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Abstract

Traditional decoding-time alignment methods,
such as Best-of-N sampling, enhance output
quality by selecting high-reward responses
from multiple candidates. However, these ap-
proaches incur substantial computational over-
head, which limits their practicality. Recent
advances aim to mitigate this inefficiency by
scoring and filtering partial generations early in
the decoding process. However, these methods
face a critical challenge: conventional reward
models (RMs), optimized to assess complete
responses, exhibit poor performance when eval-
uating truncated text. To address this, we in-
troduce RewardPartial!, a novel evaluation
paradigm that shifts the focus from superficial
partial-text quality to estimating a response’s
completion potential. We provide theoretical
analysis for this paradigm through the perspec-
tive of Markov Decision Process and construct
TruncEval, a specialized dataset for training
RewardPartial models to accurately predict this
potential. Our evaluation on the TruncEval test
set demonstrates that RewardPartial models de-
liver significant performance gains over con-
ventional reward models. When deployed in
early-filtering pipelines, our method achieves
superior alignment performance compared to
Best-of-N sampling, offering a more efficient
solution for high-quality text generation.

1 Introduction

Decoding-time alignment (Huang et al., 2024; Shi
et al., 2024b) has emerged as a promising training-
free paradigm (Shi et al., 2024a; Zanella et al.,
2024; Wang et al., 2024) that leverages reward mod-
els (Mahan et al., 2024; Chen et al., 2025; Ye et al.,
2024) during inference to preserve the general capa-
bilities of LLMs while enabling flexible preference
adaptation. However, conventional decoding-time
methods like Best-of-N sampling (Verdun et al.,

1https://github.com/RewardPartial/
RewardPartial

2025; Gui et al., 2024; Kang et al., 2025) incur
prohibitive computational waste by generating mul-
tiple full responses prior to evaluation. To address
this, a more efficient paradigm (Sun et al., 2024; Li
et al., 2024) has emerged: partially generating re-
sponses with controlled tokens, scoring them with
Reward Model (RM), and selectively completing
only high-reward candidates, thus balancing align-
ment quality with computational efficiency. For
simplicity, we refer to it as Truncated Best-of-N.

Although Truncated Best-of-N demonstrates
considerable potential, its reliance on conventional
reward models (RMs) to assess partial responses
raises concerns regarding its alignment reliability.
Deng and Raffel (2023); Yang and Klein (2021);
Khanov et al. (2024) demonstrated that RMs of-
ten lead to suboptimal alignment quality when ap-
plied directly to incomplete text. Similarly, Li et al.
(2024) found a non-positive correlation between an
RM’s scores for the partial and complete versions
of the same response. This leads to a fundamental
inconsistency in evaluation across the generation
timeline. As a result, as depicted in Figure 1, the
Truncated Best-of-N alignment paradigm can suffer
from suboptimal performance of RMs on partial re-
sponses, ultimately undermining the effectiveness
of the alignment process.

To address this critical inconsistency, we propose
the development of a novel class of RM, Reward-
Partial, specifically designed to perform predictive
evaluation of partial responses. This RM would be
trained not to score the present state of a text frag-
ment, but to estimate the ultimate alignment quality
and overall reward of the completed response that
the partial text is likely to lead to. By learning to
project the future trajectory and final quality from
an incomplete prefix, RewardPartial would provide
temporally consistent and forward-looking assess-
ments. This capability would seamlessly integrate
into the Truncated Best-of-N paradigm, enabling
accurate early selection of high-potential candi-
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Evolution of Best-of-N Sampling for Efficient Decoding-Time Alignment
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Figure 1: Evolution of Best-of-N sampling for efficient decoding-time alignment. From the costly standard
approach (a) to the efficient but unreliable truncation with standard RMs (b), which exhibits a scoring misalignment
between partial and complete responses. Our method (c) addresses this misalignment by integrating a novel
RewardPartial model, specifically trained to predict the completion potential of partial responses, thereby ensuring

both efficiency and alignment fidelity.

dates without the need for wasteful full generation.

The design of RewardPartial is grounded in a key
empirical observation: a partial response substan-
tially predetermines its eventual perceived quality.
As illustrated in Figure 2, when the same truncated
response is independently extended by multiple
LLMs with diverse architectures, scales, and ca-
pabilities, the resulting complete responses consis-
tently receive remarkably similar RM scores (De-
tailed in Appendix A.1). This indicates that a par-
tial response possesses a quantifiable completion
potential—its capacity to evolve into high-reward
terminal states. Building on this insight, we adopt
a Monte Carlo estimation (Dagum et al., 2000; Li
et al., 2025) approach to approximate the comple-
tion potential of partial responses that we gener-
ate multiple possible completions using a diverse
set of LLMs and aggregate their reward scores.
This procedure allows us to construct TruncEval,
a novel dataset in which partial responses are an-
notated with empirically derived completion poten-
tials rather than superficial quality scores. Trained
on TruncEval train set via Supervised Fine-tuning,
RewardPartial learns to predict completion poten-
tial, thereby providing a reliable and efficient early-
stage scoring mechanism for the Truncated Best-
of-N framework.

Our experimental results comprehensively val-

idate both the accuracy of RewardPartial and its
practical effectiveness in real-world applications.
On TruncEval test set, RewardPartial achieves sig-
nificant improvements across all metrics. For in-
stance, Qwen?2.5-7B-Instruct-RewardPartial (Yang
et al., 2025) attains an exact match score of
(0.7278 and a Pearson correlation (Sedgwick, 2012;
Harary, 2024) of 0.8351, substantially outperform-
ing the base Qwen2.5-7B-Instruct model (0.3789
and 0.5272, respectively) as well as the strongest
proprietary API alternatives. More critically, the
extensive Best-of-N experiments on AlpacaEval
2.0 (Dubois et al., 2024; Zheng et al., 2025) re-
veal that our method consistently surpasses con-
ventional sampling approaches across different
generator models (Qwen1.5/3/7/14B), N (3,10,30)
and RMs (Llama3.1-8B-Instruct and Qwen2.5-7B-
Instruct), showing stable performance gains when
applied within the Truncated Best-of-N paradigm.
Specifically, compared with Standard Best-of-3,
Truncated Best-of-N achieves 50.2% win rate and
20.8% lose rate under similar tokens usage. Similar
gains can also be seen on math and code tasks, and
our method can also improve the efficiency and
performance of model training.

In conclusion, we make three key contributions.

