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Offline Preference-Based RL

• RL needs well-defined reward functions, which are often
hard to design

• Preference-based RL (PbRL) learns from human feedback via
trajectory comparisons

• Collecting online preferences is expensive → offline PbRL

2 / 13



Theoretical Guarantee vs. Computational Efficiency

• Although several works have developed empirical PbRL algorithms,
FREEHAND (Zhan et al., 2024) and Sim-OPRL (Pace et al., 2024) are
only provably efficient offline PbRL algorithms with general function
approximation

• However, they ensure conservatism using explicit confidence sets
over reward and transition models
▶ FREEHAND relies on confidence-set-constrained optimization
▶ Sim-OPRL uses the width of the confidence sets as uncertainty penalties

→ Computationally intractable with complex function classes such as
neural networks

Our goal: Statistically & Computationally efficient offline PbRL
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Problem Setting

Episodic MDP (S,A, H, {P ⋆
h}Hh=1, {r⋆h}Hh=1)

• Rewards are unobservable to the agent, only trajectory-based
preference feedback is available

Offline datasets: preference dataset Dpref = {(τm,0, τm,1, ym)}Mm=1 and
unlabeled trajectory dataset Dtraj = {(τ0,n, τ1,n)}Nn=1

• P(y = 1 | τ0, τ1) = P(τ1 is preferred over τ0) = Φ(r⋆(τ1)− r⋆(τ0))

where r⋆(τ) =
∑H

h=1 r
⋆
h(sh, ah)

• Assume |r(τ)| ≤ R and κ = 1/(infx∈[−R,R] Φ
′(x)) is finite

General function approximation: the function class of rewards R and
the function class of transitions P

• Maximum likelihood reward estimation r̂ ∈ argminr∈RH L̂R(r) where

L̂R(r) = − E
(τ0,τ1,y)∼Dpref

[
1{y=1} log Φ(r(τ

1
) − r(τ

0
)) + 1{y=0} log Φ(r(τ

0
) − r(τ

1
))
]

• Similarly, P̂h ∈ argminP∈P L̂T (P ;h) where

L̂T (P ;h) = E(sh,ah,sh+1)∼Dtraj
[logP (sh+1 | sh, ah)]
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Adversarial Optimization for PbRL

Zhan et al. (2024) proves that the following optimization problem yields a
near-optimal policy π̂, for a proper constant ζ:

π̂ ∈ argmax
π

min
r∈R̂

(
V

π
1,r(s1) − V

µ
1,r(s1)

)
where R̂ =

{
r ∈ RH

: L̂R(r) ≤ L̂R(r̂) + ζ
}
.

However, the constrained optimization is not computationally efficient.

Our approach: Frame PbRL as a two-player Stackelberg game

π̂ ∈ argmax
π

(
V π
1,rπ (s1)− V µ

1,rπ (s1)
)

subject to rπ ∈ argmin
r∈RH

(
V π
1,r(s1)− V µ

1,r(s1) + E(r; r̂)
)

where E(r; r̂) = Eτ0,τ1∼µ

[∣∣{r(τ0)− r(τ1)} − {r̂(τ0)− r̂(τ1)}
∣∣]

• Policy π: Maximizes return for rπ

• Reward model r: Minimizes advantage of π over behavior policy µ

• We use the trajectory-pair ℓ1 loss instead of log-likelihood
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Adversarial Optimization for PbRL

The optimization rπ ∈ argminr∈RH

(
V π
1,r(s1)− V µ

1,r(s1) + E(r; r̂)
)

requires
online trajecotries from π → Unavailable in offline PbRL

We use reparameterization of reward model to address this challenge

• Fix a policy π. For given reward model r = {rh}Hh=1, we have the
value function {Qπ

h,r}Hh=1 such that Qπ
h,r = rh + P ⋆

h (Q
π
h+1,r ◦ πh+1)

• Conversely, for a value function f = {fh}Hh=1, we can construct a
reward model {rh}Hh=1 satisfying rh = fh − P ⋆

h (fh+1 ◦ πh+1)

Using the reparameterization, we reduce the two-player game to a single
unconstrained optimization problem
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Proposed algorithm: APPO

ÊDtraj(f ; P̂ , r̂) = E(τ0,τ1)∼µ

[∣∣∣{rπt

P̂ ,f (τ
0)− rπ

t

P̂ ,f (τ
1)} − {r̂(τ0)− r̂(τ1)}

∣∣∣]
rπh,P⋆,r = fh − P ⋆

h (fh+1 ◦ πh)

7 / 13



Theoretical Analysis

Assumption (Reward realizability)

We have r⋆h ∈ R for all h ∈ [H]. In addition, every r ∈ RH satisfies
0 ≤ r(τ) ≤ R for any trajectory τ .

Assumption (Transition realizability)

We have P ⋆
h ∈ P for all h ∈ [H].

Assumption (Value function class)

For any h ∈ [H], r ∈ RH , and policy π, we have Qπ
h,r ∈ F . In addition,

every f ∈ F satisfies 0 ≤ f(s, a) ≤ R for all (s, a) ∈ S ×A.

Assumption (Trajectory concentrability)

There exists a finite constant CTR such that the behavior policy µ and the

optimal policy π⋆ satisfy supτ
dπ

⋆
(τ)

dµ(τ)
≤ CTR.
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Theoretical Analysis

Theorem (Sub-optimality bound of APPO)

Suppose Assumptions 1,2,3, and 4 hold. With probability at least 1− δ,

APPO with λ = Θ(CTR), λ > CTR, η =
√

2 log |A|
R2T

achieves

V
π⋆

1,r⋆ − V
π̂
1,r⋆

≤ O

CTR

√
κ2H

M
log

|R|
δ

+ RH

√
1

N
max

{
HT log

H|F|
δ

, log
H|P|

δ

}
+ RH

√
log |A|

T

 .

• ϵ-optimal policy with T = Θ

(
R2H2 log |A|

ϵ2

)
, M = Θ

(
C2

TRκ2H log(|R|/δ)
ϵ2

)
,

N = Θ

(
max

{
R4H5 log |A| log(H|F|/δ)

ϵ4
,
R2H2 log(H|P|/δ)

ϵ2

})
.

• Same bound with Zhan et al. (2024) and Pace et al. (2024) for
preference dataset (M)

• The bound for unlabeled dataset is looser than Θ
(

C2
PR2H2 log(H|P|/δ)

ϵ2

)
bound of them (CP is the concentrability for transition models)

• This highlights a trade-off: While FREEHAND and Sim-OPRL have
tighter bounds for unlabeled data, they are computationally
intractable.
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Experiments

Baselines: IQL with markovian reward model (MR), Preference
transformer (PT) (Kim et al., 2023), DPPO (An et al., 2023), IRL (Hejna
and Sadigh, 2024)
APPO outperforms or shows comparable performance with the baselines
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Experiments
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Summary and Contributions

APPO: Statistically and Computationally Efficient Offline PbRL

• Based on the two-player game formulation of PbRL and our
reparameterization technique

• Unconstrained optimization which allows practical implementation

Theoretical Guarantee

• General function approximation, standard assumptions on function
classes and trajectory concentrability

• The first computationally efficient offline PbRL algorithm providing a
sample complexity bound

Empirical Performance

• Practical implementation leveraging deep learning techniques

• Performance comparable to existing state-of-the-art algorithms

Achieves both theoretical guarantee and practical efficiency!
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