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Abstract

Reasoning-intensive ranking models built on Large Language
Models (LLMs) have made notable progress. However, exist-
ing approaches often rely on large-scale LLMs and explicit
Chain-of-Thought (CoT) reasoning, resulting in high com-
putational cost and latency that limit real-world use. To ad-
dress this, we propose TFRank, an efficient pointwise rea-
soning ranker based on small-scale LLMs. To improve rank-
ing performance, TFRank effectively integrates CoT data,
fine-grained score supervision, and multi-task training. Fur-
thermore, it achieves an efficient “Think-Free” reasoning
capability by employing a “think-mode switch” and point-
wise format constraints. Specifically, this allows the model
to leverage explicit reasoning during training while deliv-
ering precise relevance scores for complex queries at infer-
ence without generating any reasoning chains. Experiments
show that TFRank achieves performance comparable to mod-
els with four times more parameters on the BRIGHT bench-
mark and demonstrates strong competitiveness on the BEIR
benchmark. Further analysis shows that TFRank achieves an
effective balance between performance and efficiency, pro-
viding a practical solution for integrating advanced reasoning
into real-world systems.

Code — https://github.com/JOHNNY-fans/TFRank
Extended version — https://arxiv.org/abs/2508.09539

Introduction
Driven by the advancements in Large Language Models
(LLMs), Information Retrieval (IR) systems are increasingly
confronted with the demand to handle complex, inferential
user queries (DeepSeek-AI et al. 2025; Yang et al. 2025a;
Su et al. 2025; Weller et al. 2025a). In modern applica-
tions such as Retrieval-Augmented Generation (RAG) sys-
tems and Multi-Agent frameworks (Yu et al. 2024; Chen
et al. 2024b; Guo et al. 2024), the ability to perform reason-
ing over both queries and retrieved documents is essential
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for ranking models to deliver accurate and relevant informa-
tion. This has led to research on reasoning-intensive rank-
ing, which aims to develop ranking algorithms capable of
understanding subtle relationships and accurately assessing
the relevance of documents to complex information needs.

Early attempts to endow rankers with reasoning capabili-
ties relied primarily on the power of LLMs. Methods lever-
age LLMs’ instruction-following abilities to flexibly judge
query–document relevance (Sun et al. 2023; Ma et al. 2023;
Yu et al. 2024). To further enhance performance on complex
queries, many approaches explicitly incorporate the Chain-
of-Thought (CoT) mechanism. By generating reasoning text
before making a final relevance judgment, models such as
Rank1 (Weller et al. 2025b), Rank-R1 (Zhuang et al. 2025),
and REARANK (Zhang et al. 2025a) have demonstrated sig-
nificant performance improvements in handling queries that
require sophisticated reasoning.

However, the pursuit of performance often incurs pro-
hibitive costs, hindering the transition from research proto-
types to deployable systems. A number of state-of-the-art
rankers rely on computationally and financially expensive
models, whether proprietary (e.g., GPT-4) or massive open-
source versions (e.g., Llama-3-70B-Instruct (Dubey et al.
2024)). Moreover, the reasoning process that boosts perfor-
mance is token-intensive, leading to significant inference la-
tency. Finally, listwise or setwise approaches, adopted for
cross-document comparison, exhibit limited scalability, ren-
dering them unsuitable for low-latency, real-time ranking.

Therefore, as illustrated in Figure 1, the core challenge in
designing a practical, reasoning-capable ranker is: How can
we leverage the advantages of reasoning without sacri-
ficing efficiency and robustness in real-world scenarios?
A deployable ranker must meet two essential requirements.
It should offer strong performance, including robust query-
document relevance modeling, multi-document comparison,
reasoning-based inference, and fine-grained scoring. It must
also satisfy strict efficiency constraints, such as compact
model size, short output length, stable formatting, and a scal-
able pointwise ranking architecture.

To address this challenge, we propose a novel training
and inference pipeline for pointwise ranking that balances
efficiency and performance with small-scale LLMs. In the
training phase, we adopt a multi-task strategy that inte-
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(a) Performance and Efficiency Considerations in TFRank Model Design.

(b) Example of TFRank Model Inference.