* We propose a novel reward model paradigm
RewardPartial to resolve the critical incon-
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Figure 2: Comparison of reward model scores across
three response types: (1) original full-length answers,
(2) clipped segments by first 100 tokens and (3) full
responses completed by diverse LLMs. All model com-
pletions achieved highly similar scores (ranging from
4.99 to 5.31 with the average of 5.16), much higher than
the truncated segments’ scores (3.95), indicating that
response quality is largely driven by the initial partial
context. Experiment details and extended analyses are
provided in Appendix A.1.

sistency in the efficient Truncated Best-of-N
framework, where conventional RMs cannot
reliably assess partial responses.

* We provide both theoretical grounding and
empirical evidence to demonstrate that partial
responses can predetermine final quality, and
we introduce the first benchmark, TruncEval,
designed specifically to evaluate the comple-
tion potential of truncated responses.

* We extensively validate RewardPartial’s supe-
rior scoring accuracy on our curated TruncE-
val test set and demonstrate its practical ef-
fectiveness, enabling the Truncated Best-of-N
paradigm to achieve higher alignment quality
with similar computational cost.

2 Methodology

In this section, we first present our theoretical anal-
ysis and empirical verification of RewardPartial
and then introduce the construction and application
methods of RewardPartial.

2.1 A Theory Analysis and Empirical
Verification

In the previous experiment Figure 2, we have con-
firmed that RMs consistently undervalue partial
responses compared to their complete versions:

E[R(y1:)] < E[R(y1: @ yer:7)] (D)

where y1.; denotes a truncated response at t token
and yy4 1.7 denotes its completion to a full response.

Vs
Evaluate a submitted unfinished response to a user's query.
First provide a rating score, then complete it before writing
your critiques.

[BEGIN DATA]

ek

[Query]: {Query}

[Unfinished_Response]: {Unfinished_Response}

ke

[END DATA]

First provide your final rating for the response on a scale of

1 to 10 by strictly following this format: “[[rating]]", for
example: "Rating: [[5]]".

Then

1. First write "[Response Completion]" and provide what

you judge to be a natural completion.

2. Write "[Judgment]” and your critiques of both the original
and completed portions. )

.

Figure 3: Prompt Template of RewardPartial for Com-
pletion Potential Evaluation

Additionally, & denotes concatenation, R denotes
reward from RM and F denotes expectation.

To address this RM bias in the Truncated Best-
of-N paradigm, we define the language generation
process as a Markov Decision Process (as detailed
in Appendix A.2) and propose evaluating partial
responses through their completion potential with:

R(y14) = Ey,,, gl [Rr)] ()

By Monte Carlo Estimation theory, the expecta-
tion in Eq. 2 can be practically estimated by:
N

yl:t Z

~(2) ) ~(2)

(y1: tBUii1.7)s Upprr ™~ p(-|2, y1:t)

3
Through N completion trials using diverse
LLMs, we need to verify the estimation stability:

CV({R(y1:t ® M;(yre1r)}l)) <€ (4

A low CV (coefficient of variation) value indicates
that the estimation variance is controlled, confirm-
ing the reliability of Monte Carlo estimation with
limited samples. In our practice, the threshold
e = 0.15 is set as discussed in Appendix A.2.

2.2 TruncEval Dataset Construction For
Training and Testing RewardPartial

Leveraging Monte Carlo Estimation to predict
the completion contents and scores of partial re-
sponses, we integrate response completions with
their corresponding scores to construct the TruncE-
val dataset through a carefully designed prompt
(Figure 3). This paradigm of RM generates com-
pletions for truncated responses before evaluating
them, thereby developing the capability to assess
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Algorithm 1 Different Baselines of Best-of-N with
similar Token Consumption

Input: Prompt set X with K prompts, Base LLM 7, Reward
models R, for full responses/R for partial responses, Trun-
cation tokens length L, Full generation times /N

Output: Optimized responses {yj, } of two methods

1: Method 1: Best-of-N

: for each prompt z, € X do

Generate N full responses with 7, score with Ry

Select highest-scoring response y;;

Record its token consumption ¢,

: end for

: Calculate total tokens usage 1" and average tq.4 across all
prompts

: Method 2: Truncated Best-of-N’(ours)

: Compute N’ based on T, tavg » L and K and maintain
similar token budget with Best-of-N

10: N’ + [(T — K X (tawg — L))/L]

11: for each prompt 1, € X do

12:  Generate N’ responses truncated at L tokens with 7

13: Score partial responses with R, select best partial

14:  Complete the selected partial to final response y;;

15: end for

16: return All optimized responses {yj, } of two methods

Nelee]

the completion potential of partial outputs. To opti-
mize practical efficiency in application, our prompt
design emphasizes the Rating section in the be-
ginning, allowing for immediate truncation after
score retrieval, which significantly reduces token
consumption during RM scoring while maintaining
evaluation accuracy.

Using TruncEval train set, we train RewardPar-
tial from general language model to predict the
expected reward of partial responses using Super-
vised Fine-tuning:

7|

Lsir(0) = Ewyyp | — > 10g Po(ys | =, y<t)
t=1

After getting RewardPartial models, we evaluate
them on TruncEval test set and demonstrate the
performance on truncated responses through four
metrics: Exact Match, Kendall’s 7, Spearman’s p
and Pearson’s r.

2.3 Integration into Decoding-Time
Alignment (Best-of-N Sampling)

The practical efficacy of RewardPartial must be
demonstrated in real application with Truncated
Best-of-N. To enable a fair comparison with Best-
of-N sampling paradigm under similar token con-
sumption, we designed an equitable evaluation
scheme (as illustrated in the algorithm 1) to assess
quality differences and validate the effectiveness
of our RewardPartial in real-world Decoding-Time

Alignment scenarios. Another point to claim is
that despite the higher frequency of RM usage in
Truncated Best-of-N than Best-of-N, the prompt
design formats scores as "Rating: [[5]]" in the be-
ginning and can be truncated afterward, limiting
RM token consumption to five tokens (only 1% of
generation tokens). To verify that switching from
RewardFull to RewardPartial does not come at the
cost of extra overhead elsewhere in the pipeline, we
additionally measure wall-clock latency, FLOPs,
and peak GPU memory of RewardPartial under
Truncated Best-of-N’ against RewardFull under
standard Best-of-/N with matched compute budget
(Appendix A.3, Table 7), which shows that switch-
ing to RewardPartial introduces no additional com-
putational overhead over the standard pipeline on
the RM side.

