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INntroduction

* We study the offline policy adaptation problem where there exists
dynamics shift between the source domain dataset and the target
domain dataset

* We consider the setting that we have limited target domain data,
about 5000 samples, since If one has a large amount of target
domain data, one can directly use off-the-shelf offline RL methods
like ReBRAC to achieve quite strong performance

* We consider the offline policy adaptation problem given very
limited target domain data, with which the single-domain oftline
RL methods often struggle.



Framework
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Figure 1: An overview of our proposed framework. We first align source domain data and target
domain data via the Wasserstein distance. Then we adopt the solved optimal coupling for selectively
sharing source domain transitions with the downstream offline RL algorithms. We further introduce
a regularization term to encourage the learned policy to lie in the support region of the target domain.



Theoretical analysis

Theorem 3.1. Denote the empirical policy distribution in the offline dataset Dg;c from source do-
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* The performance bound is related to three components



A novel objective
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A novel objective

* Suppose the optimal coupling by solving the optimization
problem above gives u* , we determine the deviation between a

source domain data and the target domain dataset via:
|Dtar|

d(uy) Z Clug, up )iy s Ut = (850, Ggres (Sgre)’) ~ Dare-
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* Intuitively, d Is larger It the source domain data aligns the
distribution of the target domain dataset (since the cost is smaller
by then) and smaller otherwise. It can hence work as a good proxy
for p

Theorem 3.2. Assume that the cost is bounded, i.e., C(u,u’') < Cpax < 00,V u,u, then we have
0 2 d(“t) 2 _CmaxDTV(pSHpt)-



A novel objective

* Another benefit of computing d is that we can calculate the weight
w = exp(a x d(u))
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* However, It Is Insufficient since the performance bound in Theorem
3.1 I1s also connected with policy deviation terms. If only limited
target domain data 1s available (e.g., 5000 transitions), the learned
policy can get biased towards the behavior policy of the source
domain dataset, incurring unsatisfying policy adaptation performance.
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Practical implementation

* We normalize the deviation to omit the introduced hyperparameter
-~ d1 — Inax; dt
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* Furthermore, we model the behavior policy in the target domain
with CVAE
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Experiments
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Experiments

Source Target | IQL* DARA BOSA SRPO IGDF OTDF (ours)
half-m medium 30.0+16 26.6+33 193+35 41.3+04 41.6405 39.1423
half-m medivm-expert | 31.8+1.1 320407 336411 30708 296422 356407
half-m expert 8.5+1.0 93+1.6 7.9+08 8.61+0.9 10.0£0.8 10.7+1.2
half-m-r  medium 30.8+4.4 356407 35.0+46 32.0+1.4 28.0+20  40.0%1.2
half-m-r  medium-expert | 129422 169441 199455 124416 120437 344407
half-m-r  expert 59+1.7 37427 24%£19 6.2+1.4 53423 8.2+2.7
half-m-e  medium 41.540.1 403412 413403 413404 409404 414403
half-m-e  medium-expert | 25.8+20 306428 32.1+08 272408 26.2+1.8 351106
half-m-e  expert 7.8+1.3 8.3+1.3 9.1+08 7.8+0.9 7.54+009 9.8+1.0
hopp-m medium 13,5402 13.54+04 132403 13.4+0.1 134402 11.0409
hopp-m medium-expert | 13.4+0.1 136402 112446 133202 133404 126408
hopp-m  expert 13.5£0.2 13603 13.3+£04 13.640.2 13.9+01 10,747
hopp-m-r medium 10.8£1.1 102£1.0 1.220.0 10,716 12.0+44 B7+2.8
hopp-m-r medium-expert | 11.6£16 104409 1.34+02 10.4+1.2 82428 9.74+2.7
hopp-m-r expert 9.8+05 9.0+0.3 1.3x0.1 10414 114£15 10.7+£24
hopp-m-¢  medium 12,614 13.0+£05 15.7+£7.2 14.0£23 12708 7.9+£3.2
hopp-m-e medium-expert | 14.1+1.3 138406 12.0+14 135203 [1334+12 96435
hopp-m-e¢  expert 13.8+0.5 123+1.8 10.5+£5.0 147423 12.8409 59+4.0
walk-m medium 23.04+4.7 233433 6.2+29 24.7+1.7  27.5+95 505458
walk-m medium-expert | 21.5+86 222476 7.2429 18.747.3 20,7459 4434238
walk-m expert 203428 173434 158487 21.1+£7.2 158+45 553483
walk-m-r  medium 11.3£3.0 109+4.6 54+4.0 10.4+4.8 13.44+72 374451
walk-m-r medium-expert | 7.0+1.5  454+1.1 40422 494+1.7 6.942.2 338469
walk-m-r  expert 6.3+09 45+1.1 3.8+34 5.54+0.9 5.54+2.2 41.54+6.8
walk-m-e  medium 24,1474 317466 187465 2009447 275423 4994446
walk-m-¢  medium-expert | 27.04+5.5 233455 11.1+£09 229438 253464 40.5+£11.0
walk-m-e  expert 224433 252457 9.9+39 18.745.7 247424 457469
ant-m medium 387438 413418 182419 406421 409417 394417
ant-m medium-expert | 47.04£5.1 43.3£2.0 453170 472143 44.4+£1.7 SB3LE9
ant-m expert 36.24+3.5 485442 7224105 422499 414442 854444
ant-m-r medium 382429 389427 202+37 383+19 39.7+1.2 41.2+09
ant-m-r medium-expert | 38.14+3.5 33.4+£55 152+1.6 350£57 37.3+£24 50.8%4.5
ant-m-r expert 241419 245426 160+1.7 22.7+3.0 23.6+14 672475
ant-m-g medium 32945.1 40.2+1.5 28.1+56 359+25 36.1+44 399+29
ant-m-g medium-expert | 35.74+3.9 36587 1481159 245+157 30.7L£10.8 65.7+4.5
ant-m-e  expert 36.1+85 346458 539450 38.4+94 352466 864422
Total Score | 798.0 Bl6.8 6463 803.1 B0R.7 12743

