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Abstract

Large Language Models (LLMs) have achieved
remarkable success in text summarization, par-
ticularly through the integration of reinforce-
ment learning. However, maintaining logical
coherence and contextual consistency remains
a pervasive challenge in long-form generation,
often hindering the production of high-quality,
unified summaries. To address these persistent
issues, we propose TRAC, a framework that
introduces a token-level reward function by in-
tegrating relative sentence gain, inter-sentence
attention, and a Gaussian length penalty. By
training a Process Reward Model (PRM) to pro-
vide fine-grained, step-wise supervision, TRAC
ensures superior structural integrity and flu-
ency during the generation process. Experi-
mental results demonstrate that TRAC outper-
forms the sequence-level baseline by 11.05%
in Fluency and 10.61% in Relevance. Further-
more, it achieves significant gains over compet-
itive baselines such as FIGA and TLCR, under-
scoring its effectiveness and generalizability in
high-quality NLP summarization.

1 Introduction

In the era of rapid information proliferation, the
deluge of fragmented textual data across news and
social media has exacerbated information overload,
complicating the synthesis of core event details
(Bawden and Robinson, 2020). While LLMs offer
powerful capabilities for extracting key information
and generating structured summaries (Aly et al.,
2025), their performance is often constrained by ex-
isting training paradigms. Specifically, mainstream
reinforcement learning approaches, such as Prox-
imal Policy Optimization (PPO) using sequence-
level rewards (Ryu et al., 2024; Fikri et al., 2024),
typically rely on discrete and delayed signals. Such
sparse feedback struggles to capture intricate token-
level dependencies, frequently resulting in sum-
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Figure 1: PRM model providing fine-grained rewards
for (a) mathematical reasoning with step-level reward
and (b) text summarization with token-level reward.

maries that lack linguistic coherence and factual
consistency (Bosselut et al., 2020).

Recent research has shifted toward token-level
reward mechanisms to mitigate the challenges of
delayed feedback (Yoon et al., 2024; Fu et al., 2025;
Huang et al., 2024). However, these approaches
often suffer from high computational costs and
a heavy reliance on manual reward engineering
(Khan et al., 2023). While PRMs offer a promis-
ing alternative by providing intermediate signals to
optimize generation paths (Lightman et al., 2023),
their application has remained largely restricted to
structured reasoning tasks, such as mathematics
and logic (Yuan et al., 2023; Zhang et al., 2024).
As illustrated in Figure 1(a), there remains a sig-
nificant research gap in extending PRMs to open-
ended natural language generation tasks, including
summarization and dialogue, where capturing nu-
anced semantic dependencies is critical.

Building on this foundation, we extend the PRM
framework to summarization and dialogue genera-
tion Figure 1(b). Our proposed token-level reward
function integrates coherence, consistency, and a
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Gaussian length penalty, leveraging inter-sentence
attention to map global signals to individual tokens.
By autoregressively predicting rewards from se-
quence hidden states, the framework captures sub-
tle dependencies while ensuring global structural
integrity. This approach provides an efficient, trans-
ferable solution for high-quality open-ended gen-
eration with significantly reduced computational
overhead. To conclude, our primary contributions
are summarized as follows:

• Fine-grained Reward Mechanism: We de-
velop a novel token-level reward function that
decomposes holistic scores into individual to-
kens by integrating relative sentence gain and
inter-sentence attention. A Gaussian length
penalty is further incorporated to ensure a bal-
anced and well-constrained reward distribu-
tion.

• Autoregressive Process Reward Model: We
introduce an autoregressive PRM that utilizes
hidden states to generate continuous, context-
aware reward signals. Compared to conven-
tional approaches, this model enhances com-
putational efficiency and task transferability
while ensuring superior alignment with con-
textual semantics.

• Empirical Validation: Extensive experi-
ments demonstrate that the TRAC framework
consistently achieves state-of-the-art perfor-
mance across multiple generation tasks and
benchmarks, significantly improving fluency,
coherence, and logical consistency.

2 Related Work

2.1 Token-Level Reward

In reinforcement learning, the efficacy of LLMs
is fundamentally constrained by reward function
design. While conventional mechanisms often rely
on sparse, delayed signals, Fine-Grained Reward
mechanisms (Wu et al., 2023) have emerged to
provide denser, more informative feedback, signifi-
cantly enhancing training efficiency and reasoning
performance.

Beyond global outcomes, fine-grained signals
are increasingly derived from structured human
or model-based feedback. While standard RLHF
utilizes coarse preference rankings, critique-based
feedback (Touvron et al., 2023) enables annota-
tors to highlight specific deficiencies, facilitating
more precise error correction. Furthermore, the
LLM-as-a-Judge paradigm leverages frontier mod-

els (e.g., GPT-4) to automate the generation of
granular reward signals (Zheng et al., 2023). This
is complemented by self-correction frameworks
(Shinn et al., 2023), where models iteratively refine
outputs through internal evaluation, establishing a
closed-loop optimization process.

2.2 Process Reward Model

Early PRM research focused on structured domains
like mathematics and code. Lightman et al. (2023)
demonstrated the efficacy of step-level supervision,
though the reliance on human-annotated solutions
poses significant scalability challenges.

To mitigate annotation costs, contemporary stud-
ies explore automated training paradigms. Yuan
et al. (2023) derived implicit PRMs from outcome-
level signals, while Jiao et al. (2024) utilized
self-supervised trajectory synthesis for complex
planning. Beyond passive evaluation, PRMs now
serve as active search guides; when integrated with
Monte Carlo Tree Search, they act as node evalu-
ators to prioritize optimal reasoning paths (Zhang
et al., 2024; Park et al., 2025). Recent theoretical
advancements further ground these signals in Q-
value rankings to provide robust decision guidance
(Li and Li, 2025).

