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Abstract

Reinforcement learning from human feedback (RLHF) has evolved to be one of the main methods for fine-tuning large
language models (LLMs). However, existing RLHF methods are non-robust, and their performance deteriorates if the down-
stream task differs significantly from the preference dataset used in fine-tuning. In order to mitigate this problem, we introduce
a distributionally robust RLHF for fine-tuning LLMs. In particular, our goal is to ensure that a fine-tuned model retains its
performance even when the distribution of prompts significantly differs from the distribution encountered during fine-tuning.
We formulate distributionally robust optimization (DRO) version of two popular fine-tuning methods — (1) reward-based RLHF
and (2) reward-free DPO (direct preference optimization). We propose a minibatch gradient descent based algorithms for both
of them, and theoretically prove convergence guarantees for the algorithms. Subsequently, we evaluate our algorithms on an
out-of-distribution (OOD) task by first training the model on the Unified-Feedback dataset and evaluating its performance on
two different datasets. The experimental results show that our robust training improves the accuracy of the learned reward
models on average, and markedly on some tasks, such as reasoning. Furthermore, we show that the robust versions of policy
optimization methods, similarly improve performance on OOD tasks.

1 Introduction

Reinforcement learning with Human Feedback (RLHF) has emerged to be one of the important techniques for aligning large
language models (LLMs) to human intentions across a diverse set of tasks. Successful applications of RLHF range from
chatbots [Ouy+22; Bai+22], and robotics [Yan+24b] to biomolecule engineering [Wan+24]. Existing RLHF methods work
by collecting preference dataset on a given task, and updating a base model using preference based reinforcement learning.
Moreover, the availability of many public preference datasets [SDB23] has led to the rapid adoption of RLHF across various
domains.

However, real-world deployment of fine-tuned policies faces several challenges. Prior work [Sti+20; GSH23; Raf+24a]
has observed the overoptimization phenomenon, where policy optimization improves proxy reward but worsens the true reward
function. Moreover, models don’t generalize beyond the class of preference examples provided during fine-tuning, and this
problem becomes severe when the downstream task undergoes distribution shift, e.g. see [Tie+22]. For example, in robotics,
the environment encountered during inference might be different than the settings used during training. It is also possible that
human preferences drift over time [Son+24], causing a natural distribution shift.

These examples suggest that in order to truly align LLMs to human intentions, we want a model (reward, policy or both)
that generalizes to unseen tasks. In other words, the performance of the fine-tuned model should not deteriorate when the
task at inference time differs from the datasets used in fine-tuning. Prior work has mainly considered shifts in preference
model [CKN24], strong adversarial data corruption model [Man+24], or proposed heuristics like model merging [Jan+23;
Ram+25] that fails with mild distributional shifts. In this work, we tackle this problem through the lens of distributionally robust
optimization (DRO) [Ben+13] where there is a rich literature on both provable and empirically successful robust algorithms.

Additionally, we also recognize that the existing RLHF pipeline is very efficient because of the development of libraries,
sharing of models and datasets on platforms like Hugging Face. In particular, this has led to the rapid development and adoption
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of RLHF methods across diverse domains. Therefore, an ideal robust RLHF method should minimally alter existing algorithms.
This leads to the two main questions we study in the paper.

Can we design provable algorithms for distributionally robust RLHF ? Can we achieve OOD robustness with
simple modifications to existing pipeline?

1.1 Our Contributions

We develop distributionally robust algorithms for RLHF by robustifying both the reward estimation and the policy optimization
phase. Our algorithms are based on minibatch gradient descent, easy to implement, and when implemented on base models
with 2B parameters (Gemma—2B-it) and 7B parameters (Mistral-7B-Instruct), shows OOD robustness on various
unseen datasets. Our specific contributions are the following.

* Distributionally Robust RLHF: We first propose a distributionally robust version of RLHF based on minibatch gradient
descent [Lev+20], and prove a bound on its sample and iteration complexity. In paricular, we show that, under the linear
reward model, the robust reward estimation phase requires 7 = O(1/¢?) iterations and n = O(1/e2) samples per iteration.

* Robust Natural Policy Gradient: For the robust policy optimization, we propose a new algorithm based on a re-weighted
version of natural policy gradient (NPG) method. Under the assumpton of log-linear policy class, and additional assump-
tions, we show that the proposed method has linear convergence rate (i.e. 7' = log(1/¢)), but requires n = O(1/e*) samples
per iteration.

¢ Robust Direct Preference Optimization: We also propose robust version of direct preference optimization (DPO) [Raf+24b]
and analyze its iteration and sample complexity. We show that its iteration (T" = O(1/¢2)) and sample complexity
(n = O(1/22)) are similar to the robust reward estimation step of RLHF.

 Evaluation of OOD Performance: We evaluate our robust methods by training base models with 2B and 7B parameters on
the Unified-Feedback dataset, and evaluating its performance on out-of-distribution (OOD) datasets e.g. HHH-Alignment,
and MT Bench. Across all three methods, we observe that the distributionally robust training provides improved performance
on OOD tasks. Furthermore, we observe marked improvement on the reasoning task, and provide fine-grained evaluation on
such subsets.

1.2 Related Work

The closest to our work is the work by Fisch et al. [Fis+24], who consider robust policy optimization over a class of target reward
models for RLHF. However, it is unclear how to choose such a target class of reward models. Similarly, Yan et al. [ Yan+24a]
consider Bayesian Ensembles to model the uncertainty set of reward functions. Concurrent to our work, Xu et al. [Xu+25] has
considered distributionally-robust version of DPO, and proposed tractable algorithms under Wasserstein and KL-uncertainty
sets. Compared to their setting, we consider TV-distance based uncertainty sets, and consider distributionally robust version of
both DPO and RLHF (i.e. reward estimation and policy optimization).

Prior work has also considered other types of robustness in RLHF. Hong et al. [Hon+24] consider robustness in preference
model, and assumes a specific type of perturbation (P(y™ > y~|z) = o((r(z,y*) —r(z,y~))/7)). Similarly, [Wu+24a] study
distributionally robust version of DPO, but they only consider robustness to the presence of erroneous data pairs in preference
rankings. Chowdhury et al. [CKIN24] assumes that the labels are flipped with probability ¢ and derives a robust version of
direct preference optimization (DPO) to handle this situation. Mandal et al. [Man+24] assumes that an e-fraction of the offline
preference dataset is corrupted and considers a data corruption robust variant of RLHF. Bukharin et al. [Buk+25] also consider
the design of RLHF under corrupted human feedback, however they model corruption as a perturbation of the Bradley-Terry
model that generates the preferences. Finally, Ramesh et al. [Ram+24] has adopted the notion of group robustness in RLHF.

Model averaging is a popular approach to improve robustness in RL. Ramé et al. [Ram+25] train M different reward
models starting from the same initial pre-trained model, and then take average of them. The authors found that the averaged
model performs better on out-of-distribution (OOD) data compared to prediction ensembles [Cos+23]. Yang et al. [ Yan+24c]
use a shared representation for the policy and the reward model, and then jointly train policy and reward heads to improve
robustness on OOD data. Our work is also related to uncertainty-aware RLHF [Lou+24; BG24], however, these approaches
attempt to capture uncertainty and variability in human preferences, and are related to the overoptimization problem in reward
estimation [Zha+24; Raf+24a].

Finally, we adopt distributionally robust optimization (DRO) [Ben+13; Shal7], and in particular, adopt the minibatch
gradient descent based approach proposed by Levy et al. [Lev+20]. A host of methods have been proposed for DRO with



various types of shifts in distributions [MK18; Sin+17; SJ19] and we refer the interested reader to the survey [RM19]. We also
analyze a DRO version of natural policy gradient that might be of interest beyond RLHF.

Beyond distributionally robust optimization, data selection and mixing have been used as effective strategies to improve
robustness of LLMs. Albalak et al. [Alb+23] has used multi-armed bandits algorithms to devise an online data mixing strategy
for pre-training LLMs. Recently, Pan et al. [Pan+24] has used bilevel optimization for reweighting datasets during training
large-scale LLMs. Xia et al. [Xia+23] introduces dynamic batch loading which adjusts the composition of the sampled batch
based on the training loss, an approach very similar to the (reweighted) minibatch gradient descent considered in this paper.
Besides pre-training, Corrado et al. [Cor+25] considers direct preference optimization, and adaptively mixes datasets during
training to balance performance across tasks. Although data mixing and selection improves LLM training, they have been
primarily used in the pre-training stage. Additionally, they lack the principled approach provided by DRO regarding the distance
to the target distribution.

2 Preliminaries

RLHF, as proposed by Christiano et al. [Chr+17], and later adapted by Ouyang et al. [Ouy+22] first learns a reward model
from preference data, and then finds a policy that maximizes KL-regularized value function. In particular, we assume access
to a preference dataset Dg,c = {(z,y",y )} where x is a prompt and y*,y~ are two possible completions of the prompt
x generated from 7g(- | =) and 7y is a reference policy e.g. a supervised fine-tuned policy. Then a preference feedback
yT = y~ |z is labeled by some expert annotator. We assume Bradley-Terry (BT) model which posits

Pyt -y le) =o((@y") —r*(z,y7))
=1/(1+exp(r*(z,y") —r*(z,y7)))

Here r*(, y) is an underlying reward function of the expert annotator which is the reward assigned to a completion y to a given
prompt z. The first step of RLHF involves solving a maximum likelihood estimation problem to estimate the reward model.

/\% . _ ]E 1 ; + _ , —
T arg:mn T P [oga (r(x y ) —r(z,y ))]

The second step of RLHF involves a KL-regularized policy optimization step.

