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Abstract

Language model (LM) post-training (or alignment) involves maximizing a
reward function that is derived from preference annotations. Direct Preference
Optimization (DPO) is a popular offline alignment method that trains a policy
directly on preference data without the need to train a reward model or apply
reinforcement learning. However, typical preference datasets have only a single, or
at most a few, annotation per preference pair, which causes DPO to overconfidently
assign rewards that trend towards infinite magnitude. This frequently leads to
degenerate policies, sometimes causing even the probabilities of the preferred
generations to go to zero. In this work, we analyze this phenomenon and propose
distillation to get a better proxy for the true preference distribution over generation
pairs: we train the LM to produce probabilities that match the distribution induced
by a reward model trained on the preference data. Moreover, to account for
uncertainty in the reward model we are distilling from, we optimize against a
Sfamily of reward models that, as a whole, is likely to include at least one reasonable
proxy for the preference distribution. Our results show that distilling from such
a family of reward models leads to improved robustness to distribution shift in
preference annotations, while preserving the simple supervised nature of DPO.

1 Introduction

Language model (LM) post-training (or alignment) aims to steer language model policies towards
responses that agree with human preferences. Early state-of-the-art approaches have focused on
reward learning from human feedback. In this paradigm, preference annotations are used to train
reward models, which then guide the optimization of the language model policy through online
reinforcement learning (an approach broadly referred to as RLHF). Recent research on offline “Direct
Preference Optimization” [DPO; 23] and extensions thereof [3; 31], however, has demonstrated that
it is also possible to directly optimize policies on the preference data, which bypasses the need for a
separate reward model—and its offline nature also leads to faster, and simpler, training frameworks.

While this direct approach to preference optimization is attractive in terms of its simplicity and
efficiency, it also raises important questions about the effectiveness and robustness of the resulting
policies—as well as the broader utility of using an explicit reward model. In this paper, we argue that
explicit reward modeling can, in fact, offer substantial practical advantages that are not captured by
DPO’s formulation. In particular, we theoretically show that relying solely on the preference data
can be a precarious strategy, with few natural brakes in place to prevent policies trained under the
DPO objective from careening off towards degenerate policies when the preference data exhibits
certain idiosyncratic properties. On the other hand, explicit reward models can easily be regularized
and understood—regardless of whether they are Bradley-Terry models [4], margin-based ranking
models [40], or simply any other kind of function that correlates well with human preferences [31; 17].
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Taking a step back from pure direct preference optimization, we propose a method that merges the
best of both worlds: an efficient reward model distillation algorithm that (i) operates effectively in the
offline setting, (ii) makes minimal assumptions about the true, optimal reward we aim to maximize,
and (iii) demonstrates greater robustness to the specific distribution of prompt/response data used for
policy alignment. Drawing inspiration from prior knowledge distillation techniques [14; 26; 35; 10],
we leverage the same change of variables trick employed in DPO to express the language model
policy in terms of its implicit reward model [23]. We then train the policy to match our desired,
explicit reward via an Lo loss that directly regresses the pairwise differences in target rewards for
any two generation pairs (z,y;) and (z,y2). We theoretically establish the equivalence between
optimizing this distillation loss over a sufficiently diverse offline dataset of unlabeled examples and
optimizing the traditional online RLHF objective.

Our reward model distillation approach, however, is not immune to some of the same challenges
facing DPO-style learning of policies. In particular, reward model distillation requires having a
reliable reward model—but having a reliable reward requires having a reliable method for extracting
a reward model from a potentially noisy preference dataset. To address the uncertainty surrounding
the “right” reward model, we introduce a pessimistic extension to our approach. This extension aims
to maximize the worst-case improvement of our model across a plausible family of reward models
(e.g., those sufficiently consistent with annotated preference data). This strategy aligns with that of
existing work in conservative offline reinforcement learning [5; 16]. Interestingly, we derive that
this pessimistic objective can be equivalently expressed and optimized by adding a simple additional
KL-divergence regularization to the original distillation objective.

Empirically, we find that reward model distillation, particularly pessimistic reward model distillation,
leads to similar performance to prior direct preference optimization methods in settings where the
preference datasets used are unbiased, but significantly better performance in settings where the
preference datasets are biased, when compared to DPO and the Identity Preference Optimization
(IPO) framework of [3], which was introduced as a more robust alternative to DPO. To further support
these empirical observations, we provide an extensive theoretical analysis that both (i) sheds more
light on the degenerative tendencies of DPO and issues inherent to its objective, and (ii) highlights
relative advantages of our explicitly regularized approaches.

2 Preliminaries

We begin with a brief review of Direct Preference Optimization (DPO) [23] and its analysis. Proofs
of all theoretical results provided here, and in the rest of the paper, are deferred to Appendix A.

2.1 The preference alignment problem

Let 2 be an input prompt, and let y ~ 7y (- | ) be the language model policy 7p’s response to .
Given some reward function 7*(x, y) and another reference policy 7,ef(y | ), the goal of alignment
is to solve for the “aligned” policy 7y« (y | x) that maximizes the following RLHF objective, i.e.,

mo- (y | x) = argmax By (e [Eny o) [ (@, 9)] = BDx[mo(- | 2)l|mrer (- | 2)]] (D)

where u(x) is a fixed distribution over prompts, and the KL-divergence term prevents the aligned
policy from being dramatically different from the anchoring reference policy, m.t(y | z). Here,
the reward function r* is typically not known in advance, but rather inferred from collected human
preference data in the form of (x, 3", y*), where x is the prompt, y* is the “winning”, or preferred,
response, and y° is the “losing”, or dispreferred, response. A common approach is to assume that
pairs (y1, y2) follow a Bradley-Terry model [4], under which the probability that y; is preferred to yo
given the reward function 7* and prompt z is p*(y; > y2 | ©) = o(r*(z,y1) — r*(z,y2)), where
o(+) is the sigmoid function and > denotes preference. Under this model, we can use the preference
data (z,y",y*) ~ Dprer to estimate 7* via maximum likelihood estimation, i.e.,

s argm}nE(yw,yzﬁx)NDpref [f logo(r(xz,y") — r¢(:r,ye))] . 2)

With 7 in hand, Eq. (1) can be optimized using standard reinforcement learning algorithms [27; 29; 6].
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2.2 Direct preference optimization

