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Figure 1: Results for fairness constraints
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Algorithms Model Regret

UCB-D3 globally ranked agent O(M(M = 1)K log T/A?)

UCB-D4 uniqueness consistency O(M(M = 1)K log T/A%)

CA-UCB partially decentralized  O(exp( M)A log” T/ A?) (pessimal regret)
Phased-ETC general model O(MK log" ™ T + exp(1/A?))

ML-ETC (our result) general model O(MK log T/A%)
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B spotlight*Jifi(top 5%).

ZRRFRIE: Can Chang, Ni Mu, Jiajun Wu, Ling Pan, Huazhe Xu, E-MAPP:
Efficient Multi-Agent Reinforcement Learning with Parallel Program Guidance,

NeurlIPS 2022.
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ANEPIT 2SS, = BAMKGIRENILINZSBFE I TZER. ERRE “ahiER
fiE” , fian “SEYR” B MR | XRERIEN TSR RS T EE
o 18I 2K ARHIXAPRE S, A7 B sl > A A B RE AR L REHH A 1 IR B RV Iz
MR ATMERNIIERAE, Reeflr] Ui EEEH, BREH & X ERIER I T
HIHESS.

NTfRRLL BRI, DREHAR L, 12 E55E STRIREZR TR A2 ST B Al 2 AL
BIMERAE, MITMSEEMESS BN F AR M5 172, EIZRIRES, NZREAIE R
HINAZRIBEE SRR, a2 DHE RO -3 ERAE RIS I 28 3 (o IR 2 Y
HEEGNE S, SdlZR, BRI T — 1 BHARNSERIETE, 1ERAEZS AP
PZRAAE S5 ARAE M B BT R LAY TEME. & DARAERE R+ 0 s IR S £ 5510 8)
TEERAIE,

Z I H 5T 18 X E i NeurIPS 2022 Deep RL Workshop#Uk, R #FHZICLR
2023, WX WiEIA : Hua Pu, Yubei Chen, and Huazhe Xu. "Simple Emergent
Action Representations from Multi-Task Policy Training." arXiv preprint

arXiv:2210.09566 (2022).
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AT HE SRR AIMT N B HEasInterSim
iIE—EHREVSESI VAN A EREZE IR, #7214 pE 2 I 2R s,
PEREMNAATAIR. BB HRGEHHT A0 H F 2T N R EFPUBRI R, [FNR
T TR BN NN, H 3BT H AN T BB BRI B BRI E X,
BATIF R AT 2T B2 TE DN ET R E LIRS (Waymo Open Dataset) Y
Hzh S5 HdsInterSim, InterSim*: T HLEHR LI FE AT A TERALIZ,; 12N
Ny, SRR s 58 AR USRS I, (i B dsged AR, HiBHAAT N R M,
InterSim A BUN B 225 BRI B AR AT 2 Ik EdE, HililnterSimE &Rk
i, Wl 7t R L HEIBAE,
ZERFRIE X Qiao Sun, Xin Huang, Brian C Williams, Hang Zhao, InterSim:
Interactive Traffic Simulation via Explicit Relation Modeling, IROS 2022.

{2 InterSim = visualizations
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B2 LR IR IR = WL 2

X B 3028 3 L B RE R NI B IR, LA PSRRI 77 12 22 5% A S 7 0 7 Rl
Tiike SRR TT TR RN T 2 W18 NRUEZR R B A REAR AU ARSRAT Bz R B 15
PERBEAT RN, SIS RS ES N/ AN BRI B IR, H
Fhz 2R AT RN A E R EDS BAE St R e C R, A A /5 ik
iR = R ANHE S5 N 7 BLTR AP,

PR IR @S R S g BT H . MR, DUt B RR, R T
RETH & Z 2L R AR BEN LI R SRS MR (CCILQG) |, MG REARRETE I 2 &
RS ALK BA A B PE, RN BRES LT ERIE, XITENA
T8 SR N TE N B REE 2 A8 N/ AN L7 i 22 9 28 EL R SR FR A4t T 3 5 %
BLhit

ZHWFR A 16 : H. Zhong, Y. Shimizu and J. Chen. “Chance-Constrained

Iterative Linear-Quadratic Stochastic Games” , IEEE Robotics and Automation

Letter, 2023.
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TEE AL H S JEH SR R E L& VectorMapNet

