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Abstract

Reinforcement learning from human feedback (RLHF) aligns large language mod-
els with human preferences but often suffers from reward model overoptimisation,
where models exploit quirks of the reward function rather than generalising. A
common mitigation is iterated RLHF, which repeatedly retrains reward models
with new feedback and re-optimises policies. Despite its growing use, the dynamics
of overoptimisation in this setting remain unclear. We present the first systematic
study of iterated RLHF, analysing how data transfer, reward choice, and policy
initialisation affect outcomes. Using the AlpacaFarm benchmark, we find that
overoptimisation decreases across iterations as reward models better approximate
preferences, but performance gains plateau. Reinitialising from the base policy is
robust yet constrains optimisation, while alternative strategies struggle to recover
from early overoptimisation. These results provide practical guidance for more
stable and generalisable RLHF pipelines.

1 Introduction
Reinforcement learning from human feedback (RLHF) is the standard method for aligning large
language models with human preferences [19, 11, 1]. Yet RLHF suffers from reward model overop-
timisation [4], where fine-tuned models exploit the reward function—scoring highly without truly
reflecting human intent. This produces brittle policies that appear aligned in training but fail in
deployment. Iterated RLHF seeks to address this by repeatedly collecting preferences on policy
outputs, retraining the reward model, and fine-tuning the policy [1, 18]. Despite widespread industry
adoption [19, 11, 1], it remains unclear whether iterated RLHF resolves overoptimisation, merely
delays inevitable exploitation [5], or perpetuates new cycles of overoptimisation [14].

In this work, we present the first systematic investigation into reward model overoptimisation
in iterated RLHF. We identify three pivotal design choices, highlighted in Figure 1, that critically
influence the success or failure of the process: preference data management (i.e., whether to aggregate
or isolate preference data across iterations), reward function formulation (i.e., the choice of reward
signal to optimize in subsequent training rounds), and policy initialisation (i.e., the strategy for
initialising the policy at the start of each fine-tuning cycle).

Our key contributions can be summarised as:
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Figure 1: The Iterated RLHF framework performs multiple rounds of preference data collection,
reward modelling, and policy optimisation. Our research reveals three design choices that
dramatically impact performance: (1) how preference data is managed across iterations , (2)

which reward function formulation to optimise , and (3) how policies are initialised at each stage .

• We present the first formal investigation of overoptimisation dynamics across multiple RLHF
iterations, relaxing assumptions made in previous work.

• We discuss a systematic evaluation of key design choices with quantitative evidence of their impact
on performance and overoptimisation.

• We provide guidelines for practitioners implementing iterated RLHF, including specific recom-
mendations for preference data management, reward function selection, and policy initialisation
strategies.
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Figure 2: Our design choices for preference data
management, reward function formulation, and
policy initialisation significantly impact perfor-
mance across iterations.

Using a gold-standard reward model to simulate
human labellers [2, 4] on the AlpacaFarm
dataset [16] and working exclusively with
open-source models, our experiments yield
several key insights: Reward models become
increasingly robust across iterations, leading
to higher gold reward scores (Figure 2). Perfor-
mance gains diminish after three iterations for
most methods. Concatenating preference data
across iterations dramatically outperforms other
approaches. Small but persistent overoptimisa-
tion remains after four iterations regardless of
design choices.

Our results demonstrate that while iterated
RLHF significantly improves reward model ro-
bustness, it does not fully eliminate overoptimi-
sation. This underscores the need for continued
research into more robust alignment methods
that can withstand sophisticated specification
gaming [8] by increasingly capable models.

2 Iterated Reinforcement Learning from Human Feedback

In this section, we first outline the process of a single iteration of RLHF and then extend it to the
iterated framework. The RLH pipeline consists of the following three steps: 1. Collection of a
preference dataset; 2. Reward model training; 3. Policy optimisation on the reward model. Though
not an integral part of the RLHF pipeline, it is common in practice for step 1 to be preceded by
supervised fine-tuning on labelled examples.