3 Construction and Evaluation

We construct the TruncEval dataset through multi-
model completion strategies and use it to train and
test RewardPartial. Our comprehensive evaluation
demonstrate significant improvement over existing
reward modeling paradigms. We further conduct
targeted ablation studies to validate key design de-
cisions, including data combination strategies and
optimal truncation locations.

3.1 TruncEval Dataset Construction

Our TruncEval dataset is derived from the
UltraFeedback-Binarized (Cui et al., 2023) corpus,
which comprises 61k prompts and their correspond-
ing chosen responses. We first filter responses
shorter than 200 tokens (tokenized by Qwen2.5)
and truncate the remaining responses to their first
100 tokens. From this pool, we randomly sample
6,000 instances and split them into 5,000 train sam-
ples and 1,000 test samples. The original chosen
responses have an average length of 458.28 tokens.

To evaluate completion potential, we generate di-
verse continuations for each truncated response us-
ing seven LLMs with varying architectures, scales,
and training regimes: Qwen2.5-7B (Yang et al.,
2025), Qwen2.5-14B, Qwen2.5-32B, Qwen2.5-
7B-Instruct, Qwen2.5-14B-Instruct, Llama3.1-8B-
Instruct (Grattafiori et al., 2024), and GLM-4-9B-
0414 (Team GLM et al., 2024). Then we score all
completions on a 10-point scale using the Autol-
13B (Li et al., 2023) reward model.

Our analysis revealed two key findings: First,
completed responses consistently receive signifi-
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Model Exact Match K7 Sp Pr

GPT-5.5 0.2734  0.3287 0.3716 0.3782
Claude-4.7-Opus 0.4263  0.3614 0.4027 0.3019
Gemini-3.0-Pro 0.3215  0.2913 0.3198 0.4143
Llama-3.1-8B-Instruct 0.5345  0.3418 0.3663 0.4374
Qwen2.5-7B-Instruct 0.3789  0.3759 0.4300 0.5272
RewardPartial (Llama8B)  0.7354  0.7757 0.8218 0.8452
RewardPartial (Qwen7B) 0.7278 0.7572 0.8017 0.8351

Table 1: Evaluation Results on TruncEval test set. Re-
wardPartial (Llama8B)/(Qwen7B) stands for Reward-
Partial trained from Llama3.1-8B-Instruct and Qwen2.5-
7B-Instruct respectively. The metric K7, Sp and Pr
mean Kendall’s 7, Spearman’s p and Pearson’s r.

cantly higher scores than their truncated counter-
parts (average scores of 4.99-5.31 versus 3.95).
Second, different models’ completions of the same
truncated response achieved remarkably similar
scores, as evidenced by a low coefficient of varia-
tion (0.14). Critically, as detailed in Appendix A.1,
this completion-score stability holds consistently
across three independent reward models (Auto]J-
13B, GPT-4.1, and ArmoRM-Llama3-8B), confirm-
ing that completion potential is a robust, scorer-
agnostic signal rather than an artifact of any single
evaluator’s biases.

Based on our analysis in Eq.3 and Eq.4, we em-
ploy Monte Carlo Estimation to determine the com-
pletion potential of these partial responses. We
select the completion closest to the mean score
to pair with each truncated response, forming the
Supervised Fine-tuning data for RewardPartial. Ad-
ditionally, we use this data to train RewardFull for
pair comparison in subsequent experiments, as de-
tailed in Appendix A.4.

Data Construction Cost Analysis. The TruncE-
val dataset construction involves 210,000 total com-
pletions (7 models x 5 completions x 6,000 sam-
ples) followed by reward scoring with AutoJ-13B.
We estimate the total computational cost on 80GB
GPUs using vLLM for batched inference. The en-
tire pipeline costs approximately 20 GPU hours as
a one-time expense. This is more consuming com-
pared to typical RLHF data annotation pipelines but
is substantially amortized by the efficiency gains
during deployment, where RewardPartial elimi-
nates the need for full-length generation of most
candidates in Truncated Best-of-N sampling.

3.2 RewardPartial Training and Evaluation

We fine-tune the base Instruct model on the TruncE-
val training set to obtain RewardPartial, training it
to assess the potential of partial completions. Fine-
tuning is performed via full-parameter optimization

over three epochs at a learning rate of 1.0x 1075 us-
ing four 80GB GPUs. To evaluate RewardPartial’s
ability to score partial responses, we test it on the
TruncEval test set and measure its reward outputs
and the ground-truth scores. A full comparison
with baseline models is provided in Table 1, evalu-
ated across four metrics: Exact Match, Kendall’s 7,
Spearman’s p, and Pearson’s r. All models are eval-
uated under the same prompting setup for partial
responses, shown in Figure 3.

The baselines in Table 1 represent a broad spec-
trum of alternative RM paradigms. The base In-
struct models (Llama-3.1-8B-Instruct, Qwen2.5-
7B-Instruct) represent zero-shot conventional RM
evaluation. The proprietary API models (GPT-5.5,
Claude-4.7-Opus, Gemini-3.0-Pro) represent the
strongest zero-shot models, benefiting from vastly
larger scale and RLHF pretraining. That even these
large-scale models fail to accurately predict com-
pletion potential confirms that the gap is concep-
tual rather than a capacity limitation, which means
standard RMs evaluate current text quality but not
future completion trajectory.

The experimental results confirm the superior
performance of RewardPartial models across all
evaluation metrics. The Llama-3.1-8B-Instruct-
RewardPartial model achieves 0.7354 in Exact
Match, 0.7757 in Kendall’s 7, 0.8218 in Spear-
man’s p, and 0.8452 in Pearson’s r, outperforming
the base Llama-3.1-8B-Instruct model by margins
of 0.2009, 0.4339, 0.4555, and 0.4078 respectively.
Similarly, the Qwen2.5-7B-Instruct-RewardPartial
model shows substantial improvements over its
base version. The consistent superiority across all
correlation metrics and model families (Appendix
A.5) demonstrates that the improvements are driven
by the completion-potential training objective, not
by scale or architecture alone. To assess the robust-
ness of our approach, we also train RewardPartial
variants across different model structures and sizes
as shown in Appendix A.5.

3.3 Ablation Studies

We conduct two systematic ablation studies to vali-
date key design choices in our approach.