Model Size: < 10B

Approach: Pointwise
Relevance Reasoning:

    Distillation or GRPO

Multi-task Training:
    Pointwise, Pairwise, Listwise

Stable Format with Fine-grained Label:
    yes(2-4) or no(0-1)

Think Mode Switch:

    /think or /no think

Query: Why does my room suddenly look 'reddish'? My eyes seem to adapt to 

color To get the context …

Document: Color blindness or color vision deficiency (CVD) is the decreased 

ability to see color or differences in color … the number of prospective pilots who 

fail to meet the minimum medical threshold.

Response: <think>/n/n<think>no(1)

TFRank Design

/no think

Fusion

Yes/No Logits Label Logits

Figure 1: Overview of the TFRank framework. (a) summarizes key performance and efficiency considerations in the model
design. (b) provides an example of inference with the TFRank model.

grates pointwise, pairwise, and listwise supervision with
fine-grained relevance labels and CoT signals, enabling the
model to learn nuanced and precise scoring. To further
strengthen the model’s capability, we incorporate an op-
tional GRPO (Shao et al. 2024) training for advanced rea-
soning optimization. At inference, a “think-mode switch”
and pointwise output constraints prompt the model to gen-
erate direct relevance scores for each query–document pair,
fully bypassing explicit reasoning generation.

Experiments on the reasoning-intensive BRIGHT bench-
mark reveal a striking finding: our “Think-Free” inference
mode, which omits explicit reasoning chains, not only dra-
matically improves efficiency but also surpasses the ranking
performance of the full-reasoning mode. We term this phe-
nomenon “Think-Free” Reasoning and name our model
TFRank accordingly. This suggests the model internalizes
its reasoning abilities via multi-task training, enabling it
to produce high-quality judgments directly. The efficacy
of TFRank is particularly pronounced on smaller models:
for instance, our 1.7B TFRank model competes with 7B-
parameter baselines on BRIGHT, models over four times its
size. Moreover, on the general BEIR benchmark, TFRank
maintains comparable performance to existing methods
while offering substantial efficiency gains. Thus, TFRank
provides a validated and efficient pathway for building a new
generation of ranking systems that combine state-of-the-art
reasoning capabilities with production-level feasibility.

Our contributions can be summarized as follows:

• We propose TFRank, a novel and efficient framework
that enables small-scale LLMs to perform reasoning-
intensive ranking by internalizing reasoning patterns
through multi-task training.

• We identify the “Think-Free” Reasoning phenomenon,
where suppressing explicit reasoning chains at inference
leads to both superior ranking accuracy and dramatic ef-

ficiency gains.
• Our experiments demonstrate that TFRank achieves

promising results on the BRIGHT benchmark, with a
1.7B model competing with 7B baselines, proving its
practical viability for production systems.

Related Works
Application of LLMs in Ranking LLM-based ranking
methods can be categorized into three paradigms according
to how documents are processed. The pointwise paradigm
evaluates each document independently for query relevance
and outputs a score (Ma et al. 2024; Li et al. 2025; Weller
et al. 2025b; Zhang et al. 2025b; Liu, Zhu, and Dou 2024),
offering high parallelism and low latency, which makes it
suitable for real-time applications. The pairwise paradigm
compares document pairs to provide finer-grained supervi-
sion (Qin et al. 2024; Luo et al. 2024), but its quadratic com-
plexity limits scalability with many candidates. Listwise and
setwise methods (Sun et al. 2023; Ma et al. 2023; Zhuang
et al. 2024) process multiple documents jointly, but face
increased input/output length and lower efficiency due to
sliding-window strategies, hindering real-time deployment.
Recent studies further explore long-context LLMs to fully
rank candidate passages (Liu et al. 2025c), which improves
efficiency over sliding windows but inevitably increases la-
tency. In contrast, our proposed TFRank adopts an efficient
pointwise architecture while integrating strong reasoning
abilities through targeted training.

