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Abstract

Retrieval-augmented generation (RAG) has become a widely adopted paradigm for
enabling knowledge-grounded large language models (LLMs). However, standard
RAG pipelines often fail to ensure that model reasoning remains consistent with the
evidence retrieved, leading to factual inconsistencies or unsupported conclusions.
In this work, we reinterpret RAG as Retrieval-Augmented Reasoning and identify
a central but underexplored problem: Reasoning Misalignment—the divergence
between an LLM’s internal reasoning trajectory and the evidential constraints
provided by retrieval. To address this issue, we propose ALIGNRAG, a novel
iterative framework grounded in Critique-Driven Alignment (CDA). We further
introduce ALIGNRAG-AUTO, an autonomous variant that dynamically terminates
refinement, removing the need to pre-specify the number of critique iterations.
At the heart of ALIGNRAG lies a contrastive critique synthesis mechanism that
generates retrieval-sensitive critiques while mitigating self-bias. This mechanism
trains a dedicated retrieval-augmented Critic Language Model (CLM) using labeled
critiques that distinguish between evidence-aligned and misaligned reasoning. Em-
pirical evaluations show that our approach significantly improves reasoning fidelity.
Our 8B-parameter CLM improves performance over the Self-Refine baseline by
12.1% on out-of-domain tasks and outperforms a standard 72B-parameter CLM by
2.2%. Furthermore, ALIGNRAG-AUTO achieves this state-of-the-art performance
while dynamically determining the optimal number of refinement steps, enhancing
efficiency and usability. ALIGNRAG remains compatible with existing RAG ar-
chitectures as a plug-and-play module and demonstrates strong robustness under
both informative and noisy retrieval scenarios. Overall, ALIGNRAG offers a prin-
cipled solution for aligning model reasoning with retrieved evidence, substantially
improving the factual reliability and robustness of RAG systems. Our source code
is provided at Github.

1 Introduction

Large Language Models (LLMs) have significantly advanced natural language understanding and
generation capabilities. Retrieval-Augmented Generation (RAG) [1–10] has emerged as a prominent
paradigm for grounding LLM responses with external knowledge. However, RAG systems exhibit
notable fragility, particularly when confronted with irrelevant or noisy retrieved evidence [11, 12].
Existing methods primarily rely on static, training-time optimizations, which are often insufficient to
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address the dynamic challenges of error propagation during inference [13, 14]. We identify a critical,
yet understudied, failure mode in RAG: reasoning misalignment—a disconnect between the model’s
reasoning process and the retrieved evidence. Prior work has focused predominantly on improving
retrieval quality or generating more robust outputs, largely overlooking the explicit alignment of the
reasoning steps with the provided evidence [15, 7, 16–18]. While reflective approaches like Self-
RAG [19] attempt error detection, they often necessitate architectural modifications or task-specific
fine-tuning, limiting their generalizability.

In this paper, we propose reconceptualizing RAG not merely as retrieval-augmented generation,
but as Retrieval-Augmented Reasoning. We posit that RAG entails a structured reasoning process,
typically involving stages such as (1) relevance assessment of retrieved documents, (2) mapping the
query to specific points within the evidence, and (3) synthesizing evidence-integrated justifications.
Reasoning misalignment occurs when breakdowns happen across these phases, for instance, when
relevant evidence is retrieved but its content is not accurately integrated into the generated reasoning
chain. These failure modes are pervasive and persist even with high-quality retrieval, remaining
largely unaddressed by current methodologies.

To address reasoning misalignment, we introduce ALIGNRAG, a novel framework that employs
Critique-Driven Alignment (CDA) to dynamically correct misalignments during inference using
retrieval-augmented critiques. Distinct from general-purpose generation refinement techniques [20–
23], ALIGNRAG incorporates a contrastive critique synthesis mechanism. This mechanism is
designed to elicit evidence-grounded critiques and explicitly mitigate the self-bias commonly observed
in self-critical LLMs [24–26, 21, 20]. This is achieved by training a dedicated retrieval-augmented
Critic Language Model (CLM) on contrastive critiques. These critiques are generated by instruction-
tuned LLMs and are guided by alignment signals derived from self-supervision or stronger external
supervision. This paradigm breaks the circularity inherent in self-critical pipelines and specifically
optimizes the CLM for evidence sensitivity, enabling it to reliably distinguish aligned from misaligned
reasoning without propagating errors from potentially imperfect LLM feedback. At test time,
ALIGNRAG iteratively refines the generated reasoning process by treating it as an optimizable
artifact, transforming the RAG pipeline into an active reasoning system where critiques dynamically
guide alignment with the retrieved evidence.

To enhance the framework’s practicality, we also introduce ALIGNRAG-AUTO, a more autonomous
variant that eliminates the need for manual tuning of iteration counts. By training the CLM to predict
a special ‘[Good]‘ token upon generating a satisfactory response, ALIGNRAG-AUTO implements a
dynamic stopping mechanism at inference time. This allows the system to terminate the refinement
loop as soon as the reasoning is aligned with the evidence, saving substantial computational resources
while maintaining high accuracy. This "hands-free" approach makes our framework more robust,
efficient, and readily deployable across diverse tasks without domain-specific adjustments.

Extensive evaluations across seven benchmark datasets and three diverse model families firmly
establish ALIGNRAG’s state-of-the-art (SOTA) performance, consistently surpassing existing meth-
ods on a wide range of tasks. A key demonstration of its efficacy, driven by our critique learning
strategy, is our 8B-parameter ALIGNRAG model outperforming a self-refine approach by 12.1% on
out-of-domain (OOD) benchmarks and even a much larger vanilla 72B-parameter CLM by 2.2%.
ALIGNRAG’s robustness shines under both informative and noisy retrieval scenarios, proving that
when RAG retrieval falters, ALIGNRAG thrives. Moreover, its design as a plug-and-play module
ensures seamless integration into existing RAG pipelines without architectural modifications; for
example, it enhanced InstructRAG’s OOD accuracy by 9.4% when applied to the Qwen2.5-14B
model. These comprehensive evaluations underscore ALIGNRAG’s superiority and versatility for
retrieval-augmented tasks, excelling in diverse retrieval conditions, ensuring high reasoning fidelity,
and demonstrating strong generalization.

In summary, this paper makes the following key contributions: (1) We reconceptualize RAG as
Retrieval-Augmented Reasoning and identify Reasoning Misalignment as a fundamental, understudied
failure mode. (2) We introduce critique learning for RAG, a novel pipeline for training CLMs to
generate retrieval-augmented critiques while mitigating self-preference bias through a contrastive
synthesis approach. (3) We propose ALIGNRAG, a test-time framework that utilizes CDA steps to
iteratively optimize the RAG reasoning process. We also present ALIGNRAG-AUTO, an autonomous
extension that dynamically determines the optimal number of refinement steps, enhancing efficiency
and usability. (4) We provide extensive empirical validation demonstrating that ALIGNRAG achieves
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According to Document 1, the 
fire began when a spark from the 
bakery's oven ignited some nearby 
wood …

Fig 1

“…The bakery was owned by Thomas Farriner, 
and the fire started when a spark from the 
bakery's oven ignited some nearby wood …”

“… , which contributed to the rapid spread of 
the fire. The buildings were primarily made of 
wood and thatch, which were highly 
flammable…"

”… The Great Fire of London was exacerbated 
by a strong east wind, which helped the fire 
to spread quickly across the city ..."
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Figure 1: Overview of our ALIGNRAG Framework.

SOTA performance and significantly improves reasoning quality and robustness across various
benchmarks and retrieval scenarios.

2 Reasoning Misalignment in RAG

RAG leverages external corpora D for grounded generation, with prior work largely focusing
on improving retrieval [19] or generator robustness [13]. However, a critical and underexplored
challenge is the alignment of the model’s intrinsic reasoning process y with the specific evidential
constraints from retrieved documents D. Unlike error propagation in extended mathematical or code
reasoning [14, 27], RAG failures often stem from inductive biases conflicting with external evidence,
a qualitatively distinct problem.

We introduce reasoning misalignment as a novel, RAG-specific failure mode. It occurs when the
model’s constructed reasoning path y deviates significantly from the information or relationships
within retrieved evidence D, even when documents are relevant and contain the necessary facts. This
is distinct from factual errors, context-free logical fallacies [28], or pure retrieval failures (P (D | q)
issues). Instead, it signifies a breakdown in faithful evidential integration. Formally, misalignment is
a structural deficiency in the conditional distribution P (y | q,D), where y is the generated reasoning
for query q using D. It is characterized by: (1) Erosion of Evidential Priors: Reasoning inconsistent
with statistical or semantic properties in D, such as P (span | q,D) generated by the model differing
significantly from the true salience. (2) Violation of Evidential Consistency: Deductive steps within y
contradict logical inferences derivable from D, i.e., D ̸|= stepi for some reasoning step stepi ∈ y.