T+ argmax FE 7(x,y) — Blog mle)
T z~Dsrc 71—ref(y‘m)
y~m(-|w)
Here ¢ is a reference policy which can be different than the policy 7y, used to generate the preference dataset. We will also
write Y to denote the set of all possible completions.
Another popular approach to fine-tuning is the direct preference optimization (DPO) [Raf+24b] which avoids learning an
explicit reward model. DPO solves the following optimization problem.
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3 Robust RLHF

We propose a distributionally robust version of RLHF by robustifying the two steps — reward estimation and policy optimization.
In the first step, we learn a robust reward model that considers all distributions that are at a distance of p from the training
distribution.
min max —E logo(r(z,y*) —r(z,y~ (D
T [logo(r(z,y™) —r(z,y7))]
Let 7 be the robust reward model. Then in the second step, we solve a robust version of the KL-regularized policy optimization
step.
, N m(x,y)
max min E m(z,y) — Blog ————— 2)
T Didg(D,Darc)<p g (@) Tret (T, Y)
yr~7 (|



Algorithm 1 Robust Reward Estimation

Require: Preference Dataset D = {(z;,y;",y; ) }7:]11’ number of iterations T, and stepsize 7.
1: Initialize r = r,,, for some w; € W.
2: fort=1,2,...,T do
3:  Sample a minibatch B, of size n from D.
> Compute optimal weights for the minibatch B:.
4:  Set g; as the solution of the following problem.

max — - log o (ro, (i, yi) — T, (Tiy Yy
qEA®:dy(q,1/n)<p i;;t 1 & ( wt( Y ) wt( Y ))

5:  Set gradient as

= Z q:,z : th - 10g0’ (rwt(xiayj) - th(xiyyi_))
1€By

6 wiy1 = My(wr — 1 gr)

7: end for

8: 7 =1y where w = % Zthl Wi
9: return 7.

Here dy(Q, P) is the ¢-divergence between two distributions @ and P defined as dy(Q, P) := [ ¢ ( ) dP which satisfies

dy(Q,P) > 0and dy(Q, P) = 0if Q = P as. Some common examples of ¢ dlvergences are — (1) ¢(t) = 3|t — 1| which
corresponds to the Total Variation (TV) distance, and (2) ¢(t) = %(t — 1)? which corresponds to the y-distance. In this work,
we mainly consider the TV distance.'

Algorithm 1 shows a minibatch gradient descent based algorithm to solve the distributionally robust reward estimation. We
sample a minibatch B; of size n (line 3) and compute the optimal weights ¢; corresponding to the worst distribution shift within
distance p. Then the minibatch gradient is reweighted by the weights g7 and a gradient descent step is performed for the reward
parameters ;. Note that, in line 8, we compute an average of the T' reward parameters {Gt}thl. This is the correct approach
when the loss function is convex e.g. when the reward model is linear. For general reward models, we keep the best model
encountered over the 7 iterations.

Algorithm 2 Robust Policy Optimization

Require: Preference Dataset D = { i, yl Ui )} number of iterations 7', estimated reward model 7, and stepsize 7).
1: Initialize 7 so that 7(y|xz) = 1/ |Y| for any x, y.
2. fort=1,2,...,T do
3:  Sample a minibatch B, of size n from D.
4:  Let By = {(24,¥:) : x; € By,y; ~ m, (-|x:)} -
> Compute optimal weights for the minibatch B:.

—1°

5: Setgf € argmingean.a, (g1 /m)<p 2iicB, ( (@i, y:) — Blog %)

7o, (ylzi)

6:  Setgradient gras ), g5 4t Vo, By, (-|2:) [ (zi,y) — Blog s r(yl:rl)}
> Compute weighted Fisher information matrix
7:  Let G™ be the matrix

Z q:z -E [Vot IOg o, (y|xz)V9t IOg o, <y|xZ)T]
i=1 y~me, (-|zi)

8: 0t+1 =1Ilg (915 +n- (GWet )T gt)

9: end for

10: return policy mr = Ty, .

I'The appendix contains experimental results regarding the x2-divergence.



Algorithm 2 performs robust policy optimization. This is similar to the minibatch gradient descent steps of the robust reward
estimation, except that the loss function is KL-regularized value function.

B[, 9) — Blog U
y~mo(-lai) Tret (y]:)
To evaluate the loss function, we need completions generated from the policy 7y, . Hence, we update the current minibatch B; to

the minibatch B, by adding completions y; generated from my, (-|z;). Then we compute the optimal weights for the minibatch
B, and perform a natural policy gradient ascent step based on the weighted gradient g, and the weighted Fisher information
matrix G™.

The standard natural policy gradient [KakO1] first computes the Fisher information matrix
F(0) = Eyymmo(x)[Volog m(y|z) Vg log mo(y|z) '] and then performs the update ¢y = 6; + n(F(6;))"VoV (6;) where
V' (6;) is the value function of the policy mg,. Since our goal is to optimize the robust value function, we first compute the
weighted Fisher information matrix G”t using the minibatch Et (line 7).

n
G = Z @ E [V, logmg, (ylzi) Ve, logm, (y|z:) ]

i=1 Y~To, (+|zs)

Then we use the weighted gradient g; to perform the update 6; 1 = 6; +1n(G™+)tg, (line 8). In the end, policy .. is returned.

3.1 Analysis

We assume linear reward function class and log-linear policy class [Nik+24]. We will also assume that ¢-divergence is the total
variation distance i.e. d¢(Q, P) := 1 | P — Q||,. Extending our analysis to other distances e.g. x?-distance is straightforward
and we discuss this at the end of the paper.

3.1.1 Robust Reward Estimation

We first consider the robust reward estimation phase. Let us define the following logistic loss function.

lrew(w, D)= —E [logo(ru(z,y") —ru(z,y7))]
(25 y-)~D

Additionally, let frw,Tv be the robust loss function i.e.

lrew, v (W, Dgre) = e I(%a% )<p£REW(W,D) 3)
atv yHsrc) >

In order to show convergence to an optimal solution of the robust loss function, we make the assumption of linear reward
function class.

Assumption 1 (Linear Reward Function Class). Let ¢ be a dg dimensional feature mapping with max, , [|¢(z,y)|ly < 1 and
let F > 0. Then the true reward function belongs to the class F = {r,, : r,(z,y) = ¢(z,y) "w where w € R and [w||, < F}

The next theorem provides the convergence guarantees of algorithm 1 under suitable choices of the minibatch size n, and
number of iterations 7'.

Theorem 1. Suppose assumption 1 holds, Algorithm 1 is run for T = O (E%) iterations, and minibatch size n satisfies

2 2
n_ >0 (I’(i%h})) . Then the solution w = % 23:1 wy satisfies

logn =
E lrew v (@, Dsrc)] — HEHKREW,TV(W,DMC) < O(e).

The proof of the Theorem is provided in appendix A.l. The main idea is to bound the bias of the robust loss (as defined in
eq. (3)) when estimated on a minibatch of size n. In particular, let us define

lrew,Tv(0;n) = Egn sup Z qilrEW (0; xz):| .
geAm: —
dry(a.1/m<p =1
Then using a dual characterization developed by [Lev+20], we show that the bias term, i.e. the difference between {rpw v (6; Derc)

and ZREW,TV(QQ n) can be bounded by O (\ /logn/ n) 2 The proof then follows by observing that algorithm 1 performs

2Levy et al. [Lev+20] developed similar bounds for the x2-divergence.



stochastic gradient descent over the loss function ZREW’TV(G; n) which is convex under the assumption of linear reward func-
tion class.
3.1.2 Robust Policy Optimization

We now focus on the performance of robust policy optimization. We will assume that the class of policies is log-linear.

Assumption 2 (Log-Linear Policy Class). Let ¢ be a dp dimensional feature mapping with max, , ||[¢(x,y)|ly < 1 and let
B > 0. We consider the following class of policies:

exp(0 " (2,y))
>y exp(07 Y (x,y))

Il = {779 cme(yla) = where 0 € R and |6]|, < B}

Let us define the following notion of KL-regularized value function.

o (y|z)
v(0;D) = E r(z,y —,8~10g}
( ) x~D,y~mo(-|T) ( ) Wref(y|x)
Additionally, let vy (6; D) be the robust value function.
v (0; Dre) = inf v(0; D) 4

D:drv(D,Derc)<p
In order to the suboptimality of the policy my,., we make the following assumptions.

Assumption 3 (Concentrability). For each t, there exists a constant Cy < C such that

- mo- (ylz:) \*
Sao w (U <o
S yremo, Claa) | \ T, (Y] i)

Assumption 4. Let F(0|x) = By, (.2) [ Vo log To(y|z) Ve log mo(y|x) "] be the Fisher information matrix corresponding to
the policy w¢ and sample x. Then there exists o > 0 such that for any t > 1, oy (Z;L:l a F(@t\xz)) > o with probability
at least 1 — 6.

Assumption 5. The rewards are bounded i.e. Vx,y 7(2,y) € [Tmin, "max)-

Assumption 3 states that the distribution 7, overlaps with the optimal policy mg«. This assumption is standard in the
analysis of natural policy gradient (NPG) ascent [CHS24; AYR23] and is often necessary for linear convergence. Assumption 4
states that the weighted Fisher information matrix is positive-definite. Cayci et al. [CHS24] has shown that this assumption is
satisfied when performing NPG ascent on entropy-regularized value function. We believe this assumption should be satisfied
for the robust value function considered in this paper. Next we state the convergence guarantees of Algorithm 2.

Theorem 2. Suppose assumptions 3, 4, 5 hold, q; i 2 Qmin Vt, and Dgc(x) > v Va. If Algorithm 2 is run for T >

O <log (M log |Y\)) iterations, and the number of minibatch samples n satisfies

n>0 <\/ﬁ p* /v (BB + Tmax)° log(log log(p/v (BB + rmax) Y| /e)/é))
- N8 @i, et '

Then the policy Tr = my, satisfies,
sup Vv (65 Dsre) — v1v (075 Dsre) < O(€)

with probability at least 1 — 0, provided n < min { Qﬁql el (37:7;: L.

2
4minTmin 0 Tmin
} and B < CVeER

Observe that robust policy optimization has linear convergence rate i.e. the number of iterations required to converge upto
an error ¢ is O(log(1/¢)). However, the size of the minibatch n is O(logloglog(1/e)/e*). Therefore, the total number of
required samples is nT = O(1/e*). This requirement is similar to the result of theorem 1 which showed that the robust reward



estimation requires O(1/?) iterations and 6(1 /€%) minibatch samples. However, the main difference with theorem 1 is that
we wish to show last-iterate convergence of the robust policy optimization as opposed to the average iterate convergence.
The full proof of Theorem 2 is provided in appendix A.4. The main idea is to define the following potential function, similar

to [CHS24].
- ; Dsrc 2779* y|$ IOg ((Z'/Jj)

where 6™ is the optimal solution to the robust KL-regularized value function in the log-linear policy class. We first establish the

following recurrence relation.
n 1y apx
B(mi11) < (1= i) ®(m) — L + 4 6 (,/ >

n- qmll’l

where apx is the function approximation error (defined in appendix A.4), and A, is the suboptimality gap of the policy m; = 7y, .
The recurrence is similar to prior work, except that we have an additive error of 5( \/77/7) because the gradients are computed
on a minibatch of size n. Equipped with the above recurrence we can show that ®(7wr) < O(e) if T > O(log(1/¢)) and
n > O(1/2). Furthermore, lemma 3 shows that ® () < ¢ implies that the suboptimality gap of 7y is O(y/2). Now, after
adjusting the value of £ we can complete the proof of theorem 2.