Despite these strides, generalizing PRMs to
open-ended generation remains a frontier. Zeng
et al. (2025) addressed domain-specificity by train-
ing on large-scale synthetic reasoning data. Extend-
ing this to natural language generation, token-level
PRMs can capture complex inter-textual dependen-
cies, facilitating reinforcement learning in long-
form summarization and dialogue where maintain-
ing logical consistency and linguistic fluency is
traditionally problematic for LLMs.

3 Methodology

We propose the TRAC framework, a three-stage
pipeline illustrated in Figure 2. First, the base
model is fine-tuned for text summarization. Second,
this model generates candidate summaries, from
which hidden representations and attention scores
are extracted to construct token-level rewards and
train the PRM. Finally, the trained PRM provides
granular guidance for reinforcement learning, op-
timizing the summarization model for enhanced
performance. The full algorithmic procedure is
detailed in Appendix A.
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Figure 2: Overall framework of the TRAC. Stage 1 involves fine-tuning the pre-trained model. Stage 2 generates
token-level rewards, which are used to train the sub-regression PRM model. Stage 3 leverages the trained PRM
model to further optimize the PPO process.

3.1 Fine-Tuning
We first perform teacher-forced training on
the model using reference summaries y =
{y1, y2, . . . , yT } to optimize the token-level pre-
diction probabilities of the language model.

LSFT = −
T∑

t=1

logPθ(yt|y<t, x) (1)

where x denotes the input text pair, Pθ represents
the conditional probability under the current lan-
guage model parameters θ.

3.2 Token-Level Training
3.2.1 Sentence-Level Gain
We construct the summary sequence incrementally.
Suppose the generated summary consists of n sen-
tences, denoted as S = {s1, s2, . . . , sn}. After
the i-th concatenation, we obtain the partial sum-
mary S≤i = {s1, . . . , si}(i ≤ n). We evaluate
S≤i using the Fluency and Coherence metrics from
UniEval, and denote the resulting score as Q(S≤i).
The marginal contribution of the i-th sentence, i.e.,
its relative gain reward, is then defined as:

Rgain(Si) =Q(S≤i−1)

+
L(Si)

L(S≤i)
·
[
Q(S≤i)−Q(S≤i−1)

]

(2)
where L(S≤i) denotes the total number of tokens
in the first i sentences. By incorporating the token
count, we mitigate the sparsity of inter-sentence
rewards that may arise from overly long sentences.
The resulting score quantifies the contribution of
the current sentence to the overall summary quality,
thereby guiding the model to generate structurally
coherent sentence sequences.

3.2.2 Token-Level Reward Allocation
To achieve a fine-grained distribution from
sentence-level rewards to individual tokens, we
propose a normalized allocation strategy based on
inter-sentence attention. During the decoding pro-
cess of summary generation, we record the atten-
tion scores for each output token. Suppose the i-th
sentence consists of si = {ti1 , ti2 , . . . , tim} tokens,
and their corresponding attention scores are given
by:
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Ai = {ai1 , ai2 , . . . , aim} (3)

where aij ∈ [0, 1] denotes the attention of the j-th
token to the contextual information. To prevent
reward dilution in long sentences, we first calcu-
late the mean µi and standard deviation σi of the
attention scores for the i-th sentence:

σi =

√√√√ 1

m

m∑

j=1

(aij − µi)2 (4)

The attention scores are then normalized using
the mean and standard deviation:

āij =
aij − µi

σi + ϵ
(5)

where ϵ is a small constant to avoid division by
zero.

The discriminability of the attention scores is fur-
ther enhanced using a Softmax operation, yielding
the final normalized weights:

wij =
eāij∑m
k=1 e

āik
(6)

where wij denotes the normalized weight of the
j-th token within the i-th sentence, representing its
relative importance within that sentence.

Finally, the sentence-level reward Rgain(si) is
distributed across individual tokens, yielding the
reward for token tj as:

Rtoken
ij = wij ·Rgain(si) (7)

This mechanism biases the reward distribution
toward key tokens within the sentence while miti-
gating reward dilution caused by variations in sen-
tence length.

3.2.3 Gaussian Length Penalty Mechanism
To mitigate the inherent trade-off between text
length and linguistic quality—where models often
favor shorter sequences to artificially inflate fluency
and coherence scores—we designed a Gaussian-
based length penalty mechanism. By centering on
the reference length Lref, this mechanism penalized
deviations based on the position Ltj of each gener-
ated token, thereby encouraging the model to pro-
duce structurally complete and adequately detailed
outputs without compromising global structural in-
tegrity.

∆Ltj = |Ltj − Lref | (8)

where ∆Ltj denotes the relative distance between
token tj and the reference length Lref . The penalty
term is then defined as:

P len
tj = −α ·

(
1− exp

(
−
∆L2

tj

2σ2

))
(9)

where σ is a hyperparameter that controls the width
of the penalty, while α denotes the maximum
penalty amplitude.

To prevent excessive gradient fluctuations when
the summary length deviates significantly from the
reference value, we further introduce a clipping
mechanism that restricts the penalty term within a
reasonable range [−c, 0]. The final length penalty
is thus defined as:

P len
tj = clip

(
P len
tj ,−c, 0

)
(10)

This mechanism imposes moderate penalties on
unreasonable lengths while preventing instability
caused by extreme sequence lengths, thereby en-
hancing both the length controllability and the over-
all structural quality of the generated summaries.

3.2.4 Reward-Penalty Integration
For fine-grained and semantically consistent RL,
we integrate the inter-sentence reward Rgain and
length penalty Plen into a unified token-level re-
ward. The final reward for each token is defined as
their weighted combination:

rt = Rtoken
t + P len

t (11)

3.2.5 Token-level PRM Training
To accurately model the quality of each token in
the generated sequence, we employ a Process Re-
ward Model to predict token-level scores. Specif-
ically, the PRM takes as input the sequence of
hidden vectors produced during the decoding pro-
cess of the language model, denoted as H =
{h1, h2, . . . , ht}:

r̂t = PRM(h≤t) = fϕ(h1, h2, . . . , ht) (12)

The scoring network fϕ adopts a Transformer
decoder architecture (detailed in Appendix C) to
assign rewards autoregressively. Unlike conven-
tional value heads that rely on one-shot parallel
prediction, fϕ captures contextual dependencies
through token-level modeling, which better aligns
with the causal nature of preference evaluation. The
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training objective is to minimize the error between
predicted scores and ground-truth rewards:

LPRM =
1

T

T∑

t=1

(r̂t − rt)
2 (13)

where T denotes the total number of tokens in the
summary.

