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A Algorithm Description

The pseudocode of VGDF is presented in Algorithm 1. We utilize SAC [20] as our backbone
algorithm. We employ a fixed entropy temperature coefficient in all experiments, demonstrating
sufficient empirical performance. The training of the dynamics model ensemble follows prior
works [8, 26] with the MLE loss. The calculation of the Fictitious Value Proximity follows Eq. (6)
proposed in Section 5.1. Furthermore, the pseudocode of VGDF + BC is presented in Algorithm 2.
We introduce the value-normalized tradeoff between the behavior cloning loss and the policy gradient
following the prior work [18].

Algorithm 1 Value-Guided Data Filtering (VGDF)

Input: Source domain M., target domain M., and transition ratio I' (= 10) (source vs. target).
Initialization: Policy m, exploration policy 7%, value functions {Qg,};=1,2, replay buffers
{Dsrc, Dtar }, dynamics model ensemble {7}, }2,, data selection ratio &, batch size B, entropy
temperature coefficient \.

1: fort=1,2,... do

# Interact with the source domain

Sample transition (S, Gspe, Tsres Shpe) USing 72 in Mg,
Dyre < Dgre U (Sores Gsres Tsres Ssre)

# Interact with the target domain
if t% T ==0 then

Sample transition (Star, Gtar, Ttar, Stqy) USINg ™ in Mg,

Diar < Diar U (Star, Gtar, Ttar, Star)
9: endif
10:  Optimize dynamics ensemble {7}, }£, with Dy, via Eq. (13)
11:  Sample by, := {(s,a,r,5)}E.. from Dy,
12:  Sample by, = {(s,a,7,5")} 2, from Dy,
13:  Obtain Fictitious Value Proximity (FVP) {A(s, a,s’)}? via Eq. (6) for transitions in bg,..
14:  Obtain FVP quantile Ao, of {A(s, a, s')}P

15:  #0Optimize value function with data filtering

o1 2
16:  BOi=12 < argeimn 5B Db, [(Qgi - TQo,) } +

. 1 / 2
17 35 €] Zbor [ (As.0.9) > M) (o, — TQ0,)’]
18: #0Optimize policies
1
190 78 « arg MAX 2 D 00U b [max {Qo, (5,a), Qo, (5,0)} [ammr(.s) + )\H[?TE]:|

1 .
20: 7 <4 argmax 5B meru - [mm {Qo,(s,a),Qo,(5,0)} |amr(|s) + XH[W]]
21: end for

B Proofs of the Performance Guarantees

This section presents the proof of our main results. Specifically, we propose that the value discrepancy
can be leveraged for the performance guarantee across different domains Lemma C.3. In Theorem B. 1,
we convert the performance bound induced by the value discrepancy into a novel form for the offline
source domain setting.

Theorem B.1. (Performance bound controlled by dynamics discrepancy.) Denote the source
domain and target domain with different dynamics as M. and My, respectively. We have the
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Algorithm 2 Value-Guided Data Filtering + Behavior Cloning (VGDF + BC)

Input: Source domain offline dataset Dy, target domain M,,., max interaction steps with the
target domain T},,, and transition ratio T" (:= % = 10) (source vs. target).

Initialization: Policy 7, value functions {Qg, },=1 2, target domain replay buffer D,,,, dynamics
model ensemble {T}, }},, data selection ratio &, batch size B, entropy temperature coefficient ),