Data Composition Ablation: To evaluate the
impact of our multi-times completion strategy, we
compare against a baseline using only the origi-
nal UltraFeedback chosen response as partial re-
sponses’ completions estimation instead of multi-
times completions and aggregation (RewardPartial-
Origin in Table 3). While this simplified ver-
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‘ Best-of-3 Our Best-of-10 Our Best-of-30 Our

Model Reward Model‘lc win win Icwin win |lcwin win lcwin win |lc win win Ic win win

Qwen2.5-1.5B Llama8B 043 0.62 009 0.12] 034 050 1.10 149 | 0.86 130 2.22 2.86

ens.o-t. Qwen7B 024 037 031 050|046 0.62 1.52 199|122 149 214 2.86
Qwen2.5-3B Llama8B 745 6.83 824 7.83(9.09 851 9.76 9.44 |10.22 10.25 11.00 11.06
wens. Qwen7B 772 720 723 745|975 882 9.73 10.06/11.86 11.30 11.77 12.05
Qwen2.5-7B Llama8B 566 634 826 882|804 9.01 1099 11.55| 7.02 8.26 13.04 14.04
’ Qwen7B 7.09 7.33 821 8.70 |10.33 10.31 11.92 12.67|13.23 12.92 13.56 14.53
Qwen2.5-14B Llama8B 11.66 8.76 16.96 13.54|17.18 13.78 19.30 16.52|18.80 15.22 21.83 18.76
’ Qwen7B 16.65 11.80 16.34 13.17|18.90 13.79 19.14 16.52|24.26 18.07 24.09 20.99

Table 2: Complete performance comparison between different sampling methods across models. The table shows
win rates (length control win rate and win rate, simplified for Ic win and win in the table) for Best-of-N sampling
versus our Truncated Best-of-N method under similar tokens usage as Algorithm 1, evaluated using two different
reward models (Llama8B and Qwen7B stand for Llama3.1-8b-Instruct and Qwen2.5-7B-Instruct). Specifically,
Llama3.1-8b-Instruct-RewardFull is used in Best-of-N and Llama3.1-8b-Instruct-RewardPartial is used in our

method, same as Qwen2.5-7B-Instruct. All N values (3, 10, 30) are included.

5.6
Full Response Score
B -

5.2}
50}
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== RewardPartial
== RewardFull

0 50 100 150 200
TruncationPosition (tokens)

Figure 4: The scores of RewardPartial and RewardFull
on partial responses truncated at different tokens length.

sion still outperforms the base model (0.6814 vs
0.5345 Exact Match), our full multi-times ap-
proach achieved superior results (0.7354), demon-
strating that diverse completions provide more ro-
bust potential estimation. Furthermore, we intro-
duce RewardPartial-Sample, which randomly sam-
ples truncation points rather than using our the-
oretically grounded selection strategy. Although
RewardPartial-Sample outperforms RewardPartial-
Origin (0.7020 vs 0.6814 Exact Match), it still
falls short of RewardPartial across all metrics (e.g.,
0.7020 vs 0.7354 Exact Match, 0.8100 vs 0.8452
Pearson’s ), confirming that our information-
theoretic truncation point selection yields higher-
quality training data than naive random sampling.

Truncation Position Analysis: As depicted in
Figure 4, we evaluate how truncation position af-
fects evaluation performance by testing segments
at 10, 30, 50, 100, 150 and 200 tokens. RewardPar-

Model Exact Match 7 p r

Llama-3.1-8B-Instruct ~ 0.5345  0.3418 0.3663 0.4374
RewardPartial-Origin 0.6814  0.7372 0.7857 0.8227
RewardPartial-Sample ~ 0.7020  0.7150 0.8010 0.8100
RewardPartial 0.7354  0.7757 0.8218 0.8452

Table 3: Evaluation Results on TruncEval test set.
RewardPartial-Origin stands for RewardPartial trained
with the data of original full response instead of multi
completions and aggregation. RewardPartial-Sample de-
notes the variant where partial responses are randomly
sampled during dataset construction without applying
our theoretical framework for selecting informative trun-
cation points. The metric 7, p and » mean Kendall’s 7,
Spearman’s p and Pearson’s r.

tial consistently outperforms RewardFull across all
truncation positions and demonstrate slower score
decline when responses are truncated at an earlier
stage. The analysis indicates that 100 tokens pro-
vide the ideal compromise between computational
efficiency and scoring accuracy. At this length, Re-
wardPartial can reliably assess completion potential
without requiring excessive context.

4 Using RewardPartial in Real Alignment

To verify the effectiveness of RewardPartial’s
paradigm for evaluating partial responses based
on their completion potential, we conduct exten-
sive experiments in decoding-time alignment sce-
narios. We mainly use AlpacaEval 2.0 to test the
alignment performance due to its high consistency
with human preference. In AlpacaEval 2.0, we use
GPT-40 as a judge to make pairwise comparison of
testing responses with GPT-4 Preview’ baseline
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responses. The metrics used for evaluating the re-
sponse quality are Length Control Win Rate and
Win Rate. More evaluation details of AlpacaEval
2.0 can be seen in Appendix A.6.

4.1 Main Results

To validate the effectiveness of RewardPartial in
practical decoding-time alignment scenarios, we
conduct experiments under different setups to com-
pare our Truncated Best-of-N approach with Best-
of-N sampling under equivalent token budgets as in
Algorithm 1. We test different Qwen2.5 series mod-
els under different scales of generated times N and
rewarded by different RewardPartial/RewardFull.

As shown in Table 2, our method demonstrates
the superiority of Truncated Best-of-N Approach
with RewardPartial compared to Best-of-N. The
experimental results demonstrate consistent advan-
tages of our Truncated Best-of-N method over tra-
ditional Best-of-N sampling across multiple model
scales and sampling budgets. As shown in Ta-
ble 1, our approach achieves superior performance
in 22 out of 24 comparative scenarios and metics
when evaluated by the Llama8B reward model, and
in 19 out of 24 cases with the Qwen7B reward
model. For example, Qwen2.5-14B achieves up to
4.8% absolute improvement in win rate (13.54%
vs 8.76% win rate with Llama8B reward at Best-
of-3), Qwen2.5-7B achieves up to 2.4% absolute
improvement in Ic win rate (10.31% vs 12.67% win
rate with Qwen7B reward at Best-of-10).