2.1 Single-iteration RLHF

Preference data collection. We start with a supervised fine-tuned policy πsft (a checkpoint) and
use it to collect preference data. The dataset D = xi, yi,0, yi,1, pii = 1N contains prompts xi ∈ X ,
paired responses yi, j ∼ πsft(·|xi) for j ∈ 0, 1, and preference labels pi indicating whether yi,0 is
preferred over yi,1. Following [2, 4], labels pi are simulated using a gold reward model R⋆, larger
than the proxy reward models, as a stand-in for human annotators.
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Algorithm 1 Iterated RLHF (design choices
highlighted)

1: Inputs: Prompt dataset X = {xi}Ni=1,
πsft, Rinit, R⋆, # of iterations niter

2: π0 ← πsft

3: for k = 1 to niter do
4: yi,0, yi,1 ∼ πk−1(xi) ∀xi ∈ X
5: pi ← R⋆(xi, yi,0, yi,1) ∀xi ∈ D

6: D̃k ← {xi, yi,0, yi,1, pi}Ni=1

7: Dk ← CombineData([D̃1, ..., D̃k])

8: R̃k ← TrainRM(Rinit,Dk)

9: Rk ← CombineRM([R̃1, ..., R̃k])

10: πinit
k ← CombineΠ([π0, ..., πk−1])

11: πk ← TrainRL(πinit
k , Rk)

12: end for
13: return πk
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Figure 3: Design choices for Iterated RLHF (Al-
gorithm 1). Options include how to combine pref-
erence data (latest only, concat, or sample), trans-
fer reward models (last, ensemble, or weight aver-
aged), and initialize policies (last, interpolate, or
from SFT). These choices determine how learning
signals are propagated through each iteration.

Reward model training. The proxy reward model Rϕ is initialised from model checkpoint Rinit,
with a randomly initialised prediction head, and subsequently trained by minimizing the cross-entropy
loss on the preference dataset D.

Policy optimisation. After initializing the policy πθ from πsft and training the proxy reward model
Rϕ, the policy is fine-tuned to optimize the reward model using Proximal Policy Optimization
(PPO). A Kullback-Leibler (KL) divergence penalty is incorporated to prevent the policy from over-
optimizing the proxy reward and diverging too much from its initial state, πsft. A key limitation
of collecting preferences only once is that reward models become poorly calibrated in high-reward
regimes, which can lead to policy instability due to over-optimization. Furthermore, this optimization
process causes πθ to diverge from πsft, generating responses outside the training data D. This forces
the reward model Rϕ, which was trained on D, to evaluate out-of-distribution inputs.

2.2 Iterated RLHF and design choices
Iterated Reinforcement Learning from Human Feedback (RLHF) addresses the divergence between
πθ(y|x) and πsft(y|x) by repeating the RLHF process. At each iteration k, the policy πk−1 generates
new response pairs for a new preference dataset, D̃k, which is then combined with all previous
datasets [D̃1, ..., D̃k]. This iterative process, which begins with πsft and an initial reward model
Rinit with a random prediction head, helps align the reward model with in-distribution outputs and
mitigate over-optimization by using only the latest policy to generate new data.

Combining preference data. Given k preference datasets from policies π1, . . . , πk−1, we consider
three ways to form the training set Dk. In the simplest case, Dk = D̃k (Fig.3.a). At the other extreme,
all datasets are concatenated, Dk =

⋃
i = 1kD̃i (Fig.3.b). A compromise keeps dataset size fixed by

sampling subsets D̃i and concatenating them (Fig. 3.c). The proxy reward model R̃k is then trained
on Dk, initialised from the same base model each iteration. Having trained the reward model, we
now arrive at the second critical design choice of defining the reward function.

Combining reward models. The reward model is central to stable RLHF, its role compounding over
iterations. Given proxy reward models [R̃1, . . . , R̃k], we must define a robust Rk for optimization,
paralleling preference dataset combination. Options: use only the latest model Rk = R̃k (Fig. 3.d);
ensemble all proxy models Rk(x, y) =

1
k

∑k
i=1 R̃i(x, y) (Fig. 3.e) [2]; apply worst-case optimization

Rk(x, y) = mini=1,...,k R̃i(x, y). To reduce ensemble cost, consider weight-averaged reward models
via task arithmetic [7], where R̃i has parameters ϕ̃i and averaged model Rk is parameterized by
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Figure 4: Progression of proxy and gold reward alignment across RLHF iterations with policy
reinitialization from πsft and concatenated preference data.
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Figure 5: Iterated RLHF benefits most from scaling reward model training data.