We decompose RAG reasoning into three interdependent phases, each susceptible to misalignment
despite ideal retrieval:

Phase 1: Relevance Assessment. Misalignment occurs when the model fails to accurately gauge
the relevance of specific text spans s ⊂ d, d ∈ D relative to the query q, effectively misestimating
P (s is relevant | q,D) or assigning disproportionate weight to less relevant information [29].

Phase 2: Query-Evidence Mapping. This phase is susceptible when the model struggles to correctly
identify how elements of q map onto information in D, representing a failure to correctly derive
evidential relationshipsR(q,D) from D based on q [30].
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Phase 3: Evidence-Integrated Synthesis. Misalignment here involves generating reasoning steps or
conclusions stepi ∈ y that are not logically supported by the relevant evidence Ei ⊆ D used for that
step, violating the entailment Ei |= stepi, or creating inconsistencies when synthesizing information
from multiple parts of D into a coherent justification [31, 32, 14].

This taxonomy highlights reasoning misalignment as a pervasive issue orthogonal to retrieval quality
or basic factuality. Static prompting cannot dynamically correct these evidence-grounded failures. To
address this, we propose ALIGNRAG, a novel test-time framework enforcing evidential alignment
via critique-guided alignment, offering a principled solution to this fundamental RAG challenge.

3 Critique-Driven Alignment for Retrieval-Augmented Reasoning

We present Critique-Driven Alignment (CDA), a novel test-time refinement framework designed to
mitigate reasoning misalignment in RAG. While conventional RAG pipelines often produce responses
that partially or incorrectly reflect retrieved evidence, CDA introduces an explicit mechanism for
identifying, diagnosing, and revising such failures via a learned critic model. This section details our
approach, outlining the problem formulation (§3.1), our structured training methodology for critique
learning (§3.2), and the iterative test-time alignment process (§3.3).

3.1 Problem Setting

Given an input query q and a set of retrieved documents D = {d1, . . . , dn}, our objective is to refine
an initial response y0 =Mgen(q,D) through iterative critique-informed updates from a trained critic
modelMcritic. To support the training of this critic model, we construct a critique supervision dataset:

S = {(qi, ai,Di, ci, yexp,i, yunexp,i,∆yunexp,i)}Ni=1, (1)

where each instance i contains the query qi, the ground-truth answer ai, the retrieved documents
Di, and a vector ci = (ri, hi,mi) ∈ {0, 1}3 capturing the quality of the retrieved context along
orthogonal axes: relevance, helpfulness, and completeness (related to explicit links between query
elements and evidence). For each instance, we include a pair of responses (yexp,i, yunexp,i) generated
by an expert strong and a weak model, respectively. These response pairs, combined with qi and Di,
form a preference-augmented input representation Xpref,i = (qi,Di, yexp,i, yunexp,i). Using Xpref,i and
potentially signals derived from ai and ci, we synthesize the supervision signal ∆yunexp,i representing
a critique highlighting misalignments in yunexp,i relative to Di, which is then used to trainMcritic.

3.2 Critic Training

3.2.1 Training Corpus Construction

To model the ambiguity and diversity inherent in real-world retrieval scenarios [33–35], we construct
a structured training dataset S = {(qi, ai,Di, ci)}Ni=1, where each instance includes a query qi, its
gold answer ai, a retrieved document set Di, and a context granularity vector ci ∈ {0, 1}3. The
vector encodes three orthogonal axes of contextual variation:

ci = (ri, hi,mi), (2)

where Relevance ri indicates the presence of relevant documents (derived from top-k retrieval results,
augmented with irrelevant documents sampled from unrelated queries). Helpfulness hi is a binary
label reflecting whether the document(s) contain answer spans corresponding to ai. Completeness mi

is a document-set-level binary label signifying whether Di collectively supports the full reasoning
path required to derive ai.

To systematically simulate varied degrees of answerability, we define a multiple-tier contextual
granularity hierarchy (Fig. 1.A), exposing critic models to diverse evidence configurations and
enabling fine-grained supervision. The details of data construction could refer to Appendix A.3.

3.2.2 Contrastive Critique Synthesis

We propose Contrastive Critique Synthesis (CCS), a novel methodology generating evidence-
grounded feedback by contrasting reasoning trajectories from language models with differing capabil-
ities. Since LLMs produce sequences from conditional distributions, P (y|input), self-critique risks
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amplifying biases inherent in their own P (y|·). CCS counters this via a dedicated Critic Language
Model (CLM) trained on structured contrastive pairs Xpref = (q,D, yexp, yunexp). This explicitly trains
the CLM to identify misalignments w.r.t. D, learning Pcritic(critique|Xpref) to capture deviations from
evidential fidelity.

The CLM training employs a pairwise generation protocol. It samples an unexpert response yunexp ∼
Pweak(y|q,D) (prone to misalignment) and an expert yexp ∼ Pstrong(y|q,D) (more aligned). To
provide a structured input for learning the conditional distribution of critiques, we define a preference-
augmented input tuple:

Xpref = (q,D, yexp, yunexp), (3)
which conditions the CLM’s learning on both desired trajectories (yexp) and common failure patterns
(yunexp). This contrastive formulation offers two key benefits for training an effective critic: (1) it
constrains the learning objective for Pcritic(∆y|Xpref) to focus on highlighting differences between
yexp and yunexp that are grounded in D, promoting evidence sensitivity and faithfulness [36]; and (2)
it enables fine-grained diagnosis of specific misalignment types by analyzing path divergences [37].

The CLM learns Pcritic(∆y|Xpref) to generate a structured critique ∆yunexp, strictly grounded in D.
Training targets ∆yunexp are synthesized via a Critique Function F :

∆yunexp = F(Xpref). (4)

Mcritic is trained to approximate F . The final critique format ∆yunexp is produced by an augmenta-
tion operator G[output(Mcritic(Xpref)), yexp], which reformulates raw model output into constructive
suggestions using yexp as reference. This framework enables the critic to localize and explain
misalignments, providing high-quality feedback for RAG alignment.

3.2.3 Critic LLM Training

To instantiate the CLM, we introduce Critique Fine-Tuning (CFT) [38], a novel paradigm for training
language models to produce constructive, evidence-grounded critiques. The goal is to transform a
base modelMbase into a proficient critic modelMcritic using a synthetic dataset of critiques C. Each
training instance Ci ∈ C is a tuple (q,D, yunexp,∆yunexp, yexp).

CFT formulates critique generation as a conditional sequence generation task. The training objective
maximizes the likelihood of the model producing the correct critique ∆yunexp, conditioned on the full
critique context Icritic = (q,D, yunexp, yexp). Formally, the objective is:

LCFT(θ) = −
∑
Ci∈C

log pθ(∆yunexp | Icritic), (5)

where pθ is the probability distribution induced by the critic modelMcritic, parameterized by θ. This
formulation enables the model to generate actionable, targeted feedback that improves downstream
response quality. By decoupling critique generation from the target model’s own outputs, CFT
mitigates the self-preference bias commonly observed in iterative self-correction methods.

3.3 Critique-Driven Alignment Systems

To address reasoning misalignment in RAG at inference, we propose Critique-Driven Alignment
(CDA). Unlike standard single-pass RAG generation, y0 =Mgen(q,D):

y0 =Mgen(q,D), (6)
CDA reconceptualizes inference as an iterative optimization over a latent reasoning space Y . Each
iteration leverages critiques to incrementally improve output alignment with retrieved evidence.

A learned criticMcritic iteratively analyzes intermediate generations and provides critiques suggesting
improvements. This yields a refinement trajectory:

y0
CDA−−→ y1

CDA−−→ · · · CDA−−→ yT , (7)
where each transition yt → yt+1 is critique-guided. At step t < T , the critic outputs an edit signal
∆yt identifying issues in yt and proposing D-grounded revisions. yt+1 is generated by augmenting
Mgen’s input:

yt+1 =Mgen(yt ⊕∆yt), (8)
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where ⊕ denotes prompt augmentation with critique feedback. ∆yt acts as a pseudo-gradient in
discrete space, directing the generator toward D-aligned reasoning.

The final CDA output is the trajectory’s terminal state:

yfinal = CDA(q,D) := yT . (9)

This framework elevates alignment from static supervision to a dynamic iterative process at test-time,
enabling demonstrably more reliable and evidence-grounded reasoning than existing RAG.

