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Offline Preference-Based RL (PbRL)
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® RL needs well-defined reward functions, which are often
hard to design

® PbRL learns from human feedback via trajectory comparisons

® Collecting online preferences is expensive — offline PbRL

Motivation: Existing algorithms either lack theoretical guarantees or
exhibit empirically unstable performance.
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Problem setting

EpiSOdiC MDP (87 A7 Ha {P}:}hH:h {TZ}}?ZI)
® Rewards are unobservable to the agent, only trajectory-based

preference feedback is available

Offline datasets: preference dataset Dpr = { (7%, 77" y™)}2_, and

unlabeled trajectory dataset Dr; = {(7%", 7™)}A_,
® P(y=1|7°7") =P(r' is preferred over 7°) = &(r* (') — r*(7%))
where (1) = 310 r7 (sn, an)
® Assume |r(7)| < Rand x = 1/(inf e[,z ' (2)) is finite
General function approximation:
Reward function class R = R1 X --- X Ry C (S X A — [~ Rmax, Rmax,]) 7,
Transition function class P = P1 x --- x Py C (S x A — A(S))?,
Value function class F = Fi x - -+ X Frg C (S X A = [~ Vinax, Vinax, ]) .
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Challenge in PbRL: Trajectory Preference Feedback

Suppose we trained a reward model 7 via MLE:

Lrae(r) = Zlog@ (25" = D(r(r™) = r(7™)))

In PbRL, reward concentration bound is established for trajectory pairs

7—0, 71) ~ p rather than each state or transition:
m

2] < K/2 lOg(|R|671)

— Standard TD learning fails to provide a sample complexity bound.

0 [(F(E0) = (Y = 74 (7°) + 7 (7))

Our approach: Design a PbRL-compatible version of TD loss.
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Key Idea: Value Alignment Loss

We begin with the PbRL reward error:
0t [(F(T7) = #(r ) = 1 (77) + 5 (7)) (1)

Idea: Using Bellman optimality equation, reparameterize 7 with value
function.

Definition (Induced Reward Function, Value Type)

For f € F, we define the induced reward function
Ty = {Thyf}hH=1 E(SExA— R)H satisfying 74, = fn — Pj Vit1,5-

Plugging rf into Eqn (1), we obtain the value alignment loss:

Bua(rs,#) = > (rp(7™0) = v (71 = #(7™0) 4 7(71)

n=1
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Key Idea: Value Alignment Loss

Using the definition of induced reward, we have

Lua(ry, 7) Z( (T"0) =g () = A0 4 (™))

H H 2
= Z (Z(fh —fn = P Vir1,5) (s an %) Z (fn = Ph = Py Vi, £) (st ap 1)) :
n=1 h=1 h=1

Lva represents the difference in the cumulative Bellman errors of f
between a pair of trajectories.

— Minimizing Lva encourages f to be

Bellman-consistent with respect to 7, thus aligning it with preference.
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Proposed algorithm: PVO

Algorithm 1 PVO: Preference-based Value Optimization
1: Input: Datasets Dpp = {(T’" O pml gy 3M Doy = {(‘r" O pI) N
2: Estimate # € arg min, ¢ Lrw (r) . Ph € argminpep, LTR n(P) forall h € [H] (3)
3: Optimize f € arg min;c » Zn=1 (Fr(r™0) — #p(r™1) — #(7™0) + A (r™ 1))
4: Return greedy policy # = ; such that Wf(s) = argmax, f(s,a) foralls € S

Lren(P Z Z log P( Sh Llsh?an?)

n=1;€{0,1}

Phase 1: Model learning (Line 2)
Phase 2: Value optimization (Line 3)
Phase 3: Compute the greedy policy for the learned value (Line 4)
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Theoretical Analysis
Assumption (Realizability)

1. We have P;; € P for all h € [H].
2. We have r, € R for all h € [H]. In addition, every r € RY satisfies
0 < r(7) < R for any trajectory .

Assumption (Value Function Class)

For any policy w, we have Q™ € F. In addition, |fr(s,a)| < Vmax for all
fE€F he[H] and (s,a) € S x A.

Definition (PbRL Uniform Concentrability)
su |TDN,‘,171~#[T‘f(TO)—Tf(Tl)—T*(TO)"FT*("'1)”
Prer e Oy = (P04 (7))

Cu(F) = SUP e~

Theorem (Sub-optimality bound of PVO)

With probability at least 1 — §, PVO achieves an e-optimal policy with
M= O(Cu(]:)ZKQ log(IR[5™1))
= =

) labeled trajectory pairs and

27,2 2 =1 =1l
N=0O (Cu(F) VinaxH (1og<|7’€\2H6 )+log(|FI5~1)))

) unlabeled trajectories.
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Experiments
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Experiments
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® PVO consistently outperforms baseline methods.

® While baselines often exhibit high variance across datasets, PVO
maintains robust performance.

® PVO introduces no additional hyperparameters for preference
learning.
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Ablation Study
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® We compared IQL, XQL, and TD3+BC, which use the standard TD
loss, with variants that employ the value alignment loss.

® These results confirm that the value alignment loss provides a more
informative learning signal than the standard TD loss.

® PV0 maintains advantage over baselines, for varying preference
dataset size and data quality.
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Summary

® Algorithm. Use value alignment loss to learn value function that is
Bellman-consistent with preference feedback.

® Theory. PVO achieves rate-optimal sample complexity bound while
ramaining implementable with deep learning components.

°* Empirical Performance. In continuous control benchmarks, PVO
outperforms both provable and purely empirical algorithms.

PbRL does not have to choose between theory and performance.
PVO is meant to be the simple baseline that gives you both.
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