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Abstract

The post-training stage of Large Language
Models (LLMs) typically involves Supervised
Fine-Tuning (SFT) followed by preference
alignment to ensure LLMs generate safe, help-
ful, and instruction-aligned content. The SFT
model critically serves as both the initializa-
tion and reference model for subsequent prefer-
ence alignment. However, an essential yet of-
ten neglected question is the optimal selection
of the SFT checkpoint for this role. We show
that checkpoint selection substantially affects
final performance, and that the common prac-
tice of choosing the minimum validation-loss
checkpoint often fails, due to a fundamental
conflict between SFT’s focus on imitation and
alignment’s goal of response discriminability.
To this end, we propose RewardRank, a sim-
ple, effective, training-free metric for estimat-
ing initial implicit alignment between reference
model and preference objective. Empirical evi-
dence suggests that, using our selected model
as reference can gain up to 67.6% relative in-
crease on length-controlled win rate on the pop-
ular Zephyr recipe comparing to baselines.

1 Introduction

Aligning Large Language Models (LLMs) with hu-
man preferences has been one of the key challenges
in ensuring the reliability and utility of modern Al
systems (Brown et al., 2020b; Lin et al., 2025).
This alignment process, typically undertaken af-
ter initial pretraining (Brown et al., 2020a; Rad-
ford et al., 2021), is essential for mitigating harm-
ful outputs and ensuring they serve as genuinely
helpful Al systems (Ziegler et al., 2020; Ouyang
et al., 2022a; Stiennon et al., 2022; Kaufmann et al.,
2024). A cornerstone of this post-training phase is
Supervised Fine-Tuning (SFT) (Wei et al., 2021),
which adapts LL.Ms to follow instructions, conform
to specific stylistic requirements, and generate out-
puts in desired formats (Wei et al., 2021; Touvron
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et al., 2023). Subsequently, this SFT model is used
as the initialization and reference model for prefer-
ence alignment—a process that focuses on steering
the LLM to behave according to human preferences
while not deviating too much from the reference
model (Amodei et al., 2016; Christiano et al., 2017;
Zhao et al., 2023). This paradigm has received
great success and serves as the principal pipeline
for most preference alignment techniques (Ouyang
et al., 2022b; Rafailov et al., 2024).

Despite the widespread success of this paradigm,
one notable question remains unclear is:

Which SFT model is most suitable for the
preference alignment?

During the SFT process, many intermediate check-
points are generated, and conventional wisdom sug-
gests that it is safe to select the checkpoint with
the smallest SFT validation loss (Chung et al.,
2024; Taori et al., 2023). This heuristic, while
intuitive and computationally convenient, implic-
itly assumes that optimal performance on the SFT
objective (typically next-token prediction on SFT
data (Ouyang et al., 2022b)) directly translates to
optimal suitability for preference alignment.
However, our empirical investigations reveal a
disconnect, as shown in Figure 1: the SFT check-
point exhibiting the lowest validation loss is of-
ten not the optimal starting point for achieving
maximal performance after preference alignment.
When training on widely-used datasets such as
UltraChat (Ding et al., 2023), there is a consistent
and significant mismatch between the SFT check-
point that minimizes SFT loss and the one that
ultimately yields the best results after preference
alignment. This finding suggests that using the min-
imal SFT loss as a model selection metric can sys-
tematically lead to suboptimal choices, potentially
capping the achievable quality of aligned models or
necessitating more extensive preference tuning to
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(b) Llama-8B trained with Zephyr recipe.

Figure 1: Minimizing SFT validation loss does not reliably identify optimal SFT checkpoints for DPO. The figure
shows Alapca-Eval 2.0 (Dubois et al., 2024) win rate (length control win rate) for DPO models derived from various
SFT checkpoints of Mistral-7B (Jiang et al., 2023b) and Llama-8B (Grattafiori et al., 2024), compared against their
originating SFT validation losses, where the best DPO model performance does not align with the SFT checkpoint
having the lowest validation loss. Win rates are judged by Llama-3.3-70B-Instruct.

compensate. This intriguing observation raises the
question: why does superior SFT performance fail
to guarantee optimal preparedness for preference
alignment? As shown in Figure 1, we hypothesize
an underlying objective conflict between SFT and
preference alignment. The SFT objective primar-
ily encourages the model to simply fit a fixed re-
sponse to a given prompt verbatim (Li et al., 2024b).
Whereas preference alignment aims to prepare the
model with a more nuanced understanding of hu-
man preferences, specifically enhancing its discrim-
inability: the capacity to distinguish between pre-
ferred and dispreferred responses and to generate
outputs that align with the former. Over-training on
the SFT objective might result in over-optimization
towards that objective, negatively impacting the
subsequent preference alignment process.

To address this conundrum, in this paper, we
advocate the use of a surrogate metric known as
RewardRank, which aims to leverage an external re-
ward model to probe the proximity of SFT models
to targeted preference distributions. Specifically,
we find that an SFT model’s initial reward to input
prompts, before it undergoes preference alignment,
is a strong indicator of its suitability for the task.
This process can be seamlessly integrated into the
SFT model evaluation pipeline, imposing minimal
computational overhead. In addition, we also es-
tablish connections between this intuitive approach
and theoretically sound guarantees for the correct-
ness of the model selection process.

Our main contributions can be summarized as
follows: (i) To the best of our knowledge, we are
the first to underscore the critical importance of

model selection in the SFT stage. While conven-
tional practice has been largely governed by se-
lecting the model with the smallest validation loss,
our investigation suggests that such an approach is
problematic for preference alignment. (ii) We iden-
tify and formulate the root cause of this problem as
an objective conflict between the SFT stage (which
primarily encourages verbatim fitting to SFT data)
and the preference alignment stage (which aims to
enhance response discriminability). (iii) We pro-
pose RewardRank, a simple and efficient metric for
SFT checkpoint selection. This metric estimates
an SFT model’s suitability as a reference model
by measuring its initial reward score on preference
data prior to alignment training, thereby providing
a training-free estimate of its proximity to a surro-
gate preference distribution. Comprehensive empir-
ical evaluations show that RewardRank consistently
leads to the selection of superior SFT checkpoints,
achieving significant performance gains and sub-
stantial computational savings compared to conven-
tional methods and brute-force evaluation.

2 Preliminary

Supervised Fine-tuning. In the SFT stage, the
LLM is trained to learn a pre-defined ground-truth
response y given an input prompt X via a next-
token-prediction objective. Assuming y has L to-
kens, the SFT objective can be expressed as:

L
- Zyz ' log’fr(yi’xv yO:i—l) ;

=1
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Figure 2: Left: A conceptual visualization of the potential objective conflict between the SFT objective and
preference alignment objective. Middle: A conceptual visualization of the prediction distribution of the SFT loss
minimizer and preference loss minimizer in a probability simplex. Right: A conceptual visualization of how

early-stopping changes the prediction distribution.

where y: is a one-hot vector corresponding to the
ground-truth token at the i-th index of the com-
pletion, and 7(y;|x, yo.;_; ) represents the model’s
predicted probability distribution over tokens at
the i-th index, given the input prompt x and the
previous tokens of the completion up to ¢-th index.

