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Preliminaries

state-action visitation distribution

d"(s,a) = (1—)m(als) T2V Plse = s|m)
Bellman operators
— Q-backup

T7Q(s,a) = r(s,a) + YEg < p(|s.a),a~n(]s)[Q(s",a")

— V-backup
T V(s,a) =r(s,a) + VEsp(1s.a) [V ()]
f-divergence
Dy (d"(s,a) || d°(s,a))
convex conjugate of f " of function f

f*(y) = supger[< z -y > —f(z)]
— convex conjugate with positivity constraint

fily) =supgep[< z-y > —f(z)] s.t. >0



Overview

.

(Regula rized RL

~\

Convex Primal
f-divergence regularization
linear Bellman constraints Y

1Lagrangian duality

.

Dual RL (unconstrained dual)

uses f* (convex conjugate)

— e

On-policy policy gradient
optimize over {Q} or {V} computed from off-policy data

(stability + convergence)

\

J
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Dual-Q (2-player game)

maxX, ming (1 — v)Eswa, a~n(s) [Q (5, a)]

+ 0By ay~ao [* ([T7Q(s,a) — Q(s, a)] /)]

N\ ——

-
Dual-V (1-player optimization)
min (1 = 7)Eqng, [V (5)]

N

+ aE s gy~q0 [fj (|[TV(s,a) —V(s))] fﬂ)J)

T—
Special case: IL Special case: ReCOIL (proposed) Special case: RL Special case: RL
e ILasRLwithreward=0 || * d5., := 8d(s,a)+ (1 —3)d°(s,a) Pessimistic value learning || Implicit-way
. 1© = JE o ;E.S a I 1E AN JS -
L d® = d N dEs = .ﬁ.fiE(S:r;.j (1 —.ﬁ)dk’(ﬂ,ﬁb &CQL' ATAC XakL, f DVL(proposed))




Reinforcment Learning as a Convex Program (1)

e Reinforcement learning problem with regularized optimization objective is a convex optimization
max J (1) = Egs(o.0)[r(s,0)] — aDs(d"(s,a) || d°(s,a))

— rewriting as a convex problem that searches for a visitation distribution that satisfies the Bellman-flow constraints
max .J(7) = max [1‘11::1}: Eis.a)lr(s,a)] —aDg(d(s,a) || d°(s,a))
@ p y @ ; ;

std(s,a) = (1 —)do(s).m(als) + v, o d(s a")p(s]s’,a")m(als), Vs S,ae A
— constraint is called Bellman Flow constraint |
— itis required to make visitation distribution d to be valid in RL framework
— the above problem is termed as primal-Q

e Lagrangian Dual without Constraints
max,; ming (1 — v)Eewg, a~r(s) (@5, a)] + aEg oywao Lf* ([T Q(s,a) — Q(s,a)] /a)]
— Q(s,a) is dual variable
- f " is the convex conjugate of f
— exact same solution with primal-Q can be obtained because strong duality holds
— GAN-like adversarial optimization should be performed, and it makes the problem be difficult
— what if play around with V instead of Q?



Reinforcment Learning as a Convex Program (2)

e what if play around with V instead of Q?

std(s,a) = (1—7)do(s).7(als) + 7Yy o d(s',a')p(s|s', ') (als), Vs € S,ae A

— constraints of primal-Q are overconstrained: the constraints already determine the unique solution d™
— rendering the inner maximization w.r.t d unnecessary

* Primal-V
max Ed(s,a] [T(Sv ﬂ')] o (-.ED_;"((]E(S._, (‘I’) || dD (:,-?,_. ”))

dz=10

S.t E{IEA d(Sj n) —_ (]_ - "-}")dﬂ(S) —l_ ﬁf‘Zf.‘i’,ﬂ"}ESKﬂ d(Sf? ”rlr)p(SL‘;f.: G‘,P}, HS = S

e Dual-V (Lagrangian dual of primal-V)