3.4 AlignRAG-auto: Dynamic and Domain-General Alignment

We also develop AlignRAG-auto, an autonomous extension of CDA that eliminates the need for
manual iteration tuning and demonstrates strong cross-domain generalization. Whereas the baseline
CDA requires specifying the maximum number of refinement steps T , AlignRAG-auto leverages a
lightweight control mechanism that dynamically determines when alignment has been achieved. This
improves both efficiency and robustness at deployment.

3.4.1 Training for Dynamic Refinement

We modify the training process for the Critic Language Model (CLM) to support dynamic inference.
For each “unexpected” response yunexp, we first determine correctness relative to ground truth.
Incorrect responses are labeled with a [Bad] token, while correct ones are labeled with [Good]. The
CLM is then trained to generate the appropriate control token followed by a structured critique:

pθ([Good/Bad],∆y | q,D, yunexp). (10)

This dual-target training objective equips the critic with both evaluative and corrective capacity. By
conditioning critiques on explicit correctness judgments, the CLM learns to terminate refinement as
soon as sufficient alignment is achieved.

3.4.2 Dynamic Inference-Time Stopping

At inference, AlignRAG-auto proceeds iteratively as in CDA but introduces a dynamic stopping rule.
If the critic predicts [Good], the system halts refinement and accepts the current candidate:

yt+1 =

{
yt, if CLM outputs [Good]
Mgen(yt ⊕∆yt), if CLM outputs [Bad].

(11)

This adaptive strategy avoids unnecessary iterations, saving compute while maintaining high fidelity
to retrieved evidence. Empirically, we observe that only a subset of responses require multiple
refinements, yielding substantial runtime reductions without compromising accuracy (see Table 2).

4 Experiments

4.1 Experiment Setup

We evaluate our method using three instruction-tuned backbones: Qwen2.5-7B-Instruct [39],
Qwen2.5-14B-Instruct [39], and LLaMA3.1-8B-Instruct [40]. For simplicity, we refer to them
as Qwen2.5-7B, Qwen2.5-14B, and LLaMA3.1-8B.

Dataset. To train a strong critique generator, we construct a 10K dataset by sampling 2K instances
from each of five benchmarks: PopQA [41], TriviaQA [42], NaturalQuestions [43], 2WikiMulti-
hopQA [44], and ASQA [45]. Furthermore, we evaluate our method on the same five in-domain
benchmarks, along with two out-of-distribution (OOD) tasks, i.e., HotpotQA [46] and SQuAD [47].

Baselines. In our experiments, we compare our method against a range of non-retrieval and retrieval-
based baselines. For non-retrieval baselines, we include Chain-of-Thought (CoT) prompting [48, 49]
applied to models without retrieval augmentation. For standard RAG, we report performance from
Vanilla Reasoning [13, 50], which performs step-by-step answer generation based on the retrieved
passages. To assess the benefits of intermediate supervision, we include training-time refinement
baselines such as RetRobust[33] and InstructRAG[13]. Our main comparison is with these test-
time refinement methods, as they share similar objectives. For test-time refinement, we evaluate
Self-RAG [19] and Self-Refine, which iteratively revises outputs based on self-generated critique.
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Table 1: Overall performance comparison of RAG systems employing various knowledge refinement
strategies and reasoning configurations across five question-answering (QA) benchmarks. To ensure
a fair evaluation, all systems are tested under a single-iteration test-time refinement setting. Results
marked with * are reproduced from [13]. Missing results in the original paper are denoted by “–”. To
highlight our method’s impact of different model backbones, we use the following color-coded
notation for performance improvements: (∆) represents the Qwen-2.5-Instruct7B, (∆) represents the
Qwen-2.5-Instruct14B, and (∆) represents the Llama-3-Instruct8B.

Method NQ MultiHopQA TriviaQA PopQA ASQA Avg.Metric accuracy accuracy accuracy accuracy str-em

Baselines w/o Retrieval
Chain-of-thought [48]

Qwen-2.5-Instruct7B 33.9 45.0 58.3 26.9 20.5 36.9
Qwen-2.5-Instruct14B 48.1 49.3 72.8 25.4 31.6 45.4
Llama-3.1-Instruct8B 42.1 41.9 61.8 26.9 25.1 40.0

Standard RAG with Reasoning
Vanilla Reasoning

Qwen-2.5-Instruct7B 60.2 44.7 73.2 63.7 42.8 56.9
Qwen-2.5-Instruct14B 63.6 44.8 77.0 65.3 45.2 59.2
Llama-3.1-Instruct8B 62.0 43.0 73.4 65.0 45.2 57.7

RAG w/ Training-time Refinement
RetRobust [33]

Llama-213B* 39.6 51.5 – – – –
Llama-3-Instruct8B* 54.2 54.7 71.5 56.5 40.5 55.5

InstructRAG [13]
Qwen-2.5-Instruct7B 63.8 46.3 76.1 67.5 47.5 60.2
Qwen-2.5-Instruct14B 66.3 47.3 78.7 67.8 48.5 61.7
Llama-3.1-Instruct8B 66.3 45.1 76.6 66.9 47.2 60.4

RAG w/ Test-time Refinement
Self-RAG [19]

Llama-27B + CLM7B* 42.4 35.9 68.9 55.8 30.0 46.6
Llama-213B + CLM13B* 46.4 36.0 70.4 56.3 31.4 48.1
Llama-3-Instruct8B + CLM8B* 42.8 32.9 71.4 55.8 36.9 48.0

Self-Refine
Qwen-2.5-Instruct7B + SELF7B 61.6(∆) 45.0(∆) 74.4(∆) 65.5(∆) 45.2(∆) 58.3(∆)
Qwen-2.5-Instruct14B + SELF14B 65.1(∆) 46.1(∆) 78.0(∆) 67.0(∆) 47.3(∆) 60.7(∆)
Llama-3.1-Instruct8B + SELF8B 61.4(∆) 42.8(∆) 74.1(∆) 66.1(∆) 44.7(∆) 57.8(∆)

AlignRAG-fixed
Qwen-2.5-Instruct7B + CLM8B 65.9 (↑ 4.3%) 49.5 (↑ 4.5%) 77.8 (↑ 3.4%) 68.4 (↑ 2.9%) 48.9 (↑ 3.7%) 62.1 (↑ 3.8%)
Qwen-2.5-Instruct14B + CLM8B 67.7 (↑ 2.6%) 49.8 (↑ 3.7%) 79.5 (↑ 1.5%) 68.4 (↑ 1.4%) 48.6 (↑ 1.3%) 62.8 (↑ 2.1%)
Llama-3.1-Instruct8B + CLM8B 65.3 (↑ 3.9%) 47.0 (↑ 4.2%) 77.0 (↑ 2.9%) 66.5 (↑ 0.4%) 47.1 (↑ 2.4%) 60.6 (↑ 2.8%)

Evaluation metrics. Following previous work [51], we adopt the official correctness metric (str-em)
for ASQA [45], and use accuracy for the other tasks, which measures whether the final generations
of the model align with the ground-truth [41, 52].

Implementation Details. For the CLM, we adopt LLaMA3.1-8B-Instruct as the backbone and fine-
tune it using LoRA for parameter-efficient training. Moreover, the strong LLM we use to generate
expected responses is LLaMA3.1-8B-Instruct, and the weak LLM we use to generate unexpected
responses is Qwen2.5-0.5B-Instruct [39]. We set the retrieval Top-K to 5 for each question.

4.2 Main Result

Table 1 shows the overall performance of our method and the baselines in various families and sizes
of the base model on five benchmarks. And we provide all the additional results in Appendix A.6

First, compared to non-retrieval baselines such as Chain-of-Thought (CoT) prompting, all retrieval-
augmented methods achieve significantly better performance, demonstrating the importance of incor-
porating relevant external knowledge. Second, we observe further gains when applying training-time
refinement methods. In particular, InstructRAG achieves strong performance across all backbones,
outperforming Vanilla RAG by a large margin, confirming the value of training refinement strategies.

Notably, ALIGNRAG achieves the best overall results on all three backbones compared to other
test-time refinement methods. It surpasses Self-RAG and Self-Refine by notable margins, achieving
an average accuracy of 62.8% compared to 48.1% and 60.7%, respectively. The performance
improvement is consistent across all benchmarks, highlighting both the effectiveness and the strong
generalization of our approach. This demonstrates that our critique-driven alignment strategy can
better guide the reasoning process and overcome the limitations of purely self-generated feedback.

Analysis of AlignRAG-auto. The experimental results, detailed in Table 2, reveal a compelling
comparison between the fixed-iteration and autonomous alignment strategies. Notably, AlignRAG-
auto consistently achieves performance on par with, and in many cases slightly superior to, its
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AlignRAG-fixed counterpart across all datasets and model sizes. For instance, on the NQ and ASQA
benchmarks, AlignRAG-auto demonstrates clear improvements, suggesting its dynamic termination
mechanism is highly effective.