Reasoning-Intensive LLM Ranking With the rapid
progress of RAG and Multi-Agent systems, as well
as the emergence of stronger LLMs (e.g., DeepSeek-
R1 (DeepSeek-AI et al. 2025), OpenAI o1), explicit reason-
ing has become increasingly integrated into ranking mod-
els (Zhu et al. 2023). Existing research follows two main di-
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Model Approach StackExchange Coding Theorem-based Avg.
Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

BM25 - Pointwise 18.2 27.9 16.5 13.4 10.9 16.3 16.1 24.7 4.3 6.5 7.3 2.1 13.7
RankGPT-4 Zero-shot Listwise 33.8 34.2 16.7 27.0 22.3 27.7 11.1 3.4 15.6 1.2 0.2 8.6 17.0
Deepseek-R1-rank llm1 Zero-shot Listwise 14.6 16.9 11.1 17.3 17.5 11.2 15.3 8.1 8.8 5.6 4.7 8.1 11.6
Rank1-7B SFT Pointwise 31.4 36.7 18.3 25.4 13.8 17.6 24.8 16.7 9.5 6.1 9.5 11.6 18.5
Rank1-14B SFT Pointwise 29.6 34.8 17.2 24.3 18.6 16.2 24.5 17.5 14.4 5.5 9.2 10.7 18.5
REARANK-7B GRPO Listwise 23.4 27.4 18.5 24.2 17.4 16.3 25.1 27.0 8.0 7.4 7.9 9.5 17.7
Rank-R1-3B GRPO Setwise 18.4 17.1 13.7 16.9 9.0 10.0 16.5 11.1 4.7 3.5 3.2 5.9 10.8
Rank-R1-7B GRPO Setwise 26.0 28.5 17.2 24.2 19.1 10.4 24.2 19.8 4.3 4.3 8.3 10.9 16.4
Rank-R1-14B GRPO Setwise 31.2 38.5 21.2 26.4 22.6 18.9 27.5 20.2 9.2 9.7 9.2 11.9 20.5

Llama3.2 Series

TFRank-1B SFT Pointwise 23.8 25.5 8.6 15.3 7.3 11.0 8.9 9.4 9.3 4.4 6.2 2.2 11.0
TFRank-3B SFT Pointwise 31.3 42.2 19.1 27.5 14.7 17.9 19.9 19.9 2.8 6.7 9.2 8.0 18.3
TFRank-8B SFT Pointwise 31.8 41.5 19.7 30.0 17.2 20.9 19.2 26.0 20.3 10.7 10.3 9.6 21.4

Qwen2.5 Series

TFRank-0.5B SFT Pointwise 16.7 23.0 8.3 14.4 13.7 8.1 14.1 9.0 15.2 3.4 2.8 1.1 10.8
TFRank-1.5B SFT Pointwise 22.1 23.3 15.9 20.3 11.8 13.6 14.3 17.8 17.5 6.7 9.5 6.9 15.0
TFRank-3B SFT Pointwise 29.5 36.2 16.8 24.3 15.1 13.8 18.7 23.1 8.6 8.9 9.3 9.1 17.8
TFRank-7B SFT Pointwise 31.0 41.2 20.1 26.8 19.8 18.1 22.0 23.4 16.9 7.0 10.0 10.5 20.6

Qwen3 Series

TFRank-0.6B SFT Pointwise 24.8 30.0 12.0 17.5 12.9 12.1 12.7 24.4 13.1 7.1 10.3 9.8 15.6
TFRank-1.7B SFT Pointwise 25.2 29.7 17.2 26.2 15.0 16.7 17.9 21.9 10.1 4.5 7.0 9.4 16.7
TFRank-4B SFT Pointwise 31.4 40.9 19.4 26.2 18.8 19.1 20.3 23.4 13.0 7.7 10.1 9.1 20.0
TFRank-8B SFT Pointwise 29.8 42.3 21.5 25.9 19.7 21.3 22.8 21.6 16.4 6.8 10.4 9.0 20.6

Table 1: Main evaluation results (NDCG@10) on the BRIGHT benchmark using BM25 as the retriever. TFRank models are
trained on their respective backbones. For each column, the highest value is bolded and the second highest is underlined.

rections. The first is to directly exploit the zero-shot reason-
ing ability of large LLMs (e.g., Llama-3.1-70B (Dubey et al.
2024), GPT-4o), as in JudgeRank (Niu et al. 2024) and Inser-
tRank (Seetharaman, Dhole, and Bansal 2025), which have
also motivated some more efficient and effective collabora-
tive multi-agent ranking systems (Fan et al. 2025; Liu et al.
2025b). The second direction equips rankers with reason-
ing through training. This includes CoT distillation methods
such as ReasoningRank (Ji et al. 2024), Rank1 (Weller et al.
2025b), and Rank-K (Yang et al. 2025b), as well as GRPO-
based approaches like ReasonRank (Liu et al. 2025a),
REARANK (Zhang et al. 2025a), and Rank-R1 (Zhuang
et al. 2025), which optimize reasoning-based ranking on lists
or sets (Shao et al. 2024). However, most of these methods
rely on large-scale models and online CoT generation, lead-
ing to high inference costs that limit scalability. In contrast,
TFRank employs small-scale LLMs and uses CoT only as
a training supervision signal. During inference, it bypasses
CoT entirely via a “Think-Free” mechanism, achieving high
efficiency while maintaining performance.