Source Target | QL* DARA BOSA SRPO IGDF OTDF (ours)
half-m medium 39.6+33  41.2439 389440 369445 36.6455 40.7+7.7
half-m medium-expert | 39.64+3.7 40.7+2.8 404430 407423 387462 286432
half-m expert 424438 398+44 405+£39 394416 396446 361153
half-m-r  medium 2001£5.0  17.6+6.2  20.04+£49 175452 144422 21.54+6.5
half-m-r  medium-expert | 17.24+1.6 202452 16.7+42 163417 10.04+25 14.7+4.1
half-m-r  expert 20.7£55 224417 154442 231440 153437 11419
half-m-e  medium 38.646.0 378433 418451 425423 377473 395435
half-m-e  medium-expert | 39.64+3.0 394444 38.7+£3.7 433427 407+32 32.4%55
half-m-e  expert 434409 453413 399427 433430 411441  26549.1
hopp-m  medium 11.2+1.1 173438 152433  12441.0 153435 32.4+3.0
hopp-m  medium-expert | 14.74£3.6 154425 21.1£93 142418 151436 24.243.6
hopp-m  expert 125416 1934105 12.7+1.7 118409 14.8+4.0 33.7L7.8
hopp-m-r  medium 139+29 107443 334£19 14026 153444 31.1+134
hopp-m-r medium-expert | 133463 12.545.6 46417 144442 154455 24.246.1
hopp-m-r  expert 11.0+£26 143460 32408 16.4+5.0 16.1+4.0 310198
hopp-m-e  medium 19.1+6.6 1854123 159459 197+85 223454  26.4£10.1
hopp-m-e medium-expert | 16.84+2.7  16.04+6.1 17.3+£2.5 158433 16.6+7.7 28.3%6.7
hopp-m-e  expert 209441 2394148 232479 214419 260492 4494106
walk-m  medium 28.1+£12.9 28.4413.7 38.04+11.2 21.447.0 22.1+8.4 366123
walk-m  medium-expert | 35.7+4.7  30.749.7 409472 340499 354491 448475
walk-m  expert 37.3£8.0 36.04£7.0 413486 395438 36.2+13.6 44.0+4.0
walk-m-r medium 14.6+25 141461 76458 179438 11646 32.7+7.0
walk-m-r medium-expert | 15.3+1.9 159458 484358 153+4.5 139465 31.6+6.1
walk-m-r  expert 158472 157445 71446 137481 152453 313453
walk-m-e  medium 309+13.1 41.6413.0 323472 464435 338431 302498
walk-m-e medium-expert | 49.14+6.9 458494 40.1+4.5 364434 447429 53.3+47.1
walk-m-e  expert 404+11.9 564435 43.7+44 458480 453+104 61.1%34
ant-m medium 102418 9.44+09 124420 117410 11.3+13 451+124
ant-m medium-expert | 9.44+1.2 10.04+09 11.6£1.3 102+1.2 94+1.4 339454
ant-m expert 102+03  9.84+0.6 11.8+04 95206 97+1.6 33.249.0
ant-m-r  medium 189426 217421 139+£1.5 187417 19.6+£1.0 29.6£10.7
ant-m-r  medium-expert | 19.14£3.0 18342.1 159+£27 187+1.8 203416 254421
ant-m-r  expert 185+09 200413  145+£1.7 199421 18.8+2.1 245428
ant-m-e¢  medium 98+24 B.1+1.8 8.14£3.0 84+21 B9%1S5 186119
ant-m-e  medium-expert | 9.0+0.8 6.4+1.4 6.2+1.5 6.1+35 7.2+29 34.0+94
ant-m-¢  expert 9.1+2.6 104429 42439 §8+1.0 92%15 232429
Total Score | 825.0 851.0 763.2 825.5 803.6 1160.7




Parameter study
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