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Abstract: Objective Visual imitation learning aims to learn control policies directly from high-dimensional image observa-
tions. It is important for robotics tasks, where agents often need to make decisions from visual inputs. However, compared

with imitation learning based on low-dimensional proprioceptive states, visual imitation learning still suffers from a clear
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performance gap. One major reason is that behavior-related differences in pixel observations are often subtle. As a result,
the visual encoder may fail to learn sufficiently discriminative state representations. This problem becomes more serious in
visual adversarial imitation learning. In this framework, the discriminator needs to distinguish expert samples from agent
samples and provide reward signals for policy learning. If the learned visual representation is weak, the discriminator may
produce unstable or inaccurate rewards. This further affects policy optimization. Existing visual adversarial imitation learn-
ing methods mainly focus on the distinction between expert samples and agent samples. They usually treat this distinction
as a static discrimination problem. However, they do not fully exploit the internal structure of agent samples stored in the
replay buffer. They also do not explicitly model the dynamic evolution of agent samples during training. In practice, the
quality of agent samples gradually improves as the learned policy approaches the expert policy. Ignoring this process may
limit the quality of visual representation learning. To address these issues, this paper proposes a visual adversarial imita-
tion learning method based on calibrated contrastive learning. Method This paper introduces a calibrated contrastive repre-
sentation learning method in the visual adversarial imitation learning framework. The main-idea is to improve the discrimi-
native ability of the visual encoder by contrastive learning. Specifically, similar states are pulled closer in the feature
space, while different states are pushed apart. In this way, the encoder can learn more effective visual representations for
adversarial imitation learning. Different from existing methods that mainly focus on the static distinction between expert
samples and agent samples, the proposed method further explores the internal sample structure in the replay buffer. It also
models the dynamic improvement of agent sample quality during training. In the proposed framework, agent samples are
regarded as a mixture of high-quality samples and low-quality samples. High-quality agent samples may be close to expert
samples, especially in the later stage of training. Low-quality agent samples are still far from expert behavior and should
not be treated as expert-like samples. Based on this observation, this paper introduces a calibrated supervised contrastive
loss. This loss adaptively adjusts the contrastive relationship between agent samples and expert samples. It reduces the risk
of incorrectly pushing high-quality agent samples away from expert samples. At the same time, it preserves the discrimina-
tion between expert behavior and low-quality agent behavior. The proposed method therefore improves both visual represen-
tation quality and adversarial training stability. The final objective combines the adversarial imitation learning loss with the
proposed contrastive representation learning objective. The whole framework can be optimized in an end-to-end manner.
Result Experiments are conducted on 9 continuous control tasks from the DMControl Suite. These tasks cover different
types of control behaviors, including balancing, locomotion, and complex body movement. The experimental results show
that the proposed method achieves higher cumulative rewards on multiple tasks. It also shows better sample efficiency in
the early training stage. Compared with the representative method PCIL, CAIL improves the average performance by
22.6% at 1M training steps. This result indicates that calibrated contrastive representation learning can effectively improve
visual adversarial imitation learning. The ablation study further verifies the effectiveness of the proposed contrastive losses.
The unsupervised contrastive loss on agent samples improves the use of the replay buffer. It helps the encoder learn from a
large number of dynamically collected visual states. The calibrated supervised contrastive loss further improves perfor-
mance by modeling the changing quality of agent samples. The results show that these components are complementary. The
full CAIL model achieves better performance than the version without calibration. This demonstrates the importance of
dynamically modeling agent samples during training. In addition, visualization results show that the discriminator learned
by CAIL can focus more accurately on behavior-related regions, such as the joints and body parts of the agent. These
regions are important for distinguishing different motion states. The visualization results further support that CAIL learns
more meaningful and discriminative visual representations. Conclusion This paper proposes a calibrated contrastive visual
adversarial imitation learning method for high-dimensional visual control tasks. The proposed method makes better use of
agent samples in the replay buffer. It also explicitly models the change of agent sample quality during training. By introduc-
ing calibrated contrastive representation learning, the method improves the discriminative ability of visual state representa-
tions and stabilizes adversarial training. Experimental results on DMControl tasks show that the proposed method achieves
better average performance and sample efficiency than representative visual imitation learning methods. The proposed
framework provides an effective representation learning strategy for imitation learning from high-dimensional image observa-

tions.
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Fig. 1  Figure of visual states and their corresponding physical

states.
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2.1 ZWigE
2.1.1 SLEGIREE