DPO is a simple approach for offline policy optimization that uses preferences to directly align the
language model policy, without training an intermediate reward model. Specifically, DPO leverages
the fact that the optimal solution to the KL-constrained objective in (1) takes the form [15]

ror(y | @) = %mf(y | 2) exp (;r*@c,y)) , 3

where Z(z) = >, Tet(y | 2) exp(%r*(m, y)) is the partition function. DPO reparameterizes the
true reward function r* in terms of the optimal policy 7y~ that it induces, i.e.,

* x
r(z,y) = flog (m}(y)) + Blog Z(z). (4)
Tret (Y | )
Under the Bradley-Terry model, the likelihood that y; > y2 can then be written as
* TTo* Ty
| 0) = o (log T T ), )
o= (yQ)Trrcf (yl)

where now 7y~ can be directly estimated on D¢ following the objective in (2), in place of the
intermediate reward model 7, i.e., 7;(y | ) € argming, Lapo(ms; Dpret) Where

To* (yw)ﬂref(yz)
c Dovet) = By e p1m ~1 log 29 JTrellJ ) | 6
dpo(ﬂ-aa p ef) (y*,y%, @) ~Dpret |: ogo (ﬂ og To- (ye)ﬂ'ref(yw) ( )

2.3 Pitfalls of direct preference optimization

As argued in [3], the Bradley-Terry assumption that DPO strongly relies on for maximum likelihood
estimation is sensitive to the underlying preference data. Specifically, if we have any two responses
and yo where p*(y1 > y2 | ) = 1, then the Bradley-Terry model dictates that r* (y; ) —r*(y2) = 400,
and therefore 7y~ (y2 | ) = 0 for any finite KL-regularization strength 5.

We can illustrate this phenomenon on a broader level with the following example.

Assumption 1. Suppose we are given a preference dataset of (context-free) pairs Dprer =

{(y®,y)Yr,, the pairs (y*,y¢) are mutually disjoint in both the elements. Further suppose
that we optimize the DPO objective on Dy,ef with a single parameter 0, for each y.

Proposition 1. Under Assumption 1, for any (y,vy') such that y = y¥ and y' = y for some i, we
have % — o9, for all global minimizers mg« of the DPO objective in (6), for any 3 > 0.

Corollary 1. Under Assumption 1, further assume that 0 < met(y) < 1 for all y. Then wy« is a
global minimizer of the DPO objective in (6) iff mg- (C(y*)¢) — 1 with 7= (y*) > 0 Vi € [n], where
C(y*)¢ is the complement of the set of all responses y that appear as a dispreferred y¢ for any i € [n).

Additional analysis of the training dynamics of DPO is also provided in §5. A significant, and non-
obvious, implication of Corollary 1 is that the set of global optima of the DPO loss also includes poli-
cies that can shift nearly all probability mass to responses that never even appear in the training set—
and even assign near zero probability to all of the training data responses that do in fact correspond to
winning generations, ¥, a phenomenon that has been observed empirically [e.g., 20]. Stated differ-
ently, Corollary 1 implies that any #* merely satisfying mg- (y¢) = 0 with e« (y¥) > 0 Vi € [n] is a
global minimizer of the DPO objective in this setting. Though simplistic, the scenario in Assumption 1
is closer to reality than might first be appreciated: in many practical situations we can almost always
expect the finite-sample preference data to contain one (or at most a few) preference annotations per
example (x, y1, y2 ), while the policies 7y can have billions of parameters (>> n). Of course, this issue
can also be viewed as a classic instance of overfitting—with the additional caveat that as opposed to
overpredicting responses within the training set, we might overfit to almost never producing anything
like the “good” responses that do appear within the training set. Furthermore, without additional regu-
larization (beyond [3), we can expect this degeneration to easily happen in typical preference datasets.
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3 Uncertainty-aware reward model distillation

As discussed in the previous section, a core issue in preference optimization is that the true preference
distribution p*(y; > y2 | ) is not known. Attempting to infer it from finite-sample preference data
(that may further be biased or out-of-distribution with respect to the target domain) can then result
in a failure to learn reasonable policies. In this section, we now propose an inherently regularized
approach to direct preference optimization that uses uncertainty-aware reward model distillation.

3.1 Reward model distillation

Suppose for the moment that the reward function r* was in fact known, and did not have to be
inferred from sampled preference data. Under this setting, we can then define an efficient offline
optimization procedure that is similar in spirit to DPO, but no longer relies directly on a preference
dataset. Concretely, given unlabeled samples (z,y1,y2) ~ p (where the number of samples can be
potentially unlimited), we can define a simple “distillation” loss, Lajstin (7, g ), as follows:

o1 | @)meer(y2 | 2)\°
) ] -0

* * * T
Laistin (7", 703 0) = Epz,yr ) [(7“ (z,y1) — " (2, y2) — Blog -

Intuitively, the distillation loss seeks to exactly match differences in reward model scores across
all generation pairs (z,y1,y2). It is then easy to see that under the Bradley-Terry model, this is
equivalent to matching the strength of the preference relationship, y; > y2. Furthermore, by only
matching differences, we can still conveniently ignore the log partition term, log Z(z), in the implicit
reward formulation for 7y as shown in (4), as it is constant across different y for any given x. Finally,
similar to the motivation in DPO, we can show that minimizing Lgistin (7", 7g; p) indeed results in an
optimally aligned policy 7y, as long as the data distribution p has sufficient support.

Theorem 1. Let Y denote the set of all possible responses for any model mg. Assume that
supp(7met(y | ) = Y, ie., the reference policy may generate any outcome with non-zero probability.
Further, let supp(p(z, y1, y2)) = supp(u(x)) x Y x Y. Let mp« (y | ) € argming, Laistin (7, 7o; p)
be a minimizer over all possible policies, of the implicit reward distillation loss in (7), for which
r*(x,y) is assumed to be deterministic, and finite everywhere. Then for any > 0, mp+ also
maximizes the alignment objective in (1).

The above result holds for a broad class of data distributions p(z, y1, y=2), and makes no assumptions
onr* (e.g., it is no longer necessary for it to be defined using a Bradley-Terry model). In fact, this
result can also be seen as strict generalization of the IPO framework of [3] when taking r*(z,y) £
1{y = yu }, if labeled pairs (z, y.,, ;) are provided instead of the unlabeled pairs (x, y1, y2).