Figure 2: Performance Comparison: AlignRAG-
fixed (1 iter.) vs. AlignRAG-auto

AlignRAG-fixed (1 iter.) AlignRAG-auto
Dataset 8B 7B 14B 8B 7B 14B
PopQA 66.5 68.4 68.4 67.6 68.1 68.3
TriviaQA 77.0 77.8 79.5 77.6 78.1 79.9
NQ 65.3 65.9 67.7 66.8 67.3 69.0
2WikiMultiHopQA 47.0 49.5 49.8 47.6 49.3 50.2
ASQA 47.1 48.9 48.6 48.8 49.6 49.8

This is a crucial finding: the autonomous variant
does not sacrifice accuracy for efficiency. In-
stead, it demonstrates that the Critic Language
Model is well-calibrated to dynamically deter-
mine the optimal number of refinement steps,
leading to robust performance without the need
for manual hyperparameter tuning. This vali-
dates AlignRAG-auto as a more practical and
efficient framework for real-world deployment.

4.3 Analysis

Note: All subsequent experimental analyses
are based on AlignRAG-fixed. For convenience, we’ll use AlignRAG instead.

Generalization to OOD Scenarios. To assess the generalization capability of our method
beyond the domains seen during training, we conduct out-of-distribution (OOD) evaluations
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Figure 3: Drop in average OOD performance com-
pared to average In-Domain performance.

on two widely-used and challenging bench-
marks that are held out from the training set, i.e.,
HotpotQA [46] and SQuAD [47]. This evalua-
tion setting enables us to examine how well the
model transfers its reasoning and alignment abil-
ities to novel domains. As shown in Figure 3,
we compare ALIGNRAG with two baselines.
ALIGNRAG consistently achieves the lowest
performance drop across all backbones, outper-
forming both baselines by a large margin. For
example, on LLaMA3.1-8B, ALIGNRAG re-
duces the performance drop to 32.4% compared
to 41.6% for Self-Refine. These results demonstrate that our CDA mechanism not only improves
in-domain reasoning but also enhances robustness under domain shift.

Number of Iterations
64.0

65.2

66.4

67.6

68.8

70.0

Q
w

en
2.

5-
7B

PopQA

Number of Iterations
72.0

73.6

75.2

76.8

78.4

80.0
TriviaQA

Number of Iterations
60.0

61.6

63.2

64.8

66.4

68.0
NaturalQuestions

Number of Iterations
43.0

44.8

46.6

48.4

50.2

52.0
2WikiMultiHopQA

Number of Iterations
44.0

45.4

46.8

48.2

49.6

51.0
ASQA

Number of Iterations
18.0

22.0

26.0

30.0

34.0

38.0
HotpotQA

Number of Iterations
10.0

14.0

18.0

22.0

26.0

30.0
SQuAD

Number of Iterations
65.0

66.0

67.0

68.0

69.0

70.0

Q
w

en
2.

5-
14

B

Number of Iterations
77.0

77.8

78.6

79.4

80.2

81.0

Number of Iterations
63.0

64.4

65.8

67.2

68.6

70.0

Number of Iterations
44.0

45.8

47.6

49.4

51.2

53.0

Number of Iterations
46.0

47.2

48.4

49.6

50.8

52.0

Number of Iterations
20.0

23.6

27.2

30.8

34.4

38.0

Number of Iterations
12.0

15.6

19.2

22.8

26.4

30.0

1 2 3 4 5
Number of Iterations

65.0

65.6

66.2

66.8

67.4

68.0

LL
aM

A3
.1

-8
B

1 2 3 4 5
Number of Iterations

72.0

73.4

74.8

76.2

77.6

79.0

1 2 3 4 5
Number of Iterations

58.0

60.0

62.0

64.0

66.0

68.0

1 2 3 4 5
Number of Iterations

40.0

42.0

44.0

46.0

48.0

50.0

1 2 3 4 5
Number of Iterations

42.0

43.6

45.2

46.8

48.4

50.0

1 2 3 4 5
Number of Iterations

13.0

18.0

23.0

28.0

33.0

38.0

1 2 3 4 5
Number of Iterations

0.0

6.0

12.0

18.0

24.0

30.0

AlignRAG Self-Refine

Figure 4: Performance comparison of ALIGNRAG and Self-Refine across five refinement iterations.

Scalable Test-time Reasoning via Iterative Alignment Strategy. To assess test-time scalability of
different refinement methods, we plot accuracy over five refinement steps across seven benchmarks,
comparing the performance of ALIGNRAG with the Self-Refine baseline (Figure 4). The curves reveal
two notable trends. First, both methods generally benefit from iterative alignment, with accuracy
improving on most tasks as the number of refinement steps increases. This indicates that reasoning
can scale with additional refinement steps. However, we occasionally observe slight degradation
beyond a certain point, which we attribute to potential noise accumulation or overcorrection during
excessive iterations. Second, ALIGNRAG consistently outperforms Self-Refine across all iterations
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and benchmarks with notable margins. These findings demonstrate that ALIGNRAG not only enables
scalable reasoning but also provides more stable and robust improvements.

When RAG Retrieval Falters, ALIGNRAG Thrives. RAG systems are susceptible to substantial
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Figure 5: ALIGNRAG performance under Noisy
Retrieval (a) and Informative Retrieval (b) scenar-
ios.

performance degradation when retrieved docu-
ments lack pertinent answers, a prevalent yet
insufficiently characterized failure mode termed
Noisy Retrieval. Even in the absence of explicit
answers within the retrieved corpus, ALIGN-
RAG adeptly filters distractors to isolate under-
lying reasoning signals while concurrently ac-
tivating complementary parametric knowledge
inherent to the base model.

This dual strategy, as demonstrated in Figures 5a
and 5b, empowers robust reasoning even un-
der these adversarial conditions. Consequently,
ALIGNRAG (Figure 5a) significantly outper-
forms conventional methods like Vanilla RAG
and Self-Refine, which falter in such scenarios,
by effectively transforming imperfect external retrievals and inherent model understanding into
actionable insights.
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Figure 6: Comparison of different CLM supervi-
sion strategies.

Superior Alignment Guidance Surpassing
Strong LLM Baselines. We examine the ef-
fectiveness of using a high-capacity Strong LLM,
i.e., Qwen2.5-72B-Instruct, in our Contrastive
Critique Synthesis (CCS) framework. Specifi-
cally, we compare three CLM supervision strate-
gies under three backbones: (1) Vanilla Cri-
tique Synthesis, where the CLM is trained with
critiques directly generated by Qwen2.5-72B-
Instruct, (2) directly using the 72B model as the
CLM, and (3) our CCS-based CLM trained with
critiques synthesized by the 72B Strong LLM.
As shown in Figure 6, our method consistently outperforms vanilla critique synthesis, validating the
benefit of introducing contrastive reasoning signals. Remarkably, our method even surpasses the
directly supervised 72B CLM in all backbones, suggesting that contrastive critique training enhances
generalization and reduces reliance on model scale. These results demonstrate the strength of our
approach in leveraging powerful LLMs for scalable and efficient CLM training.

Table 2: Combination of training-time (In-
structRAG) and test-time alignment.

Method ID (avg.) OOD (avg.)
Qwen2.5-7B
InstructRAG 59.5 (∆) 28.0 (∆)
w/ Alignment 61.5 (↑ 2.0%) 30.1 (↑ 2.1%)
w/ Alignment1 63.0 (↑ 3.5%) 31.7 (↑ 3.7%)
Qwen2.5-14B
InstructRAG 61.7 (∆) 24.9 (∆)
w/ Alignment 62.5 (↑ 0.8%) 33.4 (↑ 8.5%)
w/ Alignment1 63.9 (↑ 2.2%) 34.3 (↑ 9.4%)
LLaMA3.1-8B
InstructRAG 60.4 (∆) 28.4 (∆)
w/ Alignment 61.7 (↑ 1.3%) 29.4 (↑ 1.0%)
w/ Alignment1 61.9 (↑ 1.5%) 30.5 (↑ 2.1%)

Integrate as a Plug-and-play Module into Exist-
ing RAG Pipelines. To evaluate the generality and
plug-and-play nature of our method, we integrate it
into the InstructRAG framework across three back-
bones. Table 2 reports the performance under both
In-Domain (ID) and Out-of-Domain (OOD) evalua-
tion. We observe consistent improvements in both
familiar and unseen distributions. The variant with
alignment significantly outperforms the original In-
structRAG [13], demonstrating that our method can
be incorporated into existing RAG pipelines in a
zero-modification, test-time manner, highlighting its
strong compatibility and practical utility.