Table 1: Evaluation of the reward models on the RewardBench [Lam+24] benchmark. Trained on a 400K item subset of the Unified-
Feedback dataset [JRL23] for 2 epochs, with the TV distance. Standard errors are derived from five runs. Evaluation using the
mistralai/Mistral-7B-Instruct-v0.2 model can be seen in Appendix, Table 8. Detailed table with subsets can be seen in
Appendix, Table 10.

Reward Model Chat Chat-Hard Safety Reasoning Avg.

Base model: google/gemma-2b-it

BTL RM 96.5 £ 0.2 45.0 £ 04 81.0 £ 0.2 66.8 = 1.8 723 £ 04
DRRMp=0.1 96.6 £ 0.1 443 £ 0.4 80.8 £ 0.2 68.9 £ 0.3 72.7 £ 0.1
DRRMp=02 971 £03 425 £ 0.6 809 £ 0.3 714 £ 1.6 729 £ 0.5
DRRMp=04 872+£26 335 £3.7 712 £ 2.8 521 £73 61.0 £ 4.0
DRRMp=06 823 +4.1 33.6 £4.2 582 £ 5.6 50.5 £ 5.6 56.2 £ 4.6
DRRMp=0.8 754 +£69 37.3 £ 4.0 56.5 £ 5.7 474 £ 7.7 541 £53
DRRMp=10 606 =*122 323 +75 482 +92 447+ 109 464 £8.7

4 Robust Direct Preference Optimization

We also consider a distributionally robust version of the direct preference optimization (DPO) method, where the learner needs
to be robust to shifts in prompt distributions.

min max —E [log o <[3 log M — Blog 7T(y_9c))] (5)

T Didry (D, Dsre)<p (z,y+,y— )~D Tret(yF|2) Tref (Y~ |)

Algorithm 3 proposes a minibatch stochastic gradient descent based algorithm for solving the distributionally robust DPO
problem. In order to analyze the convergence of algorithm 3, we define the following DPO loss function.

lovo(6,D) = —E [loga (5 log 72U _ 510 ”“’(y'”‘"))] ©)

(z,yt,y=)~D Trer(y T |) Tret(y ™| 7)
Additionally, let us write £ppo, v (6, D) to define the robust loss function, i.e.

toro,rv (0, Dsre) = max )<p£Dpo(97D). (7
‘arv sPsrc)>

The next theorem provides the convergences guarantees of algorithm 3 under log-linear policy class.



Algorithm 3 Distributionally Robust DPO

Require: Preference Dataset D = { (5, y;", y; )}fvzl, and number of iterations 7.
1: Initialize 7 = 7y, for some 6; € ©, and n = 2//T.
2: fort=1,2,...,T do
3:  Sample a minibatch of size B, of size n from D.

> Compute optimal weights for the minibatch B:.
7o, (¥ tla) 7o, (Y~ |%)

4 Setqf € AGMAGeAn.Dry (g,1/n)<p 2oich, di* — 1080 (5 log = w7 Tey — Plog 75 m)
ﬂ'st Yy \1) ﬁl Trst Y |I)>

5 Set gradient g, = ZiGBt q;r - Vg, —logo (5 log (1) 8 T y=]7)
6: 9t+1 = H(_)(Gt — ’17 . gt)
7: end for

8: return policy 77 where 0 = ~ >[4,

i) iterations, and we set minibatch size n

82
such that 2~ > O W) where J = max, ,+ ,- ’logw Then we have E [ﬁDpo’Tv(g, Dsrc)] —

10 n ﬂmf(yilr) '
ming {ppo, v (0, Dsre) < O(€).

Theorem 3. Suppose assumption 2 holds, algorithm 3 is run for T = O(

The proof of this theorem is provided in appendix A.2 and is very similar to the proof of theorem 1. Note that the number
of iterations 7" is O(1/?) and the number of samples per minibatch is O(1/e?). Therefore, the total sample complexity of the
Distributionally robust DPO is O(1/e*) which is similar to the Distributionally robust PPO and reward learning phase.

Table 2: Evaluation of a single run of the distributionally robust PPO on the RewardBench [Lam+24] benchmark. Trained on a 5K item
subset of the Unified-Feedback dataset [JRL23] with the TV distance. Indicated p used for both reward model training and PPO optimization.
Detailed table with subsets can be seen in Appendix, Table 16.

Chat-
Model Chat Haarl d Safety Reasoning Avg. | Reasoning Subsets

BTLRM, Std. PPO  77.9 31.1 400 459 487 | 14.1 81.1 774 774 750 774 774
DR PPO p=0.1 82.1 320 393 559 523 |383 73.8 732 72.0 70.7 75.0 76.2
DR PPO p = 0.2 793 320 400 487 50.0 |17.4 81.1 81.7 81.1 78.7 80.5 76.8
DRPPOp =04 793 322 391 477 49.6 | 152 81.7 81.7 84.1 77.4 77.4 79.3
DR PPO p =0.6 78,5 303 385 479 488 | 16.1 78.7 80.5 81.1 79.9 79.3 78.7
DRPPOp=0.8 785 296 40.0 505 49.6 | 322 67.1 63.4 72.6 67.7 70.7 70.7
DRPPOp=1.0 73,5 303 412 558 502 | 445 665 67.7 67.1 67.1 66.5 68.3

S Experiments

Setup. We run our experiments on two open-source models — (a) google/gemma-2b-it, a lightweight 2B model released
by Google, and (b) mistralai/Mistral-7B-Instruct-v0.2,a 7B instruct model released by Mistral. All our models
are trained on the Unified-Feedback dataset [JRL23]. Our goal is to evaluate the out-of-distribution robustness of our methods,
and we leverage RewardBench [Lam+24], HHH-Alignment [Ask+21], and MT-Bench [Zhe+23].

We rely on the Hugging Face trl library [Wer+20] to set up our experiments, and update the reward estimation and
policy optimization methods in the library. In particular, we compute a re-weighted gradient on minibatches by obtaining
the weights ¢; corresponding to the worst-case distribution shift (e.g. line 4 of Algorithm 1). This is implemented us-
ing cvxpy [DB16; Agr+18]. We use hyperparameters from a recent work by Yang et al. [Yan+24c], with minimal tuning,
the details of which are provided in Appendix B. We present an evaluation of our proposed distributionally robust RLHF
and DPO methods, showing the effect it has on in and out-of-distribution performance. For all the experiments, we choose
the Total variation (TV) distance as a distance measure between two distributions, and vary the parameter p (maximum dis-
tance from the training distribution). In the main text we present results with google/gemma—2b—1it, and the results for
mistralai/Mistral-7B-Instruct-v0.2 are provided in the Appendix. Our code is available in the GitHub reposi-
tory: https://github.com/PauliusSasnauskas/dr-rlhf.


https://github.com/PauliusSasnauskas/dr-rlhf

5.1 Reward Models

First we evaluate the performance of robust reward estimation. Table 1 shows the performance of the reward models on
the RewardBench [Lam+24] benchmark. In the tables we denote BTL RM — a reward model trained in the standard way
(Bradley—Terry loss), and DR RM - the distributionally robust version, based on Algorithm 1. We see that as p increases the
performance of DR RM improves up to a certain point, with p = 0.2 being the optimal choice. For larger p the performance
drops, since we require the training methods to be robust to a very large class of distribution shifts. We choose TV distance
as our distance function. All reward models were trained on a 400K item subset of the Unified-Feedback dataset [JRL23],
following the same pipeline as Yang et al. [Yan+24c].

In addition to the overall improvement, we can see that the performance increased significantly in some tasks, such as
Reasoning. Therefore, we focus on the Reasoning task, and present more detailed results on these subsets in table Table 3.
These results show the method improves performance significantly for certain subsets. We observe an increase in performance
for columns 1 (+23.4%), 2 (+3.1%), 5 (+2.4%), and 6 (+5.5%) in the reasoning task.

5.2 Policy Optimization

We next consider the robust policy optimization when given an estimated reward model as input. Although algorithm 2 specifies
a weighted version of natural policy gradient method, in order to obtain a practical RLHF algorithm, we deviate from NPG
and adopt proximal policy optimization [[[PPO,][]schulman2017proximal, which has been immensely successful in LLM fine-
tuning. However, we implement robust variants of PPO by reweighting the gradients. This was implemented in two ways — (1)
scale the rewards/advantages computed by PPO’s value function (version A), and (2) scale the policy loss (version B). Initial
experiments showed version A is performing slightly better than version B (see the comparison in the Appendix, Table 15), and
we present only version A in the main text.

Table 3: Evaluation of a single run of the distributionally robust reward models on the Reasoning task from the RewardBench [Lam+24]
benchmark. Trained on a 400K item subset of the Unified-Feedback dataset [JRL23] for 2 epochs, with the TV distance. Subsets are detailed
in Appendix B.1.1.

Reward Model Reasoning Subsets

BTL RM 47.7 823 835 86.6 799 81.1 835
DRRMp=0.1 555 78.7 835 83.5 787 84.1 793
DRRMp=0.2 61.7 835 835 854 81.7 86.0 83.5
DRRMp=104 71.1 848 8l.1 83.5 79.9 81.1 823
DRRMp=0.6 553 81.1 81.7 835 799 86.6 83.5
DRRMp=0.8 662 854 78.0 81.7 823 84.8 829
DRRMp=10 709 81.7 78.7 829 80.5 854 81.7

In order to train the policy, we use the DR RMs obtained in the previous subsection, i.e. for a given value of p, we use
the robust reward model obtained with the same p, and then run robust PPO with identical p. We downsample 5K data from
the Unified-Feedback dataset to use as the training data. We use the same choice of p as for the reward models. We evaluate
our models on the Unified-Feedback test set, HHH Alignment [Ask+21], and MT-Bench [Zhe+23] tasks. Table 4 shows the
performance of DR PPO, and the results show that for most choices of p the performance is comparable or increases for both
ID and OOD tasks, compared to standard PPO.