Direct Preference Optimization. The DPO algo-
rithm stands out due to its simplicity. It is a popular
and state-of-the-art preference alignment algorithm
that is free from the need to learn a separate reward
model, instead using the target LLM itself as an
implicit reward model. The DPO objective can be
expressed as:

Lppo (793 Tref) = E(XJWJI)ND

[—loga <ﬂlog7r9(yw‘x) — Blo

o (y1[x) ) ]
mre(yul) O malyil) )]
where D is the off-line preference dataset consists
(prompt, chosen completion, rejected completion)
triplets. From this objective, we can observe that
the choice of reference model 7s mainly have
two influences to the outcome of DPO training: (i)
reference model explicitly guides the direction of
updates of policy model 7y to not deviate too much
from the reference model, hence stabilizing the
training and prevent my from reward hacking (Liu
et al., 2024); (ii) reference model implicitly pose
influence to the output of my by serving as the ini-
tialized base model. To underscore the dependency
of my to the choice of reference model, here we
fix the notation for 7y as A(7), where A denotes
the preference alignment algorithm that emits a
post-alignment policy 7g.

Problem formulation. Now we formalize the
problem as follow, let H = {m,..., 7} be the
candidate SFT reference models, generated during
the SFT training stage. A preference alignment

algorithm A emits a post-alignment policy 7y :=
A(m) for any given reference model 7 € H. Let
re + X x Y — [0,1] be the (unknown) oracle
reward and define the population (oracle) reward
of a policy 7 as:
R, (m) =

B, yor(p[r(X,¥)]. (1)

Where our goal is to pick a reference 7* that
maximizes the oracle reward after alignment:

7 = argmax R,(A(n)). (2)

TEH

This can be viewed as finding the reference model,
which will result in the preference model that maxi-
mizes the oracle reward over the population defined
over the task of interest D.

3 On the Importance of Reference Model
Selection in Preference Alignment

3.1 Objective Conflict

This section examines the specific objective con-
flict between SFT and preference alignment. The
SFT learning objective, as previously defined, is
to, given an input prompt X, aim to maximize the
log-probability of the ground-truth output sequence
y. As shown in the left panel of Figure 2, the ideal
model under the SFT objective, 7y, is the one
that minimizes the SFT loss by maximizing the
log-probability of a single, ground-truth response.
However, two potential pitfalls reveal why 7, may
not be the optimal reference model for preference
alignment. First, if the predefined SFT response
does not coincide to the response that maximizes
the reward, which is often the case with many pop-
ular training recipes (Touvron et al., 2023; Lambert
et al., 2024). Then, necessarily, as SFT training pro-
gresses, a divergence point is eventually reached
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Figure 3: Reward vs. SFT validation loss, reward model being used is Athene-RM-8B.

where, although the SFT loss continues to decrease,
the rewards of the generated outputs begin to de-
cline. This marks a deviation from the target reward
distribution and an over-optimization towards the
SFT distribution. This process is depicted in the
left panel of Figure 2.

A second issue is the inherent mismatch between
the preference and SFT data objective functions.
To illustrate this, we use a probability simplex
to represent the probability distributions over the
SFT response 7(y|x), the preference chosen re-
sponse 7(y,,|x), and the rejected response (y;|x),
as shown in the middle panel of Figure 2. Without
loss of generality, one can view this probability
simplex in the context of a single-step, next-token
prediction process, where each coordinate repre-
sents the probability triplet for the next predicted
token. As shown in the middle panel of Figure
2, the ideal preference distribution maximizes the
difference between 7 (y,,|x) and 7(y;|x). In con-
trast, the ideal SFT distribution simply maximizes
the probability of its single target response, disre-
garding the probability gap between chosen and
rejected responses. Therefore, shifting the ideal
SFT distribution towards the ideal preference dis-
tribution requires significant effort, due to the large
statistical distance between them.

3.2 RewardRank: Ranking Reference Model
via Initial Rewards

Motivated by these insights, we propose a simple
yet effective approach, RewardRank, to assess the
suitability of different SFT models as reference
models. Specifically, RewardRank leverages an ex-
ternal reward model to compute the average reward
of rollouts from candidate SFT checkpoints on the
preference dataset. Since these SFT models have
not yet undergone preference training, this process

measures the proximity of each candidate model to
the surrogate reward distribution. The intuition is
that if a candidate SFT model is already closer to
the target reward distribution, its responses should
receive higher scores from the reward model, as-
suming the surrogate reward model accurately re-
flects the true reward distribution.

Concretely, we define the RewardRank score as
the empirical surrogate reward of an SFT model
before preference training:

where r° is the surrogate reward function that re-
turns a scalar reward. To estimate this score, we
sample n prompts from the preference datasets,
notably, these prompts do not need to be anno-
tated. For stability, we generate k rollouts per input
prompt and base the final score on the average of
these rollouts. As we can observe from Figure 3,
the rewards of responses saturates early in the SFT
process, and almost monotonically degenerates as
SFT training progresses.

3.3 Theoretical Analysis

In this section, we shed some light on the rationale
of using RewardRank as the measure of the proxim-
ity between the starting point of the optimization
(SFT checkpoint) to the optimal preference aligned
model. Our goal can be view as finding the concep-
tual necessity of "early-winners are likely to remain
as winners". We start off by listing out some of the
key assumptions required here.

Assumption 1 (Bounded distance to the reference).
There exist a discrepancy measure d(-,-) on poli-
cies, a radius p > 0, and « € [0, 1] such that for
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every € H,
Pl“(d(.A(ﬂ'),ﬂ') < p) > 1-a.

Assumption 1 here is a key component for our
subsequent results, in the domain of preference
alignment, this assumption can be seen as mild
since we usually explicitly set constraints on mak-
ing the preference model not deviating too much
from the reference model (Schulman et al., 2017).

Assumption 2 (Surrogate reward model). There
exists v > 0 such that:

sup ’ R*(ﬂ-) - Rs(ﬂ-) | <.
TeEH
Assumption 2 stipulates that, since we poten-

tially do not have access to the oracle reward model.
Instead, we assume the reward model we have is
v-close to the reward oracle. This is a fairly mild
assumption in the context of preference alignment,
since the reward model are either trained using self-
owned preference datasets (Bai et al., 2022), or the
reward oracle which assigns the preference annota-
tion is accessible (Cui et al., 2023). Due to space
limit, we defer the rest of the technical assumptions
to the Appendix B.2.

Lemma 1. Fix any 7', 7/ € H. Under Assump-
tions 1 and 4,

Pr( R (A(r')) — R, (A(n)) >
[Ri(n") — Ru(n7)] — 2Lp> > 1-2a.

Due to the space limit, we defer the proof of
Lemma 1 to the Appendix B.3.

Proposition 1. Assume r; € [0,1]. Let €, :=

w. Then for any 7*, 79 € H, with prob-

ability at least 1 — § — 2q,

R, (A(TFZ)) — R, (.A(’/Tj)) >

[ﬁg(ﬂ’) - Ens(ﬂj)] — (2Lp + 27 + 2¢y).

Due to the space limit, we defer the proof of this
part to the Appendix B.5.