1'[1&11 (1 o F:"'}[E:Hm{ﬂu [Lf(g:]] + ﬂE{&_f&}md” [fj ([Tv'(g ﬂ) o V(?))] //ﬂ)]

— single-player non-adversarial optimization



Imitation Learning Consideration (1)

Consider the following primal-Q form of f-divergence between the mixture distributions

max —Df(d“q (s,a) || dﬂ'S(Sa a))

dis,a) mix ‘mix
stVse Sae A, d(s,a) = (1 —7)do(s)m(als) + 725 anesxa d(s,a")p(s|s’, a’)m(als)
d>. = Bd(s,a) + (1 — 3)d°(s,a)

mix

dyid = Bd®(s,a) + (1= B)d5 (s, a)
— This is a valid imitation learning formulation

— since the global maximum of the objective is attained at d = d

— The above primal formulation deters offline learning, as it requires sampling from d to estimate the f-divergence

— Thus consider its dual formulation that allows us to derive an off-policy objective that only requires samples from the
offline data

— This formulation is termed ReCOIL (Relaxed Coverage for Off-policy Imitation Learning)

max, ming 3(1 — v)Eq, -[Q(s, a)] 4 E_H_”w,ﬁl.e [f¥(TTQ(s,a) — Q(s,a))] — (1 = B)E, yous [Ty Q(s,a) — Q(s,a)]
Imitation learning, or occupancy matching is a direct consequence of the regularized RL problem
— when the reward is set to be 0
— and the regularization distribution and d° are set to be the expert visitation distribution d~



Imitation Learning Consideration (2)

e ReCOIL

- S
— without discriminator '™ (s,a) = —log d_(s.)

d¥(s,a)

e estimating pseudo reward could be ill-defined in state-action space with zero/less expert support

— without coverage assumption
e suboptimal data visitation covers the expert visitation ¢° = () wherever df = 0
— ReCOIL is a Bellman consistent Energy-based Model

Input ReCOIL Output

I Expert state-action score  Learned score function

+

l Replay state-action score

+

Offline Data Expert Data Learned Policy

[ | Non-expert

+/ Bellman consistency B Expert
) argmax,Q(s,a)

Figure 6: Recipe for ReCOIL: Learn a Bellman consistent EBM - A model which increases the score of expert
transitions, and decreases the score of replay transitions while maintaining Bellman consistency throughout.



Implicit maximizers for offline RL

e Dual-V Learning (f-DVL): A new class of offline RL methods

e The dual-V objective gives a new class of methods parameterized by the choice of function f for
offline RL

m&n(l — NEsq0 [V (8)] + AE (5 ay~ao | [ (Q(s,a) — V (s)) ]

e Extreme Q-learning (XQL), a implicit maximization based offline RL method, was derived using the
hypothesis that Bellman errors are Gumbel distributed. In face, XQL can simply be seen as a special
case of f-DVL when f is chosen to be the reverse-KL divergence. The choice of setting f
corresponding to reverse KL divergence leads to a exponential conjugate which makes learning
unstable due to exploding gradients. Choosing divergences with low-order f,; can lead to stable off-
policy algorithms. Our experiments rely on Total-Variation and Chi-square divergences to obtain
across the board improvements



Experiments

Benchmark: D4RL
Imitation Learning

— 1) How does ReCOIL perform and compare with previous offline IL methods?
— 2) Can ReCOIL accurately estimate the policy visitation distribution dmt and the reward function/intent of the expert?
Reinforcement Learning

— 3) How does f-DVL perform and compare with previous offline RL methods?
— 4) Is the training of f-DVL more stable than XQL?
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Experiments:

1) How does ReCOIL perform and compare with previous offline IL methodse

rand0m+expel’t and Suboptimal Dataset | Env | RCE | ORIL | SMODICE | BC (only expert data) | BC (full dataset) | IQ-Learn (offline) | ReCOIL || Expert
di candoma hopper 514143863 | 73.93+11.06 | 101.61+7.69 4.52+1.42 5.64+4.83 1.85 +2.19 108.18+3.28 || 111.33
medium+expert ¢ halfcheetah | 64.19+11.06 | 60.49+3.53 | 80.16+7.30 2.2+40.01 2.254+0.00 4.83+7.99 80.20+6.61 88.83
P expert walker2d | 20.90+26.80 | 2.86+3.39 | 105.86+3.47 0.86+0.61 0.91+0.5 0.57+0.09 102.16+7.19 || 106.92
— suboptimal dataset: 1 ant 105.38+14.15 | 73.67+12.69 | 126.78+5.12 5.17+5.43 30.66+1.35 42.23+420.05 126.74+4.63 || 130.75
. .. candoma hopper 253141897 | 42.04+13.76 | 60.11+18.28 4.84+3.83 3.0+0.54 1.37 +1.23 97.85+17.89 || 111.33
million transitions of ¢ halfcheetah |  2.99+1.07 2.84+5.52 2.28+0.62 -0.93+0.35 2.24+0.01 1.14+1.94 76.92+7.53 88.83
the random or few-expert walker2d | 404942652 | 3224329 | 107.18+1.87 0.98+0.83 0.74+0.20 0.39+0.27 83.23+19.00 || 106.92
ant 67.62+15.81 | 2541 +858 | -6.10+7.85 0.91+3.93 35.38+2.66 32.99+43.12 67.14+ 8.30 || 130.75
medium D4RL datasets diume hopper 58.71+34.06 | 61.68+7.61 | 49.74+3.62 16.09+12.80 59.25+3.71 12.90+24.00 88.51+16.73 || 111.33
medium halfcheetah | 65.14+13.82 | 54.66+0.88 | 59.50+0.82 -1.79+0.22 42.45+ (.42 25.67+20.82 81.15+2.84 88.83
— expert expert walker2d | 96.24+14.04 | 8.19+7.70 | 2.62+0.93 2.43+1.82 72.76+3.82 59.37+30.14 108.54+1.81 || 106.92
demonstrations: 200 ant 86.14+38.59 | 102.74+6.63 | 104.95+6.43 0.86+7.42 95.47+10.37 37.17+41.15 120.36+7.67 || 130.75
) edium hopper 66.15+35.16 | 17.40+15.15 | 47.61+7.08 7.37+1.13 46.87+5.31 11.05+20.59 50.01+10.36 || 111.33
halfcheetah | 61.14+18.31 | 43244075 | 46.45+3.12 -1.15+0.06 42.21+0.06 26.27+20.24 75.96+4.54 | 88.83
random +f ew-exper t few-expert walker2d | 85.28+3490 | 6814676 | 6.00+6.69 2.024+0.72 70.42+2.86 73.30+2.85 91.25+17.63 || 106.92
and medium+few ant 67.95+36.78 | 81.53+8.618 | 81.53+8.618 -10.45+1.63 81.63+6.67 35.12450.56 110.38+10.96 || 130.75
pen 19.60+11.40 | -3.1040.40 | -3.36+0.71 13.95+11.04 34.94+11.10 2.18+8.75 95.04+4.48 || 106.42
expert clonedsexbert door 008+ 0.15 | -0.33+0.01 | 025+ 0.54 -0.22+0.05 0.011+0.00 0.07+0.02 102.75+4.05 || 103.94
P p hammer 1.95+3.89 0.25+ 0.01 | 0.15+ 0.078 2.41+4.48 5.45+ 7.84 0.27+0.02 95.77+17.90 || 125.71
) relocate -0.25+0.04 | -0.29+0.01 1.75+3.85 -0.17+0.04 0.24+ 0.01 0.1+0.12 67.43+14.60 || 118.39