Of course, the true reward r* is usually not known in practice. Still, as in standard RLHF, we can
go about constructing good proxies by using the preference data to identify plausible target reward
models rc—further guided by any amount of regularization and inductive bias that we desire. A
natural choice is to first learn 7z on the preference data Dp,¢ using standard methods, and then reuse
Dprer to distill g, which is similar to classical settings in teacher-based model distillation [14; 26].
Furthermore, as 7 is a real-valued model, at a bare minimum it is guaranteed to induce a regularized
Bradley-Terry preference distribution pygt (y1 > y2 | ) > 0, Va,y1,y2 € X x Y, and thereby avoid
some of the degeneracies identified in §2.3 for the maximum likelihood estimate under DPO.

3.2 Pessimistic reward model distillation

Choosing a single reward model 7 for anchoring the LM policy can naturally still lead to degenerate
behavior if 7 is a poor approximation of the true r* that accurately reflects human preferences.
However, we can easily extend our framework to handle uncertainty in the right target reward function
by defining a confidence set of £ > 1 plausible target reward models, S = {rtlgt, e ,rfgt} , and

training 7+ (y | ) to maximize the following “pessimistic” form of the objective in (1):

max min Ep,(x) [Em(ylx) [régt(x’ y)] - Eﬂ'ref(yhﬁ) [régt(x’y)] _BDKL(WQ(' | LII)H?Tref(' | JJ))] (8)

MO Tig €S

advantage over baseline policy
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In this pessimistic objective we are no longer op-  p,(s) TSET rerr(y”) =03
timizing 7y for a single reward, but optimizing ‘ iy TSFE( y) =03
7p to produce generations that are scored favor- o mae(y¥) =10

ably on average, even by the worst-case reward mie(y) = 0.0
model in the set S, relative to the generations of m3(y") =05
n3(y?) = 0.05

the baseline policy 7y.r.When the set S = {r*}
consists of only the ground-truth reward, the ob-  Fjgure 1: A toy illustration of Theorem 2, which
jective (8) is equivalent to standard RLHF (1), gtates that the optimal g~ for (8) is the policy
up to a constant offset ir_1dependent of . More i, p 5(S) with the lowest forward-KL from 7sgr.
generally, whenever S includes a good proxy The set P3(S) contains a (potentially infinite) set
r for r*, the pessimistic advantage evaluation o policies 7,72, . .. corresponding to target re-
ensures that the the policy 7y that maximizes yard models. Here, gy assigns equal mass to y
eq. (8) still has a large advantage over 7yef under  and o/, 7y i is the MLE solution for the DPO ob-
all 7 € S, including 7. This use of pessimism jective, which puts all probability mass on y*, and

to handle uncertainty in the knowledge of the 7 i the policy in P5(S) with lowest forward-KL.
true reward is related to similar techniques in

the offline RL literature [16; 5].

For the objective to be meaningful, the set S has to be chosen carefully. When S is small, it might
not include any good proxy for r*. Conversely, if S is too rich, it forces 7y« to be nearly identical to
Tref, SiNce any deviations from 7. might be penalized by some reward model in S. Consequently,
we want to design S to be the smallest possible set which contains a reasonable approximation to 7*.

To optimize (8), it turns out that we can formulate it as an equivalent constrained offline optimization
problem, that we will show to conveniently admit a similar loss form as (7).

Theorem 2 (Pessimistic distillation). Define the constrained minimizer

mg«(y | ) € argmin BE, ) DxL(meet (- | 2)||7o(- | 2)), 9)
TgEP(S)

where Pg(S) is the set of all possible policies with implicit reward models that are consistent with

any target reward model iy, € S, i.e., Pg(S) = {m)i}gl where Tp, X Tret(y | ) €Xp %régt(a:, Y).
Then for any 3 > 0, wg~ also maximizes the pessimistic alignment objective in (8).

To unpack this result, Theorem 2 stipulates that the 7y that maximizes the pessimistic objective in (8)
is the policy in P3(S) that is closest in forward KL-divergence to s (see Figure 1).! In addition,
this policy also maximizes the expected reward of one of the 'r,fgt € S (minus the additional weighted
reverse KL-divergence penalty term). Intuitively, the forward KL-divergence term serves the role of
biasing the model towards optimizing for reward models that are similar to the implicit reward that
Trof already maximizes. Otherwise, there might exist a target reward model régt € § for which the
advantage of 7y relative to 7 Will be low, or even negative (a solution that we would like to avoid).

3.2.1 Optimization

The constraint in (9) can then be relaxed and approximately optimized by introducing an objective
with a Lagrangian-style penalty with strength o > 0 on a form of distillation loss as (7), i.e.,

mﬂien BE @) DxL(Tret (v | 2)|I7o(y | 2)) + {Hiéls ‘cdistill(’/‘zgtvﬂ-@; p), (10)
Ttgt
where in practice we divide by « and instead optimize?
Lopdistint (S, 703 p) = {nins Laistit (Tt g0, 703 ) + VEp(a) DKL (Tret (- | 2)||m (- | 2)), (11)

where v = Sa~!. In reality, minimizing (11) for v > 0 is equivalent to solving the constrained
optimization problem in (9) with an implicitly larger set of possible reward models S, 2 & indexed
by . More specifically, S, also contains all reward models 7 that are approximately consistent with
the anchoring reward models régt contained in S, as the following result states.

"Note that the objective in (9) minimizes the forward KL-divergence Dkt (mret (- | 2)||mo(- | 2)) even
though the pessimistic objective in (8) is regularized with reverse KL-divergence Dk, (7o (- | z)||mret (- | 2))-
*In practice, we compute and optimize the min over reward models per each mini-batch of examples.
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Proposition 2 (Soft pessimistic distillation). Assume the same conditions as Theorem 1. Then for
any 0 < 7y < 00, there exists a A > 0 such that mg»(y | x) € argming, Lpdistin (S, Tg; p), where mg-
is a minimizer over all possible policies, is a solution to (9) for the effective reward model set

S“/ = U {f: Ep(z,yhyz) [(rggt($7y1) - ngt(‘rayQ) - F(xvyl) + f(x7y2))2} < )‘} (12)

i
Tiat es

As aresult, optimizing (11) even when using the singleton S = {4 } yields an implicitly pessimistic
objective, in which the pessimism is over all reward models 7 that are consistent up to A with 7.