Remark. Proposition 1 states that, if we have a
large enough preference dataset, then with a large
probability, the ordering perseverance results from
Lemma 1 will hold for all preference data defined
from underlying preference distribution D.
Proposition 2. Let 7 := arg Max, ¢y 13%5 (m). If
for every ™' € H\ {71}, we have:

Ri(xt) = R3(x') > 2Lp+ 2y + 26y,

n

then with probability at least 1 — § — ma,

argmax R, (A(rm)) = .
TeEH

Remark. Proposition 2 is a direct extension
of Proposition 1, which stipulates that, if the
reference model that maximizes the RewardRank
score is advantageous to the magnitude of at least
2Lp + 27 + 2¢,, then with certain probability,
the preference model resulting from this reference
model best maximizes the RewardRank score.

4 Experiments

4.1 Setups

This section introduces our experimental setup, de-
signed to investigate the behavior of LLMs during
the post-training process. To demonstrate the im-
portance of early-stopping during SFT, we use the
popular DPO (Rafailov et al., 2024) method as a
representative preference alignment algorithm.

Implementation details. Following commonly
employed settings (Meng et al., 2024; Tun-
stall et al.,, 2023), we perform SFT and
DPO on two popular open-source pre-trained
LLMs: Llama-3.1-8B (Dubey et al., 2024) and
Mistral-7B-v@.1 (Jiang et al., 2023a). For SFT,
we use the UltraChat (Ding et al., 2023) dataset,
which contains approximately 200,000 multi-round
chat dialogues. For the preference alignment phase,
we use UltraFeedback (Cui et al., 2023) as the
preference dataset, which contains approximately
61,000 binary preference outcomes. More details
on the datasets are available in Appendix D.3.

By default, we perform a single epoch of train-
ing on the SFT dataset; results regarding multi-
epoch training are available in Appendix D. Specif-
ically, for both LLMs, we save checkpoints at ev-
ery 25 iterations for the first 100 iterations, and
every 100 iterations thereafter. All saved check-
points then undergo preference alignment training
with identical configurations and are evaluated on
the benchmarks. For the choice of reward model
for our proposed method, RewardRank, we use
Athene-RM-8B by default (Frick et al., 2024).

Evaluation benchmarks. Consistent with com-
monly used settings (Liu et al., 2024; Tunstall
et al., 2023), we primarily consider two popu-
lar open benchmarks for evaluating the perfor-
mance of preference alignment. We adopt MT-
Bench (Zheng et al., 2023), an open-ended an-
swer grading benchmark on a scale of 1-10, graded
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Table 1: Results of early-stopping on MT-Bench and AlpacaEval 2.0.

LLMs | MISTRAL-7B-v0.1

LLAMA-3.1-8B

BENCHMARKS ‘ MT-BENCH ALPACA-EVAL 2.0

ALPACA-EVAL 2.0

MT-BENCH
\ SCORE LC WIN RATE (%)  WIN RATE (%) SCORE LC WIN RATE (%)  WIN RATE (%)
SFT Loss 6.64 13.45 11.80 7.66 16.13 13.96
LoG-PRrOB 6.71 13.47 18.56 6.85 7.81 9.48
EARLY-ACC. 7.02 16.80 14.87 7.52 15.65 13.63
REWARDRANK | 7.25 22.54 18.70 7.37 17.56 15.47

by gpt-4. We also use AlpacaEval-2.0 (Dubois
et al., 2024), which measures the pairwise win
rate of a target LLM against a reference model.
In our experiments, the reference model is set
to gpt4_1106_preview by default, and the win
rates are judged by gpt4_1106_preview as well.
Further details of the judge model and evaluation
benchmarks are available in Appendix D.2. In ad-
dition, we also report the performance of the early-
stopped model compared to its counterparts on var-
ious down stream tasks to holistically test their
instruction-following ability and level of knowl-
edge preservation. The dataset and inference de-
tails are available in Appendix D.3.

Baselines. To the best of our knowledge, this
is the first work that addresses the problem of
SFT checkpoint selection in the post-training stage;
therefore, there are no direct baselines for us to
compete against. Nevertheless, we establish several
baselines based on intuitive heuristics and methods
adapted from related work. As the most naive base-
line and the current common practice, one can also
select model by selecting the model with the small-
est validation SFT loss. Second, we adapt a method
from the original DPO paper (Rafailov et al., 2024).
While the authors originally proposed this for se-
lecting an initialization model when an SFT model
is not available, we repurpose it here for checkpoint
selection. This method involves finding the model
that maximizes the log-likelihood of the chosen
outputs (Log-Prob). Finally, inspired by recent
work on performance prediction for downstream
LLM tasks, such as methods involving successive
halving (Lin et al., 2024), we introduce a third base-
line. We simplify this concept to selecting the SFT
checkpoint that achieves the best performance after
a small, fixed number of DPO training steps (Early
Accuracy).

4.2 Main results

Preference benchmarks. As shown in Table 1,
we can observe that under the popular Zephyr

training recipes, performing successful model se-
lection consistently and significantly enhance the
preference alignment performances on both LLMs.
Namely, comparing to the most common baseline
- selecting model with the lowest validation loss.
We can observe that, on Mistral-7B-v@. 1, there
is a whopping 67.6% relative increase in terms
of the length-control win rate, and a 58.5% rela-
tive increase in standard win rate on AlpacaEval
2.0 benchmark. Similarly, on L1ama-3.1-8B, we
can observe a relative increase of 8.9% in length-
control win rate and a 10.8% relative increase in
standard win rate. While on MT-Bench, we can
also observe a consistent correspondence, the early-
stopped model performs significantly better than
the SFT model that minimizes the validation loss.

Notably, while SFT loss consistently shows sub-
par performances, our experiment suggest that,
on specific LLMs, such as Mistral-7B-v@.1, us-
ing probability maximization on the chosen re-
sponse is superior than loss minimization. How-
ever, if we were to test it on other LLM such
as Llama-3.1-8B, we found that maximizing log-
probabilities can easily collapse to the initial check-
point, which maximizes the probability of the cho-
sen response.

Correlation Analysis. We also test the effective-
ness of RewardRank score by computing its corre-
lation to the preference metrics, such as Length-
control win rate from Alpcaca-Eval. Since we
need to obtain judge annotations for completion
results from all candidate checkpoints, we use
Llama-3.3-70B-Instruct asjudge model to save
API cost, which is also a common practice from
community (Zhao et al., 2024). As we can observe
from Figure 4, RewardRank shows strong correla-
tion to the preference metrics, with Pearson cor-
relation as 0.886 and 0.915 for Mistral-7B-v@.1
and L1lama-3. 1-8B respectively.

Downstream Task Performances. As shown
in the Table 2, we can observe that: performing
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Figure 4: Length-control win rate vs. RewardRank score, win rate judged by Llama-3.3-70B-Instruct. 7 being

Pearson correlation and p being Spearman correlation.

DPO on early-stopped model shows consistent
improvements. When using Mistral-7B-v@.1
as target LLLM, our early-stopped checkpoint suc-
cessfully hits the optimal stopping point for all
tested tasks, whereas on LLama-3.1-8B, our early-
stopped model also shows substantial performance
gain on most of the tasks.

