterations [adversarial policy that hinders the model’s prediction,
| Process: then update the model under this policy’s distribution.

Select Dy, with worst prediction errors through Mjy from {Dx, }
5: To Wit Stand: iSed Tearning based on Dy,
6: end for

A
MW

I: Generate counterfactual datasets {Wzﬁ policies 7y, ¢ € @ :
2: Initialize an environment model My |
3: fori=1:Ndo i
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|
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fRAx 7% 2 N wm ML SR E LR K& ML (Adversarial
Weighted empirical risk minimization)

3 ’
ppAes Mo MNE e [-logT(s]s, a)]

AWRM-oracle
s GALILEQ
- SL

al & et A A
N~ 2 N & N 2
th & o & o o

St A E A A LR IR min max L(pg"* ’ T) = min max ]Es,a,s’~p‘;,r [&)(S, alpﬂ*)fT(Sa a, S,)]

mean square error (MSE) in the dataset
.
o

= TeT pell TeT pell | |
M e g R o Ml Ml
If;* (S,a) adversanal p‘olwc‘y.'s' ;Ja."'arr.'l.e‘ler‘q;a of 1.hé crour;lérlz'acm‘éx"datasel
(l)(S ’ alﬂg*) = m Figure 2: An illustration of the prediction
! e ! error in counterfactual datasets. The error
| Algorithm 2 AWRM with Oracle Counterfactual Datasets | of SL is:small only m: traming data. (¢ =
| | 62.5) but becomes much larger in the dataset
| T ¢ - - “far away from” the training data. AWRM-
| Inpu : ) . The idea of AWRM: Iteratively construct an oracle selects the oracle worst counterfactual
| ®: policy space; N: total iterations |adversarial policy that hinders the model’s prediction, | dataset for training for each iteration (pseu-
| Process: then update the model under this policy’s distribution. | docode is in Alg. 2) which reaches small
— MSE in all datasets and gives correct re-
I: Generate counterfactual datasets {Dx, } for all adversarial policies 74, ¢ € ® sponse curves (Fig. 1(c)). GALILEO approx-
2: Initialize an environment model My ity tieopmal sy rsanal counteriactugl
3 data distribution based on the training data

Select Dy, with worst prediction errors through My from {Dx ¢} is a bit larger than SL in the training data, in
; - : the counterfactual datasets, the MSE is on
the same scale as AWRM-oracle.

1y W1 ¢ IS 1 S I

6: end for

!
I
. |
: fori=1:Ndo | and model. Although the MSE of GALILEO
|
I
|
I
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R R NIER ML S E eI X&) 4L (Adversarial
Weighted empirical risk minimization)

pp kR M DBy, [-logT(s]s, )]

.. (s.0)
. . _ . / —_ T*
;(ﬁrb% J h 42 B 1}16171} I?Eanx L(pi* , 1) = rTn€1}1 I?e%x ]Es,a,s,Np;* [w(s, alpﬂ*)fT(s, a,s)], w(s, aboﬁ*) 7 (5a)

N6 g M

g KRR 3T K= N B R #4717 4%,
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(R AER)
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fRAx 7% 2 N wm ML SR E LR K& ML (Adversarial
Weighted empirical risk minimization)

- 1 o e 4
AT A min max L(gy.,T) = i Ey gy [W(s, aldh)r (s, a, 5],
NS - QAN

) = A (5.0)
a)(S,a T*) - p};’*(s’a)

Algorithm 2 AWRM with Oracle Counterfactual Datasets !
|

T WiTIT Stand: iS INg based o1

6: end for

I

i

|

| Input: The idea of AWRM: Iteratively construct an

| ®: policy space; /V: total iterations |adversarial policy that hinders the model’s prediction,

| Process: then update the model under this policy’s distribution.