suboptimal datasets
] P ) pen 17814591 | -338+229 | -2.20+2.40 13.83+10.76 90.76+25.09 14.29+28 .82 103.72+2.90 || 106.42
mixed with only 30 humansexbert door 20.05+0.05 | -033+0.01 | -0.20+ 0.11 -0.03+0.05 103.71+1.22 5.6+7.29 104.70+0.55 || 103.94
d ) anrexp hammer 5.00+5.64 1.894+0.70 | -0.07+0.39 0.1840.14 122.61+4.85 5.32+1.38 125.19+3.29 || 125.71
expert demonstrations relocate 0.0240.10 | -0.294+0.01 | -0.16+0.04 20.13+0.11 81.10+7.73 0.04+0.22 91.98+ 2.89 || 118.39
— more difficult setting partial+expert | kitchen | 6.875+9.24 | 0.00+0.00 | 39.16+ 117 | 2.5+5.0 | 45.5+1.87 | 0.0+0.0 | 60.0+5.70 || 75.0
mixed+expert | kitchen | 1664235 | 0.00+0.00 | 425+2.04 | 22+3.8 | 4214112 | 0.0+0.0 | 520410 | 750

e Methods based on coverage assumption fail when

— 1) coverage is low (few expert trajectories in dataset)

— 2)in high dimensional tasks where the discriminator easily overfits

e ReCOIL outperforms baselines by a large margin
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Experiments:

2) Can ReCOIL accurately estimate the policy visitation distribution d*™ and the reward

e
mm  ReCOIL mm SMODICE mm  |Qlearn
a Q. Perfect Coverage
EXpeLE State 001 | 00 | 00 | 00 pa g
L Visitation Distribution | o)
:31 g 125
= Replay State 0.01 -2 i
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L 2 s
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|
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Experiments:

3) How does f-DVL perform and compare with previous offline RL methods?

Dataset BC 10%BC DT TD3+BC CQL IQL XQL(r)| f-DVL (x?) f-DVL (TV)
halfcheetah-medium-v2 42.6 425 426 483 440 474 474 47.7 47.5
hopper-medium-v2 52.9 569 67.6 593 585 663 68.5 63.0 64.1
walker2d-medium-v2 75.3 75.0 74.0 83.7 725 783 81.4 80.0 81.5
halfcheetah-medium-replay-v2 || 36.6 40.6  36.6 44.6 455 442 44.1 429 44.7
hopper-medium-replay-v2 18.1 759 827 60.9 950 947 95.1 90.7 98.0
walker2d-medium-replay-v2 26.0 62.5 66.6 81.8 77.2 739 58.0 52.1 68.7
halfcheetah-medium-expert-v2 || 55.2 929 86.8 90.7 91.6 86.7 90.8 89.3 91.2
hopper-medium-expert-v2 52.5 110.9 107.6 08.0 1054 915 94.0 105.8 93.3
walker2d-medium-expert-v2 107.5 109.0 108.1 110.1 108.8 109.6 110.1 110.1 109.6
antmaze-umaze-v( 54.6 62.8 59.2 78.6 740 875 47.7 83.7 87.7
antmaze-umaze-diverse-v() 45.6 50.2  53.0 714  84.0 622 51.7 50.4 48.4
antmaze-medium-play-v0 0.0 54 0.0 106 612 71.2 31.2 56.7 71.0
antmaze-medium-diverse-v( 0.0 9.8 0.0 3.0 537 70.0 0.0 48.2 60.2
antmaze-large-play-v0 0.0 0.0 0.0 02 158 396 10.7 36.0 41.7
antmaze-large-diverse-v0 0.0 6.0 0.0 0.0 149 475 3128 44.5 393
kitchen-complete-v( 65.0 - - - 438 625 56.7 67.5 61.3
kitchen-partial-v( 38.0 - - - 498 463 48.6 58.8 70.0
kitchen-mixed-v0 51.5 - - - 51.0 51.0 40.4 53.75 52.5

e XaUr)2 H ==l dY EEES RRE YOI ZUEHA[ES A

— original paper taking the best average return during training as opposed to the standard practice of taking the average of
the last iterate performance across different seeds at 1 million gradient steps



