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Introduction

¢ Reinforcement Learning from Human Feedback (RLHF) enables
agents to align with human goals using human preferences.
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Introduction

¢ Reinforcement Learning from Human Feedback (RLHF) enables
agents to align with human goals using human preferences.

e Existing RLHF methods often assume as if trajectories are
generated by optimal policies 7*.

¢ This leads to likelihood mismatch in offline settings due to
environmental stochasticity and diverse behavior policies.

¢ Direct Preference Optimization (DPO) removes the need for
explicit rewards, but fails to address this mismatch.
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Our Contributions

© We propose Policy-labeled Preference Learning (PPL), a
regret-based framework for RLHF, which explicitly models the
behavior policy associated with preference data.

® We introduce contrastive KL regularization to correct for
likelihood mismatch.

©® PPL shows superior performance on MetaWorld offline tasks and
is competitive in online RLHF.
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Score-based Preference Model

Table 1: Comparison for different preference models under

PbRL framework.
i . Direct Preference Likelihood
Algorithm Score Function Optimization ~ Matching
PEBBLE
(Lee et al., 2021) ry(st, at) x X
DPO
(Rafailov et al, 2024b) 08 ™p(U1s)/Tret(yls) v x
DPPO
(Anetal, 2023)  ~Bammy(lsglle = a2 v x
CPL )
(Hejnactal, 2023) @ V(sta0) =V¥(st) v X
PPL ) -
[Ours] (V™ (st) = Q" (st, ar)) v v

Model prediction: Ps, [¢* = (] = U(Z Su(st.a) — Su(s, a;)),
t>0

Loss function: £(S,; D) = —E(<+7<7)Np[|0g Ps, [CT - C_]}
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Reward vs Regret
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e Reward : Sparse and delayed feedback

¢ Negative Regret : Dense and stepwise feedback
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Reward vs Regret
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Negative Regret

¢ Performance difference between the behavior policy = and the
optimal policy 7*

* —Regl.(s,a) = Q"(s,a) — V™ (s)
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Likelihood Mismatch

From a perspective of regret, existing RLHF/DPO disregards the

source of the trajectories, implicitly treating all trajectories as if they
were generated by the optimal policy.
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Likelihood Mismatch

From a perspective of regret, existing RLHF/DPO disregards the

source of the trajectories, implicitly treating all trajectories as if they
were generated by the optimal policy.

“What impact does this assumption — treating all behavior polices as
optimal — have on the regret-based learning process?”
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Likelihood Mismatch

Estimated MDP
without policy label

o
0]

Ground-Truth MDP

¢ Offline data from 7 is misinterpreted as from =*.

e | eads to erroneous preference modeling and degraded
performance.
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Policy-labeled Preference Learning

Policy-labeled Preference Learning

> (lug w*(atlst) = Broprispa) [Z”’le (7(‘\'9”“”*”5”)] )
>0

D

Likelihood R
-7 at matched A
ks

a” @ " contrastive KL
Regularization

e Prior works like CPL use optimal advantage Q™ (s, a) — V™ (s) as
preference score.

¢ But this assumes all data comes from 7*, ignoring suboptimal
behavior policies.

e PPL instead uses negative regret: Q"(s,a) — V™ (s), which
incorporates behavior policy.
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Sequential Forward KL Divergence

Theorem (Policy Deviation Theorem)
If a policy * is a-optimal, then for any policy ,

QI (s,a) — QI(s,a) = aDu(nl|7*; s, @)

where the sequential forward KL divergence is defined as

Dy (rlln'; 8, 8) = Ero, [Z w’DKL(w(-rsmrw’(-|s/)>] -

>0

Here, P§ , is the distribution of trajectories T = (So, &, - , Sj,as, )
generated by policy = and the transition P, starting at (o, &) = (S, @)

v,
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Sequential Forward KL Divergence

Now we can derive the (negative) regret into policy expression,

—Regr.(st, &) == — V™ (st) +  Q(sya)
N—— N——
expected return under 7#*  achieved return under =
_ a( log 7 (a]s;) — D (xll7"; st. &) )
N—_————

increase likelihood  decrease sequential forward KL
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Policy-labeled Preference Learning

Copu (i D) = ~5p) logr ( — 3" Reg?, (57 a) ~ Rea?, (s a7) )
t>0

Cho et al. Policy-labeled Preference Learning 11/21



Policy-labeled Preference Learning

Copu (i D) = ~5p) logr ( — 3" Reg?, (57 a) ~ Rea?, (s a7) )
t>0

Substitute —Reg™.(s;, a;) = a( log 7 (ay|s;) — Dk (]| 7" st, at))
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Policy-labeled Preference Learning