Among the few evaluation results where Best-of-
N outperforms our solution, most are under LC win
rate. Our approach achieves superior performance
in 23 out of 24 comparative scenarios on win rate
than Best-of-N, which emphasizes that our Trun-
cated Best-of-N with RewardPartial solution has
better improvement in sentence quality instead of
length control. Although the effect is slightly worse
in length control, it is still better than Best-of-N
with the same token consumption overall.

Direct Pairwise Quality Assessment: To fur-
ther demonstrate the quality comparison of full
sentense in Best-of-N and our method, we make a
direct pairwise quality assessment and analysis. We
use Qwen2.5-7B generations scored by Llama3.1-
8B-Instruct-RewardPartial to accomplish this as
Figure 5. Our method achieves a 50.2% win rate,
28.9% tie rate and 20.8% lose rate against best-of-
3 sampling while maintaining comparable token
consumption. The results under different value of
N are same, showing the stable performance im-

Standard Best-of-N Win Tie Truncated Best-of-N' Win

Truncated Best-of-N*

vs. Standard Best-of-3 50.2%

28.9% 20.8%

Truncated Best-of-N"

vs. Standard Best-of-10 46.2%

29.7% 24.0%

Truncated Best-of-N'

vs. Standard Best-of-30 LiHs

29.3% 21.2%

0 20 40 60 80 100
(%)

Figure 5: Pairwise comparison between Best-of-N
sampling and our Truncated Best-of-N method using
Qwen2.5-7B as generator and Llama3.1-8B as RM. The
results demonstrate our method’s superior alignment
performance compared with Best-of-N. For example,
our method achieves 50.2% win rate versus 20.8% lose
rate under similar token consumption when N=3.

10

Q 8.82% 9.01%

< sl

) ~3x 10x

© 6.34% tokens tokens

x 6f 3x

£ 4 tokens

; Stan.dard Trunt.:ated Stan.dard
Best-of-3  Best-of-10 Best-of-10

Figure 6: Token usage and performance comparison
between different baselines.

provement of our method.

Human Validation: To verify that the gains in
Figure 5 reflect genuine human preference rather
than an artifact of the GPT-40 judge, we recruited
three CS graduate students to perform blind pair-
wise evaluation on the same prompts and outputs
used in the GPT-40 comparison, following an iden-
tical evaluation protocol. The annotators were com-
pensated at a rate consistent with prevailing market
standards. As shown in Table 4, majority-vote hu-
man judgments closely track the GPT-40 judgments
across all three N settings (win/lose gaps less
than 2 points), with 80-83% human-GPT-40 agree-
ment and 84% inter-annotator agreement. This
indicates that the improvement of RewardPartial-
guided Truncated Best-of-N over Standard Best-
of-N is supported by human preference, not judge-
specific bias.

Tokens Usage and Performance Comparison:
We use a practical case from Table 2 to analyze the
difference of tokens usage and alignment perfor-
mance. When we use Qwen2.5-7B model as gener-
ator to infer V=3 times, the avearge tokens usage of
each prompt is 466 tokens. Following Algorithm 1
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Setting Judge Win% Tie% Lose%
. GPT4o 502 289 208
vs. BoN=3  pp man 487 300 213
_ GPT4o 462 297 240
vs. BON=10 pp ran 453 307 240
.. GPT-4o 494 293 212
vs. BON=30 pp an 480 307 213

Table 4: Human vs. GPT-40 pairwise judgments of
RewardPartial-guided Truncated Best-of-N against Stan-
dard Best-of-N. Human = majority vote of 3 annotators.
Human-GPT-40 agreement: 82.7% / 80.0% / 81.3% for
N = 3/10/30; inter-annotator agreement: 84%.

for pair comparison, the equivalent N’ in Truncated
Best-of-N" is 10 (|[466 x 3 — (466 — 100)]/100],
truncated at 100 tokens). As shown in Figure 6,
while Standard Best-of-3 achieves a 6.34% win
rate, Truncated Best-of-10 reaches 8.82% with
comparable token usage. In contrast, standard Best-
of-10 requires 3.3 times tokens while delivering
only marginal performance gains.

4.2 RewardPartial vs. RewardFull in
Truncated Best-of-N

To isolate the contribution of RewardPartial from
the Truncated Best-of-N framework itself, we con-
duct ablation studies comparing our approach with
traditional RMs (RewardFull) in partial response
evaluation. Our RewardPartial significantly outper-
forms RewardFull in Truncated Best-of-N in all
model sizes and N, demonstrating its superior ca-
pability to evaluate partial responses, with details
can be seen in Appendix A.4.

4.3 Generalization Testing on
out-of-distribution Tasks

While TruncEval primarily focuses on open-
domain questions, we extend our evalua-
tion to mathematical reasoning tasks using
GSMSK (Cobbe et al., 2021) and code tasks using
HumanEval (Chen et al., 2021) to assess Truncated
Best-of-N’s performance on out-of-distribution
Tasks. As illustrated on Table 5, our experiments
reveal that Truncated Best-of-N method with
RewardPartial achieves competitive results,
demonstrating its advantage over Best-of-N and
RewardFull on Truncated Best-of-N. For example,
the Qwen2.5-14B model reaches 40.3% accuracy
with RewardPartial, outperforming both the
Best-of-N baseline (33.6%) and the RewardFull
variant (35.3%). These results demonstrate the
generalization capability of our approach across

Best-of-N=10  Truncated Best-of-N’
RewardFull RewardPartial RewardFull

Model

GSMSK (Accuracy %)

Qwen2.5-1.5B 32 39 3.6
Qwen2.5-7B 25.0 253 229
Qwen2.5-14B 33.6 40.3 353
HumanEval (Pass@1 %)

Qwen2.5-1.5B 14.6 17.1 11.0
Qwen2.5-7B 335 39.6 335
Qwen2.5-14B 59.2 65.2 57.6

Table 5: Performance comparison on GSM8K and Hu-
mankEval of different baselines with similar tokens.

Method ‘lc win rate win rate

Qwen2.5-7B (Base) | 883 7.65
DPO-with-Standard-Best-of-N 14.86 12.80
DPO-with-Truncated-Best-of-N"|  17.66 15.84

Table 6: Evaluation of DPO models on AlpacaEval 2.0
after training under different data constructed from Best-
of-N and Truncated Best-of-N’.

different problem domains like code and math.