Experiments:
4) Is the training of f-DVL more stable than XQL?

antmaze-medium-diverse-vO0 antmaze-large-play-v0O

80
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>
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D‘)40 -0
©
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>
<C 0
0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Iterations 166 lterations 166
— XQL —— chi2-DVL — TV-DVL

e XQL training diverges due to the numerical instability of its loss function
e f-DVL fixes this problem by using more well-behaved f-divergences
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Closing: Unifying existing work with dual RL

Offline Reinforcement Learning

Logged Interactions

'

Policy Constraint

| Method dual-Q/V  Gradient Objective Off-Policy Data
| AlgaeDICE, GenDICE, CQL @ seml regularized RL Arbitrary
RL OptiDICE Vv full regularized RL Arbitrary
XQL, REPS, f-DVL v semi regularized RL Arbitrary
VIP, GoFAR v full regularized RL Arbitrary
Logistic Q-learning QV' full regularized RL. X
IQLearn, IBC Q semi Dy(p™ ||PE) Expert-only
OPOLO, OPIRL Q semi Dit(p™]p") Arbitrary
SMODICE %4 full Dy (p™ [ p"F) Arbitrary
DemoDICE, LobsDICE 1% full Dy (p™ | pF) + aDy (p™ | pT) Arbitrary
IL P2IL QV' full Dc(p™ [ pZ)! X
ReCOIL-Q Q full Di(prizlpmin) Arbitrary
ReCOIL-V 1% full D¢ (pT . o) Arbitrary
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arxiv versionl:

— Imitation from Arbitrary Experience: A Dual Unification of Reinforcement and Imitation Learning Methods
— ICLR Workshop 2023

arxiv version2-3:

— Dual RL: Unification and New Methods for Reinforcement and Imitation Learning

— ICLR 2024
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visitation distribution Al A2 ZtASH7| 2|5l Successor FeatureE EAS = US A £ 20
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— Proto Successor Measure: Representing the Behavior Space of an RL Agent, ICML 2025
Qinging Zhengdt Amy Zhang< Online Decision Transformer2| X X} = &l

— Dual RL framework+<= Decision Transformer A € 2| Bellman &AM 2 AFESHX| Y= AL ES EESIHK]
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Dual RL:
Unification and
New Methods

for Reinforcement

and Imitation Learning

Dual RL in a nutshell

(Regula rized RL )

e Convex Primal
e f-divergence regularization

* linear Bellman constraints
\_ y,

1Lagrangian duality

Dual RL (unconstrained dual)
e optimize over {Q} or {V}
e uses f* (convex conjugate)

— e

.

.

-
Dual-Q (2-player game)

maxX, ming (1 — v)Eswa, a~n(s) [Q (5, a)]
+ ﬂIE:'{.«.a}nrif" [f* ([T‘;’Tﬂg(g‘ ”']I - (12{.? ﬂj] ;;nf]:l

> e

~
On-policy policy gradient

computed from off-policy data
(stability + convergence)

J

N r —
Dual-V (1-plaver optimization)
l'lf,ljﬂ (1 —7)Esq,|[V(s)]

+ {-EE{H,_H-]N{E“ [f,j ([,}'-vr [\{S'- i’l) - 1;(5))] r’fﬂ’-)])

~\

.

Special case: IL

IL as RL with reward=0
{ﬂ(} = dF*'

~\

J

r ————m—
Special case: ReCOIL
o d>. = fBd(s,a) + (1 — 3)d”(s,a)

N

L° dbs .= BdE (s,a) + (1 — B)d°(s,a

mix

I

————

Special case: RL

Pessmistic Value Learning
CcQL, ATAC

Special case: RL
Implicit-way
XQaL, f—DVL(proposed)A
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