ϕk = 1
k

∑k
i=1 ϕ̃i (Fig. 3.f). Once Rk is defined, the final iteration step is policy optimization, raising

the final design question on policy initialization.

Policy initialisation. The final design choice is policy initialisation, i.e., how πinitk is chosen. A sim-
ple option is From SFT, where each iteration restarts from πsft [1] (Fig. 3.i). As an alternative, we use
linear interpolation towards initialisation (LITI) [13], inspired by WiSE-FT [17], defined as πinitk =
(1−η)πinitk − 1+ηπk − 1 (Fig. 3.h), where η balances reliance on the previous policy. Setting η = 1
reduces to πinitk = πk − 1, continuing directly from the fine-tuned model. While this reuses prior
computation, it risks entropy collapse and entrenchment of undesirable behaviours, which may be dif-
ficult to unlearn. Under LITI, optimisation is regularised by the KL divergence between πk and πinit

k .

3 Experimental results

Our evaluation was performed on the AlpacaFarm dataset [3] with the Pythia model family. To
measure overoptimisation we use both the mean proxy and gold reward, as well as the MMD metric
to measure discrepancies between the distributions. For details on our training and evaulation setup
we refer the reader to Appendix A.

Iterated RLHF can close the gap between proxy and gold reward functions. Across multiple
iterations of RLHF, the proxy reward model becomes more robust and aligns better with the gold
reward function, as evidenced by a decreasing gap between them. The KL-reward Pareto front also
advances with each iteration, showing improved policy performance, though the gains diminish over
time (Figure 4). The rate at which this gap closes varies significantly between different methods,
underscoring the importance of specific design choices in the iterative process.

Combining preference data. The Concatenate strategy, which combines all preference data from
each iteration, is the most effective way to improve reward model performance and prevent over-
optimization (Figure 3.b). This method consistently outperforms other approaches like Take last and
Sample by leveraging a larger training dataset, proving that scaling data is crucial for robust reward
models (Figure 5a).

No free lunch by merging reward models. Figure 5c shows that approaches for combining
reward models, like Weight Average and Ensemble, achieve performance comparable to the data
concatenation method, especially in early KL regions. While these methods offer computational
efficiency, they do not show significant performance differences, suggesting that their selection
should be based on computational cost and scalability. We also evaluate how scaling the reward
model size affects these methods in Appendix E.4.
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Figure 6: Policy Initialisation Across Iterations

Policy initialisation from SFT is the most ro-
bust. Comparing policy initialisation methods
we find that initialisating from the sft checkpoint
at each iteration is consistently robust (Figure
5d). Additionally, we observe that policies are
hard to recover once they have overoptimised
(Figure 6). Finally, we have observed that policy
interpolation tends to work better with increas-
ing parameter size of the reward model.
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A Evaluating overoptimisation in Iterated RLHF

Here we detail our evaluation setup, emphasizing the quantification of overoptimisation and
examining how its progression over iterations is influenced by different design choices.

A.1 Training setup
Our evaluation setup follows extensive prior works that study overoptimisation in the single iteration
RLHF in a controlled and simulated manner [2, 4]. Similarly to [2] we use instructions from
the AlpacaFarm dataset [3] for reward model training and policy optimisation. The preference
data D̃k collected at each iteration contains preferences for a subset of 1000 instructions in the
preference split of AlpacaFarm. Preference labels pi are simulated with the 7 billion parameter
Reward-Model-AlpacaFarm-Human [3], which is also used by [2]. It is worth noting again the
significant difference in parameter sizes between the proxy reward models and the gold reward model,
justifying the use of the gold reward model as a proxy for human labellers. Similarly to [2], to obtain
πsft, we performed supervised fine-tuning on the pythia-410m model1 on the AlpacaFarm SFT
split. We chose pythia-410m as it achieves an appropriate balance between computational cost and
experimental rigour for our investigation. The authors in [4] also found that policy size did not affect
the shape of the overoptimisation curve in their setting, further justifying this choice of policy. We
initialise proxy reward models R̃k from the huggingface checkpoint tlc4418/pythia_70m_sft
provided by [2]2, as well as the larger pythia-160m, with a randomly initialised prediction head [2].
We train reward models for 5 epochs with a learning rate of 1× 10−5 [2]. For policy optimisation, we
perform 6000 steps of PPO on the unlabelled split of AlpacaFarm. The learning rate is set to 1×10−6

and a constant KL penalty of 1× 10−4 is used. The full specifications of the hyperparameters for
reward model training and policy optimisation, and the prompt format are given in Appendix C.