3.3 Reinforcement Learning Optimization

We employ the token-level rewards predicted by
the PRM as the reward signal in PPO. For the t-th
token, the Value Head estimates the state value Vt,
and the temporal-difference (TD) error is computed
as:

δt = rt + γVt+1 − Vt (14)

where rt denotes the token-level reward predicted
by the PRM model, and δt represents the TD error
at time step t. γ is the discount factor, determining
the weight of future rewards. Vt and Vt+1 are the
value estimates of the state at time t and t + 1,
respectively.

Calculate the dominant term through GAE (Gen-
eralized Advantage Estimation):

At =

T ′∑

l=0

(γλ)lδt+l (15)

where At represents the advantage estimate at time
step t. T ′ is the horizon length, and γ is the dis-
count factor. λ is a parameter used to balance the
bias and variance in the advantage estimation. δt+l

is the TD error at time t+ l.
Ultimately, through PPO training, the strategy

was optimized as follows:

Lppo = E [min(πtAt, clip(rt, 1− ϵ, 1 + ϵ)At)]
(16)

where Lppo is the PPO objective function. πt de-
notes the importance sampling ratio at time step t,
which is the ratio of the new policy’s probability to
the old policy’s probability: πt =

πnew(at|st)
πold(at|st) . ϵ is a

clipping hyperparameter that constrains the update
step to ensure training stability. The clip function
limits the probability ratio to the range [1−ϵ, 1+ϵ]
to prevent large policy updates.

4 Experimental Settings

4.1 Datasets
We evaluated our framework on four diverse bench-
marks: (1) CNN/DM (See et al., 2017) for standard
news summarization; (2) XL-Sum (Hasan et al.,
2021) for multilingual adaptability; (3) NYT Cor-
pus (Sandhaus, 2008) for long-document summa-
rization; (4) BookSum (Kryściński et al., 2022)
for hierarchical, narrative summarization of entire
books; and (5) DailyDialog (Li et al., 2017) for
emotional and multi-turn dialogue generation. Fur-
ther details are provided in Appendix B.

4.2 Evaluation Metrics
Automatic Metrics: For summarization, we uti-
lized ROUGE (Lin, 2004) for lexical overlap and
UniEval (Zhong et al., 2022) for semantic consis-
tency. Dialogue tasks primarily used UniEval to
measure coherence. Additionally, we employed
G-Eval (Liu et al., 2023) with Chain-of-Thought
prompting to calculate probability-based scores for
high-level human alignment (see Figure 8). Hu-
man Evaluation: We adopted the FFCI frame-
work (Koto et al., 2022), assessing Faithfulness,
Fluency, Conciseness, and Informativeness.

4.3 Baselines
To evaluate our fine-grained reward modeling, we
utilized Llama-3.1-8B, Qwen-2.5-7B, and GPT-2
as backbones. We benchmarked against three rep-
resentative baselines: PPOseq, a sparse approach
rewarding only the terminal token; TLCR (Yoon
et al., 2024), a token-level mechanism based on
discriminator confidence; and FIGA (Ramamurthy
et al., 2023), an edit-based method utilizing Lev-
enshtein distance. This selection ensures a robust
comparison across sparse, continuous, and edit-
based reward paradigms. By default, we used
Llama-3.1 as the backbone model.

5 Result and Analysis

5.1 Summarization Benchmark Evaluation
On the CNN/DM dataset, we evaluated the TRAC
framework across three backbone models against
competitive baselines. As shown in Table 1, TRAC
consistently achieved state-of-the-art performance.
Notably, it surpassed the sequence-level baseline
PPOseq by 11.0% in Fluency and 10.61% in Rel-
evance. The superiority of TRAC was most pro-
nounced in the G-Eval metric, which reflected high-
level human alignment. On Llama-3.1, TRAC
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Method Model R-1 (↑) R-2 (↑) R-L (↑) Coher (↑) Consis (↑) Flu (↑) Rele (↑) G-Eval (↑)

SFT
GPT-2 31.20 12.45 21.80 68.40 72.15 70.33 65.80 62.45
Llama-3.1 41.50 19.85 33.10 74.20 78.90 81.45 76.20 77.64
Qwen-2.5 39.80 18.90 31.55 73.80 77.45 80.20 74.90 76.58

PPOseq

GPT-2 32.45 14.18 26.36 71.28 79.05 78.53 68.42 65.32
Llama-3.1 38.12 20.15 32.08 75.42 81.88 80.67 72.35 79.28
Qwen-2.5 35.27 19.63 31.42 74.87 81.14 79.82 75.83 78.15

FIGA
GPT-2 35.05 14.87 23.01 72.95 81.66 83.33 76.39 69.12
Llama-3.1 45.45 21.03 36.43 77.36 83.21 85.24 81.81 82.45
Qwen-2.5 41.43 20.08 32.54 76.81 83.14 85.90 80.15 81.04

TLCR
GPT-2 34.54 15.62 24.72 74.22 82.14 82.32 73.56 68.85
Llama-3.1 43.82 21.34 34.05 79.14 84.62 83.56 80.59 83.92
Qwen-2.5 40.81 20.76 33.28 79.62 83.28 85.31 78.04 82.16

TRAC
GPT-2 36.59 17.60 25.25 77.88 83.67 87.27 74.40 73.54
Llama-3.1 44.92 22.47 35.92 81.25 85.09 90.02 83.92 87.82
Qwen-2.5 43.72 22.04 36.54 80.22 84.92 88.11 81.27 86.35

Table 1: Summarization results on CNN/DM and other benchmarks. The best results are highlighted in bold, and
the second-best are underlined. Metrics include Rouge-1(R-1), Rouge-2(R-2), Rouge-L(R-L). Relevance(Rele),
Coherence(Coher), Fluency(Flu), Consistency(Consis) and G-Eval.

achieved a peak score of 87.82, which represented a
10.77% improvement over PPOseq and maintained
an average lead of 5.58% over FIGA and TLCR.
These results underscored that fine-grained reward
modeling in TRAC significantly enhanced both
linguistic precision and overall semantic quality
across diverse architectures.