3.3 Pessimistic DPO

We can also observe that Proposition 2 can be leveraged to obtain an alternative, implicitly pessimistic,
objective that uses DPO directly instead of distillation. Consider the following regularized DPO loss:

Epdpo(ﬂe; Dpref) = Ldpo (7T9; Dpref) + '-YEH(J)DKL (ﬂref(y | 'T)”WQ (y | I)) (13)

Following a similar analysis as in Proposition 2, we can derive that this implicitly corresponds to
maximizing the pessimistic objective in (8) for the reward model set

S’y = {’I"ﬂ-s : ﬁdpo(Tm; Dpref) < Hli/l’l ‘Cdpo(ﬂ-é; Dpref) + )‘}7 (14)
o

where 7., (,y) 2 Blogme(y | ©)/met(y | ) + Blog Z(x) is the implicit reward model defined by
my. Sy then corresponds to the set of reward models 7, that are all approximate minimizers of the
DPO loss. This not only includes the MLE, but also all other estimators that obtain nearly the same
loss. In principle, this can be expected to help ameliorate some of the issues of §2.3: since driving the
reward to 0o only marginally decreases the Lqp,, loss past a certain point, the set S will also include
finite reward functions |, (z,y)| < oo for any v > 0. These rewards would then be preferred if they
induce a policy with a smaller (forward) KL-divergence to 7. than the degenerate, infinite rewards.

4 Experimental results

The main motivation for reward distillation and pessimism is to increase alignment robustness
in challenging settings where it is difficult to learn good policies directly from the preference
data. To demonstrate the effectiveness of our approach, we run experiments on the popular TL;DR
summarization task [29; 32], in which we simulate a scenario where the preference data has a spurious
correlation between the length of a summary and whether or not it is preferred.’

4.1 Experimental setup

We first train an “oracle” reward model on the TL;DR preference data training set [29] and relabel
all preference pairs with this oracle. This enables us to use the oracle reward model for evaluation,
without worrying about the gap to true human preferences. After relabeling, longer responses (where
longer is defined as y; having at least 10% more tokens than ) are preferred in 61% of the examples.

To test the effect of a spurious correlation on preference-based policy optimization, we select as a
training set 30K examples from the relabeled data such that the longer output is preferred in p fraction
of examples, with p € {0.2,0.3,0.4,0.5,0.6,0.7,0.8}. Each such training set is denoted D,. At
each D,, we compare our approach to DPO [23] and IPO [3], which are currently the most commonly
used offline alignment methods. We test the following variants of distillation and pessimism:

¢ Distilled DPO (d-DPO): Trains a reward model r,, on D, and then optimizes Lqjstill (r,,, w95 ).
e Pessimistic DPO (p-DPO): A pessimistic version of DPO as described in §3.3, trained on D,,.

o Pessimistic Distilled DPO (pd-DPO): Combines the above two by training a reward model r, on
D, and optimizing the pessimistic distillation objective (Eq. (11)) with confidence set S = {ryg}.

e Pessimistic Ensemble DPO (e-DPO): To create ensembles of reward models, we subsample from
each D, five preference datasets, D, 5, atb € B = {0.2,0.4,0.5,0.6,0.8}, such that the fraction

3Length has been repeatedly shown in the past to correlate with reward [28; 21].



244
245
246

247
248
249
250
251
252
253
254

256

257

258

260
261
262

263
264
265
266
267

269
270
271

272
273
274
275
276
277
278
279

1.00

0.75
0.50
°
2 025
o Method
[
3 0.00 o DPO
S -0.25 PO
= d-DPO
—0.50 -4%- dp-DPO
—— e-DPO
-0.75 -4- p-DPO
0.2 0.3 0.4 0.5 0.6 0.7 0.8
length bias (p)

Figure 2: Main results, showing the advantage in oracle reward compared to the initial finetuned
policy. Errorbars correspond to bootstrap 95% confidence intervals for finite sample variance.
Ensemble DPO (e-DPO) is significantly better than DPO and IPO in the challenging setup where
shorter responses are preferred (p < 0.5), and is generally the best-performing method overall in this
regime. Distilled DPO (d-DPO) performs best when longer responses are preferred (p > 0.6).

of pairs where the longer response is preferred is b, and train reward models 7, ; on those subsets.
Consequently, sensitivity to length should vary across ensemble members. We then apply the
same procedure as pd-DPO above, with a confidence set S, = {r,,,}5_;.

All reward models and policies are initialized from Palm-2-XS [2]. Policies also go through a
supervised finetuning step on human-written summaries from the original TL;DR training set [32]
prior to alignment, and we term this policy wsrr. We evaluate performance by sampling summaries
for test set prompts, evaluating the average reward according to the oracle reward model, and
computing the advantage in average reward compared to 7spr (before alignment). We train policies
for 10* steps with batch size 16 and learning rate 10~%, and reward models for 3k steps with
batch size 64 and learning rate 4 x 1075, We use the validation set for model selection during
policy training and to choose the following hyperparameters. For all DPO variants, we sweep over
g € {.01,.1,1,3,10,30,100}. For IPO, we sweep over 7 € {0.01,0.1,1,3,5,10,25}. For all
pessimistic methods we anneal v = /3 from 10~* to 10~2 linearly during the 10 training steps.

4.2 Results

We present the results of our experiment in Figure 2. As can be seen in the plot, the more challenging
setting is when p < 0.5, which corresponds to a sample of preference annotations in which shorter
outputs are generally preferred. This distribution shift is more difficult because as mentioned the oracle
reward model (trained on human annotations) has a bias in favor of longer outputs [28]. Nevertheless
we get sizable improvements compared to the reference policy wsgr for all length bias values.

All approaches that invoke distillation (d-DPO, e-DPO, dp-DPO) outperform IPO and DPO (p < .01
by a Wald test) for p < 0.5, where shorter responses are preferred. Pessimistic ensemble DPO
(e-DPO) performs particularly well in these settings, generally outperforming all methods that use
a single reward model. When longer responses are preferred (p > 0.6), single reward distillation
(d-DPO) leads to the highest performance, significantly outperforming both DPO and IPO (p < .01
by a Wald test). Interestingly, p-DPO does not provide empirical benefits relative to the distillation
based methods, indicating that the distillation loss itself is quite important. For the effect of
hyper-parameter selection, see Figure D.1. In DPO-based methods, the optimal value of 3 is inversely
correlated with the bias; in IPO the same holds for the 7 hyperparameter.