4.4 Ablation Study

1CLM trained with critiques synthesized by Qwen2.5-72B-Instruct.

9



LLaMA3.1-8B Qwen2.5-7B Qwen2.5-14B
40

44

48

52

56

Av
er

ag
e 

Pe
rfo

rm
an

ce
 (%

)

Vanilla RAG
w/ Frozen CLM
w/ Trained CLM
w/ Trained CLM + CCS

Figure 7: Ablation study on the CLM
and our CCS.

We perform an ablation study on seven benchmarks to iso-
late the effect of the Critic Language Model (CLM) and our
contrastive critique synthesis (CCS). Specifically, we com-
pare four settings: (1) Vanilla RAG, which generates with-
out critique; (2) RAG + Frozen CLM, where a pretrained
LLaMA3.1-8B serves as an untrained critic; (3) RAG +
Trained CLM, where the CLM is fine-tuned on critiques
over weak LLM responses, but without contrastive signal;
(4) RAG + Trained CLM (CCS), our full method with
contrastive critique synthesis.

Figure 7 shows that even a frozen CLM consistently im-
proves over Vanilla RAG, confirming the utility of auxiliary
critique. Training the CLM with weak LLM critiques yields further gains by capturing recurring
error patterns. The largest improvements come from CCS, which explicitly contrasts expert and
weak responses. For example, on Qwen2.5-7B, CCS raises average accuracy from 49.6% to 52.9%.
Complete results are presented in Table 4 (Appendix).

5 Related Work

RAG [53–59] enhances LLMs by grounding generation in external knowledge. While significant
efforts have focused on improving retrieval accuracy [60–64] or training better generators [65–68], a
persistent challenge is the presence of noisy or irrelevant retrieved content. To mitigate this, recent
methods filter or denoise context, predominantly via training-time optimizations [15, 69–72], such as
InstructRAG’s [13] self-supervised denoising. However, these approaches are limited by their static
nature and fail to address dynamic error propagation during inference [14].

Even with accurate retrieval, the generated reasoning may deviate from the evidence. We identify
this reasoning misalignment as a critical, underexplored RAG failure mode. Prior attempts like Self-
RAG [19] introduce special tokens to control reasoning but require architectural modifications. In
contrast, our novel Critique-Driven Alignment (CDA) is a test-time method that dynamically realigns
reasoning with evidence without modifying the base model architecture, offering a plug-and-play
alternative to training-heavy variants. Furthermore, unlike general self-refinement techniques [73–75],
we propose a novel critique learning paradigm training a dedicated Critic Language Model (CLM)
specifically for evidence-grounded critiques. Crucially, this paradigm explicitly mitigates the self-bias
inherent in self-critiquing LLMs [24–26, 21, 20]. Unlike external verification methods [76, 77] that
act as post-hoc filters, our trained CLM actively optimizes the evidence-grounded reasoning process
as an artifact during inference, enabling dynamic alignment with retrieved knowledge.

6 Conclusion

We present ALIGNRAG, an iterative framework that reframes Retrieval-Augmented Generation
as Retrieval-Augmented Reasoning to tackle the overlooked challenge of Reasoning Misalignment.
Its key innovation, Critique-Driven Alignment (CDA), uses a specialized Critic Language Model
(CLM)—trained via contrastive critique synthesis—to boost evidence sensitivity and correct reasoning
errors at inference. ALIGNRAG sets new state-of-the-art. This principled approach advances the
reliability and faithfulness of retrieval-augmented systems.
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NeurIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

• You should answer [Yes] , [No] , or [NA] .
• [NA] means either that the question is Not Applicable for that particular paper or the

relevant information is Not Available.
• Please provide a short (1–2 sentence) justification right after your answer (even for NA).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to "[No] ", it is perfectly acceptable to answer "[No] " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No] " or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
• Keep the checklist subsection headings, questions/answers and guidelines below.
• Do not modify the questions and only use the provided macros for your answers.

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The abstract and introduction clearly state the paper’s contributions, such as
reconceptualizing RAG as Retrieval-Augmented Reasoning, identifying Reasoning Mis-
alignment, proposing AlignRAG with its Critique-Driven Alignment (CDA) and contrastive
critique synthesis mechanism. These claims are supported by the experimental results
presented, particularly in Section 5, and summarized in the conclusion.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
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Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: The paper discusses limitations in Appendix.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: While it uses established mathematical formulations for its components, it
does not present new theoretical results in the form of theorems requiring formal proofs.

Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility
Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
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Justification: Section 5.1 "Experiment Setup" and Appendix A ("Experimental Details")
provide extensive details. Appendix A.2 further provides hyperparameters for CLM fine-
tuning (e.g., learning rate, batch size, optimizer, LoRA configurations). This level of detail
should allow for a high degree of reproducibility.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: The paper explicitly states that the code for the experiments.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.
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• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Section 5.1 (Experiment Setup) and Appendix A (Experimental Details,
especially A.2 Implementation Details and A.3 Training Corpus Construction) provide
comprehensive details on data sources and splits (standard benchmarks are used, and the
construction of the new critique dataset is detailed), hyperparameters for CLM training (e.g.,
learning rate, batch size, LoRA rank, alpha, dropout), and the optimizer used (AdamW).

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [No]

Justification: While the paper presents extensive empirical comparisons across multiple
benchmarks, each primary experiment was conducted a single time to obtain the final results
due to cost consideration.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
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Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Appendix A.2 details the implementation details.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research focuses on improving the factual reliability and reasoning align-
ment of large language models in RAG systems using publicly available datasets and models.
There is no indication of human subject experimentation, data privacy violations, or other
ethical concerns that would conflict with the NeurIPS Code of Ethics. The aim is to enhance
model performance in a way that could lead to more trustworthy AI.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The paper discuss both potential positive societal impacts and negative societal
impacts of the work performed in Appendix.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.
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• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: The paper does not propose the release of new large-scale pretrained language
models or datasets scraped from the web that would typically carry a high risk for misuse.
The primary new model component is a fine-tuned Critic Language Model (CLM) and a
specific critique dataset. Therefore, safeguards for high-risk general-purpose model releases
are not directly applicable.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: All datasets and baseline models are properly cited, with their respective
licenses acknowledged in the text.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the package

should be provided. For popular datasets, paperswithcode.com/datasets has curated
licenses for some datasets. Their licensing guide can help determine the license of a
dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
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Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The paper introduces a new model architecture and provides open access to
the code via a link in the abstract. It is assumed that the code repository includes sufficient
documentation alongside the assets.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The research described does not involve crowdsourcing or direct experiments
with human subjects for data collection or evaluation.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The research does not involve human subjects; therefore, IRB approval or
discussion of risks to participants is not applicable.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The LLM usage is declared in the experimental setups.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for
what should or should not be described.
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A Appendix

A.1 Limitations

While ALIGNRAG represents a significant step forward in retrieval-augmented reasoning through
critique-guided optimization, several limitations remain. Although the framework improves robust-
ness to noisy or partially irrelevant retrieved content, its effectiveness may diminish under extreme
retrieval failure, specifically, when none of the retrieved documents are relevant to the query. In such
cases, the quality of retrieval-augmented critiques deteriorates, as they are inherently dependent on
the informativeness and accuracy of the retrieved evidence. Consequently, the CLM’s capacity to
steer the generator toward faithful reasoning may be constrained. The interaction between retrieval
quality and the model’s corrective ability remains an open area for further exploration. Moreover,
despite being designed as a plug-and-play module, optimal integration of ALIGNRAG may require
minor tuning depending on the generator LLM and the underlying RAG architecture. Standardizing
adaptation protocols for deploying the CLM across diverse pipelines could enhance its ease of
adoption and generalizability. Despite these limitations, ALIGNRAG establishes a robust foundation
for improving evidence alignment in RAG systems and opens promising avenues for future research.

A.2 Additional Implementation Details

Retrieve Setup. We use the Wikipedia corpus provided by [78] as the default external knowledge
source for retrieval. We evaluate our method on seven diverse QA benchmarks spanning multiple task
types, including standard factoid QA, multi-hop reasoning, and long-form generation. PopQA [41],
TriviaQA [42], NaturalQuestions [43], and SQuAD [47] fall under standard factoid QA, where
models answer factual questions based on Wikipedia or web-based evidence.

• PopQA focuses on entity-centric questions derived from structured knowledge bases, testing
factual recall over encyclopedic content.

• TriviaQA contains trivia-style questions authored by enthusiasts, each paired with multiple
distant-supervised evidence documents.

• NaturalQuestions presents real user queries issued to Google Search, with answers extracted
from Wikipedia, simulating realistic search behavior.

• ASQA [45] is a long-form QA benchmark focused on ambiguous questions with paragraph-
level answers.