We additionally run an evaluation of the PPO policy on RewardBench [Lam+24]. To evaluate PPO on RewardBench, we
adopt the following convention. For a given prompt x, chosen and rejected completions i+ and y~ respectively, the example
is correctly classified if 7(y™|2z) > m(y~|x). The results can be seen in Table 2. Similar to the evaluation of the robust reward
model, these results show improvement for some values of p (e.g., p € {0.1,0.2,0.4,0.8}). Furthermore, we again see a
sharp improvement in the reasoning task (+10.0% with p = 0.1). We analyze the reasoning task in more detail, and again see
significant improvement on several subsets e.g., columns 1,4, and 5.

5.3 Evaluation of Robust DPO

We base our Robust DPO implementation on Algorithm 3, and train it on the same 400K item subset of the Unified-Feedback
dataset as for the reward models. The results for Robust DPO can be seen in Table 5. We see a consistent improvement as p
increases, for both ID and OOD datasets. Additionally, we see that for OOD datasets, an intermediate value of p attains the best



Table 4: Evaluation of the PPO trained policy on Unified-Feedback [[]ID,][]jiang2024unifiedfeedback, HHH Alignment
[[JOOD,][]askell2021hhhalignment, and MT Bench [[JOOD,][]zheng2023mtbench datasets. Trained on a 5K item subset of the Unified-
Feedback dataset. Evaluation using the mistralai/Mistral-7B-Instruct-v0.2 model can be seen in the Appendix, Table 15.

Unified- HHH
Model Feedback Alignment MT Bench

Base model: google/gemma-2b-it

Std. PPO 59.8 £0.2 669 £0.5  59.9 £0.3
DRPPOp=0.1 598 £0.4 68.1 £0.3 61.6 £1.0
DRPPOp=0.2 596 £0.2 662 £0.7 59.5 £0.4
DRPPOp =04 599 +£0.2 67.1 £0.3  59.6 £0.3
DRPPOp=0.6 603 £0.3 679 £0.5 594 £0.2
DRPPOp=0.8 602 +£0.3 667 0.7 59.6 £0.4
DRPPOp=10 598 £0.1 664 +£0.3  59.6 £0.2

Table 5: Evaluation of the DPO trained policy on Unified-Feedback [[]ID,][]jiang2024unifiedfeedback, HHH Alignment
[[]OOD,][]askell2021hhhalignment, and MT Bench [[JOOD,][]zheng2023mtbench datasets. Trained on a 400K item subset of the Unified-
Feedback dataset using TV dist. Evaluation using the mistralai/Mistral-7B-Instruct-v0.2 model can be seen in the Appendix,
Table 17.

Unified- HHH
Model Feedback Alignment MT Bench

Base model: google/gemma-2b-it

Std. DPO 60.9+£0.02 69.2 £0.1 61.14£0.05
DRDPO p=0.1 61.3+0.02 689 +£0.2  61.9£0.07
DRDPO p=0.2 61.7£0.02 69.0 £0.0 62.5+0.05
DRDPOp =104 622 +0.3 685 +0.6 644 £0.9
DRDPOp=0.6 638 £0.2 693 £0.3 64.1 £0.8
DRDPO p=0.8 644 £0.3 70.6 £0.4 63.5 £1.2
DRDPOp =10 645 +£0.3 645 +2.6 62.5 +0.5

performance. For HHH Alignment the corresponding value of p = 0.8, and for MT Bench it is p = 0.5. Moreover, the DR
DPO performs better than DR PPO (table 4) on OOD datasets. We also evaluate DR DPO on RewardBench, and the details can
be found in Appendix, Table 18.

6 Conclusion

In this work, we have shown that distributionally robust RLHF algorithms improve OOD robustness of LLMs. Note that, we
have primarily presented our results about the Total Variation (TV) distance, however, extension to other distances like x? is
also possible if one uses dual characterization from [Lev+20]. We have added additional experiments with y2-distance in the
Appendix (Table 12), and and we believe that the result for natural policy gradient (Theorem 2) can be strengthened with the
x2-divergence.

Throughout our analysis, we have considered linear reward functions. However, Our results for robust reward estimation
naturally generalizes for nonlinear and nonconvex reward models. The main observation is that the bias of the minibatch
gradient (Lemma 1 in the Appendix) is independent of the choice of the reward model. Since Algorithm | performs a biased
gradient descent and this implies convergence to a stationary point of the distributionally robust objective. The linearity of
the reward function is only used to guarantee convergence to global optima of Algorithm 1. For a general nonconvex reward
function, we can easily establish convergence to a stationary point and, with additional structural assumptions (e.g. standard
Polyak-t.ojasiewicz condition [KNS16]) we can obtain convergence to global optima.

We have developed robust variants of popular policy optimization methods under the assumption that human preferences
are transitive. There is a host of methods that are designed to solve preference alignment with generalized non-transitive
preferences like Nash-MD [Mun+23], Self Play Preference Optimization (SPPO) [Wu+24b], etc. It will be interesting to
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develop distributionally robust variants of these methods.

It will also be interesting to consider distance metrics that are designed specifically for text domains e.g., Zeng et al. [Zen+24].
We believe that our techniques will still be useful for different metrics, however, the interesting question is devising such a met-
ric. Finally, we are really excited to see that the DRO version of RLHF improves reasoning capabilities significantly on OOD
datasets. It is not a prior clear why enforcing DRO should positively affect the performance on reasoning tasks, and it will be
worth investigating this phenomenon further and understand if there are other connections between reasoning and distributional
robustness.
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A Missing Proofs

Let 2™ ~ P" be a sample of size of n drawn from the distribution P. Given a loss function ¢ and divergence function ¢, let us
define the following loss functions.

n
Ls(0;2™) = sup > ail(0; )
geEA™: L S (ngi)<pi—1

Ly(0;n) = Egnopn [0(6;2™)]

We first provide a bound on the bias £, (6; Py) — £4(60;n) for the divergence function ¢(t) = % |t — 1|, which corresponds to
the Total variation distance. With slight abuse of notation, we will write the corresponding loss function as {7 (6; -).

Lemma 1. Suppose |¢(0;x)| < B for any 0 and x. Then we have

_ 4+ 1
0 < bry(0; P) — oy (65n) < 3B(1+2p) - ,/ﬁ.

Proof. Let F~!(u) be the inverse cumulative distribution function of the loss function #(6; x) under the distribution P. To be
precise define F'(t) = P,p(¢(0;x) < t),and F~(u) = inf {t : F(t) > u}. Then we can obtain the inverse-cdf formulation
from [Lev+20] (eq. 20) to obtain the following result.

lry(0; P) = fgg/ r(u)F ™ (u)du

1
1
where R = { [0,1] — R+|/ uw)du =1 / 5 |r(u) — 1| du < p and r non-increasing }

Now we can proceed similar to the proof of bound (9) from [Lev+20] and establish that 1 (0; P) < fpy(6;n) + E with

E= / )] (a- bb()) dev  where bb(a) = 3B - min {17 1}

an

We can bound the error term F using the Cauchy Schwarz inequality.

E < |Irlly - [[(a- bb(a))',

Now for any € R, we can bound the first term as |||, < [|r|; < fol |r(u) — 1]du + 1 < 1+ 2p. The proof of bound (9)
from [Lev+20] bound the term H a - bb(a H2 by 3B - 4/ %. O

A.1 Proof of theorem 1

Proof. From the assumption of linear reward class (assumption 1) and bounded features, we have

‘gREW(wv €T, y+7 y_)’ = |_ 10g0' (’f‘w(l', y+) - Tw(xa y_)) ‘
— log o (T (@, y*) —la.y )| < 4F
The last inequality follows from the following observations. First, w " (¢(z, y™) =1 (2, y7)) < |lw|ly (| (z, y )|y + [0 (@,y7)]l,) <
2F. This implies that the term inside the sigmoid function is bounded between —2F and 2F', and for any u we have
[log o(u)| < 2|ul.
We can now apply lemma 1 to the above loss function and bound the bias of the minibatch sample as follows.

_ 4 +logn
lrEw, TV (W; D) — frEW, TV (W5 1) < 12F (14 2p) - \/ Tg

=0
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algorithm 1 performs a stochastic gradient descent on the loss function ZREW’T\/(W; n), which is d-biased with respect to the
loss function {rew v (w; D). Therefore, we can apply convergence guarantees for the (biased) stochastic gradient method as
long as we have a bound on the norm of the subgradient. For the linear reward model (assumption 1) we have,

o (wT(¢(x,y+)—¢($,Z/_))). 2yt — ol u—
oW (@(x,yt) —(z,y7))) Wiey™) = viey)

=—(1—0o (W Wy —v(y))) W,y —v(,y))

using the fact o’(u) = o(u)(1 — o(u)). This implies ||V lrew (wiz,y*,y7)lly < [[W(z. v, + l0(2,y7)l, < 2.

Now for a minibatch B of size n, the gradient of the loss function {grw, Tv(w;n) can be expressed as g = > ., ¢ -
Volrew (w; i, y;",y; ) where {g} }_, is the solution to the optimization problem max,e An, Dy (q,1/n)<p Dot Gi-lREW (W5 T4, Y3, Y5 ).
This implies ||g]|, < 2., ¢f = 2. Therefore, we can apply proposition 1 to obtain the following bound.

vaREW(w; 5E,y+»y7) = -

E [lrEw, TV (@; Dsre)] — min (rEw, v (w; Dae) < 6 + %

111 2
§12F(1+2p)-\/¥+ﬁ

Now if we set T = O(1/£?) and choose minibatch size so that n/logn = O (M), we obtain the upper bound of

O(e). O

A.2 Proof of theorem 3

Proof. From the assumption of log-linear policy class (assumption 2) and bounded features, we have

et ) = | logo ((Blog TN gy, T lE)
[topo (0; 2,y y7)| log <Bl 8 (1) Bl Wref(y_x)>’
I T To(y|z) mer(yt|z)
= |l (M o T2) Ty |x>>
— llogo o Xp(9T¢(x, +))'7Tref(y+|x)
= & (61 & (aTw(ma )) Wref(y|x)>’
Tef(ytlz
~ |togo (W(wcny*) —g(,y7) + flog W)] <2528 + )

The last inequality follows from the following observations. First, 30 T (1(x, y )= (z,y7)) < B110]l, (1 (z,y )|y + [ (2, y7)|l,) <
28 B. This implies that the term inside the sigmoid function is bounded between 5(23 + J) and (2B + J ), and for any u
we have [logo(u)| < 2]ul.

We can now apply lemma 1 to the DPO loss function and bound the bias of the minibatch sample as follows.