We further evaluated the proposed TRAC frame-
work on the XL-Sum, NYT Corpus and BookSum
datasets to examine its effectiveness in multilin-
gual and long-text summarization scenarios. As
shown in Table 2, on the XL-Sum dataset, TRAC
achieved state-of-the-art results across coherence,
fluency and G-Eval. In particular, it outperformed
all baselines with average improvements of 2.26%
and 2.10% in coherence and fluency, respectively,
which demonstrated the robustness of the proposed
approach on multilingual data. On the NYT Cor-
pus dataset, TRAC achieved the best results across
all evaluation metrics. Notably, it surpassed the
second-best model by 4.57% and 5.43% on the
consistency and fluency metrics, respectively. On
the challenging BookSum dataset, TRAC achieved
the highest R-1 score, with a substantial gain of
4.57% in fluency and 4.27% in coherence com-
pared to the strongest competitor, FIGA. These re-
sults provided compelling evidence that TRAC was
capable of generating more coherent, fluent, and
semantically consistent summaries, particularly for
long and complex textual inputs. A detailed analy-
sis of the PRM’s intrinsic fitting performance was

provided in Section C.5.

5.2 Ablation Experiment

Ablation studies (Table 3) confirmed the neces-
sity of each TRAC module. Replacing the re-
ward mechanism with a Random Reward base-
line caused a substantial quality decline—reducing
Fluency and Relevance by 21.75% and 17.12%,
respectively—which highlighted the PRM’s criti-
cal role in providing effective guidance. Exclud-
ing the Length Penalty resulted in severe over-
compression; while ROUGE scores were high, av-
erage length fell far below the dataset mean (60),
leading to an 8.98% drop in Consistency due to in-
formation loss. To investigate the role of Attention
Allocation, we replaced it with a uniform reward
distribution strategy (w/o AA), which led to a clear
performance decline. These results demonstrated
that the full TRAC model achieved an optimal bal-
ance between linguistic quality, length control, and
informational completeness.

5.3 Dialogue generation Benchmark
Evaluation

To evaluate the generalization and robustness of
TRAC, we further applied it to dialogue genera-
tion, which required modeling multi-turn depen-
dencies and context-sensitive responses. This set-
ting enabled a rigorous assessment of TRAC’s fine-
grained credit assignment in open-ended gener-
ation, where sequence-level rewards often strug-
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Dataset Method R-1 (↑) R-2 (↑) R-L (↑) Coher (↑) Consis (↑) Flu (↑) Rele (↑) G-Eval (↑)

XL-Sum

SFT 34.50 13.27 23.16 70.21 74.85 73.12 71.45 71.25
PPOseq 36.05 14.47 25.47 73.78 78.25 76.54 76.07 74.67
FIGA 42.26 20.39 32.89 75.99 81.19 82.96 80.15 76.39
TLCR 41.02 18.37 30.35 76.39 82.14 82.95 82.97 75.14
TRAC 41.79 18.42 31.73 78.12 81.24 84.70 81.17 79.80

NYT Corpus

SFT 37.84 20.12 28.45 74.55 77.10 79.80 72.37 76.44
PPOseq 39.63 21.98 30.89 77.95 80.01 82.26 75.49 80.17
FIGA 43.81 23.79 37.30 80.11 82.94 83.53 81.45 84.29
TLCR 43.50 23.56 35.39 79.05 83.86 84.62 83.53 84.85
TRAC 45.40 24.66 37.84 83.90 87.70 89.22 84.54 85.19

BookSum

SFT 32.14 16.82 19.45 64.82 65.43 72.18 70.64 67.55
PPOseq 33.56 17.65 21.51 71.34 73.68 75.24 74.12 72.81
FIGA 35.84 20.05 23.12 74.28 76.55 78.93 77.21 78.86
TLCR 34.52 18.41 22.21 73.64 75.82 77.51 76.14 77.92
TRAC 36.42 19.28 22.55 77.45 79.12 82.54 80.31 80.15

Table 2: Summarization results on multilingual dataset and long-document dataset.

Model R-1(%↑) R-2(%↑) R-L(%↑) Coher (% ↑) Consis (% ↑) Flu (% ↑) Rele (% ↑) ∆L ( ↓)
RR 36.10 16.20 27.50 70.12 71.30 68.45 66.80 21.53

TRAC 44.92 22.47 35.92 81.25 85.09 90.02 83.92 6.33
w/o LP 48.62 23.63 36.47 79.29 76.11 86.19 82.08 23.19
w/o AA 41.19 19.23 32.57 77.18 83.56 82.66 80.54 18.01

Table 3: Ablation experiment results on the CNN/DM dataset. RR (Random Reward), LP (Length Penalty), and AA
(Attention Allocation). ∆L denotes the absolute difference from the average reference summary length (72).

gled to maintain logical continuity.As shown in
Table 5, TRAC achieved the best performance
across all metrics, with particularly strong improve-
ments in Fluency and Relevance. Compared with
PPOseq, TRAC improved Fluency and Relevance
by 14.21% and 13.42%, respectively; gains of
6.58% and 3.88% were observed over FIGA, and
4.24% and 2.71% over TLCR. TRAC also yielded
substantial improvements in Coherence, outper-
forming the three baselines by 18.03%, 8.91%,
and 6.95%, respectively. Improvements in Consis-
tency were more moderate (3–6%) but remained
stable. Overall, these results demonstrated that the
proposed token-level reward mechanism provided
effective fine-grained optimization signals, leading
to consistent improvements in dialogue quality.