S PR3 6 B DM Control H JLAN e BAR FME Y
LT 55 AT VAN A145 Cartpole Swingup \Fin-
ger Spin, Cheetah Run. Hopper Hop. Hopper Stand .
Walker Stand . Walker Walk , Walker Run P4 fZ Quadru-
ped Run, XSEAL55 ARG 1Al oz shis il L
02 F 8l )2 28 HLAE N T ME B R 4 o 1) 2L, RE S A 42
TE ML ARG 30 L AT 27 ) B VZ AR RE ) o 7R 0
7N B J5 T, AR 3CR I ROT (Regularized Optimal
Transport ) 2 JF 248 4 (Haldar 55, 2022) H ) % 5K 7
AAE R YIZRFEA . 7E DMControl JR5E 1, ML 3E MR 2
WS R REIR 3> 2 SE i) 84x84 K/MY RGB T
QeEMR R , AERLSEIRZS 25 18] il 45 2
A B .
2.1.2  [MZE5UHE

T R G B 4% 4544, AR SCREAE SCHK (Yarats
S, 2021) P AR ST GRS e 54, HoAu & — A

4ZH BRI M4 BER R BB R/ i E
B, B padding (435914 [3x3, 32, 2, 0],[3x3,
32,1,0],[3%x3,32,1,0],[3x3, 32, 1, 0], £&xf
PL5E i i 45 (00 Ak B, LR S B WA R e
TE PG At 2 6 A SRS o HEAT RS IS, A LAY 4
fIE Pl 23 9 RV S K BE 2 39200 1y 1] 1 . 455, % 0]
WAL 1 B 5 B 10 22 T2 OB I 0 £ AT i 1
2% o F Y 45 K 5 SCHR (Yarats 55, 2021) R 3R
NG — 30, Oy — A L0 3 )2 MLP 45l . CAIL
LR RER LR AN 3 B R
2.1.3 XFHSE

1B WIEAL CAIL B9 PERE , A SOREH 5 FLAR
FeME U AT A, B BC, GATL, 36 22 45 5% 4% Y
GAIL(GAIL-SE) (Cohen %5 , 2021) , PCIL (Huang %% ,
2023) il PatchAIL(Liu %, 2023) o 1724 5 B J5 38
B MBI R B RS B S 2 [) g gk
YRR R AL BE R 5 ) T . GAIL R
Az SO BTRIL R , 38 3 0 500 IX 03 SR S R RE AR
B, I T 0 I 40 8T SR s I 4% . GAIL-SE 1
GAILFER 151 AL A58 bt 2% , f 5R s o 265 55 1)
ol o b S ] — R AR RO , DA T 2 1 MR 5 e i A1)
FIRCRE . PCILAE S b &5 i AR LE 295 (i
IR AE 23 (6] v SN v [ I 4 2 R AR e
WL FL . Patch AIL W ZEXTHTIN Zrad B 5] A

PR B G 0] & L 0] PRI AS [) X385 391 7 54 [l 41
(e

Tab. 1 Table of performance of CAIL and com-
pared methods at S00K and 1M timesteps.

13 CAIL B33 2 i SR A 0 B 2 ]

Fig. 3 Framework of CAIL’s encoder and policy’s
update.
2.1.4 EBSHI LR

£ CATL B3k v, 27 o R O 1107, =44
22 P28 YN ZRAL IR RN R 256, H 531 45 I 28 7 54>
I [ia) 25 R AT R T SR 1) 2 s P /1 Ik ] 25 47
—RACALFNEE T o B0 27 >0 vh BRI [l B2 i X R
/NBCE N 150000 , RAFE L ATy BEE A 0. 99,
M M8 S HOEF LR A Adam TEIE 25
2.1.5 PFFER