We perform a total of 4 iterations per method and report the results of the final iteration in comparison
to the initial one. All results presented in our performance evaluation are reported for 8 random
seeds, except for policy initialisation From SFT with the Take last configuration for both preference
data and reward model, for which we only obtained 4 random seeds due to compute constraints. We
note that this is still above the commonly reported 3 random seeds. To aggregate seeds in both gold
score and KL we collect all seeds per iteration, bucket data points by KL. We then plot the mean
and standard deviation of the gold rewards per bucket against the KL.

A.2 Measuring reward model overoptimisation with the Maximum Mean Discrepancy

The standard methodology for investigating reward model overoptimisation is to compare the achieved
mean reward on the proxy and gold reward functions on a hold-out set [2, 10, 4]. However, this
analysis does not capture discrepancies in the long-tail, i.e., in the high-reward regime, that have a
larger impact on the policy optimisation. In this work we propose to compare two reward models
based on their distributions of rewards. To this end, we evaluate the policy and reward models on the
2000 unseen instructions contained in the validation split of AlpacaFarm at every 300 steps during
policy optimisation. Our approach to measuring differences between reward functions consists of
two steps, the first of which is a standardisation that ensures reward functions that lead to the same
ordering of policies when optimised are treated as equal (see Apendix B). In the second step, we use
the maximum mean discrepancy (MMD) [6] to measure the discrepancy between the two reward
functions. In particular, we utilise this method to compare the proxy reward models trained at each
iteration with the gold-reward model R⋆. We now justify the validity of this method.

Formally, our goal is to compare any two reward functions Rϕ1
and Rϕ2

. As the first step, we scale
both reward functions to have mean zero and variance one. This ensures that reward functions, which
differ only by an affine transformation, are treated as equal to one another after scaling. For details
about this result, please refer to Appendix B. This is desirable since affine transformations do not
affect the ordering over policies induced by the original and transformed reward functions when they
are optimised [15].

As the second step, we compute the discrepancy between Rϕ1
and Rϕ2

. While we have reward
functions in principle, during training, only samples of rewards from the true and proxy are observed.

1https://huggingface.co/EleutherAI/pythia-410m
2https://huggingface.co/tlc4418/pythia_70m_sft
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Given that prompts are identically and independently distributed xi
i.i.d.∼ ρ and yi ∼ πθ(·|xi), we

obtain that the observed rewards ri = Rϕ(xi, yi) are i.i.d samples (details in Appendix B). As a
consequence, we can rely on the Maximum Mean Discrepancy (MMD) to measure the discrepancy
between distributions of observed rewards from Rϕ1

and Rϕ2
. The MMD compares two distributions

based on their distances in the feature space determined by the chosen kernel. It is known for its
strong theoretical guarantees, and it is commonly used in the two sample testing literature [6]. We
use the popular squared exponential kernel.

Given samples rϕ1 := {rϕ1,1, ..., rϕ1,n} and rϕ2 := {rϕ2,1, ..., rϕ1,n} an unbiased empirical estimate
of the MMD is obtained by

MMD2
u[rϕ1 , rϕ2 ] =

1

n(n− 1)

n∑
i=1

n∑
j ̸=i

k (rϕ1,i, rϕ1,j)

+
1

n(n− 1)

n∑
i=1

n∑
j ̸=i

k (rϕ2,i, rϕ2,j)

− 2

n2

n∑
i=1

n∑
j=1

k (rϕ1,i, rϕ2,j) .

Note here that observations rϕ1 and rϕ2 cannot be assumed to be independent, since when comparing
reward models across iterations and proxy reward models with the gold reward model, independence
is not guaranteed.