RS E M 2T ERE MR BE NGRS —, BITHRARFEN T
HDMapNet & (I L] 73 FIFEACFE R 77 FORA R B, BIXFR 5 IR 58K T
MR HLE 2B, HORRETT RV RBI =422 A, 1 B HE & K EAE XA E
RS RINE 7%,

AR, RATIFR AR T ImE A % E i E A # 7 i VectorMapNet, %775 E R
H 7T —M% —fpolyline (ZBZ) KREXRME TR, MEHNHESHN (set
prediction) MFFIAERK (sequence generation) {75 2 RAG AN K & Hu & Fh (1 i Hb
EBItHR, & EAACE SR A i TR A, I HUERA T AR R E AT AR T2 A
TINS5 BRI

ZRRFR I X Yicheng Liu, Yuantian Yuan, Yue Wang, Yilun Wang, Hang
Zhao, VectorMapNet: End-to-end Vectorized HD Map Learning, arXiv:2206.08920,
2022.
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1EHZ S, Wi EGHLLIDAREIE A E EFENIEXER, oSy
B XAE B AT DI R H B Bt i s rh B M NRUAT o Pl 2R, 48Ry B 3B 377 =R
T, PRER. O =R R T AR, HICTRIRE 5t A RS AL

AT AR L T % — D ET IS PO TN 77 %8 ViP3D, ViP3DJ2 s — & T
) B a0 S SR PR ZE, FF BRI, BRI 2 P 5 i AR A 2 AT A, VIP3DAEH
agent query{E BT Z RIAYHZ T, 2 ZCHN & BBl Y 2 AT N T i, th4h, VIP3D
KRR, HFR4EP I #ragent query, ANEREAEED B EGRHE, ER
R R R N A B 4 O RE,

RIS Junru Gu, Chenxu Hu, Tianyuan Zhang, Xuanyao Chen, Yilun
Wang, Yue Wang, Hang Zhao, ViP3D: End-to-end Visual Trajectory Prediction via
3D Agent Queries, arXiv:2208.01582, 2022.
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Chipletf§&IMi: TEMABER S HHEHRR

Z R B EARBNL R 2N R BREFRIRESE, & AR E O AR IE <
—, {HRMRE TR E Bl R R 22 B REARGUS LLERS A AN, BERER
XAS BB S Id A it st T = MR 2085 /2 SDEAEOR, #2 T —INE R 205
FARGUIABR, FHHEW 7Bk, MWREEREG. SR FEEE R DR
FZITHHT T 20 R RA R G

BRI, ARITAERSHEESHZERER, A THRNRSE, BRIERCE&REE
FEI T BIRRIRT , BURSR RGEREEER; S0 RANEENSET ORI
SH, A0 AE MG AR, SR IINRERABIIMESR L] LRS-,

ZFR KR8 0 Yinxiao Feng, Kaisheng Ma. “Chiplet Chiplet Actuary: A
Quantitative Cost Model and Multi-Chiplet Architecture Exploration.” Design

Automation Conference, 2022.
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Mg SR TR AE VR 2 R A TH AR 5 S B A T2 8 o Hors AN A A i
IR 7 efEE gt R 6 ERTERERIRCR, mtfEA ¥ RERIE IR R T AT
MR RESRTA IR A SRR e IV BEE T, R, AN, B TATRIBIER S, M
R A ER e MRS _ B, TIRERT A EEE 2 ERE &R

M, ST AR N T — D AR AE R IR MR SPADA, ] DUA RIGE M %
MRS, B, MR HRT T — N ET3AE OH B &N EdE R VA 77 RSt

, A DARTEHIAEAN R BRI R, M TR EdE o i, Bk, WA RIS
XA EE N AR, RN TEMAEE RS, BAARTE, BRE, (R A] AT
AR MBI TR, e, BT AR XA s g i B AR RIX — 5, it
FEMIF i 52 PR BE SR PR ER S5 M 1 8 2205 FH Y e L EE Tt SR9a 4 SRR, SPADARENS
IR E B IS BUA [ B A B RE R SR TR MR A, 8 00 i 4 4 AL B T AN DL BE 5 20
PERE TR, TEHIK BB HE KRG A M SR a5 F, SPADA VI MERETE & 1
40%.