TEVFAN T8 455 T, B BEARTEA AT 55 b i
AEH I L R I R AT A A, RIE— SR S8 B AC .
IR R A 04 [T 4G 1 2 [ By, 7 e
RERER . B0 78 SOOK YN 2525 IM I 2525 w5 4
WrBodity AR . A SEE AT 5 AN AR BEAL
My a4T, IS FRE S bz, LA REAL
PR XS BRA5 R BRI
2.2 IBWHER

CAIL J X HERE i SE e 45 SR Nk 1 B K
H1 CAIL (w/o cal) ZE7 4% CATL 575 TP i 1 A3 B
X F 2 2 01 R A4 g 3 T AR AT MR X E s T K
A hn] OISR R  FE e B0y 25 > A 55 v, RV
T 15 1] PR A AT 55 Cartpole Swingup W, JLUR ) GAIL
SEEAE LIRS B 45 R . A1, 7E Hopper Stand
55 b 3L T GAIL BRI 2545 2 10 8 eI 22 01
7 21| LU BEAL RIS B A SRS, X SEE R Z i 7E 3L
Hik (Tucker 55,2018 AR BN Y4516 — 2. MILZT,
8 3 Ay SR R ) 45 SR P S = PR G A B, kT
GAIL-SE 3L I ZhA 2 98 RE A AE BT AT LA 3BT
AT 14z 22 /D S JF b GAIL Bk AT . KT,
GAIL-SE M PERE S % ZE VL REAH LTS A2 76 W] (i 22 B
HARITE , 5l GAIL T = 4E A ot g AT R BLELSS
Wi LG RAE 2% 2] R L E X UL 27 > v 1) I HE R
B, GAIL-SE Fll PCIL B4 1 BE £ T 2 W] 3 2 A 5 4
Tt 25 MK L 249 TR R 8 i 36 0 o AL 5 o T ROR L T
CAILTEZAMESS F UG 3 m 20T 4, IF7E 1M
6] 25 AHAL PCIL S PERE SR TF 22. 6%, UL A HEXS

© h[E KR KL AR



ERA, BWE, WEE, HE, K
RBOERS b 5 S RALE BB A S X i 5

CAIL
500K s} i) 24 GAIL GAIL-SE PCIL (wlo CAIL BC L7
cal)
Cartpole 186+20 734160 29652 79061 838 4 521120 859+0
Swingup
460+
Finger Spin 0+0 303+191 408297 1; 642 186 284+120 976+9
Cheetah Run 69+27 514+33 461+51 497+44 538 34 185+49 8909
Hopper Hop 10+7 8+8 38+18 51223 73 12 109+18 318+7
290+
Hopper Stand 543 270+343 451199 36; 545 305 38672 976+9
Walker Stand 272495 513+286 960+18 91044 961 9 49670 939+9
350+
Walker Walk 69+49 26861 203+19 15; 463 126 556110 970+20
Walker Run 24+6 57+17 146+10 148428 157 9 378+82 778+10
druped
g“a e 15157 21245 228+119 23850 306 10 277+58 547136
un
CAIL
1M ] 2 GAIL GAIL-SE PCIL (wlo CAIL BC LR
cal)
Cartpol 687+
artpole 19917 801+91 67+36 * 837 23 521120 859+0
Swingup 312
704+
Finger Spin 0+0 407+250 534+233 12; 785 99 284+120 976+9
Cheetah Run 8430 624+35 662+27 68937 725 31 185+49 8909
184
Hopper Hop 00 1214 158+8 ’s 182420 109+8 318+7
754+
Hopper Stand 543 74763 733104 ]8% 71 42 38672 976+9
85
Walker Stand 275100 764+251 827+38 :;] 8314154 49670 939+9
Walker Walk 6334 953 3 952+0 94013 9386 556110 970+20
Walker Run 28+8 13328 519459 468+66 526 8 378+82 778210
adruped
g“d rupe 11560 296+82 427 35 322438 382427 277+58 547+136
un
. BbF ) Fb 2% 2T REAZIE— 4R T LS8 R iE 5T e AN SR PR RE
apeen+ Ec-supcon PolicyMLP % WEER N R o
o Pateh AIL 15— R T R R B BIA8 1 7
II. T e T | ERAEAUBLGY T I, B PachAILSEEAE
' SR T] 25 (I B P B e A |, 1L 2 A5 HL A 80 3 A
T &) DissMLP L _ . FUBISH%
v E B4xB4XY ha () Lats