This two-step procedure allows us to perform a detailed comparison of reward models going beyond
the measurement of the mean gold reward.

B Proofs

Proposition B.1. Let Rϕ1
, Rϕ2

∈ R be two reward functions and suppose they differ by an affine
transformation, i.e. Rϕ2

= a · Rϕ1
+ b for some a ∈ R+ and b ∈ R. Then Rϕ′

1
= Rϕ′

2
, where

Rϕ′
i
= 1

σi
· (Rϕi

− µi) with σi the standard deviation of Rϕi
and µi the mean.

Proof of Proposition B.1. First note that R2 = a′ ·R′
1+b′, with a′ = a·σ1 ∈ R+ and b′ = b+a·µ1.

We have that µ2 = E(R2) = b′ and σ2 = a′. Hence

R′
2 =

R2 − µ2

σ2
(1)

=
R2 − b′

a′
(2)

=
a′R′

1 + b′ − b′

a′
(3)

= R′
1. (4)

Proposition B.2. Given i.i.d. observations x1, ..., xn from random variable x ∼ ρ, and a policy πθ,
we have that observations of rewards r1, ..., rn, where ri = Rϕ(xi, yi) for a deterministic reward
function Rϕ and yi ∼ πθ(·|xi) for i = 1, ..., n, are i.i.d. observations of a random variable we
denote by Z.

Proof of Proposition B.2. Given that Xi are independent and identically distributed (i.i.d.) and
that Yi ∼ π(·|Xi), we first show that Yi are i.i.d..

To determine if Yi are independent, we need to check if the joint distribution of any pair (Yi, Yj) for
i ̸= j factorizes into the product of their marginal distributions.

Since Xi are i.i.d., we have:

P (Xi, Xj) = P (Xi)P (Xj) for i ̸= j.
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Given Yi ∼ π (· | Xi), Yi and Yj are conditionally independent given Xi, Xj for i ̸= j and the
conditional distribution of Yi given Xi is independent of Xj for j ̸= i, such that

P (Yi, Yj | Xi, Xj) = P (Yi | Xi)P (Yj | Xj)

Using the law of total probability, the joint distribution P (Yi, Yj) can be written as

P (Yi, Yj) =

∫∫
P (Yi, Yj | Xi, Xj)P (Xi, Xj) dXidXj .

Substituting the factored form of the conditional and marginal distributions, we get

P (Yi, Yj) =

∫∫
P (Yi | Xi)P (Yj | Xj)P (Xi)P (Xj) dXidXj .

Since P (Xi) and P (Xj) are independent, this simplifies to

P (Yi, Yj) =

(∫
P (Yi | Xi)P (Xi) dXi

)
×
(∫

P (Yj | Xj)P (Xj) dXj

)
. (5)

(6)

This shows that
P (Yi, Yj) = P (Yi)P (Yj) ,

which means Yi and Yj are independent for i ̸= j.

We now check if Yi are identically distributed. Since Yi ∼ π (· | Xi) and Xi are i.i.d., the marginal
distribution of Yi is obtained by marginalizing over Xi, which yields

P (Yi = y) =

∫
P (Yi = y | Xi = x)P (Xi = x) dx.

Given that Xi are identically distributed, the distribution P (Xi) is the same for all i. Therefore, the
marginal distribution P (Yi) is the same for all i, indicating that Yi are identically distributed.

Now, given Ri = r (Xi, Yi) where r is some deterministic function, we need to determine whether
Ri are i.i.d., given that Xi are i.i.d. and Yi ∼ π (· | Xi).

Since Xi are i.i.d., Xi and Xj are independent for i ̸= j. We have established that Yi and Yj are
also independent for i ̸= j. Because r is a deterministic function, Ri is fully determined by (Xi, Yi).
Specifically

Ri = r (Xi, Yi) and Rj = r (Xj , Yj) .

Given that (Xi, Yi) and (Xj , Yj) are independent pairs, it follows that Ri and Rj are also independent.
This is because the independence of (Xi, Yi) and (Xj , Yj) implies that the mapping through r does
not introduce any new dependency between Ri and Rj .