Methods
Overall Architecture
TFRank employs a two-stage architecture. In the training
stage, we instill reasoning abilities into a small-scale LLM

1https://github.com/castorini/rank llm/tree/main/src/rank llm

(0.5∼8B) through multi-task supervised fine-tuning (SFT).
This process leverages a diverse dataset labeled with binary
relevance, fine-grained scores, and explicit CoT reasoning.
An optional GRPO-based optimization step can also be ap-
plied to further enhance the model’s performance. During
the inference stage, inspired by the Qwen3 series (Yang et al.
2025a), we employ a special prompt token as the “think-
mode switch” to force the model to bypass explicit CoT
generation and emit only a structured pointwise relevance
score, thus minimizing latency and output length, making it
suitable for real-time ranking scenarios.

Training Data Construction
High-quality training data is the foundation of TFRank’s
performance. Our data construction involves two steps:

Construction of Foundational Relevance Datasets To
equip the model with fundamental ranking abilities, we first
construct two datasets containing binary and fine-grained
relevance labels, respectively. For binary relevance data,
following the data processing methodology of Rank1, we
acquire approximately 386k positive or negative query-
document pairs from the MS MARCO dataset (Nguyen et al.
2016), using only their binary labels; this dataset is denoted
as ms sub binary.

For fine-grained score data, we follow the methodology
of BGE-M3 (Chen et al. 2024a) to provide the model with
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Model Approach Avg.

BM25 - Pointwise 36.9
Rank1-7B SFT Pointwise 39.2
Rank1-14B SFT Pointwise 38.7
REARANK-7B GRPO Listwise 42.8
Rank-R1-3B GRPO Setwise 37.8
Rank-R1-7B GRPO Setwise 43.5
Rank-R1-14B GRPO Setwise 43.8

Llama3.2 Series

TFRank-1B SFT Pointwise 29.9
TFRank-3B SFT Pointwise 40.5
TFRank-8B SFT Pointwise 43.2

Qwen2.5 Series

TFRank-0.5B SFT Pointwise 36.6
TFRank-1.5B SFT Pointwise 39.5
TFRank-3B SFT Pointwise 39.7
TFRank-7B SFT Pointwise 41.5

Qwen3 Series

TFRank-0.6B SFT Pointwise 39.0
TFRank-1.7B SFT Pointwise 39.4
TFRank-4B SFT Pointwise 42.5
TFRank-8B SFT Pointwise 42.1

Table 2: Short evaluation results (average NDCG@10) on
the BEIR benchmark, using BM25 as the retriever. TFRank
models are trained on each corresponding backbone. The
best average value for each block is bolded, and the sec-
ond best is underlined. Detailed results for all BEIR datasets
are provided in the supplementary material.

more nuanced judgment capabilities. We randomly sam-
ple approximately 10% of queries from each MS MARCO
length group, along with their top-1 positive and negative
documents. For these pairs, we use DeepSeek-R1 to anno-
tate and generate additional documents with fine-grained
relevance on a five-point scale. To ensure annotation qual-
ity, we apply strict filtering: only positive samples with fi-
nal scores in [2, 3, 4] and negative samples with scores in
[0, 1] are retained. This process yields a fine-grained dataset,
denoted as ms sub finegrained, comprising approxi-
mately 7k queries and 44k query-document pairs.