21 CAIL FIXF A VLR SOOK B[] 25 01 1M I [] 25 1) S e 4%

R

LE, Patch AIL F I ZRMA 204 1. 7 5 i
7~ T PatchAIL 7E Cartpole Swingup 1T 55 H 9 YIl 25 B
B GPU AT S 00 o T A I A 24 75 B gk
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Cartpole Swingup Cheetah Run Hopper Stand
- calL i [T T I S S P s VMR MG ER
oG H—— Farchal anp —— PatchaiL

LY,

AR

0.2 04 0.8 1.0 l 0.2 04 06 08 1.0 0.2 04 06 08 10
IIHHJ} i i) i il
Walker Walk Walker Run
T—can T — call
pop H——Jchat VA B0 et
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E!E‘IDD ;-F ﬁfmﬂ //
/ o
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LILES e [ 2
5 et g Patch AIL S AE AR 2 (6] U5 T B ZRith £
e a=03 et o
o it - PR . 2R 2 B 08 S W25 7 A [a] 58 A [R) A U1 25
o el ~ TS ol & N & =1 ¥
. =" g B (B R 5], A58 70 Sl BE A% SR B RO VERE o R AH W] Il 2Rk Ta]
z 3 & N . § N
i = "2 MBEE T, 20025 R CAIL A L Patch AIL 5%
. T R
" GAIL GAIL-SE PatchAIL  CAIL (Ours) N J‘ttﬁl\ ETr/\$ﬁ %%Hﬂ CAIL Egﬁﬁiﬂ
anT 54
Fig. 5 Flgure of impact of & and comparison on training cost. 1 F1 FLOPs ﬁ}ﬂﬂ H3.27TM ﬂ] 659.0M. " LIE I,

PatchAIL (1 281 K .3 /% T CAIL, {HH FLOPs
HAL, GPU AT L MB g S Air . S R s AT A= L%ﬁﬂi] PatchAIL f*) patch discriminator
HIEC T ILAXIPOBLOT 7 > 503k, ParchAIL BOUIERTE o e sttty | S0t 22 (0 He S0 M BRI
AR B, 5 GAILFEE ML, PachAILY  anfe g B0 IS | UEFT SR B 6T LA 2
PR U 2Rt (8] F1 GPU N FE (& )L #iAS . %I T patch B PR AE , PRI R T 9 = AT H R4 -

UML) R, (& 4 v 45 T CAIL 3303 Al TE CAIL A , 28 e — e LI SER

cheetah_run

walker_walk

hopper_stand

Ko FReRTHILR

Fig. 6 Visualized agent s trajectories.
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AR b % ) RAER B ML B X B (52 5]

SR AT LERs 2 2T U 25 B4 B AR 7 e
K IEREAR” IR . T T AR [R] o (B XTS5 R
THEXT LU A0 26 i P e i s2 ) S S TP IR E TN R Y o
(EIFUEAT T CAILBERIPEAl . — Bk UG, 7R °F
JYNZR ) 16 By B, 8 e R T8UR 354 nT B “ f ke
A7 R 2% . B R S GRS T,
B RE AT S L Ry IE AR AR B M 25 N 1A I 4
. R, AR S0 e AR R B A R R
ARIEAFIEN . DX A A, CAIL 5% ik
T =D& aEH Ik, o WEAEN SRR
22 0. 3ERTER N 0. 5. o, R B REIRFEATEM
THE W B X L 2% 2T ey v TR B AR AR AR 11
FREE . USR8 Be AR g 5 & AR msATh A7
22 RIS BT 38 R 9 o B DI ZR3EAT
BB AR A BT B W4 T, PR AP HE K o, 7T DL