We hypothesize the success in these benchmarks
as the successful mitigation of "knowledge de-
terioration" during the SFT process. That is, if
the SFT dataset (UltraChat in this case) is irrel-
evant to the academic related knowledge, then as
SFT injects new knowledge to LLMs, the origi-
nal knowledge gained during the pre-training pro-
cess tend to degenerates, thus, early-stopping at
the early training process find the right balance
between the instruction-following capability and
the knowledge preservation, exhibiting superior
performances on academic or general knowledge
related tasks. Notably, such problem have been
well-recognized as “forgetting” (Kirkpatrick et al.,
2017) in the fine-tuning process if LLM, or some-
times known as “alignment tax” (Lin et al., 2023).
This promising results highlight that, model selec-
tion, or early-stopping, could potentially serve as a
both easy-to-use and powerful technique for com-
bating such problems. Due to the space limit, we
will present more results, including the trend of the
performance change in the Appendix E.1.

4.3 Ablations

Sensitivity to Changing Reward Models. By
default we use Athene-RM-8B as reward model for
computing RewardRank score, to show the robust-
ness of RewardRank and the choice of surrogate
reward tolerates mis-specifications, we tested two
more popular reward models: ULtraRM-13B (Cui
et al., 2023), and InternLM2-7B (Cai et al., 2024).
Results are summarized in Table 3, as we can

see, changing reward model from Athene-RM-8B
to InternLM2-7B does not change the maxi-
mizer of RewardRank and maintains same perfor-
mances, however, changing the reward model to
UltraRM-13B causes slight performance degenera-
tion on L1lama-3.1-8B.

Additional Results. Due to space limit addi-
tional experimental results can be found in the
Appendix, including the detailed trend of down-
stream task performances (Appendix E.1), results
on additional LLM (Appendix E.2), the influence
of SFT learning rates (Appendix E.3), results on
additional datasets (Appendix E.4), and example
chat conversations with DPO model resulting from
our method and baseline (Appendix E.6).

5 Related Works

Preference Alignment for LLMs. Learning
from human preferences is crucial for the success
of LLMs, as this provide the gold-standards for how
LLM should behave and generate outputs that are
aligned with human values. Currently, most of the
endeavors in this domain can be categorized into
two main branches: (i) techniques such as Proxi-
mal Policy Optimization (PPO) (Bai et al., 2022;
Ouyang et al., 2022b; Schulman et al., 2017) and
its variants, which requires standalone reward mod-
els for reward modeling, and (ii) techniques such
as Direct Preference Optimization (DPO) (Rafailov
et al., 2024) and its variants (Meng et al., 2024;
Ethayarajh et al., 2024; Yuan et al., 2026), which
does not need a separate reward model, but mod-
els the pairwise preferences using the target LLMs
directly. In both categories, main stream methods
requires a supervised fine-tuning (SFT) process
before the actual preference alignment to (i) pro-
vide a good initialization for preference alignment,
which enables the LLM to interact in an instruction-
aligned manner; and (ii) create a reference model
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Table 2: Performances of Mistral-7B-v0.1 and Llama-3.1-8B on popular down stream tasks.

LLMs | MISTRAL-7B-v0.1 | LLAMA-3.1-8B

BENCHMARKS \ ARC  HELLASWAG MMLU TRUTHFULQA \ ARC  HELLASWAG MMLU TRUTHFULQA
SFT Loss 57.42 82.36 55.19 48.13 63.23 83.65 64.07 54.09
LoG-ProB 66.13 84.44 59.31 61.62 61.09 83.76 63.74 54.99
EARLY-ACC. 65.96 85.71 62.55 54.78 60.75 83.82 65.65 56.87
REWARDRANK \ 68.26 86.01 61.61 62.60 \ 62.71 84.25 65.65 60.15

Table 3: Influence of changing reward model for RewardRank.

LLMs | MISTRAL-7B-v0.1 LLAMA-3.1-8B
BENCHMARKS | MT-BENCH ALPACA-EVAL 2.0 MT-BENCH ALPACA-EVAL 2.0

\ SCORE LC WIN RATE (%)  WIN RATE (%) SCORE LC WIN RATE (%)  WIN RATE (%)
ULTRARM-13B 7.25 22.54 18.70 7.27 16.36 14.95
INTERNLM2-7B 7.25 22.54 18.70 7.37 17.56 15.47
ATHENE-RM-8B 7.25 22.54 18.70 7.37 17.56 15.47

to steer the alignment phase, avoid reward hacking
under the alignment objective, or catastrophically
forgetting existing knowledge.

Transferability Estimation. Another highly rel-
evant topic to the problem of SFT checkpoint
selection is known as transferability estimation,
with usually emphasizes on selecting the best pre-
trained model for a specific downstream task by es-
timating its post fine-tuning performances (Nguyen
et al., 2020; Tran et al., 2019; You et al., 2021;
Zhang et al., 2023). While this line of works have
been proven successful in classical tasks such as
image classification, how to perform transferabil-
ity estimation for pre-trained LLMs in open-ended
generation remains unexplored. More specifically,
(Bai et al., 2023) provides a comprehensive review
on the applicability of the existing transferability
estimation techniques on language model in clas-
sification tasks, also acknowledging that making
existing heuristics to be applicable for open-ended
generations to be challenging. Subsequently, (Lin
et al., 2024) proposed the concept of "rectified scal-
ing law", which aims to select among pre-trained
models from different size and corpus, determining
which one is most suitable to be fine-tuned to a tar-
get task. However, their proposed solution cannot
be naively migrate to early-stopping in the post-
train stage, as it was not designed for scenarios
where model are trained on same sources, and the
models that are of same size.

Model Selection in OOD Scenario. Another
highly relevant topic is model selection in out-of-
distribution (OOD) scenario, where we have a col-
lection of models that are known to trained on a

different source, and we wish to determine which
one is most suitable for a new distribution without
labeled data (Baek et al., 2022; Garg et al., 2022;
Guillory et al., 2021; Xie et al., 2024a,b, 2023; Li
et al., 2024a; Yuan et al., 2025; Tu et al., 2025).
One major line of research in this domain is se-
lecting model based on their predicted confidence
to the unlabeled data in the new domain, this can
be seen as equivalent to a naive baseline proposed
in the original DPO paper (Rafailov et al., 2024),
which we will compare as baseline in experiments.

Due to the limit space, a more elaborated dis-
cussion of the existing works and their potential
applicability to the open-ended generation tasks
will be provided in the Appendix C.