5.4 Human Evaluation

In the human evaluation, ten graduate students from
computer science, law, and linguistics assessed 500
summaries using a 0–10 scale. As illustrated in
Figure 3, TRAC outperformed all baselines on
Faithfulness, Fluency, Conciseness, and Informa-

tiveness, with particularly strong gains in Fluency
and Conciseness (both approaching 9). In contrast,
PPOseq achieved the lowest scores, especially on
Fluency and Conciseness, which highlighted the
limitations of sequence-level reward design. A de-
tailed inter-annotator agreement analysis was pro-
vided in Section D.

SFT was the most cost-effective due to its super-
vised nature, while FIGA and TLCR incurred over-
head from data dependencies and external labeling.
TRAC optimized the RL process by leveraging an
autoregressive PRM to provide dense token-level
supervision, which accelerated policy convergence
and reduced total training time. In contrast, PPOseq

was the most resource-intensive due to frequent ex-
ternal reward queries. A comprehensive analysis
of efficiency is elaborated in Section C.6.

5.5 LLM Evaluation

Figure 4 reported the evaluation results for 2,000
summarization and dialogue test cases. The eval-
uation paired model outputs and tasked GPT-4o
with judging preferences, where a "Tie" indi-
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σ α R-1(%↑) R-2(%↑) R-L(%↑) Coher (% ↑) Consis (% ↑) Flu (% ↑) Rele (% ↑) ∆L ( ↓)
* 0.01 42.09 21.50 34.74 78.15 84.28 87.52 81.88 6.91
* 0.05 43.85 21.59 35.63 80.38 83.58 89.99 83.91 3.68
* 0.15 44.73 22.04 35.11 81.63 81.22 89.87 76.53 9.92
1 * 42.45 20.32 34.15 77.74 82.51 88.15 82.46 11.63
5 * 43.68 21.03 34.29 77.13 84.57 89.01 83.10 8.71
15 * 44.14 22.83 35.73 80.06 83.43 87.06 81.11 1.71

* * 44.92 22.47 35.92 81.25 85.09 90.02 83.92 1.33

Table 4: Ablation experiment results on the CNN/DM dataset. * indicates the default parameter (σ=0.1, α=10).

Method Model Rele Coher Flu Consis

SFT
Llama-3.1 69.82 70.57 71.93 73.88
Qwen-2.5 72.41 71.24 72.96 75.12
GPT-2 68.57 67.73 67.31 72.06

PPOseq

Llama-3.1 72.61 71.45 73.64 76.72
Qwen-2.5 74.33 73.09 74.81 77.00
GPT-2 70.42 70.56 71.16 75.93

FIGA
Llama-3.1 81.71 80.22 81.25 79.62
Qwen-2.5 79.56 78.71 78.56 78.36
GPT-2 76.02 74.23 75.57 77.27

TLCR
Llama-3.1 82.38 81.12 82.87 80.64
Qwen-2.5 80.55 79.57 80.29 78.59
GPT-2 77.06 76.70 77.49 77.68

TRAC
Llama-3.1 85.59 87.77 85.03 81.11
Qwen-2.5 81.70 84.67 83.91 82.68
GPT-2 79.22 81.46 81.83 80.79

Table 5: Dialogue generation results on four metrics.
TRAC significantly outperforms baseline models, espe-
cially in coherence and fluency.

cated no clear winner. In summarization, TRAC
achieved win rates of 78%, 75%, 71%, and 80%
over SFT, TLCR, FIGA, and PPOseq, respectively.
In dialogue, TRAC attained win rates of 76%,
69%, 66%, and 86% against the same baselines.
These results shown that TRAC consistently outper-
formed mainstream baselines on both tasks, with
particularly substantial gains observed in dialogue.

5.6 Hyperparameter Experiment

As shown in Table 4, increasing α strengthened
the length penalty and yielded shorter summaries,
though excessive α led to over-compression and
degraded consistency. The parameter σ governed
the penalty’s sensitivity: while smaller σ imposed
stricter constraints that often caused information
loss, larger σ allowed for better alignment with ref-
erence lengths at the cost of fluency and relevance.
Ultimately, these results underscored the necessity
of balancing α and σ to optimize overall quality.

Figure 3: Bar chart representing human evaluations
on CNN/DM dataset across four dimensions. The line
graph indicates the time cost associated with training.

Figure 4: GPT-4o evaluation on CNN/DM and DailyDi-
alog datasets

6 Conclusion

In this paper, we introduced TRAC, a reinforce-
ment learning framework designed to enhance inter-
sentence fluency and coherence in abstractive sum-
marization. By integrating sentence-level gain,
inter-sentence attention, and a Gaussian length
penalty, TRAC constructs a fine-grained token-
level reward mechanism that effectively balances
local semantic precision with global structural con-
sistency. Our autoregressive process reward model
provides dense, context-aware feedback, enabling
the model to navigate complex generation spaces
with superior logical alignment. Extensive exper-
iments across multiple benchmarks demonstrate
that TRAC significantly improves the output qual-
ity and coherence of large language models.
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7 Limitations

Despite its performance gains, this study has sev-
eral limitations. First, although TRAC’s attention-
based token allocation is inherently heuristic, ab-
lation studies have confirmed its superiority over
simpler alternatives, such as uniform or random-
ized allocation. However, the current mechanism
still relies on fixed assumptions regarding attention-
weight correlations. Future work will focus on
investigating more principled or adaptive token-
level reward distribution strategies to further en-
hance evaluation precision beyond current heuris-
tics.

