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Abstract

Retrieval-Augmented Generation (RAG) faces a core bot-
tleneck with knowledge-sparse and semantically ambiguous
long-tail queries, where retrieval noise distorts reasoning
and necessitates costly post-processing. To tackle this, we
propose RaCoT (Retrieval-aware Contrastive-of-Thought), a
novel framework that shifts contrastive thinking to the pre-
retrieval stage. By automatically generating a semantically
adjacent yet differently answered contrastive question and ex-
tracting a A-Prompt to capture their key differences, RaCoT
guides the model to proactively focus on the “critical de-
tails that determine answer divergence.” This approach al-
lows it to suppress semantic interference within a single re-
trieval pass, overcoming the theoretical bottleneck of single-
vector queries that struggle to simultaneously encode signals
for what to attend to and what to ignore. On six authorita-
tive benchmarks, including PopQA and TriviaQA-unfiltered,
RaCoT outperforms strong baselines like RankRAG and Self-
RAG by 0.9-2.4 percentage points. It exhibits superior robust-
ness, with a performance drop of only 8.6% in adversarial
tests, far surpassing the over 15% degradation in other meth-
ods. Furthermore, its low latency (3.12s) and token overhead
(11.54) place it on the accuracy-efficiency Pareto frontier,
while ablation studies validate the necessity of each compo-
nent. Ultimately, RaCoT reframes the RAG paradigm from
“post-hoc context cleaning” to “a priori shaping of discrim-
inative reasoning”, offering an efficient and robust path to-
ward reliable Al systems for real-time, resource-constrained
deployments.

Introduction

Recently, large language models (LLMs) (Vaswani et al.
2023; Brown and et al. 2020; Bommasani and et al. 2022;
Radford et al. 2018; Wang et al. 2024a,b; Li et al. 2025c¢,b),
such as GPT-4 (OpenAl 2024) and the LLaMA (AI@Meta
2024) family, have demonstrated remarkable progress across
a wide range of natural language processing tasks, exhibiting
strong general-purpose capabilities. However, these models
are inherently constrained by their knowledge cutoff (Bom-
masani and et al. 2022; Zhao and et al. 2025), which ren-
ders them less effective when faced with knowledge-sparse
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and semantically ambiguous long-tail questions. To mitigate
this limitation, the Retrieval-Augmented Generation (RAG)
(Asai et al. 2024; Chan et al. 2024; Kim et al. 2024; Lewis
and et al. 2021; Guu et al. 2020; Liu et al. 2024, 2025; Zhang
et al. 2025a,c) paradigm enhances factual accuracy by in-
corporating external knowledge sources. A straightforward
way to improve performance in this framework is to increase
the retrieval scope, i.e., (Izacard and Grave 2021), retriev-
ing more documents in hopes of covering potential answers
through redundancy.

While this approach has shown performance gains in cer-
tain scenarios, it faces significant challenges in the context
of long-tail reasoning (Fu et al. 2023; Zhang et al. 2019; Sun
et al. 2023; Zhang et al. 2023; Liu et al. 2019; Zhang et al.
2025h). Specifically, when dealing with vague or ambigu-
ous queries, expanding the retrieval set often introduces nu-
merous surface-level but semantically irrelevant documents,
which dilute the model’s attention and may even lead to
catastrophic degradation in answer quality. Prior work has
shown (Huang et al. 2021; Zhang et al. 2023; de Alvis and
Seneviratne 2024; Zhang et al. 2025b) that excessive noise
in retrieved documents can lead to significant drops in model
performance once it surpasses a certain threshold. To com-
pensate for such noise, recent methods such as Self-RAG
(Asai et al. 2024)and RankRAG (Yu et al. 2024) resort to
complex post-retrieval strategies, like re-ranking or reflec-
tive filtering, to extract more relevant context. However,
these mechanisms substantially increase the computational
cost and inference latency, thereby limiting their practicality
in real-world deployments.