_ 4+ logn
lopo,1v (0; Dsre) — fopo,rv(0;n) < 66(2B + J)(1 4+ 2p) - \/ Tg

=4

algorithm 3 performs a stochastic gradient descent on the loss function /ppo v (0; 1), which is §-biased with respect to the
loss function ¢ppo, v (6; D). Therefore, we can apply convergence guarantees for the (biased) stochastic gradient method as
long as we have a bound on the norm of the subgradient. For the log-linear policy class (assumption 2) we have,

O'/ BGT(w(x’er) _ 1/}( )) + 61 og :re: Yy \i)
Volpo(8:,yt,y~) = ( i) W,y ) — Gl y7))
o (BT (w(w,y+) — v, y7)) + Blog Zalz)

__ (1 o (ﬂHT(w(ﬂc,y+) ey ) + Blog “W'x))) (W@, y™) — (@, y))
7Tref(y |J?)
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using the fact o’(u) = o(u)(1 — o(u)). This implies ||Volppo(d;z,yt,y )|, < [[¥(z,y M)y + [0(z,y7)|, < 2.

Now for a minibatch B of size n, the gradient of the loss function {ppo Tv(0;n) can be expressed as g = > ., ¢} -
V9€Dpo(0;xi,yf,yi_)where {q; }i=, is the solution to the optimization problem maxgcan, Dy (g,1/n)<p S qiloro(6; xl,yz Y )
This implies |||, < 2>, ¢ = 2. Therefore, we can apply proposition 1 to obtain the following bound.

— 2
. i . <
E [¢ppo,1v (0; Dyrc)] min opo,1v (0; Dsre) < 0 + Nia
4 + 1 2
< 6B(2B + J)(1+2p) ) 28" 7

Now if we set T = O(1/£?) and choose minibatch size so that n/logn = O (w), we obtain the upper bound

of O(e). O

Proposition 1 (Restatement of proposition 3 from [Lev+20], see also [Lan12], Corollary 1). Let F : © - Rand F : © = R
satisfy 0 < F(0) — F(0) < & for all 0 € ©. Assume that F is convex and a stochastic gradient estimator § satisfies
Eg(0) € OF (0) and E ||§(0)||> < T2 for all § € ©. Suppose we run stochastic gradient descent with iterates

Ht+1 = H@(et - Uﬁ(at))

Let us define v(0;z,y) = r(z,y) — Blog :9((2’)&)) and v(0;x) = Eyr,(jo)[v(0;2,y)]. Furthermore, given a divergence

function ¢ let us define the following objectives.

and step-size n = %. Then we have,

Z >] —mlnF(@)g(S—i—B.

'ﬂ \
3

A.3 Robust Policy Optimization

vp(8;2") = inf Zq1~ (6; x;) €)

geAn:L5on d(ngi)<p
Tg(0;n) = Egnmpn_[vs(0;2™)]

In order to motivate the natural policy gradient step in algorithm 2 let us define the following loss function.

Lo =3 g B [(005e) = wTologmo(uln)

y~wo(-|@i)

where {7}, is the optimal solution to the optimization problem define in eq. (8). Let us define the vector w4 as the optimal
solution of the following optimization problem.

wys = argmin L(w, 0; 2") 9
w
Let us define G4 to be the weighted Fisher information matrix i.e.
G = ZCI?' E  [Velogm(ylz:)Velogm(ylz:) "]

y~mo(-|xi)

Then Lemma 5 shows that w8 = (G4 v, vy (6; ™). In other words, algorithm 2 performs the following gradient steps for
policy optimization.

Ory1=0; +m - wy where w, € argmin L (w,0;{;}s,eB,)
w

We now follow a Lyapunov potential based approach which is standard in the analysis of natural policy gradient based algo-
rithms [CHS24]. Let us define the following potential function.

= zm: Dsre() zy: 7 (y|x) log 7::((;/1:))
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A.4 Proof of Theorem 2

Proof. The main ingredient is Lemma 2, which shows that if the number of iterations T > log(1/e; - log|Y'|) and the number
2

of minibatch samples n > Edpxéff H;““") log(log logs(ly‘/al)/é) then we have ®(77) < O(g1) with probability at least 1 — 4.

Now lemma 3 implies the following t;ound on the suboptlmahty gap.

vrTv (0*; Dsrc) —vrv (QT; Dsrc) S 2\/§(rmax + 3ﬁB2) V 1 + 402/V\/a

Now substituting €1 = T 4€p2 70 80rm +13 g7y We obtain the desired bound on the number of iterations 7', and the minibatch
size n. O

The next lemma provides a bound on ® (77 ) provided the number of iterations 7’ is large (at least O(loglog(1/¢)), and the
number of samples per minibatch n is at least O(log loglog(1/¢)/£?).

Lemma 2. Suppose assumption 3 and assumption 4 hold, and q;; > qmin for all L. If the robust policy optimization (al-
log|Y| Vepx (BB +rmax)? log(log 1og(|y\/a)/5)} minibatch

2 bl 2.2 2 2
Clmin’ NP0 €

gorithm 2) is run for T > O (log (

samples per iteration. Then the final pollcy T = T, satisfies,

) iterations, and n > max{

o(r7) < O(e)

with probability at least 1 — 6, provided ) < min { T (6‘15“}5’,31‘;,‘“” E } and 3 < g

Proof. Lemma 4 proves that the following recurrence holds for each iteration ¢ with probability at least 1 — /¢

O(mi41) < (1= 1Bgmin) D() —fAt qu- (64 2:)

2
o \/(772 ol + el og(t/3) | o

N 7 Il + —— /O Lwii b0 {zi}icn,)  (10)

Therefore, by a union bound over all iterations the above bound holds for all £ > 1. Using assumption 4 and lemma 5 we obtain
the following bound on the norm of the vector w;.

1 *
lwelly < — IVove(6;2™)ll; < qu IVou (s xi)ll,

zl =

IN
\
»Q

e, 1o [V 108 76, (yl) (085 21, w) = 8]

Under log-linear policy, - Eywr, (e [Va log mo, (yloi)] = B 52, 7o, (yl2:) ((wi,y) = X2, 7o, (' l7)(wi,y)) = 0.

Therefore, we obtain

Eynro, (12:)[Vo log mo, (y|xi)v(0r; i, y)] H2 (11)

1 n
s < = > ai,
i=1

Now recall, that v(6;; z;,y) = r(x;,y) — flog :etf(;jl‘: )) If 7er is also log-linear then from the smoothness of log 7y (y|x) (e.g.

[Aga+21], lemma 34) we obtain the following bound.

oy T (011

< |16; — Otl? — Vo1 D) (Ores — 0,) < 2B% + 4B
Wref(y|xi) = || t f||2 0 Ogﬂﬁt(mx) ( f t) = +

The last inequality uses ||Vglog mg(y|z;)||, < 2. Therefore, for any (z;,y) and § we have |v(6;z;,y)| < 68B? + rmax.

Substituting this bound in eq. (11), we get the following bound on the norm of wy.

6 B2 max
gl < 925" F Tmax a2)

g
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We now establish a lower bound on the term ), ¢y ; - v(0s; ;).

T X Tmin
ot’xl Zﬂ-et "T’L ( T,y ) - 510g W) > Tmin — 4BB2 > T
re! i

as longas § < grgg. Therefore, we obtain the following lower bound.

ro
ZQt i etv xz 2 Y;Hl * NGmin

Substituting the bounds of eq. (12) and eq. (13) in eq. (10) and rearranging we obtain the following recurrence relation.

n Tmin
(D(ﬂ.tJrl) (1 - UBQmm) (Trt) - EAt - UQminT

g n 2 o Gmin °

+0 <532 + Tmax nlog(t/5)> 0’ <6ﬁ32 + rmx>2

Ifn < % then we have,

Tmin 2 6 BQ + Tmax 2
—N4min + TL (ﬁ ) < 0
2 2 o

and we obtain a new recurrence relation.

O(mi41) < (1= 7Bmin) D(m,) — %At +

M * gmin o n

Ve +0 (ﬁBQ + s nlog(t/5)>

Now using ®(mp) < log|Y| and induction we obtain the following upper bound.

t
(D('/thLl) (]- - nﬁ%mn) frd IOg |Y‘ % Z 1- nﬁlen 7kAk
k=0

t
1
+ n Z(l — nﬂQmin)t_kn i \/ €apx
k=0 min
t
_ B2 +r log(k/0)
1 o min t—k 6 max
T3 0 (2 L

Therefore, for any ¢ < T we obtain the following upper bound on the potential function.

Vv €apx 1 B2 max 1 T 6
(ﬁ(’frt—i-l) (1 7776(]m1n)t+1 log|Y\ + p + O < ﬂ tr Og( / )>

\/ﬁ6Qmin g n

Hlll'l

In particular, if we choose 7 such that < andT > O (log (logly‘ )) then we get

2qun
d(rr) < 0(e) + L Lo L BB T ¢log<1oglog<|Y|/s>/6>
B mln \[ﬂqmm o n

2 2
Finally, choosing n > maX{E\/;dpx’ (ﬁng ;‘T'max) 10g(log10g(|Y|/6)/5)} gives us ®(mr) < &

The next lemma shows that if the potential ®(7) of a policy is small, then the policy 7 is approximately optimal.

Lemma 3. Suppose ®(mp) < € and Dyc(x) > v for any x. Then

'UTV(G*; Dsrc) - UTV(G; Dsrc) < 2\/5 ('f'max + 3/832) (1 + 4/)2/”)5-
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Proof.