To better understand the utility of reward ensembles in e-DPO, in particular when p < 0.5, we
examine the role of each reward model in the ensemble across different biases. Specifically, given
the final e-DPO policy per length bias, for each example we identify the reward model r,; that
best matches the implicit reward of this policy, i.e., for which reward model is Lgjsti11 minimized on
that example (see Eq. (7) and (11)). We find that when the policy is trained on data where shorter
preference are preferred (p < .5), the reward model that best matches the policy often has the opposite
bias (b is high), and vice versa. Thus, the success of e-DPO may be explained by its ability to distill
from reward models that do not suffer from the bias in the policy training data, which is particularly
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helpful when p < .5 as this bias is also not shared by the oracle RM. We provide the full distribution
over reward models for all p and 3 in App. C. Overall, these results demonstrate the efficacy of
training a policy by distilling from a reward model in the presence of distribution shifts, and that a
careful design of an ensemble to mitigate spurious correlations can lead to further performance gains.*

5 Theoretical analysis

This section characterizes problems with the DPO objective and solutions offered by pessimistic DPO
and distillation, focusing on the simplified scenario in which we optimize with respect to a single
preference pairs (y*, y%). Once again, all proofs are deferred to Appendix A.

In its Lagrangian formulation, pessimistic DPO adds a forward KL term to the DPO objective (§3.3).
For the sake of analysis, we assume that the preference annotations are sampled from the reference
distribution, p(x) X Tyef(y | ) X Tret(y | ). Then a finite-sample approximation of the forward
KL term is Q(©) := 2y ) e Dpee — 108 7o(y*) + log ma(y®)). By applying this finite-sample
approximation, p-DPO has a finite optimum, unlike DPO, as shown in Proposition 1. Note that this
analysis is limited in two ways: (1) as mentioned, we compute the KL term over the completions
in the preference data; (2) we directly optimize the probability ratios ¢., = m(y*)/mrer(y*) and
Yy = 7 (y") /Tret (y*), rather than optimizing them jointly through the parameters. For sufficiently ex-
pressive g, however, this approximation captures the behavior of the two algorithms reasonably well.

Proposition 3. Let ﬁpdpo represent a finite-sample approximation to Lpapo With the empir-

ical forward KL term Q(©). For a fixed frg(y}”) and o > 1, the argminﬂe(yz)ﬁpdpo is
min (1 — 7o (yl), o (yf)) with log 79 (y!) = log (a — 1) + log g (y) + log :f:((g;))

The optimum in Proposition 3 corresponds to log t,, /1y = 3~ log(ar — 1). Recall that IPO seeks
to assign a constant value to this ratio by minimizing (log ’/’“’ — 771)2; the (unconstrained) optima

are identical for 7=1 := 371 log(a — 1), but the loss surfaces are different (see Appendix B). DPO
sets g (yf) — 0, as shown in Corollary 1; this is due not only to competition from 7y (") but from
DPO penalizing positive probability on y¢. Analysis of the distilled loss gives a similar result.

Proposition 4. For any fixed 7tg(y") and B > 0, the argmin of the distilled DPO objective (eq. (7) )

Tref (y )

is min(1 —ﬁg(yfj),frg(y ), with logwe(yz) 1(73(35 Y5 4 — ri(z,y¥)) + log o (y* )+10g )

While the setting is simplistic, the results are comforting: here the additional regularization effects of
both distillation and pessimism (in the case of p-DPO) clearly help to avoid degenerate optima.

Why DPO can drive 7(y") to zero. In §2.3 we pointed out a peculiarity of the DPO global optima:
in certain cases, it can include policies where 7(y*) may be nearly 0 for all y* in the training set. This
undesirable behavior has also been observed in practice [20; 22; 30]. For intuition on why this may
happen, consider the simplified case where the policy is a bag-of-words model, g (y) o exp (c(y) - 0)
for ¢(y) representing a vector of counts in y and 6; representing the unnormalized log-probability of
token ¢. Then we can formally show that DPO optimization monotonically decreases an upper bound
on the probability of the preferred completion, Ty.—1) (y™') > Tow) (Y*) > mo (y™).

Proposition 5. Let y*,y* € V™ be preferred vs. dispreferred outputs of length n, with
Teet (Y), Tret (y°) > 0 and corresponding count vectors c(y™), c(y?). Let log mg(y) = c(y) - 0 —

Z(0) for Z(0) = log Z:} €%, with upper bound log 7o (y) = c(y)-0 —nmax; 0;. Let 0*) represent
the parameters of 7 after t steps of gradient descent on Edpo({yf, yv,x}), with 6) = 0. Then
o (¥*) < Tgr (¥*) < T (y*) for all t.

Where does the probability mass go? If my«) (y*) decreases in ¢, what other strings become
more probable? In the following proposition, we show that under the bag-of-words model, DPO
optimization moves probability mass away from y* to sequences that contain only the tokens that
maximize the difference between y* and 7*. This is a concrete example of the type of undesirable
optima described in §2.3, now shown here to be realizable.

*We also experimented with an ensemble where members are different checkpoints across training of a
reward model on the preference data and did not observe any empirical gains from this form of ensemble.
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Proposition 6. Let y* and y* be preferred / dispreferred outputs of length n. Let A = c(y*) — c(y*)
be the difference in unigram counts. Let §j = [i,i,...,1], for i € argmax A, with ||c(§)|[1 = n.
Then mgw) (Y*) — mgw (§) = 7(t)k for some k < 0 and some non-decreasing 7 : Z4 — R..

We have k = 0 when c(y*) = ¢(§), and k < 0 when ||c(y)|]2 < ||c(9)||2 = n (dense c(y™)) and
[|A]l2 = ||Al|oo (sparse A). This implies that when y* and y* are similar, 7y (y*) will degrade more
rapidly. Early stopping will therefore tradeoff between reaching the degenerate solution on such
cases, and underfitting other cases in which 4* and 7* are more distinct.

6 Related work

Recent work in offline alignment has focused on DPO [23] as a simpler alternative for aligning
language models from preference data. Subsequent work has identified issues with DPO, including
weak regularization [3] and a tendency to decrease the probability of winning generations during
training [20]. Other methods have explored various avenues for improvement. These include
analyzing the impact of noise on DPO alignment [11], proposing to update the reference policy
during training [12], and suggesting a variant of IPO with a per-context margin [1]. Additional
research has focused on token-level alignment methods [38; 22] and on developing a unified view of
various offline alignment methods [31]. This work builds upon several these findings, and provides
further analysis, as well as a solution based on pessimism and reward distillation.