B R IE X 0 Zhiyao Li, Jiaxiang Li, Taijie Chen, Dimin Niu, Hongzhong
Zheng, Yuan Xie, Mingyu Gao, “Spada: Accelerating Sparse Matrix
Multiplication with Adaptive Dataflow” , ASPLOS 2023.
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HT EG M RASBCR N E RS

WSS 2 A MR RER I B R RN, RN ERSE (hybrid memory
system) AJiii & REHEFI A T GEN RN BRI NF R 2, H AT S A P A SL 51 R
RSN F IS (DRAM) ERNRINAE, K& % AR % 1 AR 5 K17 i a8
(NVM) TENEATE, Tk, @R EFENHINSENERGITRAN, BF
TFBER RN, HEREIE RGN A E BRATRRLEE AR o1 T s R S

=S TR R IR S A R GE R A T B R IR T TAEAEAR A7 56 F R 0
REEEMNAR EHBEEAENE, BARGAHREIER, N rE—PHESRENEE
HRGHIIEREFZCR, PR HAR A 2 (sub-blocking) #1%4% (compression)
BORRIN AR &M 77 A R, IRE He 2 B TAEEAAERE, 7 SRR B AR Al 70 o B/
RIERYF 5, RUEMMZAA TR, AR RS Bt 5 DU 48 - B AL S i 7 A
&, SR, SCREEZEM Bk 1 58 S Y e 80he A T8 10 B8 52 2% T 2 9 B A Jey 2 PR
PRk, ZWTFCAIR . “E R AIRES DUE N SR AN RTERR RS 228, RN FH £
e RAERERSHIAZN, K46 maRtEELRmME, R 8dEts RN, ZRGHE
Y AR TAE NIRRT 912765, emnl. 7465 1 REsR TS

B SR IE S Yiwel Li, Mingyu Gao, “Baryon: Efficient Hybrid Memory
Management with Compression and Sub-Blocking,” HPCA 2023.
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N, BARBTAHE

FEFEMRN: ZEUIFA, HEBT A

B AR B TR Y 2455 PRI SR A TR A2 SRR RO AR
TREEGERAEREIME, R HERMETIAE S TR RE

PIIZRTE 5 R R RRI PR BB T2 R, B TR R 2RSS TR R TR AR
TR HAR SR MERE S [ TR AR 2K, BT T HIZRE IR R IER 2 &
Do NFTEBRERTZACNERER T AR IR 7 ZREAR USRI e

a5 B R B D BT S5 ERVIIZRIEE A T B IR ESS, TR FRIX L
KEBESFSM S EEMERE (WRBITR) o H—DRIE, XREXRBEFSRZENE
(QA) 55, XEERMBRIANFLEMES (WNQA) Wlgrdwmida & 7 Al 1T 2/ —
MR, T DA BRI, WFsdligit 7 —F/5i%, EAMENEUESRIER T, WA E
RAERBEIGMES (ERTR) |, FES TEREARZMAMRE. ImprovingTORY{Z I A H
BREX, E5IRELNINATHALS AR SR B, Hit—DiEs) 7 AR TUR
IR e

ZRIFFRIE . Jing Zhou, Zongyu Lin, Yanan Zheng, Jian Li, Zhilin Yang:
Not All Tasks Are Born Equal: Understanding Zero-Shot Generalization.

e | Natural Language Inference Sentence Completion Co-Reference | WSD.
Train Tasks Met. | RTE CB ANLIl ANLIZ ANLI3 | COPA Hella. Story. | WSC Wino. | WiC | Avg.