train repeat K, behavior cloning constant a.
I: fort=1,2,..., Tihax do

2: # Interact with the target domain
3: Sample transition (S¢ar, Grar; Ttar, Spqy) USING 7 in Mg,
4: Dtar — Dtar U (Stara Qtar, Ttar, 5;[”)
5. #Repeat training for K times per step
6: fork=1,2,...,Kdo
7: Optimize dynamics ensemble {7, f\il with Dy, via Eq. (13)
8: Sample b, := {(s,a,7,s')}E.. from Dy,
9: Sample by, := {(s,a,r,s')}E from Dy,
10: Obtain Fictitious Value Proximity (FVP) {A(s, a, s')}Z via Eq. (6) for transitions in bg...
11 Obtain FVP quantile A¢g, of {A(s, a,s')}?
12: #Optimize value function with data filtering
o1
13: 0;—12 <+ argmin 2B > b {(Qei — TQei)Q} +
0;
1 2
14: _ []1 A(s,a,s") > Aey, = TQq, }
2B - €%] 2o, |1 (A ) > Aewr) (Qo, — TQo,)
15: #Optimize policy with behavior cloning regularization
16 8= af {35 o un. |[min{Qu(s0)Qu(s0)}aunci|]}
B .
17: T 4 arg;nax 2B thmu - [mln {Qo,(s,0a),Qa, (s, a)}awﬂ("s) + XH[W]} -
1 2
18 5 St |(7(s) —a)’]
19:  end for
20: end for

performance difference of any policy w evaluated under M. and Mg, be bounded as below,
MMy (T) 2 Npo () = (21{7111;; “Epp, [Drv (Parc(:ls, @)l Prar (s, 0))] -
Proof. We have
re®) = () = 17 B oy | [ Perc 1800V ) = [ Pu(1 Vi ()| (LemmaC.1)

= LEPZC(S@) //(PSTC(S/|S, a) — Piar(s]s, a))‘/;zr(s/)ds/:|

L=~ I
g [ x
< B | [ 1Pl 15:0) = P (5, Vi ) |
< I | [ 1Pl = P (5,0
27rmax

= mEpng(s,a) [DTV (PSTC('|S7 a)HPtar('|37a))] . (9)
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Theorem B.2. (Performance bound controlled by value difference.) Denote the source domain
and target domain as M. and Mg, respectively. We have the performance guarantee of any
policy w over the two MDPs:

thar (ﬂ-) 2 nMsrc (ﬂ-) - m : EP}T\ASTC HEPsrc I:V./T\r/ttar (S/)] - EPU”“ I:V-/(r/ltar (S/)] H .

Proof. We have

Nare(®) = Thar (1) = ——Ep (s / Pare(s'|3, )V, () - / Ptar<s'|s,a>v;;r<s’>ds'} (Lemma C.1)

s/

B | [ (Pal1:0) = Pa (s, Vi ) |

1=~ !
< By || (Pre15.0) = Pra s Vi ()05 |
v 7T 7r
BB VR 5] = B, [V (9]

O

Theorem B.3. Under the setting with offline source domain dataset D whose empirical estimation

of the data collection policy is wp(a|s) := % ﬂﬁ?g’;) let Mg,.. and M, denote the source and

target domain, respectively. We have the performance guarantee of any policy m over the two MDPs:

4V max
Mtor (1) 2 aten (1) = 7225 E 2, ID2v(rolim)] = 2By [[c(s @], 10)
where ((s,0) == Ep,,, « [, (5] — Ep,,, x [Qh,,, (s, a)]-
Proof. We have
MM () = M0y () = (Mt (D) = Mo (7)) = (M (D) = Tt () )
(a) (b)
According to Lemma C.2, we have
1
MMare (D) = MMy (T) 2 =7 anpip “Ea ~ro () (@, (850))] = Barn(is) (@R, (5

S/Npsrc("sva)

Y (mp(dls') —w(d|s) Q. (', )

|

1
1 'y]E 0P8 [

s'~Pgrc(-]5,a) A
>o LB (S (ol - wla)s)) T
= 1 _ ’)/ s7a~pM5Tc D 1 — ’)/
s'~Pgsre(:]s,a) LI A

rmax
> _W sanpil [Z |Tp(a (a’|s/)|‘|

8" ~Psrc(+]s,a)

2Tmﬂ-x
- _WE s,ampl [Drv (mp(-|8") || ©(-|s"))],

S/NPsrc('lsva)
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572 and

~ (. (7D) = Mt (7))

2 1,
T Bt [R5, )

2yr
2 = waip [Drv(eo(ls) | w1s)

8 ~Pare(-|s,a)

B, (B (@, (520)] = B (@, (8] (Lemma €3
573 Combining the two inequalities above completes the proof. O

54 C  Proofs of Lemmas

575 This section provides proof of several lemmas used for our theoretical results. The first lemma is
s76 adopted from [40], and the proof is essentially the same as the original paper. Lemma C.2 and
577 Lemma C.3 support the derivation of the performance difference bound in Theorem B.3.