These challenges point to a more fundamental limitation:
existing RAG systems predominantly operate via passive fil-
tering and lack an intrinsic ability to discriminate among
retrieved information during reasoning (Gupta, Ranjan, and
Singh 2024; Liu et al. 2023a). This leads us to the following
core research question:

(Q): Can we design a mechanism that does not merely
optimize input content post hoc, but fundamentally en-
hances the model’s discriminative attention over re-
trieved information, enabling it to actively focus on
semantically critical evidence in the presence of noise
and ambiguity?

To address this question, we shift the focus from “optimiz-
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Figure 1: RankRAG improves retrieval quality by ranking
results based on the original question, while our RaCoT
generates contrastive questions to guide more reasoning-
oriented retrieval.

ing context quality” to “systematically guiding the model’s
reasoning process”. Rather than repeatedly filtering out irrel-
evant documents to construct a noise-free context, we pro-
pose to train the model to reason robustly in realistic (Lewis
etal 2021; Liu et al. 2023b; Zhang et al. 2025i; Tang et al.
2025), noisy retrieval settings, by actively identifying and
grounding on key evidence during a single-pass retrieval.
Inspired by how human experts often resolve complex
problems through comparative analysis (Tversky 1977; Eiter
et al. 2023; Yan et al. 2024; Zhang et al. 2025g), we pro-
pose a novel inference paradigm rooted in contrastive think-
ing. We first validate an intuitive hypothesis: providing a
high-quality positive example during retrieval can guide
the model toward better document selection. Building on
this, we propose the RaCoT (Retrieval-aware Contrastive-
of-Thought) framework. Its core idea is to go beyond mere
positive prompting by introducing explicit contrastive sig-
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nals through the construction of a semantically adjacent
yet distinct contrastive question and a corresponding dif-
ference prompt (A). By jointly presenting the target and
contrastive questions alongside their critical semantic dif-
ferences, the model is encouraged to focus on which de-
tails lead to fundamentally different answers, thereby in-
ducing a more discriminative and robust attention mecha-
nism. The main contributions of this work can be sum-
marized as follows: i) We present a systematic analysis of
the limitations in existing RAG methods when applied to
long-tail and ambiguous queries. In particular, we identify
key inefficiencies and effectiveness bottlenecks caused by
reliance on post-retrieval filtering or the use of single posi-
tive exemplars; ii) We introduce a novel framework, RaCoT,
which systematically applies contrastive reasoning to the
pre-retrieval stage to enhance query representation. By con-
structing contrastive exemplars prior to retrieval, RaCoT en-
hances the semantic discriminability of retrieval intents in a
single-pass setup; iii) Extensive experiments across multiple
benchmark datasets demonstrate that RaCoT significantly
improves both retrieval quality and answer accuracy, espe-
cially in scenarios involving noisy and ambiguous queries.
The framework consistently outperforms existing methods
in terms of both effectiveness and robustness.

Related Works

The RAG Paradigm and Its Inherent Limitations. Re-
cently, large language models (LLMs) like GPT-4 (OpenAl
2024) and the LLaMA (Al@Meta 2024; Grattafiori 2024,
Zhang et al. 2025d)series have shown remarkable general
capabilities. However, their knowledge is frozen at a spe-
cific point in time, leading to factual errors or ‘“halluci-
nations” when handling knowledge-sparse or semantically
ambiguous long-tail queries (Bubeck et al. 2023; Huang
et al. 2021; Liu et al. 2019; Zhang et al. 2023, 2025e).
The Retrieval-Augmented Generation (RAG) (Chan et al.
2024; Yu et al. 2024; Kim et al. 2024; Gao et al. 2024;
Lewis and et al. 2021) paradigm was introduced to miti-
gate this by grounding LLMs in external knowledge sources.
The foundational RAG framework proposed by Lewis et al.
(Lewis and et al. 2021) integrates a retriever with a gener-
ator, modeling the generation probability as p(A|Q, d), and
performs well on simple tasks. Nevertheless, for ambiguous
queries, expanding the retrieval scope often introduces ir-
relevant documents, causing attention dilution and a “catas-
trophic decline” in performance once noise surpasses a cer-
tain threshold.