4.4 Application in Training Scenario

Despite Best-of-N is a training-free paradigm in
Decoding-Time Alignment, it can also used in spe-
cific training scenario like Direct Preference Opti-
mization (DPO) where policy model generate mul-
tiple candidates and select the best and worst ones
to construct Chosen-Rejected pairs. We also test
the usage of Truncated Best-of-N with RewardPar-
tial in this scenario and demonstrate the superiority
of our method as in Table 6. Experiment details
can be seen in Appendix A.7.

S Related Works
5.1 Decoding-Time Alignment

Reinforcement Learning from Human Feedback
(RLHF) has advanced language model align-
ment (Christiano et al., 2017; Lee et al., 2021;
Ouyang et al., 2022), but suffers from limitations
like degrading base capabilities and generaliza-
tion (Zheng et al., 2024). This has spurred in-
terest in decoding-time alignment methods. Best-
of-N sampling, a foundational approach, selects
the highest-reward response from multiple candi-
dates but incurs high computational costs. Re-
cent work explores alternatives like reward-guided
search (Deng and Raffel, 2023), controlled decod-
ing (Mudgal et al., 2024), and hybrid methods us-
ing Monte Carlo Tree Search (Browne et al., 2012).
However, these often over-engineer, lack general-
ization, or struggle with consistent alignment. In
contrast, we propose RewardPartial in Truncated
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Best-of-N, a simpler yet more general and effective
framework for decoding-time alignment.

5.2 Reward Model on Incomplete Text

Accurate reward evaluation for partially generated
text is crucial for decoding-time alignment meth-
ods. However, conventional item-level reward mod-
els are designed to assess complete responses, lead-
ing to inaccurate assessments when applied to trun-
cated text (Deng and Raffel, 2023; Khanov et al.,
2024). While several approaches can be used to
mitigate this inaccuracy in evaluating partial re-
sponses, they have significant drawbacks. Token-
level RMs (Chen et al., 2024) offer intermediate
output evaluation but suffer from training insta-
bility. Process reward models (PRMs) (Uesato
et al., 2022), while capable of intermediate pro-
cess assessment, are not designed with alignment
tasks in mind. In contrast, we propose Reward-
Partial, which predicts the completion potential of
truncated responses rather than their surface-level
quality, naturally fitting the Truncated Best-of-N
paradigm for decoding-time alignment.

6 Conclusion

We identify a critical limitation in decoding-time
alignment that conventional reward models fail to
accurately assess partial responses, fundamentally
constraining the performance of efficient Truncated
Best-of-N approaches. To address this, we propose
a paradigm shift from surface-level assessment to
predicting completion potential. Supported by the-
ory demonstration, evaluation on our new bench-
mark TruncEval and experiments on real Truncated
Best-of-N application, we show that RewardPartial
enables more effective truncated sampling while
remaining efficient. We hope this work inspires
further exploration in efficient alignment.

7 Limitations

While our RewardPartial approach demonstrates
strong performance across diverse evaluation sce-
narios, one current limitation lies in its computa-
tional overhead during the data construction phase.
The Monte Carlo estimation process requires gen-
erating multiple completions for each partial re-
sponse, which incurs greater initial computational
costs compared to conventional reward modeling
approaches. However, this overhead is a one-time
cost during dataset creation and is substantially
offset by the efficiency gains during actual deploy-

ment in Truncated Best-of-N sampling. Future
work could explore more efficient completion sam-
pling strategies or distillation techniques to reduce
this initialization cost without compromising eval-
uation quality.
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A Appendices.

A.1 Empiracal Analysis of RM on full and
truncated responses

We conduct a empiracal experiment to analyze
how RM performs on full and truncated responses.
From UltraFeedback-Binarized which contains
60,000 prompts and corresponding chosen re-
sponses, we first filter chosen responses with
lengths exceeding 200 tokens using the Qwen?2.5-
7B tokenizer and randomly retain 1000 items,
then truncate each selected response to its first
20/100/200 tokens. We then use 7 different models
(Qwen/Llama/GLM series) to complete the trun-
cated responses five times and use different RM
(GPT4.1, AutoJ-13B and ArmoRM-Llama3-8B) to
score them. Here we exclude models like Qwen1.5-
7B that lack basic dialogue completion capabilities,
as they cannot generate coherent partial responses
prior to truncation, making them unsuitable for this
experiment.

Our results reveal two key observations. First,
as illustrated in Figure 7, when different LLMs are
used to complete 100-token truncated responses,
the average scores assigned by different RMs ex-
hibit remarkable consistency and remain closely
aligned with those of the original full-length re-
sponses. Notably, truncated responses evaluated
without any completion yield significantly lower
scores compared to their completed counterparts.
Second, as illustrated in Figure 8, we observe that
the degree of alignment between completed and
original responses varies depending on the trun-
cation length (20, 100, or 200 tokens). When re-
sponses are truncated at 200 tokens, the comple-
tions exhibit minimal deviation in scores, closely
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matching the full responses. In contrast, 20-token
truncations lead to noticeably higher divergence
in the completed outputs. Notably, 100 tokens
emerges as an optimal trade-off, effectively bal-
ancing token efficiency with low completion bias
across models.

A.2 Theoretical Analysis of RewardPartial

The core theoretical foundation of RewardPartial
lies in modeling language generation as a Markov
Decision Process (MDP), which provides rigorous
mathematical justification for our completion po-
tential metric.

MDP Formulation of Language Generation
We define the language generation process as an
MDP with the following components:

* State (s;): The partially generated response
{wy, wa, ..., w;} at step ¢

* Action (a;): Selection of next token w1 ~
7(|st)

¢ Transition:
St+1 = St D ay

Deterministic state update

* Reward: Terminal reward R(sr) from RM,
with zero intermediate rewards

* Discount factor (v = 1): No temporal dis-
counting in generation

The completion potential V (s;) is formally de-
fined as the state value function:

= Ex[R(sT)|st] 5)

Dynamic Programming Property The comple-
tion potential satisfies the Bellman equation for
MDPs:

Theorem 1 (Bellman Equation for Completion Po-
tential). The value function V (s;) satisfies:

V(St) = Eat~7r(~\st)[v(st+1)] (6)

Expanding the right-hand side:

V(St)

Eat [V(St+1)] = Zﬂ'(at\st) . Eﬂ [R(ST)|875+1 =5t D at]

= Ex[R(sT)|st]
=V{(se)
@)
Monte Carlo Estimation RewardPartial esti-
mates V' (s;) through Monte Carlo sampling:

1 on
= ¥ 2 R(sy) (8)
=1

Theorem 2 (Unbiased Estimation). The Monte
Carlo estimator V (s;) is unbiased:

E[V(st)] = V(st) )
By linearity of expectation and the definition in

5):
. N
BVl = | 3

= %ZE[R s

= V(St

Practical Convergence Analysis While the
Monte Carlo estimator VN(st) is theoretically guar-
anteed to converge to the true value V' (s;) almost
surely as N — oo, practical implementations must
account for finite-sample estimation errors. A com-
monly used empirical criterion for assessing esti-
mation stability is when the coefficient of variation
(CV) satisfies:

(10)

-
N
—

on(s)

)
CV = 1nGool <
]

(11)

where 1 (s;) = E[Vi(s;)] denotes the sample

mean and oy (s;) = 1/ Var(Va(s;)) represents the

sample standard deviation. Here, € is a predefined
threshold that balances accuracy and computational
efficiency.