Lemma C.1. (Telescoping Lemma, Lemma 4.3 in [40].) Let M, := (S, A, Py, r,v) and My :=
(S, A, Py, r,7) be two MDPs with different dynamics P; and P,. Given a policy 7, let

Gty M (5:0) = Egp, [V, (5)] = Evnp, [V, (5]
we have -
77M1(7T) — M, (W) = WES’U’NPWNH [thMz (8761)] .

Proof. Define W; as the expected return when executing 7 on M for the first j steps, then switching
to m and M, for the remainder. That is

oo oo
Wj = Z’VtE t<jiss,as~Py,mw [T(St»at)] = Et<j:s,,at~P1,7r lz 'Ytr(stvat)‘| .
t=0

=0 t>j:s¢,ar~Pa,mo t>j:s¢,ar~Pa,m

s78  Then we have
Wo = Es ampuay .« [1(8t;a1)] = na, (),
and Woo = Eg anpp, - [1(8¢,a8)] = nag, ().

s79  Thus we can obtain

Mty () = 1, () = Z(WjJrl —W)). (11)

sso  Convert W; and W, as following:
Wj = Rj + EsjaajNP177T [E3j+1NP2 [’Yj+1vj\7;lg (Sj-‘rl)]]
Wi = Rj +Esj ajnp x [Esj+1~P1 hJ—HV/Clz (s])]]

581 Plug back to Eq.11 and we obtain

oo

I, (1) = pny () = Y (Wia — W5)

<.
Il
=)

7j+1Es,a~PWM11j [ES/NPI [V/(r/lg (SI)] - ]Es’~P2 [V/(r/lg (sl)] ]

<.
Il
=)

ol Esam, [Eomr, [V ()] = oy Vi ()] ]

N (1 j V)Es,awf%l [gj\rAl,Mz(s’a)]

582 O
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Lemma C.2. (Extension of Telescoping Lemma.) Let M; := (S, A, P;,r,y) and My =
(S, A, Py, r,7) be two MDPs with different dynamics P; and P,. Given two policies 71, 7o, let

gj\r/ll’:j\/lz (S’ a“) = ES/’G/NPIJTI [Qﬂ/\fb (S/, al)] - Es’,a’NPznm [Qﬂ—/\iz (3/7 a/)} )

we have
1 1,70
Mty (1) = a0 (72) = =3By, [0 (500

Proof. Define W; as the expected return when executing m; on M for the first j steps, then switching
to m and M for the remainder. That is

[eS) [eS)
Wj = Z’VtEt<j:st,at~P1,7r1 [T(Stvat” = Et<j:st7at~P177r1 [Z ’Vtr(staat)‘| .

=0 t>j:st,ap~Pa,ma t>j:se,ae~Pa,ma | 570

583 Then we have

Wo = Esampriy.ny [7(5:a1)] = 11r, (m2),
and Woo = Es anpp, [r(st, at)] = na, (1)

584 Thus we can obtain

M, (1) = g (m2) = D (Wiga = W), (12)
)

sss  Convert IW; and W, as following:

W; = R, +EsjaajNP177Tl [ESHMWHNPMW ['yj—HQﬂ/\flz (Sj+1’aj+1)]]

Wj+1 = Rj + Esjfaj""PlyTrl []ESj+1,aj+1~P1,TF1 [’YjHQﬂ/\flg (3j+17 ajJrl)]]

sss Plug back to Eq.12 and we obtain

Mty (1) = Ny (m2) = D (Wigr = W)