• 2WikiMultiHopQA [44] and HotpotQA [46] are multi-hop QA datasets that require rea-
soning over multiple passages. 2WikiMultiHopQA evaluates compositional reasoning
across two Wikipedia articles, while HotpotQA incorporates both supporting and distracting
sentences, encouraging interpretable multi-step reasoning.

• SQuAD is a widely used extractive QA dataset where answers are short spans from
Wikipedia passages.

Following the setup in InstructRAG [13], we adopt dataset-specific retrievers for each query:
Contriever-MS MARCO for PopQA and TriviaQA, DPR for NaturalQuestions, GTR for ASQA, and
BM25 for 2WikiMultiHopQA. For HotpotQA and SQuAD, we adopt the e5-base-v2 encoder. By
default, we retrieve the top 5 most relevant documents from Wikipedia corpus for each question.

Training Details. We fine-tune our models using the LoRA method on 2 NVIDIA A100 GPUs, each
with 80GB of memory. The fine-tuning process is conducted over 2 epochs with a learning rate of
1e-5 using the AdamW optimizer and employs a per-device batch size of 16, leveraging gradient
accumulation to handle larger effective batch sizes. We set the LoRA-specific hyperparameters as
follows: lora_rank = 16 and lora_alpha = 64, ensuring efficient adaptation to downstream tasks.
The sequence cutoff length is 6144 tokens, with a warmup ratio of 0.1 applied to stabilize training.
Additionally, we utilize bf16 (brain floating point) precision to reduce memory usage and accelerate
training while maintaining numerical stability.

A.3 Training Corpus Construction Details

To systematically simulate varying degrees of answerability, we introduce a novel four-tier Contextual
Granularity Hierarchy (Figure 1), which forms the basis for structured context-aware critique learning.
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This hierarchy is designed to expose critique models to a broad spectrum of evidence conditions,
thereby facilitating fine-grained supervision under explicitly controlled scenarios.

The hierarchy is defined along three orthogonal dimensions of contextual variation—relevance,
helpfulness, and completeness—and comprises the following four levels:

Hierarchy-1: Not Relevant, Not Helpful, Not Complete. We sample 200 instances per benchmark,
where the context is randomly selected from evidence retrieved for unrelated questions. These contexts
are neither topically relevant nor contain partial answers, thus offering no utility in addressing the
question.

Hierarchy-2: Relevant, Not Helpful, Not Complete. We sample 400 instances per benchmark, in
which the retrieved context comprises the top-5 documents relevant to the question but lacking any
content that supports a correct answer. Although relevant, these contexts remain unhelpful and
incomplete.

Hierarchy-3 & 4: Relevant, Helpful, Not Complete / Complete. We sample 1,400 instances per
benchmark where the context is both relevant and helpful, containing either partial (no single
document provides a complete answer) or complete answer-supporting information. To capture
varying levels of difficulty, we categorize queries into five tiers based on the number of documents
that individually contain supporting evidence (ranging from 1 to 5). Easier queries correspond to a
higher number of such documents. We sample 400, 400, 200, 200, and 200 instances across these
five levels, respectively.

This hierarchical corpus introduces a novel fine-grained supervision signal for training critique models,
enabling a more nuanced understanding of answerability and evidence quality in retrieval-augmented
generation.

A.4 Critic LLM Training via CPO

In addition to Critique Fine-Tuning (CFT), we introduce a novel training paradigm for critique
language models, termed Critique Preference Optimization (CPO). CPO extends the Direct
Preference Optimization (DPO) framework [79] to the domain of critique generation, enabling
preference-based alignment of critique models with respect to human-quality judgments.

For each training example, we construct a pair of candidate critiques: a rejected critique ∆y−unexp
generated by a weaker modelMweak, and an accepted critique ∆y+unexp from a stronger modelMstrong.
The critic modelMcritic is then optimized to prefer the stronger critique over the weaker one using a
ranking-based objective:

LCPO = −EC

[
log σ

(
β log

pθ(∆y+unexp | q,D, y+unexp)

pθ(∆y−unexp | q,D, y+unexp)

)]
, (12)

where σ(·) denotes the sigmoid function, β is a temperature parameter controlling preference sharp-
ness, and pθ is the conditional likelihood of a critique under the model. Importantly, the conditioning
includes the stronger generation y+unexp to ground the critique in high-quality reference behavior.

This training strategy represents a novel application of preference optimization to the critique
generation setting. It allows the model to learn fine-grained distinctions in critique quality and
improves alignment with human preferences, surpassing traditional supervised learning approaches
in adaptability and scalability.

A.5 Pseudo-code of Novel Algorithms for Critique-Aware Learning

To promote clarity and reproducibility, we present formalized pseudo-code for the core contributions
of our framework, highlighting novel procedures for critique generation, fine-tuning, and align-
ment. These algorithmic components reflect our key innovations in critique-aware generation and
optimization.

Algorithm 1 introduces Contrastive Critique Synthesis, a novel mechanism that elicits actionable
critiques by contrasting outputs from a weak and a strong model. This facilitates the identification
of failure modes in weaker generations using preference-informed critique models. Algorithm 2,
Critique Fine-Tuning (CFT), formalizes a supervised learning regime using synthetic critiques and
structured input templates to fine-tune a base model toward producing useful critiques.
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In Algorithm 3, we present Critique Preference Optimization (CPO), which extends the Di-
rect Preference Optimization (DPO) framework to critique generation. This formulation enables
preference-based alignment of critique models using pairs of more and less preferred critiques. Lastly,
Algorithm 4 describes Critique-Driven Alignment (CDA), a novel iterative refinement procedure
that integrates critique signals into the generation loop, producing responses that are successively
improved based on model-generated feedback.

Collectively, these algorithmic components define a unified, modular framework for critique-aware
alignment, marking a novel contribution to controllable and preference-aligned language model
training.
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Algorithm 1 CONTRASTIVE CRITIQUE SYNTHESIS (Novel critique generation via response com-
parison)

Require: Input query q, contextual groundingD, weak modelMweak, strong modelMstrong, critique
modelMcritic

Ensure: Generated critique ∆yunexp for weak model output
1: yunexp ←Mweak(q,D) ▷ Generate suboptimal response
2: yexp ←Mstrong(q,D) ▷ Generate preferred response
3: Xpref ← (q,D, yexp, yunexp) ▷ Construct preference-informed input
4: ∆yunexp ←Mcritic(Xpref) ▷ Generate contrastive critique
5: ∆yunexp ← G(∆yunexp, yexp) ▷ Refine critique with improvement guidance
6: return ∆yunexp

Algorithm 2 CRITIQUE FINE-TUNING (CFT): Supervised adaptation via synthetic critiques

Require: Base modelMweak, synthetic dataset C, template Icritic, learning rate η, epochs N
Ensure: Critique-aware modelMcritic

1: Mcritic ←Mweak ▷ Initialize from weak model
2: for epoch = 1 to N do
3: for each (q,D, yunexp,∆yunexp, yexp) ∈ C do
4: Icritic ← (q,D, yunexp, yexp) ▷ Compose critique context
5: ∆ŷunexp ∼ pθ(· | Icritic) ▷ Predict critique
6: LCFT ← − log pθ(∆yunexp | Icritic) ▷ Compute NLL loss
7: θ ← θ − η∇θLCFT ▷ Update model
8: returnMcritic

Algorithm 3 CRITIQUE PREFERENCE OPTIMIZATION (CPO): Alignment via pairwise critique
preferences

Require: Queries {q}, contexts {D}, weak model Mweak, strong model Mstrong, initial model
Mcritic, temperature β

Ensure: Preference-aligned critique modelMcritic
1: for each (q,D) do
2: ∆y−unexp ←Mweak(q,D) ▷ Infer less-preferred critique
3: ∆y+unexp ←Mstrong(q,D) ▷ Infer preferred critique
4: P ← (∆y−unexp,∆y+unexp) ▷ Construct preference pair
5: for epoch = 1 to N do
6: for each P = (∆y−,∆y+) do
7: Compute preference loss LDPO ▷ Direct Preference Optimization loss
8: θ ← θ − η∇θLDPO ▷ Update parameters
9: returnMcritic

Algorithm 4 CRITIQUE-DRIVEN ALIGNMENT (CDA): Iterative refinement via model-generated
critique signals

Require: Query q, document set D = {d1, . . . , dn}, generation modelMgen, critique modelMcritic,
iterations T

Ensure: Refined, critique-aligned response yexp
1: y0 ←Mgen(q,D) ▷ Initial retrieval-augmented generation
2: for t = 0 to T−1 do
3: ∆yt ←Mcritic(yt, q,D) ▷ Critique current response
4: yt+1 ←Mgen(yt ⊕∆yt, q,D) ▷ Refine using critique
5: yexp ← yT ▷ Final critique-aware output
6: return yexp
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A.6 Additional Experiment Results

In this section, we present additional experimental results to provide a comprehensive understanding
of the proposed method and its performance under various conditions.