The choice of € varies across different domains
depending on the required precision and resource
constraints. In some applications, stricter thresh-
olds (e.g., ¢ = 0.05) are adopted for higher ac-
curacy, while looser thresholds (e.g., ¢ = 0.30)
may suffice in scenarios prioritizing computational
speed. In our analysis, we set ¢ = (.15, a com-
monly used intermediate value that ensures statis-
tically stable estimation while maintaining reason-
able efficiency.

A.3 Computational Efficiency of
RewardPartial vs. RewardFull

While RewardPartial requires N’ scoring calls to
select the same number of final candidates that
RewardFull selects with N calls under Standard
Best-of-N (N’ > N, following Algorithm 1), each
RewardPartial call scores a truncated prefix rather
than a full response, so its input is considerably
shorter than a RewardFull call’s input. The output-
side saving from the "Rating: [[5]]" prompt
format applies equally to both methods and by itself
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Figure 7: Comparison of RM scores for original full/clip (truncated at 100 tokens) responses vs. completed
responses from clip across different LLMs. Truncated responses without completion receive significantly lower
scores, while completed versions closely match the scores of full responses across 3 different types of RMs.
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Figure 8: Comparison of RM scores for original full/clip (truncated at 20/100/200 tokens) responses vs. completed
responses from clip across different LLMs. Longer truncations (200 tokens) yield minimal score deviation, while
shorter ones (20 tokens) show higher divergence. 100 tokens provides an optimal balance between efficiency and

low completion bias.

does not explain whether the increased number
of calls raises overall cost. We therefore directly
measure end-to-end computational cost rather than
relying on token counts alone.

Setup. We use Qwen2.5-7B as the generator and
evaluate on the 805 AlpacaEval 2.0 prompts. Fol-
lowing Algorithm 1, N=10 under Standard Best-
of-N corresponds to N’=40 under Truncated Best-
of-N’ for the same final selection budget. We run
RM scoring for RewardFull (805 x 10 full-response
calls) and RewardPartial (805 x 40 truncated-prefix
calls) on the same single 80GB GPU with identi-
cal batched-inference settings and automatic prefix
caching enabled, repeating for two RM backbones
(Llama-3.1-8B and Qwen2.5-7B). We report the
number of scoring calls, total input/output tokens
processed, cache-effective FLOPs (i.e., account-
ing for compute actually skipped on cache hits),
wall-clock latency, peak GPU memory, and the
prefix-cache hit rate observed during scoring.

Result. RewardPartial issues 4.00x more scor-
ing calls, and because each call’s shorter truncated-
prefix input does not fully offset this increase, to-
tal input tokens processed rise by 1.39-1.43x and
cache-effective FLOPs rise modestly by 1.07x.

Despite this, wall-clock latency decreases (0.84—
0.88x) and peak GPU memory stays essentially
unchanged (0.99—-1.00%). The reason is that Re-
wardPartial’s scoring prompt is dominated by the
fixed instruction template rather than the (short,
truncated) response itself, so a much larger fraction
of each call’s input is byte-identical across calls;
this drives prefix-cache hit rates up by 3.1-3.2x
(11.4%—35.5% for Llama-3.1-8B, 10.0%—32.2%
for Qwen2.5-7B) relative to RewardFull, where the
scored full responses are longer and more mutu-
ally distinct. The resulting cache reuse removes
enough redundant computation that it more than
compensates for the raw increase in calls and to-
kens, so switching to RewardPartial does not slow
down, and if anything speeds up, the RM side of
the Truncated Best-of-N' pipeline.

A.4 Details about RewardFull

In the Best-of-N paradigm, a reward model (RM)
is required to score and select the best candidate
among all responses. To ensure fair pairwise com-
parisons between Truncated Best-of-N (evaluat-
ing truncated responses) and Best-of-N (evaluating
full responses), we construct training data using
the TruncEval training set, replacing truncated re-
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RM Backbone Metric

RewardFull (N=10) RewardPartial (N'=40) Ratio (P/F)

Scoring Calls 8,050 32,200 4.00x
Input Tokens 4,175,129 5,955,753 1.43 %
Output Tokens 40,250 161,000 4.00x
Llama-3.1-8B  FLOPs (cache-effective) 6.0 x 106 6.4 x 106 1.07x
Wall-clock Latency 411s 344 s 0.84x
Peak GPU Memory 68.0GB 68.0GB 1.00x
Prefix-cache Hit Rate 11.4% 35.5% 3.1x
Scoring Calls 8,050 32,200 4.00x
Input Tokens 4,168,908 5,799,163 1.39%
Output Tokens 40,240 160,998 4.00x
Qwen2.5-7B  FLOPs (cache-effective) 5.8 x 10%¢ 6.2 x 10%° 1.07x
Wall-clock Latency 374s 330s 0.88x
Peak GPU Memory 68.4GB 67.8GB 0.99x
Prefix-cache Hit Rate 10.0% 32.2% 3.2x

Table 7: End-to-end computational cost of RewardFull under Standard Best-of-/N (N=10) vs. RewardPartial under
the matched-budget Truncated Best-of-N’ (IN'=40; Qwen2.5-7B generator, AlpacaEval 2.0, single 0GB GPU,
batched inference with automatic prefix caching). Ratio (P/F) = RewardPartial value divided by RewardFull value.