0*.Dsrc - Q;Dsrc = inf 0*;D — inf G,D
vy (0% ) —vrv( ) D:dTv(an,Dsrc)gpv( ) D:dTv(lDH)Dm)SPU( )

Now suppose Dy attains the optimal value in the second optimization problem. Then we have,
UTV(9*§ Dsrc) - UTV(0§ Dsrc)
< v(0*; Do) — v(0; Do)
= ZDo(w) (Eymrye (-2) 0005 2,9)] = Eymy () [0(0; 2, 9)])
x

=Y Do(x) (Z(ﬂe*(ylfﬂ) - Wa(ylx))r(x,y)>

_ BZDO(JU)Z <7r9* (y|z)1og E || ; — 7o(y|z) log TFH(Z‘/|l’)>

Tret(y|)
< 2max Z Do(z) - dry (mg- (-]), mo(-|2)) — 5 ZDO Y (g+ (-|), 7o (-|2))
(ylx)
- B> Do(z mo- (y|z) — mo(ylz log 0
S0 5 (- o) ol o 40
If 7er is also log-linear then from the smoothness of log 7y (y|x) (e.g. [Aga+21], lemma 34) we obtain the following bound.

o To0k0)
71'ref(y|-75i)
This gives us the following upper bound.
Vv (0% Dsre) — v1v (65 Dore)
< 2rmaxZDO( dTV (71'9*( |$ Yyl |l‘ ﬁZDO dKL 7T9*( |.13) 7'&'9( |$))

<10 = Owet||5 — Vo log ma(yla:) T (Orer — 6) < 2B% + 4B

+68B%Y_ Do(x) - drv (- (-|2), mo(-|))

< (2rmax + 66B2) ZD()(.’E) : dTV (71—9*('|‘T)5 7T9(|JI))

S (2rmax + 6632) \ Z ;Zi((xx)) \/Z ,Dsrc(-f) . d%‘\/ (770*("31’),7@(".%))

< 2\/5 (Tmax + 3BB2) \/1 + dX2 (DO, Dsrc)\/z Dsrc(x) : dKL (7T9* (‘.13), ﬂ-@(“r))

= 2V2 (runax + 385%) /1 + dys (Do, Dure) V(o)

The last inequality uses Pinsker’s inequality. Now the bound follows from the following observation. d,2 (Do, Dsc) <
3 20(Do(2) = Dee(@))? < 5 (drv(Do, Dere))? < 40% /. O

Lemma 4. Suppose q; ; > qmin, and assumption 3 holds. Then the sequence of policies {m = mg, }1>1 generated by algo-
rithm 2 satisfy the following recurrence relation with probability at least 1 — & /t2,

O(mp41) < (1= nBmin) D(mr) — qu- (64 2:)

2 |l |2 + 1 ||w log(t/o
+0 \/(’7 bl =0 el 1O80/0) ) 0% o 2/ Lawsh, widies)

n min °

where Ay = v (0% 2™) — vg(0; ™).
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Proof. First, using log-linear policy class (assumption 2) and smoothness of log 7y (y|x) (c.f. [Aga+21], lemma 34) we obtain
the following bound.

m(yle) mo,(ylx) P .
107:107§ w VY, log 1 (vlz) Tw 16)
i1 (y[2) Tt (Y|2) 2 lwills = 190 log mi(yl) Twr
(I)(ﬂ-tJrl Z Dsrc Z 7T y|x IOg (y|x)
1 (y|o)

o \/(772|th||§+77||wt||2)10g(t/5) IS e o T

n i—1 T (ylei)

2 ||| log(t/d
0 \/m Jwell3 + el og(t/8) | zllthz_nZZﬁ e ol

n

2wy |2 + 1 ||welly) log (/6 wy|| N
-0 \/(77 ” t||2 Ui ” t||2) g( / ) + 7]2 ” 2t||2 _Z ZZW (y|mz) (V;— logﬂ't(mx)wt _ U(Q;CEi,y))
Ty

n

=T

ZZT{' (y|z;)v(0; x4, )—%At—&—gAt )

The first inequality uses two facts (1) The set B, = {x; : i € [n]} is a uniformly random drawn sample of size n from the

distribution Dy, and for each x, and (2) for each , the term >, 7*(y|z) log Wzgz&ﬁi)

we can use Chernoff-Hoeffding bound and get a bound on the approximation error i.e.

O(? w5 +n |[wel,). Therefore,

Tt Tt xT; ¢ |5+ t I t/o
P (zz Davel() X2, 7 (yla) log Z¥D) — 1570 S~ ey log 100 > 0 <\/(n o Lol g/ >>) <3

The second inequality uses eq. (16), and the final equality in the derivation of eq. (17) substitutes A; = v4(0*; ™) — vy (6;; ™).
We bound the term 73 using assumption 3.

T <= 7 ZZW yla;) - ’Ve log 7t (y|z)wy — v(0; 24, )‘

R Z%Zw (ylas) - [Vg log my(y|z)w, — v(8: 2, )]

= Qi - nZ MZM”'% Ve(ylz) - [ Vg log m(ylz)we — v(0; 21,)|

R qu Zwt y‘xl y\x \/Zm ylz:) (V§ log m (ylw)w, — v(6; z1,9))”

< : ™ (ylz:) i x o T o 2
< — Zq“ yme ’Km(ym)) ]\/th Eyer(ylon) [ (V5 log m(yl)w, — o(8;7:,9))’]
< — VO L{wi by, {widien)
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We now bound the term A;.
Ay = (vg(07,2") — vy (013 2™))
= inf i v(0% 1) — inf i v(0; x5
qu";dTv(qJ/n)Squ ( ) qu”;‘iTV(Qxl/”)Sp;q (655 1)

<qu (0%, i) — v(0, 7))
—quzﬂe* ylzi) ( (ziyy) — Blogm—v(@;xi))

Wref(y‘xz)

The first inequality follows from the fact that {g;; };c[n] Optimizes the second minimization problem. Now let us define the
following notion of a soft advantage function.

7o, (y|i)
A0y x5,y) = r(xg,y) — Blog ————= — v(0y; x5 (18)
(04; 23, y) = r(wi,y) — Blog T (5]0) (0 )
Then we obtain the following upper bound on A,.

x To* [L’i
Ay < ZQt,iZﬂ'e*(mxi) (A(9t;wi7y) — Blog 7:)(y|))
i y

[ (y|x7)

<360 S o (41 A 21, ) — 1Bmin - sz (v1:) log Z2-4171)
% Y

T (ylz:)

< Z qzﬂi Z o+ (y|2:) A(0r; i, y) — 1BGmin ("I)(ﬂ't) -0 < 1C>§-§(T7i/5)>>

The last inequality uses the fact that the set By = {z; : i € [n]} is a uniformly random set of size n and one can apply Chernoff-
Hoeffding bound to replace the sample average with the mean ®(7;) and an additive error of O(1/4/n). Substituting the upper
bound above in eq. (17) we obtain the following upper bound on the potential difference.

\/C - L(wy; 0¢, {x: }ien,)

2 |l || + 0 |lw log(t/o 2
Bmnes) — B < O \/@7 el o) 08t/0) | 9o

n 2 Gmin * T

ZZW (ylai)o(0; 24, y) — fAt+an“Z7Te* (Yl A0 25, y) — 1Bmin - ()

2 ||we||2 + 1 ||lwell,) log (/6 2
0 \/m el el lost/0)\ e

" B) P~ .n\/C'L(wﬁeta{xi}ieBt)

Z%,Zﬂ (Ylzi)v(0s; wi,y) — AtJFnZQfZZW&* (ylw:) A(0s; i, y) — NBGmin - P(me)

+ \/C~L(’wt;9t,{xi}i€Bt)

. g el +

0 \/ (2 ol el Yout/5) | o

an 0(B325) = LAy = i - D)

The last inequality uses the definition of advantage function eq. (18).

Lemma 5. Ler {q} }", be the optimal solution to the optimization problem eq. (8).

y~wo(-|@i)

:
wyh = <Z - E [Ve log 7o (y|z:) Ve log7r9(y|xi)T]> Vove(0;2™)
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Proof. From the first-order optimality conditions related to the optimization problem defined in eq. (9), we have

dYoai- E  [Velogme(yile) (v(0;2i,y) —w Vologme(yilz))] =0 (19)

yr~mo (+2i)
Moreover, since {g} }1- , are the optimal weights we have

Vovs(0; 2™) Zqz - Vou(0; 7;) qu E  [Vologmy(ylas) (v(0;2i,) — B)]

y~wo(|wi)

= Zq;' E  [Vologm(ylz;)v(0; i, y)]

y~wo(-|wi)

The last equality uses the fact that under log-linear policy,

BEy oz [V log mg (ylai)] = B - Zﬂe yla:) | Yz, y) — Zﬂe(y'|$i)¢($i,y/) =0.
y/

Now rearranging eq. (19) we get the desired expression for the vector w34 . O

B Experiment Details

We train our models on a single machine with 8 xH100 GPUs. Approx. time to train google/gemma-2b—1it:
* areward model (with the 400k dataset): 6 h
* PPO policy (with the 5k dataset): 10 min
* DPO policy (with the 400k dataset): 5 h
For training we use the tr1 library by Hugging Face.
The tables show experiment results with the google/gemma-2b—1it model, unless stated otherwise.
Note: in the provided code p is called EPS or eps, and DR PPO version B is called solve_pilossgrad or solve 7 loss
gradient, due to an earlier version of the manuscript.

B.1 Reward Models

We do not perform any hyperparameter tuning for the reward models, and use values suggested by Yang et al. [ Yan+24c]. We
train the reward models with the hyperparameters (otherwise using defaults from t r1) indicated in Table 6.

B.1.1 Subsets on RewardBench

The subset names are:

Chat Chat-Hard Safety Reasoning
1. alpacaeval-easy 6. mt-bench-hard 12. refusals-dangerous 17. math-prm
2. alpacaeval-length 7. llmbar—-natural 13. refusals-offensive 18. hep—cpp
3. alpacaeval-hard 8. l1lmbar—-adver—-neighbor 14. xstest-should-refuse 19. hep—go
4. mt-bench-easy 9. l1lmbar-adver-GPTInst 15. xstest-should-respond 20. hep-java
5. mt-bench-med 10. 11mbar-adver—-GPTOut 16. donotanswer 21. hep—Js

11. 1lmbar-adver—-manual 22. hep-python

23. hep-rust

B.2 PPO

We perform minimal hyperparameter search for selecting the best learning rate and KL coefficient. The effect of KL coefficient
B can be seen in Figure 1. We chose 8 = 0.02 and 8 = 0.03 as learning was displaying some improvement on the gold reward
model. Further, we tune the learning rate 7, this can be seen in Figure 2. We selected = 1e — 5 which displayed some learning
in the initial training steps.

For other hyperparameters we use the values similar to the ones used for the reward models, see Table 14.
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Table 6: Hyperparameters used for reward model experiments.

Hyperparameter Value

Base model google/gemma—-2b-it
Number of epochs 2

Learning rate n le-5

Torch dtype bfloatlé
Attention implementation flash_attention_2
Per device train batch size 16

Learning rate scheduler type cosine
Warmup ratio 0.03

Weight decay 0

Optimizer adamw_hf
Maximum sequence length 1024

LoRA task type SEQ_CLS

LoRA r 32

LoRA alpha 64

LoRA dropout 0.05

B.3 DPO

For training DPO we use the same hyperparameters as shown in Table 14, except using the KL coefficient 8 = 0.1.