Post-Retrieval Optimization: A Reactive Approach. To
combat retrieval noise, a dominant line of work has focused
on post-retrieval optimization. These methods apply com-
plex processing after retrieving an initial set of documents.
For instance, Self-RAG (Asai et al., 2023) (Asai et al. 2024)
introduces a self-reflection mechanism to filter documents,
RankRAG (Zhang et al., 2023) (Yu et al. 2024) uses re-
ranking to improve context quality, and methods like Iter-
DRAG (Yue et al. 2025) employ iterative retrieval for multi-
hop reasoning. However, these strategies are reactive by na-
ture (Izacard and Grave 2021; Guu et al. 2020). They treat
the initial retrieval as a noisy channel that must be cleaned,
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Table 1: Qualitative comparison of related works (v': strong,
A: medium, X: weak). The evaluation criteria are justified in
the Experiments section.

imposing substantial computational and latency overheads.
Fundamentally, they are workarounds that do not address the
root issue, i.e., a single query vector representation struggles
to encode both what to attend to and what to ignore.

From Query Rewriting to Pre-Retrieval Contrastive
Enhancement. Recognizing the inefficiency of post-
retrieval processing, a more recent trend has shifted towards
pre-retrieval query enhancement. This line of work, ex-
emplified by methods like AutoRAG(Kim et al. 2024), fo-
cuses on query rewriting to refine user intent. While these
methods mark an important conceptual shift towards proac-
tive enhancement(Chuang et al. 2023; Ma et al. 2023; Xiong
and et al. 2021; Fang et al. 2025; Li et al. 2025a; Zhang et al.
2025f), they aim primarily to improve the “positive” repre-
sentation of the query before it is sent to the retriever.

However, they are constrained by a critical limitation:
they lack an explicit “negative’ or ‘‘contrastive” signal.
They can refine a query for clarity (Zhou and Gong 2022; Qu
and Ding 2021), but they cannot proactively arm the model
to distinguish correct information from cleverly disguised
distractors. This leaves a crucial gap, as even a well-written
query can be semantically ambiguous and retrieve mislead-
ing documents.

Our work, RaCoT, is designed to fill this specific gap.
To our knowledge, RaCoT is the first framework to sys-
tematically introduce an explicit contrastive reasoning
mechanism into the pre-retrieval stage. Instead of merely
rewriting the query, RaCoT constructs a contrastive triplet,
which includes the original question (Q¢qrget), @ S€manti-
cally adjacent but differently answered question (Qcontrast)s
and a differential prompt (A) that precisely isolates their
key differences. This approach moves beyond simple query
optimization by injecting a discriminative signal that teaches
the model what to ignore, fundamentally enhancing the
query’s robustness before retrieval occurs.

Qualitative Comparison. Table 1 compares RaCoT with
representative RAG methods across key dimensions. It high-
lights how existing methods often sacrifice efficiency for ro-
bustness, whereas RaCoT strikes a superior balance.

* Efficiency is benchmarked by latency and token over-
head (see Figure 5), where RaCoT is positioned favor-
ably on the accuracy-efficiency Pareto frontier.

* Noise Resistance is assessed by the performance drop
under adversarial distractor injection (see Figures 3 and
4), where RaCoT shows a minimal 8.6% degradation.
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* Multi-Hop Reasoning capability is measured on com-
plex QA benchmarks like HotpotQA (see Table 2 and Ta-
ble 3), where RaCoT demonstrates strong performance.

Methodology

Reformulating the Problem: The Semantic
Bottleneck in Query Representation

From a probabilistic perspective, the retrieval-augmented
generation (RAG) framework models the posterior probabil-
ity of the answer p(A|Q) by marginalizing over the retrieved
documents d:

p(AlQ) = > p(AlQ,d) - p(d|Q)

deC

Here, the generator M., models p(A|Q, d), while the re-
triever R estimates p(d|Q). Although this formulation is
theoretically sound, the practical performance of RAG sys-
tems is often bottlenecked by the retrieval stage.