Mean | 7253 S0.60 3093 3196 3223 | 8220 27.16 9205 | 6221 5200 S0.14 | 53.09
AlLTO Tasks Med. | 7401 57.14 3040 3160 3175 | 8300 2760 9177 | 6298 5233 5000 | 54.87

Mean | 7310 6655 3355 3246 3634 | 8462 3093 9451 | 6404 5302 50.52 | 56.33
Top-8 Only Med. | 7491 7142 3310 3200 3642 | 8450 309 9476 | 6538 5296 5016 | 56.97

Mean | 6047 4417 30.68 3281 32.37 6707 2646 6881 | 51.83 5129 5092 | 47.03
TO Tasks wio Top-B | Med. | 6029 4464 3080 3300 3333 | 6683 2665 7253 | 4712 5154  S0.71 | 47.04
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TR AT RARANIENER, PHEAEINRREI N LTS
ye/s DU AR RT /7%, HAERR BRI E LSS

&R (Prompt) 2R B I ZRTE S BAANRA — &7, ITHERZEINLPZERK
ZRE, #id N TFEE/R(manual prompt) 7775, GPT-355 KRS ZriE A 7 T
AR, DREAR FEEG TARFEHRROR, HEZALFGRRNITIEFEEIRE. AARRZ
EZEFE R AJIA AR, Z55C0R MRS5S RN A IE R T A R,

T RE BRI 5 2H o IR AR H — R B T 18 AL RTA R R I R B 1K (GPS, Genetic Prompt
Search), N T/PHEAYS, MIATFERR, 2HEEHE (Model tuning)fIHE 73 25
V8 (Prompt Tuning, Black-Box Tuning)< HAh77 ZEM L (A N EIFRR), GPS#id B sk
A AP A FFER, AR 7RG RIRER, 1 HIX — A TR ERR AR S BRI
APEATIOL, REfE TR 10MERYITHRE I, GPSHEH 7 —Fisaves, BBtk E, ¥
it B ISR 248, X075 206 RRARTR I R 8 f S F A AR AR 1R o

ZR R FRIE X EHEMNLP' 224210k : Hanwei Xu, Yujun Chen, Yulun Du, Nan
Shao, Yanggang Wang, Haiyu Li, Zhilin Yang: GPS: Genetic Prompt Search for

Efficient Few-shot Learning.

meemememe———— =4 Loss | je=mm=es=s=se—-aa- Loss ereees rsrssarasares Metric
| Gradient-based Gradient-based : Gradient-free

P
1
E optimization | optimization . optimization T
i :
i 1
“-» Tunable Language Model i Frozen Language Model ] [ Frozen Language Model
: ;
| 1 | 1 I '; i
OO | ) E —
Manual Tunable soft Manual " Prompt searched
prompt FpRSE e prompt prompt L Bt with GA gk tet
(a) Model Tuning (b) Prompt Tuning () GPS
_ Serving Tunable . ) Computation
Methods Efficiency Parameters Performance Cost!
Model Tuning X 100% 61.73 11.1x
Prompt Tuning v ~ 0.01% 58.56 11.1x
Black-Box Tuning v ~~ (U001 % 57.82 0.3x
In-Context Learning Xt 0% 51.28 0x

our GPS v (0% 60.12 1.0x




BRIt RENLPESS o B RGRHIERVAH & B RHIEEH B2
LSS TREARSS]

TREARZS]RNLPII 7R — MR Z BB R B A E S e RNLP 555
tyseq2seqE I B IE S BRALHAT 24155 I 2k A] DAFS B G 5 BUALR 2 B R RTR 2L 5|
HAWES £, X—05ilfAiEs) VIR SO R SR T/, EahiRiH Eir B ARES 1R
T SEINERE S PR AVEE DUAR TR ST I ZRRR E 5. et Al gt 7 —
PO TR IZALRE T ROFT LA - H &7z, BIA] DU —H BRI A & RREZ AR BIE
%, BB 2RSS RGN EBUIE, B RHERH T2 R SR KB REA Y
Sfie

19 AL R TF 5 4 6 IR M — b i 2 A 55 I 200K o S B BRI AT 55 R A R B 77 1
(CTR, Compositional Task Representation) . X—/7EEE 2 AE5¥ S REE—1D
AR S FHER G, FERFER BRIE I BN HT 55 RO 5 A\ B8 4T H B9 AR R R R E B0
ZAESHFHEA S, REFIIZAEA &SRS Bzl (WEILFTR) o MHEERT
ZHINFREARESTTE (BIANT0) , CTRIEMZFFEAZLESESS R S#AgPERE (A0
EI2Fr7R) , I BAE —ERE LRYRT R AT, (E9IX — s — IS e M
CTRIVRHAGEHEE Y, EIlKESNBALEIARNES, FHit— P TRARE
SRR,

ZR RIS . Nan Shao, Zefan Cai, Hanwei Xu, Chonghua Liao, Yanan

Zheng, Zhilin Yang: Compositioanl Task Representation for Large Language

Models.
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Figure 2: An overview of the architecture of our proposed CTR . The left part illustrates the training
phase, while the right part shows how CTE works during the inference phrase.