=0
e .
= Z 7J+1Es,a~ﬂ”ﬂl,j [ES/ﬂ/NPl,TFl [Qﬁz (8/’ CL/)] - ]ES'aG'NP%ﬂ'z [Qﬂj\flg (S/a a/)] ]
=0
PY s s
= (1 o ,y) Es,awpﬁl [Es’,a’fvpl,ﬂl [Q/\iz (S/7 a’)] — Es’,a’NPQ,Trg [Q/\fb (S/, a/)] :|
Y T,
= T B, (97T, (5:0)].
587 O

Lemma C.3. (Bound of G'"} (s, a).) Let

gj\r/llff\/b(s’a) = ES/»GINPlﬂTl [QTF.AZQ (slaa/)] - Es’,a’sznm [Qﬂ—/\flg (Sl,a/)} )
588 we have

2rmax

GM s (8:0) < T Bonp, [Drv(m(-]s') || m2([s"))]

+ ‘]]'Eslyal,vpl’71.2 I:Qﬂ-./\flz (S/, a/)} — Es’,a’ng,ﬂz [QﬁQ (SI, (ll)] ‘
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589 Proof. We have
Gy (5,0) =B aropy my (Q7E,(s",a")] =By aimpymy [Q3, (5 d")]
=Es o'nprm [Qﬁz(s’,a’)] —Eg wrmpy [Q”Aflz(s’,a’)]
(a)
+Eg armpim [Q3F, (5, 0)] = By arnpymy [Q7F, (s d")]

(b)

se0 For (a), we have

(a) =Eg~p, [Z mi(a'[s)Q, (s, a') — ma(a'|s) Q% (5, a')]

r
<Es~p, [Z |my(a'|s") — ma(a]s"))| f’f’;]
a/

= Iniai;EswPl lz |m1(a’|s") — 7T2(015/)|]

a’

= 2,y [Py (ma(1) [ (1)

1
se1  For (b), we have
(0) = Evr iy [QR3, (55 0)] = Evrarepaim [QF, (5, 0)]
By apyims (@3, (5 @)] = Eyrwpsims [Q32, (5 )]

592 Adding these two bounds together yields the desired result. O

<

ss D Detailed Environment Setting

se4 D.1  Grid World

595 In the grid world environment, the agent obtains the X-Y coordination as the state and executes one

s96 of the four actions (Up, Down, Left, Right) at each time step. A non-zero reward 1.0 is provided only

s97  if the agent reaches the goal. Each episode terminates when the agent reaches the goal or the episode

s98 length of 256 is reached. The source domain and the target domain of the grid world are shown in

se9  Figure 9. For each algorithm, the agent interacts with the source and target domains for 5¢° and 5e*
steps, respectively.

Figure 9: The source domain (Left) and the target domain (Right) of the grid world environments.

600

601 D.2 Mujoco Environments

602 To investigate the performance of the algorithm thoroughly, we design eight environments based
603 on four Mujoco [66] benchmarks from Gym [5] including HalfCheetah-v2, Ant-v4, Walker2D-v2,

o
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Source Domains

Target Domains with
Kinematic shifts

Target Domains with
Morphology shifts

Figure 10: Illustration of all environments, including all source domains (7op), all target domains
with kinematic shifts (Middle), and all target domains with morphology shifts (Bottom).

604 and Hopper-v2. For each benchmark, we propose two variants with kinematic shift or morphology
605 shift. We run all experiments with the original environment as the source domain and the variation
606 environment as the target domain. Detailed modifications of the environments are shown below, and
607 the illustration of the environments is shown in Figure 10. For algorithms that access interactions
608 with both domains, the agent interacts with the source and target domains for 106 and 10° steps,
609 respectively.

610 Detailed modifications of the environments with kinematic shifts are shown below:

6
6

=

1 HalfCheetah - broken back thigh: We modify the rotation range of the joint on the thigh of the
2 back leg from [—0.52, 1.05] to [—0.0052, 0.0105].