Copu (i D) = ~5p) logr ( — 3" Reg?, (57 a) ~ Rea?, (s a7) )
t>0

Substitute —Reg™.(s;, a;) = a( log 7 (ay|s;) — Dk (]| 7" st, at))

— > Red, (s/a) — Regl (s;.a;)

t>0
+lat
(8 1s) m o+ + 25 4+ Dot (- - a
=Y (log 2P By (n|Imyi sf, &) + D |y sy, a) )
; Ty (8 |S;) Lt

contrastive KL regularization R(my; n+,m~)
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Policy-labeled Preference Learning

Contrastive KL Regularization

R(my; at,nT) = —DKL(TFJrHTFw; S:“,a?“) + DKL(W*Hﬂw; S;,a; )
+ ot (o e
N 12 llog (8, 1s,) e T (at+l|st+l)]
~ T ot — o—
L= ACHTEND) (8, 1Sey)

e Encourages 7, to align with preferred policy 7+ and diverge from
less preferred 7.

* Approximates into L-horizon undiscounted sum with sampled
segments {s;",a/} ~ (T and {s; ,a; } ~ ¢~

¢ Mitigates likelihood mismatch over sequential rollouts.
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Policy-labeled Preference Learning

Deterministic Pseudo Labeling

SepL-a(my; ¢T) — SppL- d(Ww' ()=
L

Z [Io ! w(al | St Z t+/ | St+l)]
myp(ar

t>0 —1 (at+/ | St+l)

¢ Behavior policy is typically unknown in offline setting.

* Assign a pseudo label as if each segment is generated by
deterministic policy.
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Bin Picking Button Press Door Open

L 3

Drawer Open Plate Slide Sweep Into

L)

e 1. Is PPL robust when learning from heterogeneous datasets that
include suboptimal data?

e 2. Does incorporating policy labels lead to improved performance?
e 3. Can PPL be applied effectively in an online setting?
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Offline MetaWorld Results

Table 2: Success rates of all methods across six tasks on the MetaWorld benchmark on different datasets. Each score is
reported with the maximum average performance across four seeds over 200 episode evaluation window.

Bin Picking  Button Press Door Open  Drawer Open Plate Slide ~ Sweep Into

SFT 3974192 715+33 480+156 562+1.8 648+08 700+6.5

Homogeneous P-IQL  62.0 +4.4 723+1.0 47.7+5.1 580+£57 705+61 658+13
Dense CPL 227+£55 643+ 14 29.0+43 540+43 655+31 69.8+33
PPL 835+44 79.8 + 4.8 39.3+£20 692 +55 647120 728+48

SFT 335+54 674+15 313421 549+27 67.1+£37 783+£25

Homogenous P-IQL 724 +66 745+00 585414 514+46 763+16 79.0+2.6
Sparse CPL 265+10 637+13 285+£58 50.1+45 651+28 729+£6.1
PPL 872+35 873+28 493+65 685+53 640+64 739+35

SFT 185+238 63.7+122 2604125 320+£57 628+1.6 53.0+09.1

Heterogeneous  P-IQL  51.2+53 62.5+49 320+35 418+38 670+3.0 593+3.7
Dense CPL 12+08 49.7+3.0 17.3£25 260+£22 592+77 51.2+3.0
PPL 59.7+18.6 738+33 25.8+£2.0 585+38 698+23 573+8.6

SFT 122410 63.7 £ 4.7 17.84+0.8 387+£30 70.7+38 60725

Heterogeneous P-IQL  48.0 +5.6 71.0 + 6.6 4.1£32 475+£30 T720+40 643£10
Sparse CPL 180£6.1 50.8+0.8 18.5+£3.0 321+16 673+£55 555433
PPL 838 +338 835+ 18 343+76 608+73 712+19 633+42

e PPL outperforms CPL and P-IQL especially in sparse and
heterogeneous settings.

® Robust across 6 MetaWorld tasks.
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Ablation on Policy Labels

Homogeneous Dataset Heterogeneous Dataset
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e Deterministic pseudo-labels perform worse in heterogeneous
data.

* Shows benefit of incorporating true or approximated behavior
policies.
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Online RLHF Setting

P—l’ 0.6
[
a
8 04
5
[%2]
02 Method Params
— PPL PPL 76k
00 —— PEBBLE(oracle) PEBBLE 859k
0.0 0.2 0.4 0.6 0.8 1.0
Environment steps 1e6

e PPL can be directly applied to online setting.

¢ Achieves competitive performance with 1/10 of PEBBLE’s
parameters.
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Conclusion

PPL resolves likelihood mismatch by modeling regret w.r.t.
behavior policies.

Theoretical foundations show regret minimization < forward KL.

Contrastive KL regularization provides robustness across offline
and online RLHF.

PPL is sample-efficient and scalable for real-world RLHF tasks.
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