6 Conclusion

In this paper, we holistically addressed the problem
of determining which SFT model is most suitable
for serving as the reference model for preference
alignment. We rebut the conventional practice of se-
lecting the checkpoint with smallest validation loss,
showing that this approach could be vulnerable to
the objective conflict between SFT and preference
alignment stages. To that end, we propose to lever-
age the initial reward of the SFT models as metrics
for model selection, if a SFT model is more implic-
itly aligned with the preference distribution before
the preference optimization, then this SFT model
is likely to be easier to fine-tuned on preference
data under the KL constraint. Extensive empirical
findings suggest our proposed method can bring
substantial performance improvements comparing
to existing heuristics.
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7 Limitation

While RewardRank has been proven effective
on commonly used benchmarks, and empirically
shown to be robust to the choice of reward model.
Its theoretical grounding still requires the surrogate
reward model being used to be able to approxi-
mate true reward oracle. In other works, the the-
oretical effectiveness of the RewardRank asymp-
totically depends on the divergence between the
surrogate reward model and true reward oracle. On
the other hand, such assumption can usually be met
in common RLHF set-up, where the reward model
being used is either trained from self-hosted prefer-
ence datasets, or use the off-the-shelf reward model.
Also, in scenarios where LLM is more resilient
to the objective conflict, such as Llama-3.1-8B,
model selection using RewardRank does not lead
to performances improvements in all aspects.
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A LLM usage disclosure

We the authors hereby declare that we used LLM
for the following purposes during this research
project and for the following purposes only: (i)
writing polish, LLMs are used to polish the writ-
ing of human authors’ written paragraphs to elim-
inate grammar errors, improve wording, etc. No
paragraphs in this paper are purely generated from
LLM based on human instructions. (ii) coding,
LLM coding agents are utilized to facilitate the
code development of this project, their usage in-
cluding implement basic functionalities such as
implement data-loader, diagnostic error trace, etc.
No conceptual implementations in this paper are
purely generated from LLM without pre-designed
by human authors. (iii) literature review, LLMs
are used to help improve the comprehensiveness
of the literature review, after collecting any rele-
vant papers based authors’ expertise to this domain,
LLMs are therefore used to double-check if there’s
any missing relevant works. All proposed literature
from LLMs are double checked by human authors.

B Theoretical Analysis

B.1 Notations

Here we summarize the key notations we used in
this paper in Table 4 for clarity and consisteny.

B.2 Assumptions

In this section we list out some of the assumptions
we used. First recall Assumption 1, which assumes
the aligned preference model 7 has a bounded dis-
tance to the initial reference model 7. And Assump-
tion 4, which is a direct invocation of the Lipschitz-
continuity assumption of the reward model. In
addition, we make the following assumption:

Assumption 3 (Finite hypothesis class). We as-
sume there is countable many candidate SFT check-
points within collection H, such that |H| = m.

We assume we are selecting SFT checkpoint
from a pre-defined finite search range, which aligns
with the common practice of model selection. In
addition, using this assumption allows us to borrow
tricks from PAC-learning with finite hypothesis
class, such as applying Union bound to uniformly
bound all candidate checkpoints with concentration
inequality.

Assumption 4 (Lipschitz continuity). There exists
L > 0 such that for all policies p,q in the set

HUAH),

| Ra(p) — Rulq) | < Ld(p,q).

Assumption 4 is commonly used in machine
learning for proving localization results.

B.3 Proof of Lemma 1

Proof. Define the events

E; = {d(.A(Tri),ﬂ'i) <p},
By = {d(A). =) <o},

By Assumption 1, Pr(E;) > 1 — « and Pr(E;) >
1 —a. Let E := E; N E;. By the union bound,

Pr(E) > 1—Pr(E)) —Pr(Ej) > 1-2a.

On the event E;, Assumption 4 gives

R, (A(ﬂ’))

A%
)
X
ﬁ@
[

h
S
—
P
ﬁ@
\.:L
~—

Similarly, on E;,

IN

R (A(x7)) < Ru(x?) + Ld(A(x7), 77)

< R,(7%) + Lp.

Subtracting those two inequalities and restricting
to the intersection event E gives us:

R (A(m")) — Re(A(n7))
> [Ru(n") — Ru(n?)] — 2Lp.

With probability of at least 1 — 2q.. 0

B.4 Lemma?2

Lemma 2. Let s € [0, 1], invoking Hoeffding’s
2log(2m/9)

inequality, let €, =
probability at least 1 — 0,

, So that with

n

VreH: ‘Rs(ﬂ) — ES(W) | < €. &

n

The factor log(2m/d) arises from a union bound
over the m candidates and two-sided deviations.
B.5 Proof of Proposition 1

Proof. By Lemma 1, there exists an event E with
Pr(F) > 1 — 2a such that on E,

R, (A(n")) — Re(A(x7)) > )
[Ri(n") — Ry(n?)] — 2Lp. (6)
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Table 4: Mathematical notation used throughout this paper.

Notation Description

T A policy, representing a Large Language Model.
Tref The reference policy in the DPO objective, typically a frozen SFT model.
o The policy being optimized during preference alignment.

H The set of candidate SFT models, {71, ..., ™}

X Input prompt, a sequence of tokens.

y The ground-truth response in SFT, a sequence of tokens.

Yo The chosen (winning) response in a preference pair.

Yi The rejected (losing) response in a preference pair.

Yi A one-hot vector representing the i-th token in a response sequence y.

D A dataset. Dspr for SFT, D for preference data.

X,V The space of all possible prompts and responses, respectively.
L Loss or objective function (e.g., Lsrr, LDPO)-
Ty The unknown, ground-truth oracle reward function.
R.(w)  The expected oracle reward of a policy 7 over the data distribution.
A Preference alignment algorithm that maps an SFT model 7 to an aligned policy A().
o(+) The logistic sigmoid function.
B A hyperparameter controlling the strength of the preference penalty in DPO.

Assumption 2 implies for each m € H that
Ri(m) = Rs(m)—y

Subtracting the inequalities for 77* and 7/ yields the
following results:

and R,(m) < Rs(m)+v

R*(ﬂ'i) — R*(Tl'j) > [Rs(ﬂ'i) — Rs(wj)} — 27.
(7

By (4), there exists an event C with Pr(C) >

1 — 4 such that on C, simultaneously for all 7 € H,

—6n < Ry(m) — RE(7) < en.

n
Applying this to 7% and 7/ and subtracting gives
Ry(n") — Ry(n?) > [ﬁ,‘f(ﬂl) — fi;(ﬂ])] — 2¢,.
®)

Consider the intersection event 2 := E'NC. By
the union bound,

Pr(Q) > 1—-Pr(E°) —Pr(C°) > 1—(2a+9).
On (), chaining (5), (7), and (8) yields
R, (A(r")) — R (A(x7))

> { Ru(x') = Ru(x?) } —2Lp

> { Ro(x') = Ry(x7) } = 2y = 2Lp
> { Ri(r) = Ri(r) } = 20 — 27 = 2L,
which is the desired inequality. O

B.6 Proof of Proposition 2
Proof. For each m € H, define the event

E; = {d(A(r),

By Assumption 1, Pr(E;) > 1 — aforevery m €
H. Hence, by the union bound:

Ea = ﬂ Er

By Lemma 2, there exists an event

™) < p}

satisfies  Pr(E,;) > 1 — ma.

C:= {VW €H: |R(m)— ﬁs(ﬂﬂ < en}

such that Pr(C) > 1 — 4.
Let Q := E, ;N C. Then

Pr(2) >1—-0 —ma.