Generalization to Out-of-Distribution Data. To supplement the OOD generalization results in
Figure 3, Table 6 provides a complete breakdown of ID and OOD performance across benchmarks and
backbones. While the main text reports average performance drops between ID and OOD settings, the
detailed analysis reveals that ALIGNRAG reduces the OOD drop significantly (e.g., from 40.3 to 32.2
on Qwen2.5-7B and from 44.0 to 33.1 on LLaMA3.1-8B) compared to SELF-REFINE. Additionally,
ALIGNRAG achieves substantial absolute gains on OOD datasets (e.g., +12.4 on HotpotQA and
+11.5 on SQuAD for Qwen2.5-7B), demonstrating improved generalization capabilities under domain
shifts. These results confirm that the proposed CDA-based alignment strategy enhances model
robustness across distributions without overfitting to the training data.

Robustness under Retrieval Quality Variance. To evaluate robustness under varying retrieval
conditions, we compare Vanilla RAG, SELF-REFINE, and ALIGNRAG in two retrieval scenarios:
(Informative) and (Noisy). Figure 9 summarizes the results. In the Noisy scenario, where noisy or
misleading retrieval often causes reasoning misalignment, ALIGNRAG consistently outperforms the
baselines. For example, on NaturalQuestions (e.g., +5.6 on Qwen2.5-7B) and 2WikiMultiHopQA
(e.g., +3.9 on LLaMA3.1-8B)—two tasks particularly sensitive to retrieval quality—ALIGNRAG
achieves the largest margins over SELF-REFINE. Even in the Informative scenario, where retrieved
documents are highly relevant, ALIGNRAG demonstrates superior accuracy (e.g., +1.9 on ASQA and
+4.7 on 2WikiMultiHopQA using Qwen2.5-14B). These results illustrate that ALIGNRAG enhances
reasoning robustness across a wide range of retrieval quality levels.

Integration into Existing RAG Pipelines. To assess the plug-and-play compatibility of our align-
ment strategy, we integrate it into the INSTRUCTRAG framework across three backbones and evaluate
its performance on seven benchmarks. The detailed results, provided in Figure 8, reveal that our
alignment approach consistently improves accuracy, both for in-domain datasets (e.g., PopQA, Triv-
iaQA) and OOD datasets (e.g., SQuAD, HotpotQA). Notably, the improvements are particularly
pronounced on challenging datasets such as SQuAD (+10.2 on Qwen2.5-14B) and HotpotQA (+8.6
on Qwen2.5-14B) when leveraging the 72B model in our CCS pipeline. These results demonstrate that
our method can be seamlessly incorporated into existing RAG pipelines, enabling substantial test-time
improvements without requiring modifications to the model architecture or training objectives.

Superior Alignment Guidance Surpassing Strong LLM Baselines. To validate the effectiveness
of contrastive critique supervision when guided by a 72B model, we report full results across seven
QA benchmarks in Table 3. Our method consistently outperforms both vanilla critique synthesis and
direct CLM supervision. Notably, the improvements are more pronounced on complex datasets such
as HotpotQA and SQuAD, where our method yields gains of up to +9.2 and +6.0 on Qwen2.5-7B,
respectively, over direct supervision. These results confirm that contrastive critique signals distilled
from a stronger model can significantly enhance the generalization ability of smaller CLMs.

Different Training Strategies for CLM. To compare training strategies for the CLM, Table 5
evaluates our proposed Critique Fine-tuning (CFT) approach against Critique Preference Optimization
(CPO) A.4. Across three backbones and seven benchmarks, CFT consistently outperforms CPO,
particularly on retrieval-sensitive and OOD-heavy tasks such as HotpotQA and SQuAD. For example,
on Qwen2.5-14B, CFT raises the average accuracy from 51.0 to 53.6 and improves performance
on SQuAD from 20.2 to 26.6. Similarly, on LLaMA3.1-8B, CFT achieves a +4.0 gain in average
performance and a +10.0 improvement on SQuAD. These results underscore the superiority of
preference-based critique generation over preference-based output generation for CLM training,
particularly in retrieval-intensive contexts.

Ablation on CLM and Contrastive Critique Synthesis. To supplement the high-level ablation
analysis, Table 4 presents detailed results for seven benchmarks under four Critic Language Model
(CLM) configurations. While the main text reports averaged scores on seven benchmarks, the table
provides detailed results. Introducing a frozen CLM yields noticeable gains over Vanilla RAG (e.g.,
+3.8 on PopQA and +3.9 on ASQA for Qwen2.5-7B), confirming the utility of auxiliary critique.
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Figure 8: Details of evaluation result of InstructRAG w/o and w/ our Alignment method on three
backbones across seven benchmarks.
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Figure 9: Performance of different methods under Unanswerable (a) and Answerable (b) retrieval
conditions. Each radar chart reports the average performance across three instruction-tuned backbones
on five benchmarks.

Further training of the CLM amplifies these benefits, particularly for OOD datasets such as SQuAD
and HotpotQA. Notably, our contrastive critique synthesis (CCS) achieves the best performance on
nearly all benchmarks, including a +2.2 gain on MultiHopQA and +4.7 gain on SQuAD for Qwen2.5-
14B. These results demonstrate that contrastive alignment is crucial for generating retrieval-sensitive
critiques, leading to consistent and robust improvements across diverse QA scenarios.
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Table 3: Detailed results of performance comparison of different trained CLM when using a 72B
model to supervise.

Method PopQA TriviaQA NQ MultiHopQA ASQA HotpotQA SQuAD Avg.(acc) (acc) (acc) (acc) (em) (acc) (acc)
Vanilla Critique Synthesis
Qwen2.5-7B 66.6 76.2 65.4 46.0 47.9 25.2 17.9 49.3
Qwen2.5-14B 67.5 78.9 66.8 47.5 48.7 29.6 21.2 51.5
LLaMA3.1-8B 66.6 75.7 64.4 43.7 47.1 22.9 13.2 47.7
Direct CLM (72B)
Qwen2.5-7B 66.4 78.7 66.8 46.9 49.3 24.7 18.2 50.1
Qwen2.5-14B 68.6 79.3 67.8 47.4 49.3 26.8 19.7 51.3
LLaMA3.1-8B 67.1 78.9 66.4 45.7 49.1 24.2 15.9 49.6
Ours
Qwen2.5-7B 66.0 77.5 66.4 49.9 48.6 33.9 24.2 52.4
Qwen2.5-14B 66.9 79.4 68.6 50.7 49.9 35.5 25.4 53.8
LLaMA3.1-8B 66.6 77.0 66.3 49.6 48.2 32.0 20.7 51.5

Table 4: Details of ablation study on the CLM and CCS. Frozen CLM refers to a vanilla LLaMA3.1-
8B used as the critic. CCS refers to our proposed contrastive critique synthesis.

Method PopQA TriviaQA NQ MultiHopQA ASQA HotpotQA SQuAD Avg.(acc) (acc) (acc) (acc) (em) (acc) (acc)
Vanilla RAG
Qwen2.5-7B 63.7 73.2 60.2 44.7 42.8 18.5 9.0 44.6
Qwen2.5-14B 65.3 77.0 63.6 44.8 45.2 23.3 12.6 47.4
LLaMA3.1-8B 65.0 73.4 62.0 43.0 45.2 17.1 6.1 44.5
w/ Frozen CLM
Qwen2.5-7B 67.5 75.1 62.5 45.4 46.7 20.6 13.4 47.3
Qwen2.5-14B 68.0 78.0 65.1 46.6 48.1 25.3 15.6 49.5
LLaMA3.1-8B 66.1 74.1 61.4 42.8 44.7 18.8 8.7 45.2
w/ Trained CLM
Qwen2.5-7B 66.9 76.1 64.0 46.7 46.5 26.8 19.9 49.6
Qwen2.5-14B 67.1 78.4 65.7 47.6 48.8 30.0 21.9 51.4
LLaMA3.1-8B 65.1 74.3 62.7 42.8 46.5 25.2 16.3 47.6
w/ Trained CLM, w/ CCS (Ours)
Qwen2.5-7B 68.4 77.8 65.9 49.5 48.9 33.7 26.1 52.9
Qwen2.5-14B 68.4 79.5 67.7 49.8 48.6 34.8 26.6 53.6
LLaMA3.1-8B 66.5 77.0 65.3 47.0 47.1 32.2 22.8 51.1

Table 5: Overall performance comparison of Critic Language Model using different training methods.