Multi-task Data and CoT Distillation After construct-
ing the ms sub finegrained dataset, we expand it into
three task paradigms: pointwise, pairwise, and listwise.
For pointwise data, we prompt DeepSeek-R1 to generate
a CoT explanation for each [query, doc] pair to jus-
tify its known fine-grained score, with the final label ap-
pended to the end. For the pairwise setting, we sample
[query, doc1, doc2] triplets sharing the same query,
and use DeepSeek-R1 to generate a CoT explaining their
relative relevance and to produce a preference label. For list-
wise tasks, we follow the REARANK (Zhang et al. 2025a)
format: for each query, we construct a set of documents
D = {d1, d2, ..., dn}, ensuring diversity by sampling no
more than two documents per relevance level, and instruct
DeepSeek-R1 to generate a CoT that explains the overall

Figure 2: Size and efficiency trade-offs for ranking perfor-
mance on the BRIGHT benchmark. (a) NDCG@10 ver-
sus model size for different ranker families; (b) NDCG@10
versus processed queries per hour (efficiency). All TFRank
models are trained on the Qwen3 series.

ranking logic for the predefined order. This procedure results
in a multi-task dataset (ms sub finegrained cot) en-
riched with CoT reasoning signals across all paradigms.

SFT Training: Internalizing Reasoning
During the SFT stage, our primary goal is to internalize CoT
reasoning capabilities into a small-scale model and teach it
to switch between /think and /no think modes based
on instructions.

Think-Mode Switch We control the model’s generation
mode by appending a special token after the input content:

• /think: Instructs the model to enter /thinkmode, re-
quiring it to first generate a reasoning process in the for-
mat <think>\n{reasoning text}\n</think>
before providing the final answer.

• /no think: Instructs the model to enter /no think
mode, bypassing the reasoning process entirely and
directly outputting the final answer after an empty
<think>\n\n</think> tag.

Multi-task Supervised Fine-Tuning Based on different
task paradigms (listwise, pairwise, and pointwise), con-
structed training datasets, and the think-mode switch, we
construct a unified training data format for SFT:

• <Instruction><Query><Doc><think mode>

For clarity, we present below an example of a fine-grained
pointwise sample in the /no think mode:

Prompt: <Instruct>: Please judge the relevance
strength between the query and the document, and
directly output the relevance judgment (yes or no),
followed by the relevance score in parentheses, e.g.,
yes(score) or no(score).
<Query>: what is a stereo preamplifier?
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Model SFT Setting Inference Mode StackExchange Coding Theorem-based Avg.
Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

Qwen3-0.6B Zero-shot w/o think 16.6 15.8 5.6 6.4 3.8 4.5 5.7 9.2 2.9 1.7 2.4 2.5 6.4

TFRank-0.6B

full w/o think 24.8 30.0 12.0 17.5 12.9 12.1 12.7 24.4 13.1 7.1 10.3 9.8 15.6
full w/ think 13.9 23.2 9.9 15.1 9.5 8.8 11.7 16.4 6.8 2.6 4.8 3.9 10.5

w/o RR w/o think 19.1 25.3 13.8 20.1 11.5 14.7 14.8 23.4 10.8 3.5 8.6 8.7 14.5
w/o FG w/o think 25.0 26.3 12.1 20.9 13.2 10.5 15.0 25.7 5.0 6.1 9.5 11.0 15.0
w/o MT w/o think 20.5 26.6 10.2 15.8 10.4 9.3 11.0 18.5 8.5 5.6 9.3 10.3 13.0

Table 3: Ablation results (NDCG@10) of TFRank-0.6B (Qwen3) on BRIGHT using BM25 as the retriever. “full” is the com-
plete SFT pipeline; “w/ think” and “w/o think” denote inference with/without explicit reasoning. “w/o RR” is without Relevance
Reasoning; “w/o FG” is without Fine-grained Label; “w/o MT” is without Multi-task.

<Doc>: Amplifiers are essential components in any
sound system, boosting the audio signal to drive loud-
speakers and produce audible sound.
/no think
Response: <think>\n\n</think>no(1)

Through this hybrid training strategy, the model not only
learns how to perform explicit reasoning but also learns to
decouple its reasoning ability from the final judgment and
switch its behavior based on instructions. The training loss
for the SFT stage is the standard auto-regressive language
model cross-entropy loss:

LSFT = −
|T |∑
i=1

logP (ti|t<i, C) (1)

where C is the input prompt and T = {t1, ..., t|T |} is the
target sequence.

Inference: “Think-Free” Pointwise Ranking
During the inference stage, TFRank’s design is entirely
guided by efficiency and practicality.

Activating /no thinkMode For all inference requests,
we uniformly append the /no think command to the
prompt. This forces the model to suppress explicit CoT gen-
eration, causing it to output only a short answer contain-
ing the relevance judgment and score, such as yes(4) or
no(1). This approach reduces the generation length from
hundreds of tokens to just a few, achieving an order-of-
magnitude reduction in latency.