We argue that the root cause lies in the inherent insuf-
ficiency of query representation. Whether sparse retriev-
ers (e.g., BM25) or dense retrievers are used, the core op-
eration is to project the original query () into a fixed rep-
resentation, such as a bag-of-words vector or a dense em-
bedding vg € R?. While such representations suffice for
simple factual questions, they exhibit severe limitations in
long-tail queries involving nuanced semantic ambiguities. A
single static vector vg struggles to simultaneously encode
both “what to attend to” and “what to ignore”, two opposing
but essential signals for discriminative reasoning. As a re-
sult, the similarity computation (e.g., sim(vg, v4)) becomes
unreliable, making it difficult for the retriever to distinguish
genuinely relevant documents from semantic distractors that
are topically related but address subtly different questions.
This ultimately degrades the quality of the retrieval distribu-
tion p(d|Q).

This analysis suggests that retrieval-stage re-ranking
serves as a remedy rather than a fundamental solution. It
motivates a new research paradigm: Instead of purifying re-
trieved documents after the fact, can we enhance the query
representation before retrieval ?

RaCoT: Enhanced Discriminative Representations
via Contrastive Reasoning

To address the aforementioned representational bottleneck,
we propose the RaCoT framework. Rather than directly
modifying the retriever R or the generator M, RaCoT in-
troduces a dynamic, context-aware representation enhance-
ment module, denoted as Ilg,cor. This module transforms
the original query (), which may suffer from representa-
tional limitations, into a discriminatively-enhanced retrieval
representation Q*:

Q* = HRaCoT(Qtargeh Qcontrasty A)

Unlike the original static vector representation v, the
enhanced query Q* is generated through an explicit pro-
cess of differential reasoning. In practice, Q* is a seman-
tically enriched textual object, for instance, a hypotheti-
cal sketch of an ideal supporting document, that encodes
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Figure 2: RaCoT enhances complex question answering by generating contrastive questions that differ in key semantics, re-
trieving evidence for both the original and contrastive questions, and forming fine-grained triplets. A value ranking network
then scores and ranks candidate passages to select the most informative ones, improving retrieval-augmented generation with

stronger semantic discrimination.

Algorithm 1: RaCoT Inference Pipeline

LLMs
K,

Require: Target question
(M teacher MRaCoT, Mgen)’
-

Ensure: Answer A

corpus  C,
R, parameters

Q target

retriever

1:
2:

Stage 1: Contrastive Sample Generation (Offline)
Qcomrash A — Mteacher(Een(Qtargel))

: Stage 2: Intent Refinement and Retrieval

. Q* “— MRaCoT(TA (Qlargeu Qcomrasu A))
: Deand + R(Q",C, K)

AW

: Stage 3: One-Pass Filtering and Context Refinement
: Cinal < 0
: for all dz S Dcand do

S ScoreMRaC(,T (71~iller(di7 Qtargel, A))

if s; > 7 then

Ciinal — China U {d; }

end if

end for

O 00N

10:

12:
13:

14:
15:

Stage 4: Contrast-Aware Answer Generation
A Mgen (Tans (Qti\rgeh Cﬁm\ly A))

16: return A

meta-information regarding how to handle ambiguity. We
hypothesize that the resulting retrieval distribution p(d|Q*)
is significantly more accurate than the original p(d|Q). The
complete procedural pipeline is illustrated in Algorithm 1.