Now fix any 7' € H \ {nT}. On the event ,
both d(A(nt), 7T) < pand d(A(x"), 7") < p hold.
Therefore, by the same argument as in Lemma 1
and Proposition 1,

R, (.A(?TT)) — R, (A(r"))

> [Ru(r!) - Ru(n")] —2Lp

> [R¥(wh) = RS(x')] — (2Lp + 2)

> [Ry(n) = R (n')] = (2Lp + 27 + 26x)



By the assumed empirical gap,
R:(x1) — R3(x') > 2Lp + 27 + 26y,
and thus
R, (.A(ﬂ'T)) > R, (.A(ﬂ")).

Since 7/ € H \ {n'} was arbitrary and the event
() is common to all candidates, we have:

arg max R.(A(m)) ==
Therefore,

Pr (arg max R, (A(r)) = 7rT> >1-6—ma,

meH
which proves the claim. 0

C Related Works
C.1 Model selection in OOD.

Selecting the appropriate reference model for pref-
erence alignment could be seen as a relevant task
for model selection in out-of-distribution (OOD)
scenario. Some commonalities they share lies
within the fact that, SFT models are potentially
trained from a dataset with different distribution
comparing to the target task, which is the prefer-
ence dataset. And we are interested in determin-
ing which of these model trained from a different
source, will lead to a preference model with the
best performances. However, there are still some
key distinctions: (i) we are interested in the per-
formances of the preference model after the pref-
erence alignment process, whereas the majority
of works in OOD model selection only consider
the zero-shot performances of the model without
accessing the labeled data in target domains; (ii)
the objective functions are assumed to be the same
across source and target domains (e.g. multi-class
classifications), however, in out task, the objec-
tive functions between SFT model and preference
model could be dramatically different.
Specifically, one major line of works in OOD
model selection can essentially be concluded as
ranking model based on their prediction confidence
on the target domain, for instance, Differences-of-
Confidence (DoC) (Guillory et al., 2021) leverages
the differences between the prediction confidence
of source domain and target domain as the measure
for the model’s resilience to the distribution shift.
Average Thresholded Confidence (ATC) (Garg

et al., 2022) use filtered high-confidence sample
to calculate the prediction confidence as model
selection metrics. Agreement-on-the-line (Baek
et al., 2022) found that using the pairwise consis-
tency of models’ prediction can serve as effective
indicator for OOD performances. Recently, Xie
et al. (2024b) found that using model’s first few
batch’s gradient norm can also effectively identify
the model’s OOD performances, this is particularly
intuitive, considering if a model’s source training
data is of large divergence to the target domain, this
it is anticipated this model tend to make larger step
size in first few iterations.

C.2 Transferability estimation

Transferability estimation is yet another relevant
topic to the our question of interest, the main
premise of transferability estimation is within a
given collection of pre-trained models, without
fine-tuning them to target task exhaustively, how to
effectively predict which one of them will have the
highest performances in the target task. This prob-
lem is highly non-trivial, considering the extreme
computational resources for fine-tuning every sin-
gle pre-trained models, as well as the potential
significant performance gap among the different
choice of the pre-train models.

The vast majority of the works in this domain
have been centric to image classification tasks,
namely, Conditional Entropy (CE) (Tran et al.,
2019) proposed to estimate the target task hard-
ness by leveraging the conditional entropy. Sub-
sequently, the Log Expected Empirical Prediction
(LEEP) (Nguyen et al., 2020) were proposed, with
the intuition that if the zero-shot predictions of
the pre-trained model are already well aligned to
the target label distributions, then this pre-trained
model should be relatively easy to be fine-tuned
to said task. Logarithm of Maximum Evidence
(LogME) (You et al., 2021) is a close follow-up
work to the previous papers, estimating which pre-
trained model maximizes the evidence between
extracted representation and target label, realized
by fitting a linear model to explain the correlation
between the extracted representation and the target
label distribution. However, most of of the afore-
mentioned work suffer from the drawback of speci-
fying to image classification task, while omitting
the more dominant usage of pre-trained foundation
models in generative tasks. More recently, (Lin
et al., 2024) generalizes the transferability estima-
tion task to LLMs in generation tasks, by propos-
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ing the concept of "rectified scaling law", which
amends the naive scaling law by additionally con-
sidering the factor of how much downstream data
are already present in the pre-training source. In-
tuitively, if a LLM is pre-trained on a source data
that has more similar distribution to the target task,
then this model is more easily to be fine-tuned to
that source.

D Detailed Experimental Setup

D.1 Zephyr recipe

Configuration SFT
learning rate 2e — 5
learning scheduler type cosine
warmup ratio 0.1
global batch size 128
gradient accumulation 2
batch size per device 8
training epoch 1
optimizer AdamW
seed 42
precision bfloat16
max sequence length 2048

Table 5: SFT training configuration of Zephyr recipe.

Configuration DPO
learning rate 5e — 7
learning scheduler type cosine
warmup ratio 0.1
global batch size 128
gradient accumulation 4
batch size per device 4
training epoch 1

B 0.01
optimizer AdamW
seed 42
precision bfloat16
max sequence length 1024
max prompt length 512

Table 6: DPO training configuration of the Zephyr

recipe.

Our

implementation  is

based on the

alignment-handbook library!, we refer the
post-train process that involves first performing
SFT on UltraChat dataset, and preference
alignment on UltraFeedback dataset as the
Zephyr recipe. The SFT training configuration
is displayed in Table 5, and the DPO training
configuration is displayed in Table 6, closely
follow the default setup recommended by the
original Zephyr paper (Tunstall et al., 2023).

By default, all models are trained with quad
AMD Instinct MI250X GPUs on a single node,
since each MI250X GPU has dual computing dies,
the effective device number per node is equivalent
to 8, which is also reflected in our micro batch size
calculation in the Table.

Chat Template for Zephyr:
<lIsysteml></s><luserl>
{instruction}</s>
<lassistantl>

D.2 Evaluation

Academic benchmarks. We tested four commonly
used academic benchmarks following existing se-
tups (Tunstall et al., 2023; Meng et al., 2024),
namely ARC (challenge) (Clark et al., 2018), Hel-
laSwag (Zellers et al., 2019), MMLU (Hendrycks
et al., 2020), and Truthful QA (Lin et al., 2021).
The detailed statistics of each dataset is available
in Table 7, where in metrics section, acc. (norm)
refers to normalized accuracy, acc refers to stan-
dard accuracy, and for TruthfulQA benchmark, we
measure the accuracy from multi-choice and multi-
answer metric. The number of demonstrations
(shots) are closely followed from existing evalu-
ation setup (Meng et al., 2024).

MT-Bench. We follow the default evaluation
setup from MT-Bench (Zheng et al., 2023) for eval-
uation with different prompt per-category.

AlpacaEval. We adapt the default configuration
of AlpacaEval (Dubois et al., 2024), which uses
a gpt-4-1106-preview as reference model and
judge to determine the pairwise win-rate of our
model. Specifically, AlpacaEval-2.0 consists 805
questions, we sample the solution of the question
using vLLM library (Kwon et al., 2023) with the
following sampling parameters:

tokenizer_mode: "auto”
dtype: "bfloatl16”
enable_chunked_prefill: True

"https://github.com/huggingface/alignment-handbook
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Benchmarks ARC HellaSwag MMLU  TruthfulQA
# samples 1,172 10,042 14,079 817

# shots 25 10 5 0

seed 42 42 42 42
metrics acc. (norm) acc. (norm) acc. acc.