Second, computational constraints restricted
our experiments to medium-scale models, leav-
ing the scalability of TRAC to large-scale archi-
tectures (e.g., >70B parameters) and advanced
frameworks like Generalized Reward Policy Opti-
mization (GRPO) for future exploration. Finally,
TRAC’s robustness in handling highly noisy, real-
world data remains to be fully verified. Subsequent
research will focus on distributed computing and
more efficient RL algorithms to enhance the frame-
work’s applicability in complex, large-scale scenar-
ios.
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Appendix

A Construction Algorithm of the TRAC

The overall optimization process of TRAC is illus-
trated in Algorithm 1. The framework begins with
a supervised fine-tuning stage, where the language
model is trained to maximize the likelihood of ref-
erence summaries. In the second stage, token-level
rewards are constructed by decomposing sentence-
level quality gains into fine-grained token contri-
butions, further regularized by a Gaussian length
penalty to ensure coherent and appropriately sized
generations. These rewards are then used to train
a Process Reward Model that predicts token-level
quality signals. Finally, in the reinforcement learn-
ing stage, the PRM-predicted rewards serve as guid-
ance for Proximal Policy Optimization (PPO), en-
abling stable policy updates and enhancing the flu-
ency, coherence, and structural consistency of the
generated summaries.

B Experimental Settings

B.1 Datasets
For the summarization task, we employed the
CNN/DailyMail (CNN/DM) dataset (See et al.,
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Algorithm 1 The TRAC Framework

Require: Pre-trained modelMθ, dataset D = {(x, y)}, reference length Lref, PRM fϕ
Ensure: Optimized policy parameters θ∗

// Stage 1: Supervised Fine-Tuning (SFT)
1: θ ← argminθ E(x,y)∈D[−

∑
t logPθ(yt|y<t, x)] ▷ Warm-up policy

// Stage 2: Token-Level Reward Derivation & PRM Training
2: Sample summary S = {s1, . . . , sn} from Pθ(·|x)
3: for each sentence si ∈ S do
4: Compute Rgain(si) = Q(S≤i)−Q(S≤i−1) with length-scaling factor
5: Extract attention weights wij = Softmax(Standardize(Ai))
6: Assign rt = wij ·Rgain(si) + P len

t (Lref) ▷ Construct ground-truth rewards
7: end for
8: ϕ← argminϕ

1
T

∑T
t=1(fϕ(h≤t)− rt)

2 ▷ Train Process Reward Model
// Stage 3: Proximal Policy Optimization (PPO)

9: while not converged do
10: Sample trajectories using current πθ and predict rewards r̂t = fϕ(h≤t)
11: Compute TD-error δt = r̂t + γVt+1 − Vt

12: Calculate GAE advantage At =
∑∞

l=0(γλ)
lδt+l

13: Update θ by maximizing LPPO = E[min(ρtAt, clip(ρt, 1− ϵ, 1 + ϵ)At)]
14: end while
15: return θ∗ ← θ

Table 6: Statistical summary of summarization datasets
including total document counts and average token
lengths for both source texts and summaries.

Dataset # Docs Source Summary

CNN/DM 311,971 803 59
NYT Corpus 589,000 1,180 78
XL-Sum 301,444 463 29
BookSum 12,630 5,101 505

2017), a widely used benchmark consisting of
large-scale news articles paired with human-written
summaries. The texts originate from real-world
news reports, making the dataset authentic, di-
verse in topic, and of moderate length, thus well-
suited for evaluating a model’s ability to com-
press and abstract long-form news content. In
addition, we incorporated XL-Sum (Hasan et al.,
2021) and the New York Times (NYT) Corpus
(Sandhaus, 2008)to enhance coverage of multi-
lingual and long-document scenarios. XL-Sum
provides multilingual news summaries for testing
cross-lingual adaptability, while the NYT Corpus
contains lengthy, in-depth articles, making it valu-
able for assessing a model’s performance on com-
plex long-text summarization. Furthermore, we
included BookSum (Kryściński et al., 2022), a
comprehensive dataset specifically designed for

long-form narrative summarization. Unlike news-
based corpora, BookSum features hierarchical data
spanning paragraphs, chapters, and entire books
sourced from public domain literature. Detailed
statistical characteristics of the datasets are summa-
rized in Table 6.

For dialogue generation, we used the DailyDi-
alog dataset (Li et al., 2017), a rich collection of
everyday conversations covering emotional expres-
sion and information exchange, making it a strong
benchmark for assessing fluency and coherence in
dialogue generation.

B.2 BaseLine Models

To evaluate the proposed method’s efficacy, we
benchmarked it against three representative gener-
ative models: Llama-3.1-8B (Dubey et al., 2024),
Qwen-2.5-7B (Team, 2024), and GPT-2 (Radford
et al., 2019). These models provide a diverse spec-
trum of architectures and capabilities: Llama-3.1-
8B serves as a high-efficiency lightweight LLM;
Qwen-2.5-7B offers robust multi-task and multi-
lingual performance; and GPT-2 acts as a founda-
tional autoregressive baseline. This selection spans
multiple modeling paradigms and resource scales,
ensuring a comprehensive and rigorous compara-
tive analysis.

In addition, we compared against multiple token-
level reward baselines. TLCR (Yoon et al., 2024)is
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a token-level continuous reward mechanism de-
signed for RLHF. It trains a discriminator on token
preference labels generated by an external LLM
and normalizes its confidence scores to continu-
ous rewards ranging from -1 to 1, thereby improv-
ing performance in open-ended generation tasks.
FIGA (Ramamurthy et al., 2023), on the other
hand, is an alignment approach between language
models and human preferences. By constructing
the SPA dataset and leveraging the Levenshtein
distance to compare initial and revised responses,
it assigns positive reward weights to inserted or
replaced tokens, and negative penalties to deleted
or substituted tokens, thereby generating token-
level rewards. Unlike fine-grained reward mod-
els, PPOseq serves as a baseline that employs a
sparse reward mechanism, where the global se-
quence score is applied exclusively to the termi-
nal valid token. This signal is further augmented
by per-token KL-divergence penalties to maintain
distributional stability during alignment.