613 Ant - broken hips: We modify the rotation range of the joints on the hip of leg 1 and leg 2 from
s14 [—30,30] to [—0.3,0.3].

615 Walker - broken right foot: We modify the rotation range of the joint on the foot of the right leg
st6 from [—45,45] to [—0.45, 0.45].

617 Hopper - broken joints: We modify the rotation range of the joint on the head from [—150, 0] to
s18  [—0.15,0] and the joint on foot from [—45, 45] to [—18,18].

=

=

=

619 Detailed modifications of the environments with morphology shifts are shown below:

620 HalfCheetah - no thighs: We modify the size of both thighs. Detailed modifications of the xml file
621 are:

622 1 <geom fromto="0 O O -0.0001 O -0.0001" name="bthigh" size="0.046" type
623 ="capsule"/>
624 2 <body name="bshin" pos="-0.0001 0 -0.0001">

625 1 <geom fromto="0 O O 0.0001 O 0.0001" name="fthigh" size="0.046" type="
626 capsule"/>
627 2 <body name="fshin" pos="0.0001 0 0.0001">

62¢ Ant - short feet: We modify the size of feet on leg 1 and leg 2. Detailed modifications of the xml file
629 are:

630 1 <geom fromto="0.0 0.0 0.0 0.1 0.1 0.0" name="left_ankle_geom" size="
631 0.08" type="capsule"/>

632 1 <geom fromto="0.0 0.0 0.0 -0.1 0.1 0.0" name="right_ankle_geom" size="
633 0.08" type="capsule"/>

634 Walker - no right thigh: We modify the size of thigh on the right leg. Detailed modifications of the
635 xml file are:
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1 <body name="thigh" pos="0 0 1.05">
2 <joint axis="0O -1 0" mname="thigh_joint" pos="0 0 1.05" range="-150
0" type="hinge"/>
3 <geom friction="0.9" fromto="0 O 1.05 0 O 1.045" name="thigh_geom"
size="0.05" type="capsule"/>
4 <body name="leg" pos="0 0 0.35">
5 <joint axis="0 -1 0" name="leg_joint" pos="0 O 1.045" range="
-150 0" type="hinge"/>
6 <geom friction="0.9" fromto="0 O 1.045 0 0 0.3" name="leg_geom"
size="0.04" type="capsule"/>
7 <body name="foot" pos="0.2 0 0">
8 <joint axis="0 -1 0" mname="foot_joint" pos="0 O 0.3" range="
-45 45" type="hinge"/>
9 <geom friction="0.9" fromto="-0.0 0 0.3 0.2 0 0.3" name="
foot_geom" size="0.06" type="capsule"/>
10 </body>
1 </body>
12</body>

Hopper - big head: We modify the size of the head. Detailed modifications of the xml file are:

1<geom friction="0.9" fromto="0 O 1.45 0 O 1.05" name="torso_geom" size
="0.125" type="capsule"/>

E Algorithms and Implementation Details

E.1 Implementation Details

The details of our algorithm and baseline methods are specified as follows:

SAC: We first specify the implementation of the shared backbone algorithm SAC utilized in all
algorithms. The policy and the value function are two-layer MLP with 256 hidden units using ReLU
activation. The learning rate is 3e . Discount + is set as 0.99 in all environments. The temperature
coefficient is fixed as 0.2. The batch size is 128. The smoothing coefficient of the target networks is
0.005. The training delay of the policy is set as 2. The replay buffer size is 1e°.