Methad Matural Language Inference Sentencr Completion | Co-reference | WSD |
ETE CB ANLII ANLIZ ANLIZ | COPA  Hella. Story. | WSC Wino, | WiC Ly
Lero-Lake] Setting (unlabeled data of each test task)
To-Large T2HT 5655 3207 3L15 3438 | B538  IN0E 9304 | 6394 5435 | 5033 | M09
Self-Training TISET 7604 3442 3290 3744 | E745 A0AY 9454 | 57.08 5656 | S0.75 | 5T.38
Manual-Code T5.09 5680 3312 3249 3348 | TATe  30B4 9300 | 6lla 5400 | 5145 | 5433
Zrs TO06 6TAS 320 L0 3425 | BROD 2906 9343 | 6538 5343 | 4984 | 36460
Our CTR ErS1 BTS00 3340 3440 33E0 | 9200 2750 9000 | 5658 4980 | 6250 | SEHE
Few-Shot Seiting (32 labeled data of each 1est @sk]
Maodel Tuning, 166 | 7531 BOSS 3573 3030 33593 | 8205 4086 9204 | 5596 5674 | 5205 | 3818
i Model Tuming, 3200 | 7030 7750 3678 3073 3598 | 8230 4224 9316 | 5435 5056 | S48 | 3BT
Prompt Tuning, 1656 | 7700 600 3L8% 3086 3355 | 8170 M8 400 | 6288 5342 | 8122 ) 3T23
Prompt Tuning. 3200 | 77.51 7321 3417 3143 3454 | BLED M6 9246 | 62012 5434 | B030 | 5639
Lils TrAE  Tesd 3371 1A% 3056 | BLOE 2E01 9340 | 8423 5172 | 3252 | 3138
GRIFS TI.S6 T0B 3214 3236 3477 | TTS6 Mad4d 9340 | 6212 52946 | 5212 | 55.11
BBET T8 5726 3309 3200 3530 | Te49  289%F 9301 | 6202 5340 | 52093 | B3
COur CTR. ED5] RR93 3440 320 3660 | E9.0) 3507 9170 | 6B0E 5500 | SE.6T | GUGE

Table 1: Main resulis of CTR and baselines on 11 test tasks under the zero-label setting and the
few-shot setting. “16/16" denotes we use 16 examples for finetuening and 16 examples for model
selection. *“320" denotes we use all labeled data for finetuning and directly evaluate the checkpoint
at the last iraining step. The zero-label sewting allows using unlabeled data of the test sk while the
few-zshot setting wses 32 labeled data of the test task. All methods share a similar model size (ie.,

T70M).
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AFIRNEE RGN 0.02%), CEERZMAAZETRI TREX—-MUR, HEXTH
T AR 27 AR X 2 i H IR Y IR R 1A AR T R ARG, I CE B ER
FiE S EAA P EHE SORIIARBURE], SRAMZ U2 H,

TR AN E B, K1) ESEARENHAXELRENAF; 2)
FFRES BA BTN — D) FE L I EENREEE, R84+
FIBER L ;  3) YIRS & A 8 A B B BRI, 2Rt — 4R
T — R A AR 7T VEDITTO, IEERASE S IR h & B Bl h Al TR EE IR,
SLFeEREH, DITTO MYAEAHERZRE RGO SRS TEE A, 1 EIESSH T B4R AE
R, RTINSO A ORI SO Y R B SR UE R 1 %07 T 138 A A 38

ZR R Jin Xu, Xiaojiang Liu, Jianhao Yan, Deng Cai, Huayang Li, Jian
Li. “Learning to Break the Loop: Analyzing and Mitigating Repetitions for Neural
Text Generation.” Advances in Neural Information Processing Systems

(NeurIPS), 2022.
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