B.3 Evaluation Metircs

B.3.1 Automatic metrics

In our experiments, we selected evaluation met-
rics tailored to each task. For summarization,
we adopted ROUGE (Lin, 2004) and UniEval
(Zhong et al., 2022)1. ROUGE measures n-gram
and longest common subsequence overlaps to as-
sess coverage, while UniEval leverages large lan-
guage models(T5-Large) to provide a more com-
prehensive evaluation across fluency, consistency,
and informativeness. For dialogue generation, we
employed UniEval as the primary metric, as it
integrates contextual information to evaluate flu-
ency, coherence, and relevance, making it par-
ticularly suitable for capturing semantic continu-
ity and logical consistency in multi-turn conversa-
tions. Furthermore, we incorporated G-Eval (Liu
et al., 2023), which utilizes LLMs with Chain-of-
Thought prompting and formulates evaluation as a
form-filling task. By calculating the expected value
of scores based on token probabilities, G-Eval pro-
vides a more granular assessment that demonstrates
superior correlation with human judgment in nu-
anced quality dimensions. G-Eval prompt are de-
tailed in Figure 8.

1https://github.com/maszhongming/UniEval

Table 7: Hyperparameter table

Hyperparameter Value

Learning Rate 2e-5
SFT Epoch 50

SFT Batch Size 32
PPO Epoch 5

PPO Batch Size 16
Optimizer Adam

c 0.05
σ 10
α 0.1

B.3.2 Human Metrics
For human evaluation, we adopt the FFCI frame-
work (Koto et al., 2022), which assesses summaries
across four dimensions: Faithfulness (fidelity to
the source), Fluency (grammaticality and readabil-
ity), Conciseness (brevity and non-redundancy),
and Informativeness (coverage of key content).
This complements automatic metrics with subjec-
tive judgments of quality.

B.4 Experimental Environment

Our experiments were conducted on Ubuntu
20.04.6 LTS, with hardware equipped with
NVIDIA GeForce RTX 3090 and NVIDIA A30
GPUs. To prevent overfitting and optimize training
efficiency, we implemented an early stopping strat-
egy based on the convergence of the validation loss.
We used Python 3.8 as the programming language
and PyTorch 2.3.0 with CUDA 11.8 for model de-
velopment and accelerated training. The detailed
parameter settings are summarized in Table 7.

C Process Reward Model

In this section, we provide the detailed architecture
of the Process Reward Model, which is designed
to assign token-level rewards based on the hidden
representations of the summarization model.

C.1 Hidden Representation Extraction

Let the summarization model be parameterized by
θ, and a given input sequence be denoted as :

X = {x1, x2, . . . , xT }, (17)

where xt represents the t-th token and T is the se-
quence length. After forward propagation through
the encoder-decoder architecture, we obtain the
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Figure 5: Illustration of sentence gain scoring and token-level reward generation. (a) Example with three sentences
from a web news. (b) Relative sentence gain calculation based on incremental scores. (c) Fine-grained token-level
reward assignment guided by sentence-level gain and attention scores.

hidden state vectors at each decoding step:

H = {h1, h2, . . . , hT }, ht ∈ Rd, (18)

where ht denotes the d-dimensional hidden repre-
sentation of token xt at the decoder output layer
before projection. These hidden states encapsulate
both contextual and syntactic information of the
generated summary.

C.2 Token-Level Reward Modeling
The PRM is constructed as a lightweight autore-
gressive decoder that takes H as input and predicts
a token-wise reward score sequence.

R = {r1, r2, . . . , rT }, rt ∈ R. (19)

At each time step t, the model estimates the condi-
tional reward probability:

p(rt | r<t, H) = Decoderϕ(ht, r<t), (20)

where ϕ denotes the parameters of the PRM de-
coder, and r<t represents the previously generated
rewards {r1, . . . , rt−1}.

C.3 Autoregressive Decoder Architecture
The decoder is composed of L stacked transformer
blocks, each consisting of:

• Masked Self-Attention Layer: captures the
temporal dependencies among previously pre-
dicted rewards. For the l-th layer, the attention
output is computed as

Attn(l) = Softmax

(
Q(l)(K(l))⊤√

dk
+M

)
V (l),

(21)
where Q(l),K(l), V (l) are the query, key, and
value matrices of dimension dk, and M is the
causal mask ensuring autoregressive predic-
tion.

• Cross-Attention Layer: aligns the decoder
states with the hidden representations H from
the base summarization model, enabling the
PRM to leverage semantic and structural in-
formation from ht.

• Feed-Forward Network (FFN): applies two
linear transformations with a non-linear acti-

37575



vation (e.g., GELU) in between:

FFN(x) = W2 σ(W1x+ b1) + b2, (22)

where W1,W2 are learnable weight matrices
and σ(·) is the activation function.

• Residual Connections and Layer Normal-
ization: each sublayer output is wrapped with
a residual connection and layer normalization:

x(l+1) = LayerNorm
(
x(l) + Sublayer(x(l))

)
.

(23)

C.4 Reward Prediction and Training
Objective

After the final decoder layer, the model projects the
hidden state zt at each timestep into a scalar reward
value:

rt = Wrzt + br, (24)

where Wr ∈ R1×d and br are trainable parameters.
The training objective is to minimize the mean

squared error (MSE) between the predicted rewards
and the target token-level reward signals:

LPRM =
1

T

T∑

t=1

(rt − r̂t)
2, (25)

where r̂t denotes the reference reward signal de-
rived from heuristic or external evaluation func-
tions.

By integrating hidden representations H and au-
toregressive reward estimation, the PRM captures
both local and global dependencies of the gener-
ated summary. Its design allows fine-grained token-
level reward modeling, which serves as a crucial
supervision signal in the reinforcement learning
phase for optimizing generation quality.

C.5 Intrinsic Evaluation

Table 8: Performance comparison of different token-
level process reward models. To account for the fine-
grained reward scale (0.01 ∼ 0.1), the MSE values are
scaled by 10−4. The best results are highlighted in bold.