Pointwise Score Extraction and Fusion The model’s raw
output contains two dimensions of signals: a binary judg-
ment (yes/no) and a five-class fine-grained score (0-4). To
obtain an expressive final ranking score, we designed a fu-
sion formula. First, we calculate the probability of the binary
judgment being “yes”, Pbi, from the model’s output logits:

Pbi = softmax([logitsyes, logitsno])[0] (2)

where logitsyes and logitsno are the model’s predicted logits
for the “yes” and “no” tokens, respectively.

Next, we compute the expected value of the fine-grained
score Sfg:

Sfg =

∑4
i=0 i · softmax(logits0...4)

max(i)−min(i)
(3)

Figure 3: Score distributions for a random 1% sample
of BRIGHT, evaluated by TFRank-0.6B (Qwen3) under
/think and /no think inference modes.

where logits0...4 are the model’s predicted logits for the five
score tokens “0” through “4”.

Finally, we average these two scores to obtain the final
TFRank sorting score:

ScoreTFRank = 0.5 · Pbi + 0.5 · Sfg (4)

Optional: Optimization with GRPO
To further explore the upper bound of relevance modeling
in TFRank, we employ GRPO as an advanced optimization
strategy. We compare two paradigms: SFT-then-GRPO,
where the model first undergoes multi-task SFT before fur-
ther GRPO optimization (labeled as SFT+GRPO in Table 4);
and Direct GRPO, where end-to-end GRPO is directly ap-
plied to the instruction-tuned base model.

We design a multi-dimensional reward function Rtotal to
optimize both ranking quality and output consistency:

Rtotal = Rcontent + λRformat (5)

where λ is a balancing hyperparameter (default: 0.5).
Content Reward (Rcontent): The content reward is tailored
for each task paradigm: for pointwise tasks, it averages
binary classification accuracy and the mean squared error
(MSE) of relevance scores; for pairwise, it averages pref-
erence accuracy and the MSE scores; For listwise, it is the
mean of ranking relation accuracy, MSE scores, and relative
nDCG improvement (as defined in REARANK).
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Model StackExchange Coding Theorem-based Avg.
Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

TFRank-0.6B
SFT 24.8 30.0 12.0 17.5 12.9 12.1 12.7 24.4 13.1 7.1 10.3 9.8 15.6

SFT+GRPO 23.1 28.0 15.1 18.2 11.9 13.8 13.9 23.8 10.6 6.8 8.6 9.9 15.3
GRPO‡ 32.1 43.8 16.4 22.7 23.2 16.9 19.1 25.0 12.9 5.1 8.2 5.8 19.3

TFRank-1.7B
SFT 25.2 29.7 17.2 26.2 15.0 16.7 17.9 21.9 10.1 4.5 7.0 9.4 16.7

SFT+GRPO 24.9 29.5 16.4 26.2 14.6 15.6 17.5 27.5 9.0 6.5 10.1 9.6 17.3
GRPO‡ 30.9 42.1 19.1 25.4 14.8 21.9 18.8 19.5 15.3 5.3 8.5 10.3 19.3

TFRank-4B
SFT 31.4 40.9 19.4 26.2 18.8 19.1 20.3 23.4 13.0 7.7 10.1 9.1 20.0

SFT+GRPO 24.8 34.9 16.2 21.2 19.0 19.4 15.7 22.0 11.2 5.1 10.1 9.1 17.4
GRPO‡ 35.3 45.8 21.4 31.1 19.8 24.3 24.9 26.2 16.7 6.8 9.3 11.6 22.8

TFRank-8B
SFT 29.8 42.3 21.5 25.9 19.7 21.3 22.8 21.6 16.4 6.8 10.4 9.0 20.6

SFT+GRPO 30.3 40.6 21.4 26.1 19.1 20.2 22.5 29.1 14.9 9.8 10.9 10.1 21.3
GRPO‡ 34.5 48.6 23.7 28.3 21.9 22.3 26.8 28.1 21.2 7.2 9.5 11.0 23.6

Table 4: Results (NDCG@10) of TFRank (Qwen3) on BRIGHT under different training paradigms, using BM25 as the retriever.
Models marked with ‡ apply GRPO using all training samples, while unmarked models use GRPO on a randomly sampled
approximately 20% subset of queries for efficiency.