VGDEF: We use a five-layer MLP with 200 units as the dynamics model using Swish activation
following prior works [8, 26]. The ensemble size is 7. We set the data selection ratio £% as 25% in
the experiments shown in Section 6.1. For each probabilistic dynamics model Ty, (S¢+1,7¢|S¢, ar) =
N (g, (st,at), X, (¢,ar)), @ = 1,..., M, we train the model by maximizing the objective:

J((bl) = E(5t7at17'tg5t+l)NDtar [[:U’tﬁi (St7 a’t)_
Tl
(St41,7¢)] Z¢i1(3t7at) (g, (st,ar) — (se1,7¢)] + logdetDy, (s¢,a0)].  (13)

The exploration policy is a two-layer MLP with 256 hidden units. We warm-start the algorithm by
utilizing samples from both domains without selection for the first 1e5 steps in the source domain.

DARC: We follow the default configurations of the public implementation (https://github.
com/google-research/google-research/tree/master/darc). = The domain classifiers
Qysas(St) Gty St41), Qyga (8¢, ar) are trained by maximizing the cross-entropy losses:

J(Wsas) = E(sar,s001)~Diar 108 Qus s (tar|se, ar, si11)]
+'Ek5hat&t+1YVDsn:UOg(1 _'Q¢SAs(taT|5t’at’St+l)ﬂ7
J(sa) = E(s, a)~Diar 108 Qus o (tar|se, ar)] + E(s, )., [108(1 =y 4 (tar|se, ar))] .-
Following the original implementation, we use the standard Gaussian noise for the domain classifier
training. During training, a reward correction Ar(s¢, a;) is augmented to the original reward (s, a:)

of each source domain transition, i.e. 7(s¢, ay) := (8¢, at) + Ar(sy, a;). The reward correction is
calculated by:

quAs(tar‘S’a’Sq quA(src|s,a)
Qpsas (STC|S, a, 5/) Qpsa (tar|s, a)

Ar(sy,ar) == log
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Table 2: Hyperparameters. "-" denotes the hyperparameter is not used in the algorithm. "<" denotes
the same choice as the algorithm in the first column.

Hyperparameters VGDF DARC GARAT IWClip Finetune
Hidden layers (Policy) 2 — — — —
Hidden units per layer (Policy) 256 — — — —
Hidden layers (Value) 2 — — — —
Hidden units per layer (Value) 256 — — — —
Hidden layers (Classifier) - 2 - 2 -
Hidden units per layer (Classifier) - 256 - 256 -
Hidden layers (Dynamics model) 5 - - - -
Hidden units per layer (Dynamics model) 200 - - - -
Ensemble size 7 - - - -
Learning rate 3e? — — — —
Batch size 128 — — — —
Fixed temperature coefficient 0.2 — — — —
Target smoothing coefficient 0.005 — — — —
Policy training delay 2 — — — —
Buffer size 1eb — — — —
Data selection ratio £% 25% - - - -
Warm-start steps 1ed 1led - 1ed -
Importance weight clipping range - - - [le=41] -
Interactions with grounded src environment - - 1ed - -

We warm-start the algorithm by training with samples from both domains for the first 10° steps
following the original implementation.

GARAT: We use the author implementation with default configura-
tions (Supplemental in https://proceedings.neurips.cc/paper/2020/hash/
28£248e9279ac845995c4e9f8af35c2b-Abstract.html). We add the XML files of our
customized environments to rl_gat/envs/assets/ folder. We limit the extra interactions with the

grounded source environments as 10° for fair comparisons with other algorithms.

Importance Weighting Clip IW Clip): We use the domain classifiers same as DARC to calculate
the importance weight w(s, a, s’). The importance weighting is calculated by:

Prar(s']5,0) _ qusas(tarls, a,s) qus,a(srefs, a)
Pyre(s'ls,a)  qysas(srcls, a,8') qus 4 (tarls,a)’

w(s,a,s’) =

where gy, and gy, are the domain classifiers proposed in [13]. We use the importance weighing
to reweight the value training with source domain samples. Specifically,

1
0 «— argemm §E(s,a,r,s’)~Dsrc [w(s, a,s')(Qp — TQ@)Q] )
To stabilize training, we clip the importance weight between [1e~#, 1], same as the prior work [45].

Finetune: We first train a policy in the source domain with 10° steps. Then we transfer the policy to
the target domain and further train the policy for 10° steps.