Core Mechanism: A-Prompting

A-Prompting serves as the core mechanism for realizing the
representation enhancement module Ilg,cor. It enforces con-
trastive reasoning within the language model to inject dis-
criminative signals into the final retrieval intent.
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Construction of Contrastive Samples This step provides
the necessary “negative” examples or semantic references
to facilitate subsequent differential reasoning. Concretely,
for each target question Qarger, We utilize a teacher model
Mieacher to generate a high-quality contrastive question
Qcontrast along with its associated difference description A:

(Qconlrasla A) = Mleacher (7—gen (Qtargel) ) ( 1 )

To ensure the quality and semantic relevance of the con-
trastive samples, which is crucial for the framework’s
effectiveness, we leverage a powerful, instruction-tuned
LLM as the teacher model. Acknowledging this depen-
dency, we further analyze its potential impact in our
ablation studies. To ensure the effectiveness of contrast,
we employ a constrained optimization procedure to select
Qcomrast:
Qcontrast :argQI?aX Simcos(E(Qtarget)7 E(Q;))
Omin < Simcos(E(Qtarget)7 E(Q;

s.t. ) < Omax

2
Here, E(:) is a sentence-embedding function (e.g.,
Sentence-BERT (Reimers and Gurevych 2019)), and we set
Omin = 0.8 and 0. = 0.95 in our experiments. These
thresholds are determined empirically on a validation
set, aiming to strike a balance between semantic simi-

larity (relevance) and distinctiveness (contrast).

Generating Discriminative Representations This stage
constitutes the core reasoning step of the RaCoT framework.
The triplet (Qarget, Qeontrast; ) is fed into the reasoning
model Mpg,cor, Which, guided by the contrastive prompt-
ing template Ta, produces the enhanced query representa-
tion Q*:

Q* = MRaCoT(TA (Qtargelv Qcontrasta A)) (3)

Unlike standard retrieval inputs represented as static vec-
tors, Q* is a semantically enriched object, for instance, a



hypothetical textual sketch of an ideal supporting document,
which explicitly encodes strategies to avoid semantic dis-
tractors via contrastive reasoning.

RaCoT-Guided Retrieval and Generation

We utilize the enhanced representation QQ* to query the re-
triever R, obtaining a candidate document set:

Dcand - R(Q*; Ca K) (4)

To improve retrieval quality, we introduce a lightweight dis-
criminative re-scoring step. For each document d; € Dy,
a relevance score is computed as:

&)

This score is estimated by Mpg,cor using a classification
prompt Tger. Documents with scores above a threshold 7
(set to 0.7 based on validation set performance) form the
refined context:

Cinal = {d; | di € Dcana, si > 7}

s; = p(y = "Relevant” | d;, Quargets A)

(6)

Finally, the generator M,., produces the answer condi-
tioned on both Cgp, and the contrastive difference A:

A= Mgen(ﬁns(Qtargetv Cﬁnalv A)) (7)

This ensures that contrastive reasoning is consistently pre-
served throughout both retrieval and generation stages.

Experiment
Experimental Settings

Evaluation Tasks We evaluate RaCoT on six representa-
tive QA benchmarks covering diverse reasoning demands.
PopQA (Mallen et al. 2022) and TriviaQA-unfiltered(Joshi
et al. 2017) contain a high proportion of long-tail questions
involving rare entities and low-frequency knowledge, mak-
ing them particularly challenging for retrieval-based mod-
els due to sparse coverage and limited training signal. ARC-
Challenge (Clark et al. 2018) and OpenBookQA (Mihaylov
et al. 2018) assess the model’s ability to leverage structured
scientific and commonsense knowledge. HotpotQA (Yang
et al. 2018) and 2WikiMultiHopQA (Ho et al. 2020) re-
quire multi-hop reasoning across multiple sentences or doc-
uments, testing the model’s compositional semantics and
ability to track complex inference chains.