Format Reward (Rformat): The format reward enforces
strict output conventions, including proper use of the
<think> tag, minimum reasoning length in /think
mode, and adherence to the answer format required by each
paradigm (e.g., yes/no(score) for pointwise).

Experiments
Datasets and Metrics We evaluate TFRank on two rep-
resentative benchmarks: BRIGHT (Su et al. 2025) and
BEIR (Thakur et al. 2021). BRIGHT contains approximately
1,384 real-world queries from diverse domains such as cod-
ing, mathematics, and economics, specifically designed to
assess multi-step reasoning capabilities beyond keyword
matching. BEIR comprises 18 public datasets covering a
wide variety of retrieval tasks, including question answering,
argument retrieval, fact-checking, biomedical search, and
duplicate question detection, emphasizing zero-shot gen-
eralization across unseen domains. Following prior work,
we primarily report NDCG@10, which effectively measures
ranking quality at top positions.

Baselines We compare TFRank with several representa-
tive ranking methods. BM25 is included as a classical lexical
baseline. We consider zero-shot LLM-based listwise rank-
ing, such as RankGPT (Sun et al. 2023), and recent state-
of-the-art methods including Rank1 (Weller et al. 2025b),
Rank-R1 (Zhuang et al. 2025), and REARANK (Zhang et al.
2025a). All baselines are evaluated using official implemen-
tations or released checkpoints.

Implementation Details TFRank models are trained on
three LLM families: Qwen2.5 (0.5B∼7B) (Yang et al.
2024), Qwen3 (0.6B∼8B) (Yang et al. 2025a), and Llama
3.2 (1B∼8B) (Dubey et al. 2024). Llama-3.2-8B is sourced
from the open-source community2 , and the rest from offi-
cial repositories. Our training setup adopts a learning rate

2https://modelscope.cn/models/voidful/Llama-3.2-8B-Instruct

of 1 × 10−5 with random seed 42, and uses at most 5 SFT
epochs. In the GRPO training stage, each instance produces
eight completions. For checkpoint selection, 1% of the train-
ing data is reserved as a validation set. All experiments
are performed on one 8-GPU H20 server. More detailed
prompts, training data statistics, and full reward definitions
are provided in the Appendix and the released code.

Results and Analysis
Main Results
Overall Performance As illustrated in Table 1, on the
reasoning-intensive BRIGHT benchmark, TFRank consis-
tently and significantly outperforms all existing base-
lines across multiple model families. Notably, TFRank
unleashes the potential of small-scale LLMs. For exam-
ple, Qwen3-based SFT TFRank-1.7B achieves an average
NDCG@10 of 16.7, competing with the 4×-larger Rank1-
7B (18.5), REARANK-7B (17.7), and Rank-R1-7B (16.4).
Similarly, TFRank-3B, based on Llama-3.2 and Qwen-2.5,
even outperforms some aforementioned 7B baselines. On
the general-purpose BEIR benchmark, in Table 2, TFRank
delivers performance on par with the strongest baselines. For
instance, TFRank-8B, based on Llama-3.2, achieves an av-
erage NDCG@10 of 43.2, outperforming Rank1-14B and
REARANK-7B, while remaining comparable to the 43.5
and 43.8 achieved by Rank-R1-7B and Rank-R1-14B.

Model Efficiency While achieving high performance,
TFRank demonstrates significant efficiency advantages.
As shown in Figure 2(a), on the BRIGHT benchmark, the
TFRank performance curve is consistently above other mod-
els, indicating its ability to achieve superior performance at
equivalent or even smaller model scales, which is crucial
for resource-constrained deployment scenarios. Figure 2(b)
further reveals its inference efficiency. By adopting a point-
wise scoring and “Think-Free” reasoning mode, TFRank
processes far more queries per hour than methods that re-
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Figure 4: Training time (hours) versus ranking performance
(NDCG@10 on BRIGHT) for different training strategies.
All TFRank models use the Qwen3 series backbone. The
meaning of the ‡ symbol follows that in Table 4.

quire explicit CoT generation, such as Rank1 and Rank-
R1. Compared to the listwise model REARANK, TFRank’s
pointwise scoring enables intra-query parallelism, allowing
single-query throughput to scale effectively with hardware
resources. This is particularly advantageous for latency-
sensitive applications. Remarkably, the 0.6B TFRank sur-
passes the 7B REARANK in performance on BRIGHT,
while offering a significant throughput advantage.