Model ‘ N ‘ RewardFull RewardPartial (our) Exact Match Kendall’s 7 Spearman’s p Pearson’s r
‘ \lc win rate win rate ‘ Ic win rate win rate L]ama—3,l-SB-Instrucl-RewardPar.lial 0.7354 0.7757 0.8218 0.8452
Qwen2.5-3B-Instruct-RewardPartial 0.7150 0.7516 0.8019 0.8147
3 0.24 0.37 0.09 0.12 Qwen2.5-7B-Instruct-RewardPartial 0.7278 0.7572 0.8017 0.8351
Qwen2.5-1.5B | 10 0.91 1.24 1.10 1.49 Qwen2.5-14B-Instruct-RewardPartial ~ 0.7573 0.7922 0.8354 0.8581
30| 1.80 224 2.22 2.86 Llama-3.1-8B-Instruct 0.5345 0.3418 0.3663 04374
Qwen2.5-3B-Instruct 03800 02226 0.2428 02514
3 7.39 6.96 8.24 7.83 Qwen2.5-7B-Instruct 0.3789 0.3759 0.4300 0.5272
Qwen2.5-3B %8 g-% 2-52 191-7060 191-‘::5 Qwen2.5-14B-Instruct 02171 0.3427 0.3950 0.3782
3 7.64 7.95 8.26 8.82 . :
Qen25.7B |10| 781 g4 1099 1185 Tab1§ 9: Evaluation Results on TruncEval test set. The
30 969 994 | 13.04  14.04 metric 7, p and r mean Kendall’s 7, Spearman’s p and
3 16.61 12.17 16.96 13.54 Pearson’s 7.
Qwen2.5-14B | 10 18.42 13.29 19.30 16.52
300 19.58 14.53 21.83 18.76

Table 8: Performance comparison between RewardFull
and RewardPartial (our) methods across different mod-
els and N values. Both RewardFull and RewardPartial
are finetuned from Llama3.1-8B-Instruct here.

sponses with their corresponding full-length coun-
terparts, as illustrated in the Figure 9. RewardFull
models are also fine-tuned via Supervised Fine-
tuning (SFT). For fair comparison in practical ap-
plication, if RewardPartial used in Best-of-N is
trained using Llama3.1-8B-Instruct, we will use the
RewardFull derived from the Llama3.1-8B-Instruct
as well.

To demonstrate the contribution of RewardPar-
tial from the Truncated Best-of-N framework itself,
we compare the performance of Truncated Best-
of-N framework under different Reward Models
of RewardPartial and RewardFull. As the table
8 shows, only with RewardPartial can Truncated
Best-of-N achieve really good performance.

A.5 Model Generalization on RewardPartial

To test the generalization of RewardPartial, we
train more RewardPartial models from different

Instruct models of different models structures and
scales. We further test them on TruncEval test set
and demonstrate their effectiveness on evaluating
truncated responses as shown in Table 9.

A.6 Evaluation Details of AlpacaEval 2.0

AlpacaEval 2.0 is an automatic evaluator for
instruction-following language models and has
been verified with high correlation with human
preference. The metrics of AlpacaEval 2.0 con-
tains win-rates and length-control win-rates, both
of which used by default to test LLMs ability. Al-
pacaEval 2.0 contains 805 prompts with GPT-4-
Preview’s answers as default baseline. It evaluates
model by measuring the fraction of times a power-
ful LLM (here we use GPT-40) prefers the outputs
from that model over baseline.

In practical evaluation, we also make a direct
preference comparion of outputs from Best-of-N
and Truncated Best-of-N, the pairwise prompt we
use is shown in Figure 10.
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~
Evaluate a response to a user's query. First

provide a rating score, then write your critiques.

[BEGIN DATA]

[Query]: {Query}

[Response]: {Response}

Kk

[END DATA]

First provide your final rating for the response
on a scale of 1 to 10 by strictly following this
format: "[[rating]]", for example: "Rating: [[5]]".
Then

Write "[Judgment]” and your critiques of both
\the original and completed portions.

J

Figure 9: The prompt of RewardFull used in training
data and practical application.

(SYSTEM_PROMPT = "Please act as an impartial judge and

evaluate the quality of the responses provided by two Al
assistants to the user question displayed below. You should

h the i that the user's instructions and
answers the user's question better. Your evaluation should
consider factors such as the helpfulness, relevance, accuracy,
depth, creativity, and level of detail of their responses. Begin
your ion by paring the two resp and provide a
short explanation. Avoid any position biases and ensure that
the order in which the responses were presented does not
influence your decision. Do not allow the length of the
responses to influence your evaluation. Do not favor certain
names of the i Be as objective as possible. After
providing your explanation, output your final verdict by strictly
following this format: \"[[A]]\" if assistant A is better, \"[[B]]\" if
assistant B is better, and \"[[C]]\" for a tie."

USER_PROMPT ="
[User Question]
{question}

[The Start of Assistant A's Answer]
{Answer_A}
[The End of Assistant A's Answer]

[The Start of Assistant B's Answer]
{Answer_B}
\rl'he End of Assistant B's Answer]"

J

Figure 10: The prompt of pairwise comparison with
position exchange.

A.7 Application Details on DPO

Although Best-of-N is typically a training-free
paradigm for decoding-time alignment, it can also
be adapted for specific training scenarios, such
as Direct Preference Optimization (DPO). In this
setup, the policy model generates multiple candi-
date responses, from which the best and worst are
selected to construct chosen-rejected pairs.

Our experimental setup is as follows: We ran-
domly sample 2,000 prompts from UltraFeedback-
Binarized, ensuring none overlap with those in
TruncEval. Using Qwen-2.5-7B as the policy
model, we generate 4 (N = 4) candidate re-
sponses per prompt and rank them using Reward-
Full (Llama3.1-8B-Instruct-RewardFull) to iden-
tify the best and worst candidates. For comparison,
we also generate N/ truncated responses (stopping
at 100 tokens), score them using RewardPartial

(Llama3.1-8B-Instruct-RewardPartial), and then
complete the highest-scoring and lowest-scoring
truncated candidates to form additional DPO train-
ing data. To ensure pair comparisons, we calculate
the value of N’ through total tokens consumption
in Best-of-N to strictly control the total token con-
sumption across both processes. For DPO training,
the models are trained for 1 epoch with a learning
rate of 5.0 % 1077, 8 = 0.1 and a global batch size
of 32 (4 per device * 8 GPUs). The training use
cosine learning rate scheduling with 10% warmup
ratio, maintaining the maximum sequence length
of 2048 tokens and with a maximum prompt length
of 512 tokens.
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