Baselines To systematically evaluate the generalization
and practical effectiveness of RaCoT across different
model architectures, we deploy it on two widely-used
open-source backbone models: Qwen2.5-7B (Team 2024)
and LLaMA3-8B (Al@Meta 2024), and compare it with
a diverse set of representative baselines. We categorize
these baselines into three major paradigms: (1) Privately-
enhanced models, such as ChatGPT-40 and ChatGPT-4o-
mini (OpenAl 2024), which represent the current perfor-
mance upper bound of commercial closed-source systems;
(2) No-Retrieval methods, where the model relies solely
on its parametric knowledge to answer questions; and (3)
Retrieval-Augmented methods, which follow the standard
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Method PopQA TQA ARC-C OBQA HOTPOTQA 2WIKI
Proprietary LLM with Retrieval
GPT-40 453 564 532 456 47.2 36.5
GPT-40-mini 351 609 51.8 442 45.7 342
Baselines without Retrieval
Qwen2.5-7B 27.8 413 413 394 25.8 31.2
Qwen2.5-7B-Chat  54.6 454 624  60.9 16.2 28.6
Qwen2.5-7B (SFT) 56.7 59.6 639 628 43.2 43.2
Baselines with Retrieval
Qwen2.5-7B 324 434 436 426 28.6 32.6
Qwen2.5-7B-Chat  56.5 462 652 583 18.6 30.3
Qwen2.5-7B (SFT) 572 613 642 614 44.3 45.6
SAIL-7B 532 583 594 604 46.2 48.5
Self-RAG 632 656 684 812 65.2 574
RQ-RAG 645 674 69.6 839 67.3 58.2
AutoRAG 65.2 689 70.3 85.5 67.9 59.1
RankRAG 66.4 702 714 875 68.5 60.3
IterDRAG 66.8 698 712 869 68.6 60.6
Our-RaCoT 68.3 71.8 721 882 68.9 61.2

Table 2: Benchmark comparison across QA datasets on
Qwen models. Our-RaCoT consistently outperforms re-
trieval baselines and proprietary LLMs.

retrieve-then-generate paradigm by incorporating external
knowledge sources.

In each paradigm, we include the base models, their
instruction-tuned variants (e.g., Chat models), as well as
models fine-tuned on specific QA datasets to ensure a fair
and comprehensive evaluation. Moreover, we include sev-
eral recent and high-performing RAG-based methods, such
as SAIL-7B(Luo et al. 2023), Self-RAG (Asai et al. 2024),
RQ-RAG (Chan et al. 2024), AutoRAG (Kim et al. 2024),
RankRAG (Yu et al. 2024), and IterDRAG (Yue et al.
2025), as strong retrieval enhanced baselines. These com-
parisons allow us to rigorously validate the robustness and
effectiveness of RaCoT across various model settings and
task scenarios.

Benchmark Model Comparison Experiment

We conduct a comprehensive evaluation of the RaCoT
framework across a diverse set of representative QA bench-
marks. As shown in Table 2 and Table 3, RaCoT con-
sistently delivers strong and stable performance across
different model architectures and task types. On struc-
tured reasoning tasks such as ARC-Challenge and Open-
BookQA, RaCoT achieves 72.1% / 71.2% on Qwen2.5 and
LLaMA3 for ARC-Challenge, and 73.3% / 71.6% for Open-
BookQA, matching or slightly outperforming the current
best-performing baseline RQ-RAG. These results validate
RaCoT’s effectiveness in complex reasoning and knowledge
integration.

More importantly, RaCoT exhibits notable advantages on
long-tail QA benchmarks, which involve rare entities and
low-frequency knowledge. PopQA and TriviaQA-unfiltered
are particularly challenging datasets for retrieval-augmented
methods, as they require robust coverage and fine-grained
aggregation of sparse knowledge. On PopQA, RaCoT
achieves 68.3% and 59.9% on Qwen2.5 and LLaMA3, re-