Tl 2 BRSO W SR T 2 3 RO ) i . R
IPFF ERR I E 0. 5 0 AR BRI 2% 08 B
TEVIZR G ], A RB IR B R 2 8 Re R FE AT 2 22
IRBN R R HE, 0.5 7 5 T FEAS FUIR T 2 R A
A R X ST R TR B IR S B A% 3k ae T AR 0L
AR RERREARVE I LR IEREA, SRR T3
TS HESE a BLREER, 7T LI R 3% B AR F] o
{EXT CAILBR L A2 AN K, HAE R 2808 00 T i
A o LIS EOE AP PERE
2.3 HBERIE

T Al SE 58 BLIOUE T 5k PR RIS D g
AR 7E CAILFIE AT A se g b, F2AH5E TR
[ BCHE 3  Jr O0 BR S5 R s, DL OKT F 2 2
FELBE AT ECH 1 8 1) LR

F2 HIREI ML FE IR E R

Tab. 2 Table of results between using data augmentation and contrastive learning

N AlIL-SE AlIL-SE

S00K B A1 > A ) CAIL
Cartpole Swing 734 72940 838 4
Cheetah Run 514 533+34 538 34
Hopper Stand 270 206+89 541 305
Walker Stand 513 881+15 91 9
Walker Walk 268 200+5 463 126
Quadruped Run 212 222+74 306 110
2.3.1 XTEe2E I By 2.3.2  BHEHEnE Rk mE b

MR 4l SCHk (Jeong %5 ,2021) H A 2536, 7E R AU 1)
Xt e I G5 v 42 o UG 3 i 0] e 2 S AR
PE T S B AN R R S T AERURR s
> IR IX — W A, S oM GATL-SE 58 B4 0
FHA 6] 09 B 3 5 Oy =X, e g 25 R sk 2 vh s o
R T Walker Stand #5841, AT LIRS 2 7E GAIL-SE R
35 v ol HTASCHE 43 5 00 2 e 1k R RO VR FHAS B B, RS
et IR 3G 5 AR LE , WX R R T 40. 4% AH
2T, CAIL SR E X S A M B R B F
GAIL-SE B3k | MR F- Y948 &5 1 47. 2%, Rtk AT LA
P55 T FH 3 T RS UE A T LA 2 25 A B0 1A o
RE S 38 S XS HUBLAT 7 > SR i R 30, T B 4 7 X 4ie
R >0 v 17 FF RS B8 5 L (o A A 70 B T 2R

72 v, 48 FH Random-Shift 238 3 1 7 30k
Az R BB AR G SRS R 1S B L iR
Jr A &9z T s s Ak A= b IR
T2 B A R R R R (Laskin 45 ,2020) o -1
5k HAth 254 14 58 7 =X (5 21 Random Crop . Random
Cutout . Random Aug) XA {75 27 > £ 58 7™ A= (1 5 1),
TE Hopper Stand 35 H E AT T S50 56 IE , 52 56 45 1
W3, FAK AT USR] CAIL L TE T AT 4 B
AR a7 ORI T H GATL-SE 535 B AF 1Y
F, I ELME ] Random-Shift 3 5 fE 4% 1A 2 e A 1k
AE. TRl e b i S5 SR AU 1 el 138 0 B 4
5 5 2T BE 23 BN OB 475 2% ~J 1 P RE (9] 4 Ran-
dom Cutout Fll Random Aug) . %45 R EFE T H
PN KA 1458 13 T GATL-SE R, 3 5 B A 25 P 5%

11
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L e e E S [ S S
T CALL i FF SR 130 2% 7 o 9 26 B A
L AL FAE — B4R [ RS T A A0
TR

x3 ERATREEL ARBKEEERTE

Tab.3 Table of results using different data augmentation

ways
= GAIL-SE CAIL
TCEHER 5 = 602+163 N/A
+ Random Shift 676+130 777 42
+ Random Crop 649+208 755 171
+ Random Cutout 5304260 691 92
+ Random Aug 524+165 549 115

2.3.3  R[ES sR AR AT

AR SCER XEAS [ 6F E A5 2K eR A T il 2 58, DL 4y
S 96 IE TG W X b e A M X B A G RN
BT LA R B Ik ST BT o AR SCET R AE Quadruped
Run FREEHEFTIH Al SC 56 45 5 4Nk 4 7R o