Next, we need to check if Ri are identically distributed. Since Xi are i.i.d. and Yi ∼ p (· | Xi), the
distribution of (Xi, Yi) is the same for all i. The function r is deterministic and applies the same
transformation to each pair (Xi, Yi). Therefore, the distribution of Ri = r(Xi, Yi) will be the same
for all i. This concludes the proof.

C Additional experimental details

C.1 Hyperparameters

Our hyperparameter settings mostly align with those used by the authors in [2]. The parameters for
supervised fin-tuning are given in Table 1, reward model training hyperparameters are specified in
Table 2, PPO parameters are given in Table 3, and the hyperparameters for synthesis with a policy are
provided in Table 4.
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Table 1: SFT hyperparameters.
PARAMETER VALUE

LEARNING RATE 8e− 6
EPOCHS 3
BATCH SIZE 4

Table 2: RM hyperparameters.
PARAMETER VALUE

LEARNING RATE 1e− 5
EPOCHS 5
BATCH SIZE 32

C.2 Dataset

We use the instructions and inputs contained in the popular alpacafarm dataset [3, 16]. The entire
dataset contains 52, 000 samples split into "sft" (10k), "preference" (20k), "unlabled" (20k), and "val"
(2k). We use the "val" split strictly only for validation. The instructions for the reward model training
are sampled from the "preference" split and the instructions for PPO are sampled from the "unlabled"
split.

C.3 Prompt format

We follow the prompt format used in [2, 9], which is that of the v2 format used in Open As-
sitant. It uses special tokens <|prompter|> and <|assistant|>, and is consistent with the
GPTNeoXTokenizer class.

To generate answers the model is prompted with the concatenation of instruction and input (if present),
where inputs begin on a new line. The entire prompt begins with the special token <|prompter|>
and ends with the end-of-text token <|endoftext|> to indicate the end of the instruction followed
by the <|assistant|> token to start generating the answer.

In the case of the reward model the prompt should additionally contain an answer to the instruction,
which is appended to the initial prompt and again ended with the <|endoftext|> token.

Examples for both generation and reward modelling are given in Table 5.

C.4 Computational setup and cost

All experiments were run on a single Nvidia A100. Running the full pipeline consisting of all 3 RLHF
steps for 4 iterations takes approximately 35 hours per seed and configuration. Subsequently labelling
the results with the 7B gold reward model takes approximately 18h when using an evaluation set of
size 2000 and evaluating every 300 steps.

D Iterated RLHF and Performative Prediction

We note that the framework of performative prediction applies to our setting. In fact, when performing
iterated RLHF we are simulating performative prediction or more specifically a version of strategic

Table 3: PPO hyperparameters.
PARAMETER VALUE

LEARNING RATE 1e− 6
COSINE ANNEALING SCHEDULER 1e− 7
PPO STEPS 6000
BATCH SIZE 32
NUMBER OF ROLLOUTS 256
CHUNK SIZE 32
CLIPPING RANGE & VALUE 0.2
GAE LAMBDA 0.95
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Table 4: Generation hyperparameters.
PARAMETER VALUE

MAX INSTRUCTION LENGTH 520
MAX NEW TOKENS 256
PPO EPOCHS 4
TOP-P 0.9 (1.0 FOR PPO)
TOP-K 0
TEMPERATURE 1.0

Table 5: Example answer generation and reward modeling prompts with proper formatting.
Answer generation prompt Reward modelling prompt
<|prompter|>Categorize the following
items as either furniture or kitchen
items.\nChair, Knife, Fork<|endoftext|>
<|assistant|>

<|prompter|>Categorize the following
items as either furniture or kitchen
items.\nChair, Knife, Fork<|endoftext|>
<|assistant|> Furniture: Chair, Kitchen:
Knife, Fork<|endoftext|>

classification. We have that a reward model Rϕ induces a potentially different distribution D(ϕ)
over instances (x, y) where continuations y are obtained from the policy πθ optimised for Rϕ, which
yields that a reward model RϕPO

is performatively optimal if ϕPO = argmin
ϕ

E(x,y)∼D(ϕ)ℓ((x, y, ϕ)).

Furthermore, [12] call a model RϕPS
performatively stable if

ϕPS = argmin
ϕ

E(x,y)∼D(ϕps)ℓ((x, y, ϕ)).