The detailed hyperparameters of all algorithms are listed in Table. 2, and we use the same hyperpa-
rameters across all environments.

E.2 Implementation Details of the Offline-Online Experiments

To evaluate the performance of our algorithm in the offline source online target setting, we use
medium datasets from D4RL [16] for three environments (i.e., HalfCheetah, Hopper, Walker). We
use the same source domain offline dataset for each environment’s two different target domains. For
the algorithms performing online learning using offline data (i.e., Symmetric sampling, H20, VGDF
+ BC), we perform the online interactions with the target domain for 10° steps and use 10° source
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domain transitions, the training is repeated for 10 times per step in the target domain. The details of
the methods are specified as follows:

Offline only: We directly transfer the policy learned through CQL [31] with the source domain
offline dataset. For the CQL implementation, we follow the suggested configurations in a public
CQL implementation (https://github.com/tinkoff-ai/CORL). We perform training for 10°
steps with the offline dataset and report the zero-shot performance of the learned policy in the target
domain.

Symmetric sampling [2]: We perform the value function training by combining CQL optimization
(with offline transitions) and SAC optimization (with online transitions). For each training step, we
sample 50% of the data from the target domain replay buffer and the remaining 50% from the source
domain offline dataset. The CQL and SAC loss is computed with the corresponding transitions.

H20 [45]: We follow the original implementation that learns the classifiers to estimate the dynamics
discrepancy across domains and perform the clipped importance weighting on the CQL loss on the
source domain data. Same as Symmetric sampling, we repeat the training for 10 times per step in the
target domain.

VGDF + BC: We adapt VGDF to the Offline-Online setting by simply integrating the behavior
cloning loss following (10). The training is repeated for 10 times per step with the target domain the
same as the baseline methods. For the trade-off between the policy gradient and behavior cloning, we
use the value-normalized regularization following the 7D3 + BC [18] work and set the constant « as
5. Furthermore, we remove the exploration policy proposed in Section 5.1 since the online access to
the source domain is no longer available in the offline-online setting.

F Additional Experiment Results

F.1 Quantifying Dynamics Shifts via FVP

In this section, we investigate whether the estimation of the value differences can quantify the
difference across domains. Specifically, in different target domains of the same source domain,
we demonstrate the estimation of FVP in two target domains. As the results show in Figure 11,
the FVP differs in environments with different dynamics shifts (Kinematic or morphology). We
observe that the FVP values in two target domains gradually approach each other in three out of four
environments (HalfCheetah, Walker, Hopper), while the values in Ant remain relatively stationary.
Furthermore, the FVP values in target domains with kinematic shifts are lower than those with
morphology shifts across all four environments, which could result from the mismatched state space
due to the limited joint ranges of robots in the target domain. Given the differences across different
environments, we believe the FVP estimation could be used to quantify the domain differences.

HalfCheetah Ant Walker Hopper

—%— Kinematic
—5— Morphology

Approximated FVP E[A]

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
Steps in Target Domain (x10°) Steps in Target Domain (x10°) Steps in Target Domain (x10°) Steps in Target Domain (x10°)

Figure 11: Quantification analysis of the approximated FVP in all environments with different
dynamics shifts. The dots are averaged values, and the error bars indicate the standard error across
five runs.

F.2 Sensitivity to Ensemble Size
We have introduced the dynamics model ensemble to capture the epistemic uncertainty induced

by the limited samples from the target domain. However, training the ensemble of the dynamics
model takes extra computation resources. Unlike prior works in model-based RL [26, 57] that utilize
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Figure 12: Performance of the variants with different ensemble size values M. The results validate
that a smaller ensemble size is sufficient to achieve competitive asymptotic performance compared to
the variant with a large ensemble size in most environments.

the generated samples for training, we measure the value difference with the help of the generated
samples. Therefore, we aim to investigate whether a smaller ensemble size is sufficient to achieve
competitive asymptotic performance. Here we set the ensemble size as different values (M = 7
in the original implementation) and run experiments in four environments. As the results show
in Figure 12, variants with a small ensemble size (e.g., M = 3 or M = 5) can achieve identical
asymptotic performance compared to the variant with a large ensemble size (e.g., M = 7) in three
out of four environments.