: I: Generate counterfactual datasets {Dx, } for all ady fial policies 7y, € @ :

i 2: Initialize an environment model A/M i B |

, _3: fori=1:Ndo | BB RBKE R,
1| 4 Select Dy, with worst prediction errors through My from tD, ¢>} —_ 1 T B R AIF T IR
I ¢ ¢ |

| |
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fRAx 7% 2 N wm ML SR E LR K& ML (Adversarial
Weighted empirical risk minimization)

7, (s.0)
. . _ . Vi e T*
s Empzk  TIDMAX L., T) = AR By gs~pt, [0S, ald).er (s, a, 5], w(s, aldh.,) = AT
A% g
. —1 , pi{ﬂ't (.’E, a, :E,) pi{f-’t (:B, a’)
Oy = mnEyy, [ﬂ el (f (p;;* wao)) I\ Ga) 22D )]
~ o - s stochasticit
discr(?}r)ancy dcnsity—ra‘.‘:iu baseline Y
W(m;.,z’)

(3) update the dynamics model

adversarial

e reweighting W

Dynamics model
Mg

rollout with the behavior policy i

Discriminator
D‘FH ! DQ’-':

1. R H A “BRAFHRERERKR” 699

2. ARG FIS#TEAS]) ) 1# Hdiscriminator L&t T &AL
ST, BATRAAE RG> f L E R GRIES T £ 7K
&, X Fdiscriminator® M aA £ 569 E

Generated |«
data pf,,

} | | I
| )

(2) update discriminators (1) data generation

7 ’L Figure 3: Illustration of the GALILEO workflow. |}
KA A T e -
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GALILEO - 18 o | i A
35 |- SL e "os A f B Tars Y T
i E \ i
L 30 PW b B ”"“"L;:ﬂ;; T 2.50
&) p5 -+~ SCIGAN M AAA 14 T e m i e 225 WM\
2 " - :
E - 0.0 0.2 0.4 0.6 08 1o 0.0 0.2 0.4 0.6 08 1.0 0.0 0z 0.4 0.6 08 1.0
5 20 FREE, update steps ®10° update steps ®107 update steps ®10°
o
=15 o R (a) medium (train) (b) medium-replay (test) (c) expert (test)
10 / . . . .
. : g Figure 6: Illustration of learning curves of the halfcheetah tasks (full results are in Appx. H.5). The
"’"2 . - . *? i . figures with titles ending in “(train)” means the dataset is used for training while the titles ending in
. o . Q . . . . .
AP 900, 9050022 19 000, 002 0e "g ® ® “(test)” means the dataset is just used for testing. The X-axis records the steps of the environment

model update, and the Y-axis is the prediction errors in the corresponding steps evaluated by the
datasets. The solid curves are the mean reward and the shadow is the standard error of three seeds.

Table 1: Results of OPE on DOPE benchmark. We list the

averaged performances on three tasks. The detailed results e e 100 )
are in Appx. H.6. =+ is the standard deviation among the 20 S B 2 o ey
tasks. We bold the best scores for each metric. S0 ., 8 Soos
g L= e Loz ]
Algorithm | Norm. value gap ~ Rank corr. Regret@1 ‘,20'94 ” é 5 Ez: {
GALILEO 037+£024  0.44+010 0.09 =+ 0.02 MR 3 goee = e e
b= o 8 8 084 H the day starting A test
Best DICE 0.48 +0.19 0.15+0.04 0.42 +0.28 o 00 0.2 04 0.6 08 10 ﬁ 00 0.2 04 D6 08 1.0 § 0 5 10 15 20
VPM 0.71 £ 0.04 0.29 +£0.15 0.17 £ 0.11 normalized allocated allowances cumulative samples (rescaled to 1) day number
FQE (L2) 0.54 + 0.09 -0.19 £0.10 0.34 +£0.03 Py . .
IS 0.67 £ 0.01 040+ 015 036+ 027 - (a) response curves in City A (b) A%UUC curves (c) A/B test in the City A
Doubly Rubost 0.57 + 0.07 014 +0.17 0334006 Figure 7: Parts of the results in BAT tasks. Fig. 7(a) demonstrate the averaged response curves of

NANJING UNIVERSITY

the SL and GALILEO model in City A. It is expected to be monotonically increasing through our
prior knowledge. In Fig. 7(b) show the AUCC curves, where the model with larger areas above the
“random’’ line makes better predictions in randomized-controlled-trials data [61].
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