—— PPO n = le-5, 5 =0.05
—— PPO np=1leb, §=0.04
—— PPO n = le-5, = 0.03
—— PPO n = le-5, f=0.02
—— PPO n = 1le-5, 5 =0.01

—— Score on Gold RM
--=- Score on Trained RM

0 1000 2000 3000 4000 5000
Training Samples

Figure 1: Choice of KL regularization coefficient 3 for PPO experiments.
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Table 7: Evaluation of the reward models on Unified-Feedback [[]ID,][]jiang2024unifiedfeedback, HHH Alignment
[[IOOD,][]askell2021hhhalignment, and MT Bench [[JOOD,][]zheng2023mtbench benchmarks. Trained on a 400K item subset of
the Unified-Feedback dataset [JRL23] for 2 epochs. Comparison of different dataset versions — unfiltered indicates the training dataset
was used as is; no hh—r1hf indicates the hh—r1hf subset was filtered out; no chatbot_arena_conversations indicates the
chatbot_arena_conversations subset was filtered out.

Unified- HHH
Reward Model Feedback Alignment MT Bench

unfiltered; TV dist.

BTL RM 76.5 83.3 72.7
DRRMp=0.1 76.9 83.3 73.6
DRRMp=10.2 76.4 82.4 72.9
DRRMp =04 76.2 81.0 72.9
DRRM p =0.6 76.0 83.8 73.5
DRRM p =10.8 75.6 82.4 72.1
DRRMp=1.0 75.4 83.3 71.9
no hh—-rlhf; TV dist.
BTL RM 74.3 78.2 75.8
DR RM p = 0.02 75.3 71.8 73.5
DRRMp=0.1 75.7 79.6 73.2
DRRMp=10.2 75.6 80.6 74.4
DRRMp =104 75.8 76.9 74.1
DR RM p =0.6 75.3 78.2 72.7
DRRM p =0.8 75.6 80.6 74.9
DRRMp=1.0 72.5 74.1 69.0
no hh—-rlhf; x? dist.
BTL RM 75.5 79.6 73.6
DR RM p =0.05 75.4 80.1 72.7
DRRMp=0.1 754 79.2 72.2
DRRMp=10.2 75.8 78.7 74.4
DRRM p =0.3 75.3 78.2 72.7
DRRMp =104 73.6 76.4 71.8
DRRM p =0.5 72.1 75.5 70.2
no chatbot_arena_conversations; TV dist.
BTL RM 76.1 83.8 73.1
DR RM p = 0.02 76.2 82.9 72.9
DRRMp=0.1 75.6 84.3 72.9
DRRMp=10.2 75.9 84.3 72.4
DRRMp =04 74.0 80.6 72.1
DRRMp=0.6 71.0 76.4 69.4
DRRM p =10.8 72.0 75.9 69.8
DRRMp=1.0 71.4 75.9 69.8
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—— PPO 5= le-5, 8 =0.02
—— PPO 5 = 5e-6, = 0.02

—— Score on Gold RM
-=-=- Score on Trained RM

—— PPO 5 =1le5, f=0.03
—— PPO n = 5e-6, § = 0.03

Figure 2: Choice of learning rate 1 for PPO experiments.

Table 8: Evaluation of the reward models on the RewardBench [Lam+24] benchmark. Trained on a 400K item subset of the Unified-Feedback
dataset [JRL23] for 2 epochs, with the TV distance. Base model used for training: mistralai/Mistral-7B-Instruct-v0.2.

Chat-

Reward Model Hard

Chat Safety Reasoning Avg.

Base model: mistralai/Mistral-7B-Instruct-v0.2

BTL RM 97.5 61.4 86.8 71.5 79.3
DRRMp=01 975 59.4 87.4 66.0 77.6
DRRMp=02 975 56.1 86.9 74.6 78.8
DRRMp=04 90.8 46.3 83.4 56.0 69.1
DRRMp=06 833 40.1 80.7 58.0 66.8
DRRMp=0.8 84.1 42.5 76.9 493 63.2
DRRMp=1.0 83.0 46.1 76.6 59.9 66.4

Table 9: Evaluation of the distributionally robust reward models on the Reasoning task from the RewardBench [Lam+24] benchmark.
Trained on a 400K item subset of the Unified-Feedback dataset [JRL23] for 2 epochs, with the TV distance. Base model used for train-
ing: mistralai/Mistral-7B-Instruct-v0.2. Subsets are detailed in Table 10.

Reward Model Reasoning Subsets

Base model: mistralai/Mistral-7B-Instruct-v0.2

BTL RM 51.0 92.7 933 92.1 927 92.1 89.0
DRRMp=0.1 39.8 933 951 939 927 87.8 90.2
DRRMp=10.2 579 884 939 933 90.9 87.8 92.7
DRRMp=10.4 523 61.0 549 62.8 622 622 543
DRRMp=10.6 638 51.8 53.0 482 579 543 482
DRRMp=0.8 434 543 56.1 555 50.0 57.3 579
DRRMp=1.0 647 59.8 549 524 537 51.8 579

26



Table 10: Evaluation of the reward models on RewardBench [Lam+24]. Trained on a unfiltered 400K item subset of the Unified-Feedback
dataset [JRL23] for 2 epochs using TV dist.

Chat Chat-Hard Safety Reasoning Avg.

Reward Model |, 37 4 5 6 7 8 9 10 11 12 13 14 15 16 |17 18 19 20 21 22 23
Base model: google/gemma—2b-it
BTL RM 97.0 937 979 100 90.0 | 73.0 83.0 321 217 468 261 | 780 99.0 955 81.6 500 | 47.7 823 835 866 799 81.1 835 | 717
DR p=0.1 99.0 91.6 979 100 950 | 757 83.0 343 207 426 217 | 790 99.0 955 820 507 | 555 787 835 835 787 841 793 | 727
DRp=0.2 | 990 916 979 100 925 | 757 81.0 313 21.7 404 261 | 780 99.0 96.1 792 515 | 617 835 835 854 817 860 835 | 733
DRp=0.4 | 990 958 979 964 90.0 | 703 820 30.6 239 447 283 | 740 99.0 968 800 529 | 71.1 848 8I.1 835 799 81.1 823 | 746
DRp=0.6 | 99.0 937 989 100 925 | 73.0 800 269 185 404 283 | 71.0 99.0 955 824 47.1 | 553 811 817 835 799 866 835 | 718
DRp=0.8 100 947 989 100 925 | 73.0 850 30.6 185 468 261 | 61.0 97.0 942 812 441 | 662 854 780 817 823 848 829 | 733
DRp=1.0 | 99.0 947 989 929 900 | 73.0 79.0 254 163 468 26.1 | 69.0 99.0 948 81.6 515 | 709 817 787 829 805 854 817 | 734
Base model: mistralai/Mistral-7B-Instruct-v0.

BTL RM 98.0 958 989 100 950 | 81.1 91.0 418 500 68.1 543 | 86.0 100 968 904 59.6 | 51.0 927 933 921 927 921 89.0 | 793
DRe = 0.1 99.0 937 100 100 950 | 81.1 91.0 41.0 467 638 478 | 87.0 980 974 916 61.0 | 39.8 933 951 939 927 878 902 | 776
DRe = 0.2 97.0 947 100 100 97.5 | 838 93.0 351 402 574 457 | 86.0 99.0 974 90.8 59.6 | 57.9 884 939 933 909 878 927 | 788
DRe = 0.4 950 779 100 100 825 | 541 79.0 32.8 283 532 370 | 850 100 987 816 559 | 523 610 549 628 622 622 543 | 69.1
DRe = 0.6 940 768 937 893 875 | 568 750 284 228 298 304 | 87.0 99.0 96.1 736 58.1 | 638 518 530 482 579 543 482 | 6658
DRe = 0.8 90.0 726 91.6 893 750 | 514 67.0 358 228 447 39.1 | 730 900 903 764 559 | 434 543 561 555 500 573 579 | 632
DRe =1.0 91.0 747 832 893 77.5 | 595 680 39.6 31.5 42.6 39.1 | 80.0 940 864 788 463 | 647 598 549 524 537 518 579 | 66.4

Table 11: Evaluation of the reward models on RewardBench [Lam+24].

of the Unified-Feedback dataset [JRL23] for 2 epochs using TV dist.

Trained on a 400K item subset filtering out the hh—r1hf subset

Chat Chat-Hard Safet; Reasonin Avg.
RewardModel |5 57 4 5 6 7 8 9 10 11 12 13 14 Y 15 16 |17 18 19 20 égl 2 23 ¢
BTL RM 98.0 90.5 989 964 900 | 73.0 820 313 207 574 283 | 770 99.0 955 860 515 | 566 829 884 872 811 878 829 | 736
DRp=0.02 | 970 926 968 100 900 | 703 860 33.6 21.7 553 348 | 760 99.0 948 860 478 | 53.5 817 860 860 860 854 8l.1 733
DRp=0.1 98.0 947 989 964 925 | 73.0 840 30.6 239 489 348 | 750 98.0 948 864 485 | 557 84.1 89.6 866 835 884 8I.I 738
DRp=0.2 | 980 937 989 100 90.0 | 73.0 830 328 217 532 304 | 750 99.0 935 872 500 | 559 835 860 89.6 805 872 793 | 737
DRp=0.4 | 980 947 979 929 900 | 703 830 30.6 207 42.6 304 | 760 98.0 922 848 456 | 503 823 87.8 854 829 860 793 | 718
DRp=0.6 | 99.0 937 979 964 900 | 703 800 29.1 152 362 32.6 | 70.0 99.0 948 848 456 | 71.8 84.8 854 89.6 84.1 848 799 | 740
DRp=0.8 | 99.0 91.6 989 100 925 | 73.0 81.0 313 19.6 447 283 | 780 98.0 948 852 449 | 50.6 829 89.6 89.0 860 872 793 | 723
DRp=1.0 | 980 884 958 964 900 | 568 72.0 313 163 426 152 | 71.0 98.0 942 83.6 507 | 63.5 433 445 433 427 494 445 | 667

Table 12: Evaluation of the reward models on RewardBench [Lam+24].

of the Unified-Feedback dataset [JRL23] for 2 epochs using x? dist.