F.3 What about Importance Weighting via FVP instead of Rejection Sampling?
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Figure 13: Performance of the variants with rejection sampling or importance weighting technique.
The results demonstrate that the original algorithm using rejection sampling outperforms the variant
using importance weighting via FVP in almost all environments.

In the case of data selection based on the estimated FVP (fictitious value proximity in Eq. (6), one may
wonder about using importance weighting via the FVP rather than rejection sampling, which might
be sample-inefficient due to the discarded partial data. Here we implement a variant of our algorithm
that performs importance weighting with the estimated fictitious value proximity. Specifically, we
train the value functions following:

1
Oi=1,2 argemm 9B Z |:(Q97‘, - TQ(%)Q +

’ {(s,a,m,8") o

: A(s,a,s') ,
@ « Z)}B E{s,ms’}B A(S,Cl75/) (QOI TQ&)

We compare the variant with the original algorithm using rejection sampling in all eight environments
and demonstrate the results in Figure 13. The original algorithm using rejection sampling outperforms
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the variant with importance weighting in almost all environments. The accuracy of the value proximity
depends on the generated state and the value function. Thus, the estimation of FVP could be biased
due to the inaccurate dynamics models and value functions in the early training stage, in which case
naively utilizing the source domain samples weighted by the FVP can harm the policy performance
concerning the target domain. In contrast, rejection sampling that only utilizes a small portion of
source domain samples alleviates the negative effect of the source domain samples.

F.4 What about Data Filtering via Value instead of FVP?
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Figure 14: Performance of the variants that employ data filtering based on Value or FVP. The results
demonstrate that the original algorithm outperforms the variant using data filtering via Value in four
of eight environments.

Prior works have examined sharing data across tasks with different reward functions rather than
dynamics [70]. To investigate whether selectively sharing data with a high Q value can address the
online dynamics adaptation problem, we propose a variant of our algorithm that shares partial data
with a relatively high Q value from the source domain. Specifically, we train the value functions
following:

Oi=12 < argemin % Z |:(Q9i - TQ(%)Q] +

‘ {(s,a,m,8")}

1
ey L (M@0 > Q) @~ Tau) ]
{(s,a,r,s")}B. .

where Q¢ is the top £-quantile Q value of a batch of source domain samples. We set {% as 25%,
the same as our implementation. We compare the variant with the original algorithm in all eight
environments and demonstrate the results in Figure 14. The results demonstrate that the original
algorithm outperforms the variant using data filtering via value in four of eight environments. Due to
the dynamics mismatch, a state-action pair from the source domain will lead to inconsistent states
concerning two domains. Therefore, directly utilizing the transitions with high Q value without
considering the consistency of the next state would provide a counterfactual value target for the
state-action pair, which can result in an improper value estimation for learning.

F.5 Comparison with Dynamics-guided Data Filtering

To investigate the effect of value consistency, we perform the ablation study by comparing VGDF
to a variant that shares partial data based on dynamics discrepancies, i.e., Dynamics-guided Data
Filtering (DGDF). Specifically, we estimate the dynamics discrepancy via the learned classifiers
following the prior works [13, 45]. Same as VGDF, we share the source domain transitions whose
estimated dynamics difference is smaller than the quantile value. We set the selection ratios as 25%,
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Figure 15: Comparison with the variant performing data filtering based on estimated dynamics
discrepancies. The results demonstrate that the original algorithm outperforms the variant using data
filtering via Value in four of eight environments, validating the effect of the value consistency.

the same as our implementation. The results demonstrate that the original algorithm outperforms
the variant in three out of four environments, validating the superior effect of the value consistency
compared to the dynamics discrepancy.
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