R4 KXTARX LR REHHMERERE

Tab. 4 Table of results using different contrastive losses

Pk L 2 E
GAIL-SE 259+78
+Lysucon VEFI TR BEIRREA) 329427
+Lysupcon VEI TR R FEAS) 253436
HLypcom 302490
*Le - supcon 319+56
CAIL (w/o cal) 332462
CAIL 346 73

INGE BT LA Y, GAIL-SE it AVE T2 figfk
FEA B TC W B T e 5 |, PR RE B P2 T, Ui RE
A 913 2 o DX P R AR BB B RE AR RE A R 5
DR PR SN RIEF IS . ML T 7EH
T8 GEREAR I T W B X EE AR G A 48 SR A S ] i 2
T, 32 PR & SRR BAR RS /N L X E L
PR T R, 2, i A AT
WEABE XS LU R Lo, -3 IR TR K4 T L 150
X 43 % GRFEAS TN BEARAE A AT Bl 3 5 R AE 1] 51
PE o BR i R AHE MBS LR Lo _ g0 i, PERETE—

AARTF, 22 00 Bl A HEAR R R ARE A B i B S Ol
FaE R RAF 2 TR . B 5EHE CATL, BUS fie s Y
SR, A R, B RE AR A L Y T W X
Fb 453 2R R A o W B X b R B BOAME L e A
CAIL fef S R EEfE
2.4 A4

& 6 |1 &7~ T DMControl %44 Hh & BEAA B 1] A1,
32 B, B BEAR LL CATL B vE 76 1M i i) 25 5 3|
SRt R AR IR G O S R SRR H . ERE
AR O SRE R IR IS SR . BT RZE R R,
i CALL B33k 27 > AR SR s ] L felt 4 B A 1l 2 b o
PCERGHE S AT 55 o BN, 7E Cheetah % BB () 145
1R, et YR B AR LR 2R R B R . 1
Hh 7 Walker B BEAR AT EAT 55, sk YN 2R 0 Y
REAR R I P A2 0947 3E 81 1FE . 7F Hopper B BB A3
SEAESE B, i N 2R Hopper B RERBE WS DT Y
BEMUIRZS &, B 58 i o7 i BRI 2 1%
k.

MMRR PCIL CAIL

y
[~ 0:<|> ¢

7 R s i) T
Fig. 7 Spatial attention of trained model.
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A IR 2 I 2D J5 Sy 2 RE AR SR IS B R A i, L
T, A I 2R 58 iU B SR g 5 R Ag 5L JF
A B A I 2 v B AL SR A I 0 AR S AT Grad-
CAM 7] f Ak

3 & &

AR SO X e AU 58 LI 25 45 T X 2 >
AE T B B (R, DA 2671 27 2 A1 B X Lo X A4y 2
A ITE AT T WESE AT 27 > T R AE A )
ISRl OB R . AR, A i (R A
AR 25 2 78 A% 3R G AL S L, 1) ) g e ARG
S EA PRI [l i (575, 1 100 52 e 2L i 2 4
AR AT BE T, e IR R LA RCR . e A
SCAER ULy 7 AT HESR v 5 | AR HE 2 7m 27 S L]
S R FE XU 27 2] J7 vk | dl i T B 0 T
IR R AR AR Z I O E5 A (5 B P A &
B XoF G 2 RO i e SRR S RE MR AR 2 [ £ ]
G T s AR R AL o) 90 2 2 I R A 5 s 328
FE T & SR W BT A A L DA T 2 TR 5 e 7 )
SEE T 5N ZFE M . 78 DMControl #0545 il 4T 55
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ATy AT 2 Fh A e )5 27 21 Jr vk JF g
% SEAT R I 5 o DX ) A i 0
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TR MRS RS 0 5 SR R AR 3 oF BE 2 ) PP A TEREAR
PRI, AN [ 3 5 75 ST RE 2o Wi B PR BE , AnfeT 152371
SEINASAE AT 55 38 N 0 B 1 R SR AT (B A ok —
ST o HK AR S 2 A RS R AT
FLS L AN AL oE 7 58 B B A 2 B IR AR 4K |
AN AR AL L Ry L B S PAE 2 [R] A 3y g 2 22
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