Table 7: Datasets and evaluation details for academic benchmark, acc. refers to accuracy.

enable_prefix_caching: True
max_new_tokens: 2048
temperature: 0.7

top_p: 1.0

For experiments that we involve self-hosted
Llama-3.3-7@0B-Instruct as judge model, we
also use vLLM library with following sampling
parameters:

tokenizer_mode: "auto”
dtype: "bfloat16”
tensor_parallel_size: 8
enable_chunked_prefill: True
enable_prefix_caching: True
is_chatml_prompt: True
max_new_tokens: 100
temperature: 0.0

top_p: 1.0

The following prompt template is used:

Prompt Template for AlpacaEval-2.0:
<lim_startl>system

You are a highly efficient assistant, who evaluates
and rank large language models (LLMs) based on
the quality of their responses to given prompts. This
process will create a leaderboard reflecting the most
accurate and human-preferred answers.

<lim_endI>

<lim_start/>user

I require a leaderboard for various large language
models. I’ll provide you with prompts given to these
models and their corresponding responses. Your
task is to assess these responses, ranking the models
in order of preference from a human perspective.
Once ranked, please output the results in a structured
JSON format for the make_partial_leaderboard
function.

“instruction”: “‘{instruction}“*,

}

Here are the unordered outputs from the models.
Each output is associated with a specific model,
identified by a unique model identifier.

{

{ “model”: “m”, “output”: ““{output_1} },

{ AGmodelﬂ: “M”’ “Output”: ““{Output_z}““ }

}

Evaluate and rank the models based on the quality
and relevance of their outputs. The ranking should be
such that the model with the highest quality output is
ranked first.

<lim_endI>

D.3 Dataset details

Here we present more details of the datasets and
benchmarks used with some statistics.

UltraChat The original UltraChat is a large
scale multi-turn dialogue datasets generated by
GPT-3.5 (Ding et al., 2023), the version we adapt
is more curated version by the H4 team which
trims down to around 200k dialogues (Tunstall
et al., 2023). In our SFT process, we use the de-
fault train test split provided by default, where we
have 207,865 dialogues for training and 23,110
dialogues for validation.

UltraFeedback. We use the curated version of
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UltraFeedback from H4 team, which is format-
ted into the binary preference format with chosen
and rejected completions. In our experiments, we
use the default train test split provided by default,
where we have 61,135 samples for training and
2,000 samples for validation.

D.4 Baseline details

Early Accuracy. An intuitive baseline for such sce-
nario, where we cannot afford the resources to train
all configurations, is known as short-horizon tech-
nique, which we termed as early accuracy here.
This concept is closely aligned with the notion of
successive halving (Li et al., 2018; Lin et al., 2024),
where the core idea is we first invest a small fraction
of resources (e.g. training iterations), and observe
the outcome to decide if we want to invest more
resources. This approach is conceptually akin to
observe the early training metrics such as accuracy,
minus the "observe and continue" part. To ensure
fair comparison, e.g. the evaluation resources spent
are comparable to our proposed method, we empir-
ically set the best observing window (early training
iterations) to be 50 iterations.

Log-Prob. For the implementation of calculat-
ing the log-probabilities (Rafailov et al., 2024), we
randomly sample 200 chosen responses from the
preference dataset, and ask the initial SFT model
to produce its estimated log-probabilities over the
chosen sequence. To maintain the fairness the com-
parison, we use the same amount of sample for
calculating RewardRank.

E Additional results

E.1 Downstream Task Performances

Here we give the detailed trend of the performances
on academic benchmarks in Figure 5, resulting
from LLM being preference aligned by different
SFT checkpoints. Notably, we consistently ob-
serve that, early SFT checkpoints usually lead to
superior, or at least no worse performances in aca-
demic benchmarks. This is especially pronounced
for Mistral-7B-v@. 1, where we can observe that
where tend to exist a significant drop at the early
stage of the SFT training. This is consistent with
our observation in the experiment section, where
Mistral-7B-v@.1 tend to degenerates faster than
Llama-3.1-8B. While for L1ama-3.1-8B, it does
not degenerates significantly, selecting model with
smallest validation loss (last checkpoint) tend to
give poor performances as well.

Table 8: Results of early-stopping on AlpacaEval 2.0
(QWen-2.5-3B).

| AE 2.0 (JUDGED BY LLAMA-3.3-70B)

METHODS

| LC WIN RATE (%) WIN RATE (%)
WORST 7.67 5.03
SFT Loss 10.32 6.40
LOG-PROB 7.67 5.03
OURS \ 13.12 10.87

E.2 Results on additional LLM

To further test if such strong influence of early-
stopping persists across diverse and recent archi-
tectures, we also test Qwen-2.5-3B using the same
Zephyr recipe with identical experimental config-
urations, except that the SFT model will be uni-
formly saved for every 100 iterations. We report
the performances on AlpacaEval, where we use
Llama-3.3-70B-Instruct as judge model and
gpt4_1106_preview’s response as reference re-
sponse. As shown in Table 8, we can see that
similar to main results, post-training on Qwen-3B
with SFT early-stopping by RewardRank shows sig-
nificant performance improvements over baselines.

E.3 Influence of learning rate to
early-stopping

Here we provide supplement to the ablations in
the main experiments, showing how various learn-
ing rates with linear learning rate scheduler in SFT
stage tend to influence the final preference align-
ment models. For learning rate 1e-5 and 2e-5, we
have similar observations to the results with cosine
scheduler, that is, preference-aligned model tend to
achieve superior performances in early SFT stage,
and using validation loss remain as sub-optimal
choice. However, using learning rate with 5e-6
shows a much stable trend in the change of MT-
Bench score, where we can observe the perfor-
mances tend to be rather uniform across different
SFT checkpoint as reference model. We hypothe-
size this can be attribute to the more stable learn-
ing dynamics resulted from smaller learning rates.
However, it is still important to note that the perfor-
mances from this set-up is sub-optimal comparing
to the recommended learning rates we adapted in
the main experiments, underscoring the importance
of the model selection and the validity of our pro-
posed method in a more common and important
setting.
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Figure 5: Accuracy trend of preference aligned LLMs from different SFT checkpoint on academic benchmarks.
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respectively.

E.4 Results on additional datasets

Another question of interest is wether such ob-
jective conflict persists across different combi-
nation of SFT, DPO training datasets. To test
this, we conduct additional experiments on new
post-training pipelines, where for the SFT dataset,
we use Deita dataset (Liu et al., 2023), and for
DPO, we use Argilla datasets (Alvaro Bartolomé
Del Canto et al., 2024). We perform post-training
on Llama-3.1-8B, and follow the identical train-
ing setup as main experiments, except that for SFT
the training epoch is set to be 3 by default, and
for DPO the 3 regularization is set to be 0.05.
We report the performances on AlpacaEval, where
we use L1lama-3.3-70B-Instruct as judge model
and gpt4_1106_preview’s response as reference

response. As shown in Table 9, we can see that both
RewardRank and Log-Prob can effectively identify
a more effective SFT checkpoint than SFT loss.