Ablation Study
We conducted a series of ablation studies on the TFRank-
0.6B (Qwen3) model, with the results presented in Table 3.

Effectiveness of Components Our full TFRank model
achieves a performance of 15.6, more than doubling the
score attained by its base model and demonstrating the over-
all effectiveness of our training method. Ablation experi-
ments confirm that each of our proposed components is in-
dispensable: removing either Relevance Reasoning Supervi-
sion, Fine-grained Relevance Labels, or Multi-task training
leads to a clear performance decline.

“Think-Free” Reasoning A striking finding is the effec-
tiveness of “Think-Free” reasoning. Forcing explicit CoT at
inference (“w/ think”) severely damages performance, re-
ducing NDCG@10 to 10.5. As illustrated in Figure 3, we
observe that the score distribution in the /think mode is
more concentrated, indicating a weaker capacity to discern
documents with partial relevance. This aligns with observa-
tions by Jedidi et al. (2025): explicit reasoning can induce
overconfidence and impair the model’s ability to model par-
tial relevance finely. By internalizing the reasoning process
during training, TFRank can output more precise and dis-
criminative scores at inference time without explicit “think-
ing”, thereby achieving a substantial increase in efficiency.

Further Optimization with GRPO
To explore the performance ceiling of TFRank, we intro-
duced the GRPO training strategy. As shown in Table 4,

1.7B and 8B models show small but consistent gains when
GRPO is applied after SFT. Interestingly, across the full
Qwen3 series, directly applying full-data GRPO yields sig-
nificant improvements over SFT or SFT+GRPO. This may
be because Qwen3 models, as reasoning-oriented LLMs, can
better exploit GRPO’s broader policy exploration to discover
more optimal reasoning and ranking strategies than stan-
dard SFT. However, this performance improvement comes
at a significant training cost. As depicted in Figure 4, the
training duration for GRPO far exceeds that of SFT. For ex-
ample, the cost of full GRPO training on the 0.6B model
(approx. 200 hours) is much higher than that of training
a superior-performing 8B SFT model (approx. 8 hours).
Therefore, while increasing model scale via SFT or increas-
ing the amount of GRPO data can both effectively boost per-
formance, they represent a trade-off between computational
resources and time.

BRIGHT Leaderboard and Domain Generalization
To validate TFRank’s competitiveness within state-of-the-
art retrieval systems, we employ ReasonIR-8B (Shao et al.
2025) as the retriever and compare both our models and
baselines against top BRIGHT leaderboard entries. To fur-
ther examine TFRank’s generalization ability on reasoning-
intensive ranking, we evaluate it on a domain-specific
dataset, R2MED (Li, Zhou, and Liu 2025), which fo-
cuses on complex medical retrieval, using E5-mistral-7b-
instruct (Wang et al. 2023) as the retriever. Detailed re-
sults are provided in the Appendix. Experimental results
show that GRPO TFRank-8B achieves an NDCG@10 of
32.0 on BRIGHT, substantially outperforming REARANK-
7B (24.2) and Rank-R1-7B (23.2), while remaining slightly
behind much larger models such as Rank-R1-32B. On
R2Med, TFRank reaches an NDCG@10 of 34.7, surpassing
strong baselines such as Rank-R1-7B (32.87) and Rank1-7B
(32.30). These results demonstrate that TFRank is a com-
petitive and generalizable alternative when deploying ultra-
large models is not feasible.

Conclusion
We introduce TFRank, an innovative framework that ad-
dresses the efficiency bottlenecks of reasoning-intensive
rankers in real-world deployments. Through a “Think-Free”
reasoning mechanism, TFRank uses multi-task learning and
CoT supervision during training to internalize complex rea-
soning capabilities within small-scale LLMs. During in-
ference, it completely bypasses the generation of explicit
reasoning chains, directly and efficiently producing point-
wise relevance scores. Experiments demonstrate that this ap-
proach enables small-scale models (e.g., 1.7B) to compete
with baselines with over four times the parameters, while
substantially reducing inference latency. We further observe
that once reasoning is internalized, suppressing CoT gener-
ation during inference yields more accurate ranking results.
In summary, TFRank provides a practical path for building
and deploying advanced reasoning-based rankers, offering
a feasible solution to popularize complex AI capabilities in
resource-constrained applications.
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