Method PopQA TQA ARC-C OBQA HOTPOTQA 2WIKI
Baselines without retrieval
llama3-8B 154 305 28.8 35.2 6.8 17.2
1lama3-8B-chat 41.6 462 59.2 56.3 3.2 10.3
llama3-8B (SFT) 464 553 623 54.0 33.6 35.7
Baselines with retrieval
llama3-8B 18.6 425 283 374 17.2 19.4
Ilama3-8B-chat 435 486 58.6 53.2 7.4 11.2
llama3-8B (SFT) 47.9 57.3 589 51.3 38.6 37.9
SAIL-7B 426 462 484 51.6 45.6 38.6
Self-RAG 53.6 664 67.1 76.4 59.6 43.1
RQ-RAG 548 689 679 79.3 61.8 44.6
AutoRAG 56.3 703 684 80.5 62.6 45.2
RankRAG 58.5 71.6 69.9 81.7 63.9 46.2
IterDRAG 582 722 703 81.5 64.2 46.4
Our-RaCoT 599 738 712 81.9 65.1 47.4

Table 3: Benchmark comparison across QA datasets on
LLaMA3 models. Our-RaCoT outperforms strong retrieval
baselines.

spectively, outperforming the best baselines by 1.5-2.4 per-
centage points. Similarly, on TriviaQA-unfiltered, RaCoT
obtains 71.8% and 73.8%, surpassing competing methods by
1.6-1.7 points. These improvements demonstrate RaCoT’s
enhanced capability in relevance estimation and cross-
document semantic integration under knowledge-sparse set-
tings, effectively mitigating the retrieval and reasoning lim-
itations of prior RAG approaches on long-tail distributions.

In summary, RaCoT not only maintains strong perfor-
mance on mainstream QA tasks but also significantly ex-
pands the generalization frontier under long-tail knowl-
edge settings. It exhibits improved robustness in low-
frequency entity recognition, semantic evidence aggrega-
tion, and multi-document reasoning, thereby addressing key
structural weaknesses of existing RAG systems in handling
rare and underrepresented knowledge.

Adversarial Distractor Injection

Retrieval Distractor Confusion To further assess the ro-
bustness of RaCoT against semantically irrelevant but lexi-
cally similar distractors, we conduct controlled experiments
on two long-tail QA benchmarks: PopQA and TriviaQA-
unfiltered. Specifically, during retrieval, we deliberately in-
ject distractor passages, i.e., texts that are lexically similar
to the query but semantically irrelevant, into the retrieved
context pool.

We compare RaCoT against several strong retrieval-
augmented baselines, including RAG, Self-RAG, RQ-
RAG, RankRAG, and IterDRAG, under two complemen-
tary metrics: (1) the absolute drop in answer accuracy be-
fore and after distractor injection, and (2) the distractor cita-
tion rate, defined as the proportion of answers that explicitly
rely on distractor content during generation. As shown in
Figure 3, RaCoT consistently achieves the smallest perfor-
mance drop across both datasets (only —8.7% on PopQA
and —11.4% on TriviaQA), outperforming the next-best
baseline by a large margin. In addition, RaCoT exhibits
the lowest distractor citation rate (18% and 24%, respec-
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Figure 3: The result of Retrieval Distractor Confusion shows
that the green line indicates accuracy and the orange bars
indicate distractor citation rate.

tively), indicating a stronger ability to resist misleading lex-
ical cues. In contrast, other baselines such as Self-RAG and
RQ-RAG suffer from substantial degradation (e.g., —19.6%
on PopQA and —21.9% on TriviaQA) and exhibit high dis-
tractor reliance (up to 57%). These results validate RaCoT’s
core mechanism in mitigating semantic noise and enhancing
factual precision under retrieval ambiguity.

Key Issue Identification Interference To further probe
the semantic grounding capability of RaCoT, we design a
controlled experiment to assess its robustness under seman-
tically perturbed contexts. We randomly sample 5,000 in-
stances each from PopQA and ARC-Challenge, and ap-
pend contrastive distractor passages to the original queries.
These passages are intentionally crafted to be either partially
relevant or entirely irrelevant, creating misleading contex-
tual cues that challenge the model’s ability to focus on core
semantics.
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Figure 4: RaCoT* maintains accuracy under distraction, un-
like other RAG methods.