Table 9: Model selection results on Deita + Argilla
recipe.

| AE 2.0 (JUDGED BY LLAMA-3.3-70B)

METHODS

| LC WIN RATE (%) WIN RATE (%)
WORST 8.32 4.78
SFT Loss 8.68 5.65
LoG-PRrROB 12.87 11.12
OURS ‘ 12.87 11.12
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Figure 7: Correlation between average response length
v.s. reward score.

E.5 Analysis on the correlation between
reward values to response length

In the area of preference alignment, there has
been a known association between LLM judge’s
preference and the length of the generated re-
sponse.  While Length-controlled Win Rate
(LCWR) (Dubois et al., 2024) mitigates this issue
to an extent, it is still important to examine the cor-
relation between reward values and response length
to rule out confounding factors for the success of
RewardRank. We summarize the results in Fig-
ure 7, where the average length is calculated from
the responses of different base SFT models to the
preference dataset UltraFeedback, and the reward
score is calculated using the default reward model.
The base LLM used here is Mistral-7B-v0.1.

As we can see from Figure 7, we observe only
a 0.126 Pearson correlation between average re-
sponse length and reward score, indicating an ex-
tremely weak linear relationship between the two.
This suggests that the empirical success of Re-
wardRank is less likely due to confounding factors
such as bias towards response length.

E.6 Example conversation

Here we provide some concrete examples of how
the superior performances of the selected models
by our method reflected into concrete conversa-
tions. We randomly sampled one question from
the UltraChat (Ding et al., 2023) dataset and use
it to prompt baseline model - DPO trained on
reference model with the best SFT loss, and our
model - DPO trained on reference model with the
best RewardRank. We obtain the results from the
transformers library’s built-in chat capabilities,
and set the max new tokens to be 8§192.

As we can observe from this example, while the
generated content has no significant qualitative dif-
ferences, the generated results from model trained
on the RewardRank selected base model shows bet-

ter tendency in expressing helpfulness - evidenced
by the initial direct response to users request, which
behaves more like well-aligned chatbots.
Justifications from SOTA LLMs. In addition to
providing subjective interpretations to the example,
we also prompt SOTA LLMs, namely ChatGPT 5.2,
Claude Opus 4.5, and Gemini 3.0 Pro for judging
and explaining which generated output is better.
The prompt template is formatted as follow:

Prompt template

Consider question: <Question>

And the following responses, the first response
is: <R1>

the second response is: <R2>

Which one is better? Provide detailed justifi-

cations.
\ J

Each LLMs are prompted twice: with the order
of baseline response and RewardRank’s response
being swapped to avoid position bias, here is a
summarization of the LLM judging results:

Table 10: Summarizations of LLM judge results.

‘ CHAT EXAMPLE PREFERENCE

JUDGE LLM

\ TRY 1 TRY 2
CHATGPT 5.2 REWARDRANK REWARDRANK
CLAUDE OPUS 4.5 | REWARDRANK REWARDRANK
GEMINI 3 PRO REWARDRANK REWARDRANK

In all cases, all LLMs view responses generated
by RewardRank’s resulting model are "significantly
better", where explanation centers around the fol-
lowing arguments: (i) faithfulness to the instruc-
tion, as the instruction asks to recommend lesser
known landmarks, and our response better aligns
to that requirement; (ii) there’s hallucination in
the generated results of baseline response, since
there’s no "The Mayrose Theatre" in London as a
landmark.
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Which famous landmarks should I visit in Lon-
don, beyond the usual ones?

Response (baseline)

\

1 The Shard: The tallest building in the United Kingdom,
offering stunning panoramic views of the city.

2 The Coal Drops Yard: A vibrant shopping and cultural
destination in King’s Cross, featuring art installations,
independent boutiques, and dining options.

3 Battersea Power Station: A historic power station
turned cultural hub, home to restaurants, shops, and a
cinema.

4 The Royal Observatory: Located in Greenwich, this is
the home of the Meridian Line, the Royal Greenwich
Observatory, and the famous Royal Observatory
Astronomical Clock.

5 The Tate Modern: A contemporary art museum
housed in a converted power station on the banks of the
Thames.

6 Leadenhall Market: A stunning covered market with
gourmet food stalls, high-end shops, and a variety of
pubs and cafes.

7 The Maryrose Theatre: A hidden gem, this off-West
End theater specializes in shows that explore contempo-
rary issues in Britain.

8 Brompton Cemetery: A magnificent Victorian ceme-
tery with ornate tombstones and stunning architectural
features.

9 The Trafalgar Square Christmas Tree: If you’re
visiting London in December, stop by Trafalgar Square
to see the famous Christmas tree and enjoy festive events.

10 The Geftrye Museum: A British museum focused on
the history and culture of the domestic interior, featuring
numerous period rooms and galleries.

All of these landmarks offer a unique and memorable ex-
perience for visitors to London beyond the usual tourist
hotspots.

Responses (ours)

To explore lesser-known landmarks or off-the-beaten-
path attractions in London, here are some exciting
options that offer a fresh perspective on the city:

1 The Dennis Severs’ House (Spitalfields) - Step into
this immersive 18th-century dwelling and experience
the sights, sounds, and scent of daily life in London’s
East End.

2 The Hunterian Museum (Royal College of Surgeons,
Lincoln’s Inn Fields) - Take a deep dive into medical
history and marvel at rare specimens, instruments, and
taxidermy in this surprising and intriguing museum.

3 Crossness Pumping Station (Belvedere) - This
stunning Victorian engineering wonder houses two
mighty beam engines and offers unique insights into
London’s 19th-century water system.

4 Queen Elizabeth Olympic Park (Stratford) - Explore
the transformed site of the London 2012 Olympics,
featuring the iconic ArcelorMittal Orbit, the world’s
tallest and longest tunnel slide, and a range of green
spaces and public art.

5 Geftrye Museum (Shoreditch) - Trace the evolution
of the English home, from the Tudor age to the present
day, in an atmospheric series of period-specific rooms,
showcasing furniture, design, and decor.

6 New River Walk (Haringey) - Take a stroll along a
stretch of the New River, a 17th-century underground
supply channel that spans more than 35 miles and is a
hidden gem of London’s history and landscape.

7 London Canal Museum (King’s Cross) - Discover
the story of London’s canals, including the fascinating
history of the ice trade, and explore a preserved
Victorian warehouse.

8 Charlton House (Greenwich) - Enjoy a beautiful
example of Jacobean architecture in the grounds of one
of South East London’s most serene green spaces.

9 V&A Museum of Childhood (Bethnal Green) -
Immerse yourself in the world of childhood and explore
a unique collection of toys, games, and playthings,
spanning from the 1600s to the present day.

10 Fenton House (Hampstead) - Spend a peaceful
afternoon within an Elizabethan house, admiring
an extensive collection of musical instruments and
beautiful gardens.

These lesser-known landmarks will provide you with an
alternative perspective of the city and are perfect for ex-
ploring London’s fascinating history and contemporary
culture.
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