Trained on a 400K item subset filtering out the hh—r1hf subset

Chat Chat-Hard Safet Reasonin Avg.
Reward Model |, 37 4 5 6 7 8 9 10 11 2 13 14 ! 15 16 |17 18 19 20 ;gl 2 23 ¢
BTL RM 96.0 926 968 100 87.5 | 703 81.0 336 196 489 304 | 750 99.0 935 872 449 | 570 84.1 835 872 835 884 823 | 73.0
DRp=0.05 | 990 937 979 964 900 | 703 830 328 207 46.8 304 | 77.0 99.0 935 88.0 478 | 617 81.7 860 823 81.1 [89.6 823 | 74.1
DRp=0.1 970 926 979 100 925 | 73.0 82.0 32.8 22.8 468 304 | 760 980 935 856 456 | 588 817 848 848 841 866 817 | 734
DRp=0.2 | 980 947 989 100 900 | 703 88.0 35.1 228 447 304 | 73.0 100 955 864 47.1 | 61.1 829 89.0 872 835 854 799 | 745
DRp=0.3 | 980 90.5 989 964 875 | 59.5 760 246 13.0 532 239 | 760 960 89.6 792 463 | 61.1 543 56.1 573 59.1 598 488 | 675
DRp=04 | 950 863 91.6 929 625 | 297 530 149 87 404 130 | 500 940 883 764 294 | 647 183 238 201 213 262 213 | 56.5
DRp=05 | 970 842 937 929 800 | 54.1 660 172 120 298 217 | 630 960 909 728 39.0 | 555 238 280 311 335 311 360 | 593
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Table 13:

Evaluation of the reward models on RewardBench [Lam+24].
chatbot _arena_conversations subset of the Unified-Feedback dataset [JRL23] for 2 epochs using TV dist.

Trained on a 400K item subset filtering out the

Chat Chat-Hard Safet Reasonin Avg.
Reward Model |, 37 4 5 6 7 8 9 10 11 12 13 14 ! 15 16 |17 18 19 20 gl 2 23 ¢
BTL RM 99.0 947 979 964 925 | 67.6 840 313 185 426 239 | 760 99.0 955 80.0 537 | 550 848 848 823 [878 835 817 | 725
DRp=0.02 | 980 937 979 100 925 | 649 80.0 313 207 426 217 | 750 99.0 948 820 500 | 548 848 835 848 854 872 829 | 723
DR p = 0.1 980 937 979 100 90.0 | 703 81.0 32.8 217 426 261 | 760 99.0 955 824 515 | 577 823 817 848 848 860 8.1 | 73.0
DRp=0.2 100 958 979 100 925 | 67.6 81.0 299 163 468 26.1 | 780 100 968 824 515 | 539 81.7 829 84.1 793 829 780 | 724
DRp=04 | 99.0 874 989 929 850 | 622 78.0 239 174 404 261 | 70.0 99.0 96.1 792 522 | 682 59.1 567 585 659 61.6 61.0 | 692
DRp=0.6 89.0 758 92.6 857 67.5 | 37.8 500 157 13.0 277 87 | 570 980 909 660 360 | 365 207 207 232 256 232 238 | 518
DRp=0.8 89.0 768 863 821 77.5 | 486 560 366 13.0 255 326 | 79.0 99.0 87.0 700 449 | 67.6 37.8 451 415 47.0 427 390 | 619
DRp=1.0 86.0 737 821 78.6 67.5 | 432 530 29.1 217 447 217 | 700 91.0 903 80.0 551 | 65.1 384 457 488 524 463 482 | 619

Table 14: Hyperparameters used for DPO & PPO experiments.

Hyperparameter Value
Base model google/gemma—-2b-it
Number of epochs 1
Learning rate n le-5
KL coefficient 3 0.02
Torch dtype bfloatlé
Attention implementation flash_attention_2
Per device train batch size 8
Learning rate scheduler type cosine
Warmup ratio 0.03
Weight decay 0
Optimizer adamw_hf
Maximum sequence length 1024
LoRA r 32
LoRA alpha 64
LoRA dropout 0.05

A (lambda, for GAE) 0.95
Discount factor y (gamma) 1

Clip range (policy) 0.2
Clip range value 0.2
Local rollout forward batch size 4
Missing EOS penalty 1
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Table 15: Evaluation of the PPO trained policy on Unified-Feedback [[]ID,][]jiang2024unifiedfeedback, HHH Alignment
[[1IOOD,][]askell2021hhhalignment, and MT Bench [[JOOD,][]zheng2023mtbench datasets. Trained on a 5K item subset of the Unified-
Feedback dataset. Version A and version B indicate different versions of DR PPO described in the text.

Unified- HHH
Model Feedback Alignment MT Bench

Base model: google/gemma-2b-it

BTL RM, Std. PPO 59.3 66.2 59.8
DR PPO (version A) p = 0.1 59.4 68.1 64.7
DR PPO (version A) p = 0.2 59.8 67.1 59.8
DR PPO (version A) p = 0.4 60.3 68.1 60.4
DR PPO (version A) p = 0.6 61.1 69.0 59.8
DR PPO (version A) p = 0.8 614 68.5 61.0
DR PPO (version A) p = 1.0 59.8 66.7 60.0
DR PPO (version B) p = 0.1 59.9 66.2 58.8
DR PPO (version B) p = 0.2 60.3 68.1 59.6
DR PPO (version B) p = 0.4 60.2 66.7 59.5
DR PPO (version B) p = 0.6 61.0 67.1 61.8
DR PPO (version B) p = 0.8 57.6 67.6 51.9
DR PPO (version B) p = 1.0 60.8 66.2 60.2
Base model: mistralai/Mistral-7B-Instruct-v0.2
BTL RM, Std. PPO 36.8 42.1 31.3
DR PPO (version A) p = 0.1 48.4 57.4 57.8
DR PPO (version A) p = 0.2 49.6 52.3 57.0
DR PPO (version A) p = 0.4 42.8 37.0 443
DR PPO (version A) p = 0.6 373 343 28.1
DR PPO (version A) p = 0.8 47.8 51.9 54.0
DR PPO (version A) p = 1.0 37.5 44.0 32.9

Table 16: Evaluation of PPO on RewardBench [Lam+24]. Trained on a 5K item subset of the Unified-Feedback dataset [JRL23] using TV
dist.

Chat Chat-Hard Safety Reasoning Avg.

Model 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23

Std. PPO 94.0 653 989 357 475 59.5 540 149 141 489 21.7 6.0 340 305 73.6 184 141 81.1 774 774 750 774 1774 48.7
p =0.02 94.0 674 979 357 50.0 56.8 580 172 13.0 46.8 174 70 37.0 318 724 176 159 768 78.0 81.7 76.8 76.8 756 49.3
p=0.1 93.0 747 979 60.7 50.0 56.8 60.0 149 174 447 174 3.0 36.0 260 748 184 383 738 732 720 70.7 75.0 762 52.3
p=0.2 94.0 674 989 393 525 622 580 172 120 46.8 19.6 6.0 36.0 305 724 19.1 174 81.1 81.7 81.1 78.7 80.5 76.8 50.0
p=0.4 94.0 674 989 393 525 59.5 530 179 174 46.8 21.7 50 340 292 724 176 152 81.7 81.7 841 714 774 793 49.6
p=0.6 94.0 684 979 32.1 50.0 56.8 550 15.7 152 383 19.6 20 31.0 266 756 16.2 16.1 787 80.5 81.1 79.9 793 787 48.8
p=0.38 93.0 653 979 464 50.0 59.5 540 142 141 404 174 40 38.0 286 744 176 322 67.1 634 726 67.7 70.7 70.7 49.6
p=1.0 84.0 60.0 937 429 525 59.5 540 134 141 404 26.1 40 340 318 772 184 445 665 677 67.1 67.1 665 683 50.2
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Table 17:

Table 18: Evaluation of DPO on RewardBench [Lam+24].

Evaluation of the DPO trained policy on Unified-Feedback [[]ID,][]jiang2024unifiedfeedback, HHH Alignment
[[1IOOD,][]askell2021hhhalignment, and MT Bench [[JOOD,][]zheng2023mtbench datasets. Trained on a 400K item subset of the Unified-
Feedback dataset using TV dist. Base model used for training: mistralai/Mistral-7B-Instruct-v0.2.

Model

Unified-

Feedback

HHH
Alignment

MT Bench

Base model: mistralai/Mistral-7B-Instruct-v0.2

Std. DPO

DR DPO p = 0.1
DR DPO p = 0.2
DR DPO p = 0.4
DR DPO p = 0.6
DR DPO p = 0.8
DRDPO p = 1.0

69.5
69.7
70.1
71.5
72.2
72.1
69.6

75.5
71.3
78.7
80.6
80.1
79.6
70.8

67.7
67.9
69.4
72.1
71.9
73.1
73.2

Trained on a 20K item subset of the Unified-Feedback dataset [JRL23] using TV

dist.
Model Chat Chat-Hard Safety Reasoning Avg.
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Std. DPO 96.0 684 989 357 525 59.5 60.0 164 141 489 19.6 6.0 36.0 33.1 728 19.1 132 823 835 86.6 823 81.7 805 50.3
p=0.02 | [95.0 684 989 357 525 59.5 610 164 141 489 19.6 6.0 36.0 33.1 732 19.1 132 81.7 84.8 84.1 799 823 799 50.2
p=0.1 96.0 684 989 393 525 59.5 [61.0 149 14.1 489 19.6 6.0 37.0 338 732 19.1 136 793 86.6 829 80.5 823 80.5 50.4
p=0.2 96.0 70.5 98.9 429 525 59.5 [61.0 149 14.1 51.1 19.6 6.0 38.0 351 736 19.1 136 823 854 854 84.1 817 799 50.9
p=0.4 97.0 642 100.0 429 525 56.8 [63.0 12.7 109 51.1 174 6.0 350 37.7 732 235 134 70.1 75.6 70.7 689 70.1 72.6 49.0
p=0.6 96.0 66.3 100.0 46.4 55.0 56.8 [61.0 142 13.0 447 174 6.0 40.0 357 728 213 183 732 72.0 70.1 69.5 73.8 732 49.8
p=0.8 97.0 72.6 100.0 57.1 62.5 622 600 164 14.1 362 19.6 5.0 40.0 39.0 74.0 20.6 31.3 689 689 70.1 652 634 66.5 52.0
p=1.0 91.0 726 958 53.6 625 56.8 550 269 13.0 340 283 40 48.0 50.6 776 154 52.1 81.7 81.7 829 81.7 835 756 57.0
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