While offline alignment methods are popular, recent evidence suggests that online alignment methods
such as RLHF [6; 29], may lead to more favorable outcomes [13; 30; 8; 34]. Notably, Zhu et al. [41]
proposed iterative data smoothing, which uses a trained model to softly label data during RLHF.
Whether online or offline, however, policies are still succeptible to overfitting to certain degenerate
phenomena. To this end, reward ensembles have been widely investigated recently as a mechanism
for tackling reward hacking in RLHF [9; 7; 39; 25], and in the context of multi-objective optimization
[19; 24]. We use an ensemble of rewards to represent the uncertainty with respect to reward models
that are suitable given preference data. Moskovitz et al. [19] focus on “composite” rewards, with the
goal of achieving high task reward while ensuring that every individual component is above some
threshold—also by applying a Lagrangian relaxation. In this work, we also consider multiple reward
models, but we only focus on cases where there is no known, obvious reward decomposition.

Finally, the question of using a small amount of offline data to learn high-quality policies, instead
of online access to reward feedback, has been widely studied in the offline reinforcement learning
(RL) literature. The predominant approach here is to use pessimism, that is, to learn a policy with
the highest reward under all plausible environment models consistent with the data, with an extensive
theoretical [18; 37; 33] and empirical [16; 5; 36] body of supporting work. The key insight in this
literature is that without pessimism, the RL algorithm learns undesirable behaviors which are not
explicitly ruled out in the training data, and pessimism provides a robust way of preventing such
undesirable extrapolations, while still preserving generalization within the support of the data.

7 Conclusion

LM alignment is crucial for deploying safe and helpful assistants, but is difficult due to lack of
access to perfect preference oracles. We presented a thorough theoretical analysis of some of
the degeneracies that DPO is susceptible to when learning from sampled human preference data.
Furthermore, our findings suggest that explicit reward modeling remains a powerful vehicle for
introducing regularization into post-training. By distilling the reward assigned by a single, explicit
reward model—or a family of explicit reward models—directly into the implicit reward maximized
by our policies using offline data, we demonstrated that we can achieve improved robustness to
variations in preference dataset quality, while maintaining the simplicity of the DPO framework.

Limitations. The empirical results in the paper are based on one dataset and form of distribution shift.
For deeper understanding of pessimism and ensembling, additional settings should be explored. The
theoretical aspects of the paper are sometimes based on restrictive assumptions and simplifications.
Nonetheless, they provide potential explanations for phenomena observed in real-world settings.

Broader impact. We introduce new ideas to the active field of research on preference-based post-
training, which we hope will help facilitate the alignment of large models, and improve understanding
of current approaches—ultimately supporting the development of capable and reliable Al systems.
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A Proofs

A.1 Proof of Proposition 1

Proof. Since all the preference pairs (y,y’) are mutually disjoint, and 6,, is specific to each y, the
DPO objective over Dp,ef is convex in A = {Ay, ..., A, }, where

7o (Y ) et (U7
7o (Y ) Tret ()

Furthermore, the different A; are completely independent from each other due to the preference pairs
being disjoint, so they can be optimized over separately.

A; = fBlog (15)

In particular, for every ¢ we have that

lim —log (o (A;)) =0, (16)

A;—00

which implies that A* = {o0}" is the unique global minimizer of the DPO loss over Dpref in the
space of A’s, and any 6* that is a global minimizer must therefore satisfy

o (y;ﬂ)ﬂref(yf)

log
o (yzg)ﬂref (yi”)

= 0. (17)

O

A.2 Proof of Corollary 1

Proof. Following the same argument of the proof of Proposition 1, we have that all global minimizers
6* of the DPO satisfy A} = oo, which in turn implies that

o+ (Y3 ) et (yf) _ 8
; oy = (18)
To* (yz )Wrcf(yi )
Since 7o (y) is assumed to satisfy 0 < 7 (y) < 1 for all y, this implies that all 6* satisfy
o+ (")
= 00, (19)
T~ (yf)

which further implies that 7y (y¢) = 0 and 7~ (y%) > 0 for all i € [n], as e~ (y*) < 1 for any y.
Aggregating

Clye) = {y: Ji € [n] s.ty; =y} (20)
then gives that
mo+(Clye)) = Y, 7o-(y) = 0 => 79+ (C(ye)°) = 1. 1)
y€C(ye)
O

To prove the converse, let 7g: be a policy that satisfies g (C(y*)¢) = 1, with 7w/ (y2*) > 0, Vi € [n],.
As T (y) > 0 for all y, this implies that 7y, ¢y = 0 Vi € [n]. Then, we have
o (")
o (yf)

which by Proposition 1 implies that 7y is a global optimum.

= 00, (22)

A.3 Proof of Theorem 1
Proof. We know that the optimal policy for the RLHF objective (1) is given by g« (y|z) o

mrof (Y|x) exp(r*(z,y)/B). Plugging this policy into the distillation objective (7), we see that
Laisin (1™, w9+, p) = 0 for all p. In fact, the loss is equal to 0 pointwise, meaning that 7y~ is
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a global minimizer of the distillation objective (7). Further, let 7 be some other minimizer of
Laisin(r*, -, p). Then 7 also has to attain a loss of 0 at all (x,y,y’) in the support of p, meaning
that log w(y|x) — log w(y'|x) = logme= (y|x) — log mg~ (y|z) for all (z,y,y’) in the support of p.
Consequently, the two policies coincide in the support of p (due to the normalization constraint, there
is no additional offset term allowed as the support of p covers all of )V). Finally, noting that the
support of the chosen p is such that 7y« puts no mass outside its support due to the KL constraint
in (1), we complete the proof. O

A.4 Proof of Theorem 2

Proof. Consider the pessimistic objective:
max min E/_L(I) |:E7T9 (y]z) [rtgt (l‘, y)] - Eﬂ'ref(yhc) [rtgt (l‘, y)]:| - BDKL (7T0 Hﬂ-ref)- (23)

T  Tigt €S

As it is linear in 74 and convex in 7, we can switch the order of min and max:

min {max Epa) [Enw\z)[ngt(x,y)] —Eme«y\z)[ngt(%y)]] = Dk (x| mer) | - (24)

rigt €S | mEIl
Note that every re¢ € S can be written in terms of the KL-constrained policy w;‘tgt it induces, i.e.,

T (Y [ 2)

= (1 log Z 25
rtgt(x7y) B Og Wref(y | 1:) + 5 Og (xﬂ Ttgt)a ( )
where
Mrege = ABMAXE, ) By (y10) [Tt (2, )] — BDKL (70| Tret) (26)
which has the form
W ]2) = sy | @) exp  Sreg(e,y) e
s = 57—~ Tre X a )
Toge \Y Z(xartgt) £y p 3 tgt Yy

where Z(x, 1tgt) is the partition function:

Z(x,reg) = > ety | @ eXp( Tege (2, y)) (28)

yey

Substituting 77, in for max, and writing ryg in terms of 77, we get the simplified objective

Iniéls |:meaﬁ( E,u(a:) [Eﬂ(y\x) [rtgt (fE, y)] - ]Eﬂref(y\x) [rtgt (fE, y)]:| - 5DKL (7T|7Trcf):|
Tegt T

T (v @)
m + ﬂ log Z(!,l?7 Ttgt):|

y |z
| z)

= Ining {Eum [Ew:tgt (yl) [5 log

- E’Trref(y|x) |:ﬁ lOg (( ﬁ lOg Z(ZL‘, rtgt):| (29)
— DK (7, [Tt | 2) ”

— in o) [ Dic e |0) + Dl 9) = Dra (7 I )|

min_ BB, () [Dke(merllm,, | 2)]

Tegt €S
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A.5 Proof of Proposition 2

Proof. The proof is a standard Lagrangian duality argument, which we reproduce here for complete-
ness. For two functions f(z) and g(z), let us define

2" = argmin f(z) + ag(z). (30)

Let us also consider the constrained problem

2/ =argmin f(2) s.t g(z) < g(z%). (31

Suppose by contradiction that z* is not a minimizer of (31). Since z* is feasible for the constraint by
construction, we get that f(z') < f(z*). Consequently, we further have

f(Z) +ag(?') < f(z") +ag(z"),

where the inequality follows from the feasibility of 2z’ in (31). This contradicts the optimality
of z* in (30), meaning that z* must be a minimizer of (31). Applying this general result with
J = BE, ()DL (et (y | 2)||mo(y | 7)), g = min, es Laistin (Ttgy, To3 p), and z = mp completes
the proof, since we recognize the set S, in (12) to be equivalent to Urégt cs £distm(r§gt, T p) < A

]
A.6 Proof of Proposition 3
Proof. We differentiate L,qp, With respect to 1y, = 7o(y") /Tret (y*) with ¢ implicit, obtaining,
8'depo wiﬁ -1 B -1 -1 w({i -1
=p — Y, — =, =Py —5 5 —« (32)
e Tty C et
which is zero when,
ay) =vf + ] (33)
Lo\ 8
1;[}@ = <) d}w (34)
a—1
1
log ¢y = — 3 log(ar — 1) + log ¥ (35)
1
log 74 (y") =1og Trer(y*) — = log (a — 1) + log mg (y*) — log mrer (y*)- (36)

B

By the second-order condition, the critical point is a minimum. The objective Lq4po is the sum of two

components: the negative log sigmoid term for £; and the negative log probability for ). Because
each component is a convex function of 1);, 50 is Lpdpo. As a result, the local minimum log 7y (ye) is
also a global minimum.

A.7 Proof of Proposition 4

Proof. This follows directly from differentiating eq. (7) with respect to mg(ys2). O

A.8 Proof of Proposition 5

Proof. Let A = [c(y*) — c(y*)] and p = Tret(y™) /Tret(y*). The theorem assumes |y™| = |y°].
Then Lgpo = —logo (B(A - ) + Blog p) . The derivative with respect to 6 is,
0L5(0)

0 (1—0o(B(A-0) + Blogp))BA = —Pr(y" = y*;0)BA < 0. (37)
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Let §; = BPr(y* = y*;6®). Then,

Tow =0 - c(y™) — nmax 9§t) (38)
=04 4 5,A) - e(y®) — nmjaxw;f*” +6A;) (39)
=01~V . e(y™) — nmax 9( D ysA - c(y") — ndy max A (40)
=Tp-1) + Ot (A c(y") — nmaxAj) 41)

S j
=+ 83 i) (B —mx Ap) € Fponn, @)

J

We obtain max; (93

(t=1) + 5tAj) = max; Q(t b + max; §;A; from the fact that 9 — 0 and

therefore j € argmax A implies j € arg max 0) for all ¢ > 0. The second-to-last step uses
n= ZJ} ¢j(y*) and the final step uses A; < max}; Aj/. Finally, we have my (y) < Tow (y*)
because Z(0) = log ) exp #; > log max; exp 0; = max; 0;. O

A.9 Proof of Proposition 6
Proof. Applying gradient descent with learning rate 7 to the gradient from Equation (37), at each
step ¢ the parameters are,

t

0 =D 4 B Pr(y’ » y@; 0t )A = (Z nB Pr(yt = y*; 9<t’>)> A=1()A.  (43)

t'=1

Plugging these parameters into the likelihoods,

Lo (e(y™)) = Lo (9) = e(y") - 89 —nZ(8¥) — () - 69 + nz(8") (44)

= (c(y*) — (@) - 0 = (c(y™) — (@) - (T(£)A) 45)

=7(t)(c(y”) - A —nmaxA) = 7(t)k, (46)

with & < 0by c(y™) - A < |le(y™)]]1 X ||A]leo = nmax A. O

B Transitive closure

Both p-DPO and IPO target a constant ratio for log 1, /1;. However, the loss surfaces are different.
To see this, we consider a simplified setting with three possible outputs, y1, ¥2, y3. We observe either

D= {(y1 < y2),(y2 < y3)}or D =DU{(y; < y3)}. If we treat this problem as a multi-arm
bandit, the goal is to assign a weight to each arm, which we denote ¢; = log g (y;|x) + Z,, with Z,
an underdetermined log-partition function.

Proposition7. LetD = {(i,i+1):i € 1,2,...,n} forn > 2. Let D be the dataset arising from the
transitive closure of D. Assume Ty is indifferent to all (y;,y; ). Let 1/JC(,OD) = max; 1/)1@) — min; ¢£D)~

Then $2) = (n—17r" 1> w&?) =20=lr71

Proof. For D, the IPO objective can be minimized at zero, so that 155 = (n 1)7~t. For D,
each adjacent pair of completions is separated by ~, and the ob]ectlve isY ') ( i)(iy — 7712,
The minimum is 7 = % L= 2L sothat ) = (n— 1)y = 22107 <
(n—1)7 1 =& forn > 2. O

Intuitively, the observation of (y; < ys3) should increase confidence that ys is superior to y;, but
in IPO it has the opposite effect, drawing their scores closer together. While pessimistic DPO also
has a target ratio between each preference pair, its loss surface is different: in particular, it does not
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Figure B.1: Effect of transitive closure on p-DPO and IPO solutions to preference learning in a
multi-arm bandit. Each column shows the learned policy probability for a given arm, based on the
preferences y; < y2 < ys3. The top row shows that in p-DPO, the probabilities are not materially
affected by the transitive closure y; < ys3. The bottom row shows that in PO, transitive closure
causes the probabilities to be compressed. In each subfigure, we sweep a range of effective values of
771, shown on the x-axis.

increase quadratically as we move away from the target. We find empirically that pessimistic DPO is
robust to the transitive closure of preference annotations in the multi-arm bandit setting, as shown in
Figure B.1. As discussed above, DPO will set ¢); — —oo because y; is never preferred.