Intuitively, retraining a performatively stable reward model after optimizing against it will yield
the same reward model. As such the reward model would not be over-optimised and still perform
optimally on its induced distribution. In their Theorem 3.5 the authors of [12] provide 3 conditions
under which the reward model obtained from repeated iterations of RLHF converges to a unique
performatively stable reward model at a linear rate. We require the loss to be β-jointly smooth and
γ-strongly convex, and the map D(·) from reward model parameters to the distribution of prompt
continuation pairs to be ϵ-sensitive [12]. Since as part of the map D(·) the policy is optimised with
PPO, where small changes in the reward model can lead to significant changes in the optimal policy,
this mapping is generally not ϵ-sensitive. As a consequence, linear convergence is not guaranteed.
Note, that we may still aim for close to linear convergence by making adjustments to satisfy the stated
conditions.

E Additional results

E.1 Closing the gap between proxy and gold reward function

Here we provide additional experimental results for taking the last preference dataset and sampling
the preference datasets with equal proportion. In terms of the rate at which the gap between proxy
and gold reward functions is reduced over iterations, the sampling strategy (see Figure 7) falls in
between concatenating all preference data and taking only the last dataset (see Figure 8).

E.2 Additional results for combining preference data

In Figure 9 we provide the individual seeds for methods combining preference data across all
iterations and in Figures 10 and 11 we provide the results for the sampling strategies. Figure 12
shows the MMD across iterations when only using the most recent preference dataset.

E.3 Additional results for reward model transfer

Here we provide additional results for methods addressing reward model transfer. Figure 13 and 14
show the individual training seeds of the methods across iterations.
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Figure 7: The gap between gold and proxy reward function when sampling from all preferences
dataset equally to form the reward model training data.

Figure 8: The gap between gold and proxy reward function when only taking the last preferences
dataset for reward model training.

Figure 9: Gold score and KL of individual seeds across iterations for varying preference data
combination methods.
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Figure 10: Gold score and KL of individual seeds across iterations comparing sampling with full
coverage of the prompts vs random sampling.

Figure 11: Gold score and KL of individual seeds in the fourth iteration comparing sampling with
full coverage of the prompts vs random sampling.

E.4 Results for reward model scaling.

Larger reward models benefit more from combining reward models. We now investigate
how scaling the reward model size affects performance in iterative RLHF. While concatenating all
preference data with policy initialisation from the SFT checkpoint remains the most robust approach,
we observe that alternative reward model strategies benefit significantly from increased reward model
capacity. As shown in Figure 15, performance differences between the 70M and 160M reward models
are most pronounced for Ensemble and Worst-Case Optimisation, with both methods substantially
improving at the larger scale and approaching the performance of the data concatenation baseline
by the fourth iteration. This suggests that while reward model combination methods did not match
the effectiveness of preference data concatenation at smaller scales, their potential is unlocked with
more expressive reward models. These results highlight that design choices affecting reward model
size not only influence individual model accuracy but can significantly enhance the utility of design
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Figure 12: Taking the last preference dataset results in consistently low MMD, in the final iteration.
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Figure 13: Gold score and KL of individual seeds across iterations comparing reward function
choices.

Figure 14: Gold score and KL of individual seeds in the fourth iteration comparing reward function
choices.
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Figure 15: Impact of reward model size and design choices on gold score across iterations. Larger
reward models (160M, solid lines) consistently outperform smaller ones (70M, dashed), with the
biggest gains seen in Ensemble and Worst-Case Optimisation—suggesting that these strategies benefit
most from increased reward model capacity. While From SFT remains the most stable across scales,
LITI shows steady improvement, especially with the larger model.

choices combining reward models in iterated RLHF settings. We next examine if policy initialization
strategies can complement reward modelling and preference aggregation to prevent overoptimisation.

E.5 Additional results for policy initialisation

Here we provide additional results for the policy initialisation methods (Figures 16 and 17). In partic-
ular, we plot the runs associated with each seed, highlighting seeds that are strongly overoptimised
and can not be recovered by the respective methods.
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Figure 16: Gold score and KL of individual seeds across iterations comparing policy initialisation
methods.

Figure 17: Gold score and KL of individual seeds in the final iteration comparing policy initialisation
choices.
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