As shown in Figure 4, RaCoT achieves a minimal perfor-
mance degradation of only 8.6 %, significantly outperform-
ing all other retrieval-augmented baselines. In comparison,
strong competitors such as RankRAG and IterDRAG suffer
drops of 16.5% and 15.3%, respectively. Models like Self-
RAG and RQ-RAG are even more susceptible, experienc-
ing severe degradation exceeding 20%. This suggests that



while existing RAG-based systems can exploit lexical over-
lap, they often lack the semantic discernment needed to filter
out irrelevant content.

The superior robustness of RaCoT highlights its key ad-
vantage: by contrasting structurally similar yet semantically
distinct passages during retrieval-time prompting, RaCoT
effectively anchors reasoning on semantically salient cues
and avoids overfitting to surface-level signals. These results
reaffirm RaCoT’s capability to maintain high factual accu-
racy even under adversarial or misleading information in-
jection.

Efficiency Analysis

To systematically evaluate the retrieval efficiency and com-
putational overhead of RaCoT, we record both retrieval
latency and token consumption during inference on the
PopQA benchmark. For a more comprehensive comparison,
we normalize the standard RAG framework to a baseline
latency (1.0x), and conduct a controlled evaluation across
multiple representative RAG-based methods. As shown in
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Figure 5: RaCoT* achieves the highest accuracy with lower
latency and token usage. Bubble size denotes answer accu-
racy, and color reflects average token consumption.

Figure 5, various RAG methods exhibit a clear trade-off
among answer accuracy, retrieval latency, and token con-
sumption. Specifically, RaCoT achieves the highest accu-
racy (59.9%) while maintaining relatively low latency (3.12
seconds) and the lowest token usage (11.54), demonstrating
dual advantages in both effectiveness and efficiency.

In comparison, methods such as RankRAG and Deep-
RAG reach moderately high accuracy but incur substan-
tially higher latency (4.62s and 4.02s) and token usage (12.3
and 15.0) due to large-scale candidate ranking and itera-
tive decoding. Lightweight approaches like ReAct achieve
the lowest latency (2.1s) and minimal token cost (9.63) but
exhibit poor accuracy (52.1%), indicating limited seman-
tic grounding from insufficient retrieval coverage. Methods
such as IterDRAG and Search-O1 provide a more balanced
cost—quality trade-off, yet remain below the optimal frontier.
Overall, these results place RaCoT favorably on the accu-
racy—efficiency Pareto frontier.
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Ablation Studies

To evaluate the contribution of each core component in
RaCoT, we conduct ablation studies on two long-tail QA
benchmarks: PopQA and TQA. The compared variants are
as follows: w/o Contrast Prompting: Removes the A-based
prompting, using only the original question to evaluate the
benefit of explicit contrastive signals. w/o Post-Retrieval
Ranking: Skips the reranking step and directly uses the
top-5 retrieved documents to assess the impact of reranking
on contextual relevance. w/o Similarity Filtering: Bypasses
the cosine-based filtering during A construction and uses the
first teacher-generated question to examine the effect of con-
trastive sample quality. Weaker Teacher Model: Replaces
the teacher model with a weaker one (e.g., GPT-40-mini) to
assess the model’s robustness to teacher strength.

Full RaCoT: The complete system with all components,
serving as the performance upper bound.
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Figure 6: Results of the ablation studies on PopQA and
TQA, demonstrating the performance contribution of each
component in RaCoT.

As shown in Figure 6, our ablations highlight the com-
plementary roles of all components. Contrastive prompt-
ing is the most crucial—its removal yields the largest per-
formance drops (4.8 on PopQA, —4.2 on TQA), under-
scoring the importance of explicit difference signals. Post-
retrieval reranking and similarity filtering provide additional
improvements by refining evidence and maintaining contrast
quality, though the system remains strong without them.
RaCoT’s stability under a weaker teacher further shows that
its effectiveness stems from the contrastive mechanism, not
teacher strength. Overall, the full RaCoT pipeline reaches
top scores (59.9 on PopQA, 73.8 on TQA), demonstrating
its robustness for long-tail QA.
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