In our empirical experiments we solve the p-DPO and IPO objectives for both D =
{(y1,92), (y2,y3)} and D = DU {(y1, y3)}, solving with respect to {mg(y;)}. IPO is solved analyti-
cally as a quadratic program; for pessimistic DPO we used projected gradient descent. We consider
B € (1,3,10,30) and « € (5,10, 20, 50,100, 1000). As shown in Figure B.1, there are significant
differences in the IPO solutions with and without transitive closure, while for p-DPO these differences
are imperceptible.

C Distribution over reward models for e-DPO

Figure C.1 investigates the reason for the success of e-DPO, especially when p < .5. For every length
bias, we show across all training examples the fraction of cases where a certain reward model, 7, 3,
best matched the implicit reward of the final e-DPO policy. The policy matches different reward
models in different examples. Moreover, there is inverse correlation between the data bias for policy
training (p) and the data bias for training the reward models (b). This suggests that the ensemble
in e-DPO helps as the policy is distilling from reward models that do not share the data bias of the
policy training set.
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Figure C.1: We show for every length bias, p, the distribution over reward models that best match
the final policy trained by e-DPO across all training examples. We observe that the e-DPO policy
matches different reward models across examples. Moreover, when the policy is trained with data
biased towards preferring short responses, the reward model that was trained on longer responses is
often preferred and vice versa.

D Hyperparameters
Validation set performance across the range of hyperparameter settings is shown in Figure D.1. In

pilot studies we found that these results were relatively robust to variation in the random seed, but did
not conduct extensive investigation of this effect across all methods and hyperparameters due to cost.

E Compute resources

We train policies on 32 TPU v3 chips and reward models on 16 TPU v3 chips. We obtain roughly 0.1
steps per second when training, for both the policy and reward models.
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Figure D.1: Validation set results across hyperparameters for each method. For all methods, different
values of p induce different optimal hyperparameters 3 and 7.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and precede the (optional) supplemental material. The checklist does NOT
count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

e You should answer [ Yes] , ,or [NA].

e [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

e Please provide a short (1-2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

e Delete this instruction block, but keep the section heading ‘“NeurIPS paper checklist",
o Keep the checklist subsection headings, questions/answers and guidelines below.

e Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: In our view, the abstract and introduction accurately summarize the contribu-
tions of the paper.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

o The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

e The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

e It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]
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Justification: See Section 7

Guidelines:

The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

e The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: See Appendix A

Guidelines:

The answer NA means that the paper does not include theoretical results.

All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

All assumptions should be clearly stated or referenced in the statement of any theorems.

The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Details are provided in Section 4.1 and Appendix D.

Guidelines:

The answer NA means that the paper does not include experiments.
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o If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

o If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

e Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

e While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Experiments are on publicly-available data, but it is not possible for us to share
code. We believe that the implementation should be relatively straightforward, given the
mathematical descriptions presented here.

Guidelines:

e The answer NA means that paper does not include experiments requiring code.

e Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

e While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

o The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

e The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

e The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

e At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).
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e Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: These details are provided in Section 4.1.
Guidelines:

e The answer NA means that the paper does not include experiments.

e The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

e The full details can be provided either with the code, in appendix, or as supplemental
material.

. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Section 4.2 includes bootstrap 95% confidence intervals on the main figure
and hypothesis tests for specific comparisons between methods.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

e The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

e The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

e The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e [t is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

e For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Please see Section 4.1.
Guidelines:

e The answer NA means that the paper does not include experiments.

e The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.
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9.

10.

11.

e The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

e The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research does not involve human subjects and does not introduce new data.
Its main impact should be to improve effectiveness and understanding of preference-based
post-training.

Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

e The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: See Section 7
Guidelines:

e The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

e Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

e The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

e The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

o If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: No data or models are released.
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14.

Guidelines:

e The answer NA means that the paper poses no such risks.

e Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

e Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

e We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The main external resource is the TLDR dataset, which we cite. Its license is
CCBY 4.0.

Guidelines:

e The answer NA means that the paper does not use existing assets.
e The authors should cite the original paper that produced the code package or dataset.

o The authors should state which version of the asset is used and, if possible, include a
URL.

e The name of the license (e.g., CC-BY 4.0) should be included for each asset.

e For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

e For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

o If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: No new assets are introduced.
Guidelines:

e The answer NA means that the paper does not release new assets.

e Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

o The paper should discuss whether and how consent was obtained from people whose
asset is used.

e At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
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243 Answer: [NA]

944 Justification: The paper does not involve crowdsourcing or research with human subjects.
945 Guidelines:

946 o The answer NA means that the paper does not involve crowdsourcing nor research with
947 human subjects.

948 e Including this information in the supplemental material is fine, but if the main contribu-
949 tion of the paper involves human subjects, then as much detail as possible should be
950 included in the main paper.

951 e According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
952 or other labor should be paid at least the minimum wage in the country of the data
953 collector.

954 15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
955 Subjects

956 Question: Does the paper describe potential risks incurred by study participants, whether
957 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
958 approvals (or an equivalent approval/review based on the requirements of your country or
959 institution) were obtained?

960 Answer: [NA]

961 Justification: The paper does not involve crowdsourcing or research with human subjects.
962 Guidelines:

963 o The answer NA means that the paper does not involve crowdsourcing nor research with
964 human subjects.

965 e Depending on the country in which research is conducted, IRB approval (or equivalent)
966 may be required for any human subjects research. If you obtained IRB approval, you
967 should clearly state this in the paper.

968 e We recognize that the procedures for this may vary significantly between institutions
969 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
970 guidelines for their institution.

971 e For initial submissions, do not include any information that would break anonymity (if
972 applicable), such as the institution conducting the review.
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