Model MSE (↓) Spearman ρ (↑) KL (↓)
FIGA 32.56 0.438 0.482
TLCR 15.89 0.712 0.356
TRAC 12.14 0.824 0.373

As illustrated in Table 8, the proposed TRAC sig-
nificantly outperforms all competitive token-level

baselines across MSE and Spearman evaluation
metrics, demonstrating an exceptional capability
in fitting fine-grained reward signals within the
nuanced range of 0.01 ∼ 0.1. The superiority
of TRAC primarily stems from its autoregressive
architecture, which, unlike the heuristic-based ap-
proach of FIGA or the discriminative-based confi-
dence scoring of TLCR, inherently aligns with the
sequential logic of text generation. This genera-
tive design enables the model to effectively capture
complex, step-wise dependencies and cumulative
contextual information, resulting in more precise
credit assignment as evidenced by the high Spear-
man correlation (ρ = 0.824). Furthermore, the
lower KL divergence indicates that TRAC main-
tains superior distributional stability, effectively
mitigating common pitfalls such as reward sparsity
or over-optimization, thereby providing a more re-
liable and granular guidance signal for fine-grained
alignment tuning.

C.6 Efficiency and Computational Overhead
Analysis

We evaluate the computational efficiency of the
proposed TRAC framework by comparing its la-
tency, maximum batch size (BS), and throughput
against existing baselines on a single GPU with
24G VRAM. The results are summarized in Ta-
ble 9.

Table 9: Comparison of Performance Metrics. BS
denotes Max Batch Size (24G VRAM), Throughput
is measured in Items/s, and Latency is measured in
s/sample.

Model Latency(↓) BS(↑) Throughput(↑)
TLCR ∼0.7s ∼32 ∼45
FIGA ∼0.5s ∼40 ∼82
TRAC ∼0.6s ∼40 ∼66

As shown in the experimental results, TRAC
demonstrates competitive operational efficiency
while maintaining high-granularity evaluation ca-
pabilities. Specifically, TRAC achieves a latency
of approximately 0.6s per sample, which is a sig-
nificant improvement over the 0.7s recorded by
TLCR. Regarding memory utilization, both FIGA
and TRAC exhibit superior scalability, supporting
a maximum batch size of ∼40, whereas TLCR is
limited to ∼32.

While FIGA maintains a marginal lead in raw
throughput (∼82 items/s vs. ∼66 items/s for
TRAC), the slight computational overhead of
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TRAC is justified by its enhanced qualitative per-
formance in downstream tasks. As TRAC provides
a more robust token-level reward signal without a
prohibitive increase in latency, it represents a more
favorable trade-off between inference speed and
generation quality for real-world deployment in
summarization and dialogue systems.

D Human Evaluation Consistency

Table 10: Inter-annotator agreement results for hu-
man evaluation. We report Krippendorff’s α (interval),
Fleiss’ κ, and ICC(2,1) across all five metrics.

Model Kripp α (↑) Fleiss κ (↑) ICC (↑)
SFT 0.762 0.714 0.785
PPOseq 0.618 0.582 0.641
FIGA 0.725 0.689 0.742
TLCR 0.784 0.746 0.801

TRAC 0.826 0.792 0.873

To validate the reliability of the human evalua-
tion results, we conducted an inter-annotator agree-
ment (IAA) analysis using Krippendorff’s α, Fleiss’
κ, and the Intraclass Correlation Coefficient (ICC).
As summarized in Table 10, TRAC consistently
achieves the highest consensus among the ten grad-
uate students across all metrics (e.g., α = 0.826,
ICC = 0.873), indicating a "near-perfect" level
of agreement that significantly surpasses the base-
lines. In contrast, PPOseq exhibits the lowest con-
sistency, likely due to the inherent instability of
sparse sequence-level rewards which often produce
outputs with varying degrees of quality, leading
to greater subjective divergence among experts
from different disciplines. The superior agreement
scores for TRAC suggest that effectively produces
more coherent and objectively high-quality sum-
maries.

E Case Study

Figure 5 presented the fine-grained visualization
of TRAC, with detailed results provided in the
Appendix. As illustrated in Figures 5(a) through
5(c), the framework mapped sentence-level gain
scores—such as the positive gain of the second sen-
tence and the negative gain of the third—directly
to the token-level reward distribution. Notably, the
third sentence exhibited lower token rewards due
to its negative gain, while the first sentence, despite
its positive gain, was moderated by the Gaussian

length penalty to prevent over-generation. This hi-
erarchical mechanism effectively guided the model
to maintain an optimal balance between informa-
tional coherence and length control.

F Prompt Design

Figure 6: Illustration of the prompt design for text sum-
marization tasks.

Figure 7: Illustration of the prompt design for dialogue
generation tasks.

In this section, we present the prompts employed
for guiding large language models in generating
text summaries and dialogue responses.

F.1 Prompt for Summarization
In text summarization tasks, prompts are designed
to instruct the model to generate concise, infor-
mative, and coherent summaries that preserve the
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Figure 8: Illustration of the prompt design for G-Eval.

essential content of the source text while minimiz-
ing redundancy.

Figure 6 provides a visual illustration of the sum-
marization prompt structure.

F.2 Prompt for Dialogue Generation
For dialogue generation, prompts are crafted to
maintain coherence, consistency, and naturalness
across multiple conversational turns.

Figure 7 shows a schematic representation of the
dialogue prompt.

F.3 Prompt for G-Eval
For G-Eval, the prompt is structured to elicit a
multi-dimensional assessment of generation qual-
ity through Chain-of-Thought (CoT) reasoning. It
defines specific rubrics for Coherence, Fluency,
Consistency, and Relevance, guiding the evaluator
model to first generate a rationalization and then
assign numerical scores. This systematic decompo-
sition ensures that the evaluation remains objective
and aligns closely with human judgment.

Figure 8 illustrates the schematic representation
of the G-Eval prompt and its integrated scoring
workflow.
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