Method PopQA TriviaQA NQ MultiHopQA ASQA HotpotQA SQuAD Avg.(acc) (acc) (acc) (acc) (em) (acc) (acc)
Qwen2.5-7B
CPO 66.1 76.3 63.5 46.3 47.1 25.6 17.3 48.9
Ours 68.4 77.8 65.9 49.5 48.9 33.7 26.1 52.9
Qwen2.5-14B
CPO 67.5 78.6 66.1 47.4 47.7 29.5 20.2 51.0
Ours 68.4 79.5 67.7 49.8 48.6 34.8 26.6 53.6
LLaMA3.1-8B
CPO 66.4 75.0 62.7 44.0 45.7 23.2 12.8 47.1
Ours 66.5 77.0 65.3 47.0 47.1 32.2 22.8 51.1
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Table 6: Drop in average Out-of-Distribution performance compared to average In-Domain per-
formance across three instruction-tuned backbones. Lower values indicate better generalization
capability.

Method PopQA TriviaQA NQ MultiHopQA ASQA Avg. HotpotQA SQuAD Avg. Drop.(acc) (acc) (acc) (acc) (em) (acc) (acc)
Qwen2.5-7B
Vanilla RAG 63.7 73.2 60.2 44.7 42.8 56.9 18.5 9.0 13.8 43.1
Self-Refine 65.5 74.4 61.6 45.0 45.2 58.3 21.3 14.6 18.0 40.3
AlignRAG 68.4 77.8 65.9 49.5 48.9 62.1 33.7 26.1 29.9 32.2
Qwen2.5-14B
Vanilla RAG 65.3 77.0 63.6 44.8 45.2 59.2 23.3 12.6 18.0 41.2
Self-Refine 67.0 78.0 65.1 46.1 47.3 60.7 24.4 16.0 20.2 40.5
AlignRAG 68.4 79.5 67.7 49.8 48.6 62.8 34.8 26.6 30.7 32.1
LLaMA3.1-8B
Vanilla RAG 65.0 73.4 62.0 43.0 45.2 57.7 17.1 6.1 11.6 46.1
Self-Refine 66.1 74.1 61.4 42.8 44.7 57.8 18.8 8.7 13.8 44.0
AlignRAG 66.5 77.0 65.3 47.0 47.1 60.6 32.2 22.8 27.5 33.1
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A.7 Prompt Templates

Critique Synthesis Prompt. We propose a novel structured pipeline for generating targeted feedback
to train critic models, systematically deriving critiques from contrasting outputs of large language
models (LLMs). To ensure the critiques are both consistent and informative, we introduce a preference-
augmented input as a key component in the critique generation process. This approach is grounded
in the use of pairwise comparisons of reasoning paths, which provides two core innovations. First,
it constrains the output space of the critique language model (CLM), ensuring consistency and
minimizing noise during critique generation [36]. Second, it generates high-quality reasoning traces
that facilitate the creation of constructive, fine-grained feedback. The pairwise-path formulation
is central to this framework: by contrasting the reasoning processes underlying yunexp (unexpected
response) and yexp (expected response), the CLM synthesizes critiques that directly inform model
supervision. This is exemplified in Tab. 7 (for rationale generation) and Tab. 9 (for critique generation).
This structured methodology not only enhances the quality of the generated critiques but also ensures
they are targeted, actionable, and aligned with the requirements of improving weaker models.

Critique Learning Prompt. To further advance critique generation, we introduce the concept of
critique learning, where the objective is to generate a critique, denoted as ∆yunexp, that captures the
divergence between expected and unexpected responses while incorporating user-defined preferences.
As part of this framework, we present a novel Critique Fine-Tuning (CFT) prompt (see Tab. 10 for
details) designed to optimize the learning process for critique generation. Additionally, we explore
an alternative training strategy, Critique Preference Optimization (CPO), which explicitly aligns
critique generation with user-defined preference signals (see Tab. 11 for the corresponding prompt).
These prompts, tailored for critique learning, establish a principled mechanism for training models to
generate preference-aligned critiques.

Critique-driven Alignment Prompt. We introduce a novel framework, Critique-driven Alignment
(CDA), to address reasoning misalignment in retrieval-augmented generation (RAG) systems. CDA
reimagines the RAG inference process as a discrete-time dynamical system operating over a la-
tent reasoning space Y . Within this framework, the inference process is iteratively refined by a
meta-reasoning moduleMcritic, which critiques intermediate outputs and proposes targeted improve-
ments. This iterative refinement produces a sequence of progressively improved responses, ensuring
reasoning alignment.

CDA leverages three distinct prompt types to structure the refinement pipeline effectively:

• Rationale Generation: Using the rationale generation template (see Tab. 12), the system
generates an initial explanation or reasoning chain to support the initial response y0. This
rationale serves as the foundation for critique generation in subsequent steps.

• Critique Generation: Using the critique generation template (see Tab. 13), the meta-
reasoning moduleMcritic identifies reasoning gaps or inconsistencies in the intermediate
response yt based on the rationale and provides an actionable critique ∆yt.

• Refinement Generation: Using the refinement generation template (see Tab. 14), the
system incorporates the critique ∆yt into the generation process to produce the refined
response yt+1. This ensures that the updated response aligns with the critique feedback
while maintaining coherence and relevance to the original query q.

By iteratively applying these three prompts, the CDA framework introduces a systematic and con-
trolled refinement process that enhances reasoning alignment and response quality over successive
iterations. This novel paradigm ensures that critiques are not only actionable but also effectively
integrated into the refinement process to achieve consistent improvements in reasoning accuracy.
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Table 7: Rationale generation prompt template for critique synthesis [13].

Rationale Generation for Critique Synthesis

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·
Please identify documents that are useful to answer the given question: “{question}”, and explain how the
contents lead to the answer: {answer}.

If none of the documents is aligned with the answer, in that case, you have to explain the answer
only based on your own knowledge, without referring to the provided information.

{task-specific instruction}

Output: {rationale}

Table 8: Task-specific instruction used in rationale generation prompt [13].

Task-specific Instruction for Rationale Generation

ASQA: Note that the question may be ambiguous and have multiple correct answers. Make sure your
response includes all correct answers and provides clear reasoning details followed by a concise conclusion.

PopQA: Note that the question mainly asks about the object entity that holds a certain relation-
ship with the given subject entity. There may be multiple correct answers. Make sure your response includes
all correct answers and provides clear reasoning details followed by a concise conclusion.

TriviaQA / Natural Questions / 2WikiMultiHopQA: Note that the question may be composi-
tional and require intermediate analysis to deduce the final answer. Make sure your response is grounded and
provides clear reasoning details followed by a concise conclusion.

Table 9: Critique generation prompt template for critique synthesis.

Critique Generation for Critique Synthesis

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·

Here is the given weak rationale: {weak_rationale}.
Here is the given gold rationale: {gold_rationale}.

First, explain how the gold rationale leads to the answer step by step.

Then, identify the errors and hallucinations of the weak rationale, and give constructive criticism
for improving the weak rationale to be more aligned with the gold rationale.

Output: {critique}

33



Table 10: Augmented critique generation prompt template for critique fine-tuning (CFT).

Augmented Critique Generation for Critique Fine-tuning (CFT)

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·

Here is the given weak rationale: {weak_rationale}.

Please identify the weaknesses and hallucinations of the rationale, and give constructive criticism
for improving the weak rationale.

Output:

The critique for the rationale is: {critique}.
The better rationale should be: {gold_rationale}.

Table 11: Critique generation prompt template for critique preference optimization (CPO).

Augmented Critique Generation for Critique Preference optimization (CPO)

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·

Here is the given weak rationale: {weak_rationale}.

Please identify the weaknesses and hallucinations of the rationale, and give constructive criticism
for improving the weak rationale.

Chosen: The critique for the rationale is: {weak_critique}.
Rejected: The critique for the rationale is: {gold_critique}.

Table 12: Rationale generation prompt template for Critique-driven Alignment.

Rationale Generation for Critique-driven Alignment

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·
Please identify documents that are useful to answer the given question: “{question}”, and explain how the
contents lead to the answer: {answer}.

Output: {rationale}

A.8 Case Study

To provide a concrete illustration of the reasoning misalignment issues our framework addresses,
we present a series of case studies. These examples demonstrate how failures can occur at each of
the three distinct phases of retrieval-augmented reasoning—Relevance Assessment, Query-Evidence
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Table 13: Critique generation prompt template for Critique-driven Alignment.

Critique Generation for Critique-driven Alignment

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·

Here is the given weak rationale: {weak_rationale}.

Please identify the weaknesses and hallucinations of the rationale, and give constructive criticism
for improving the weak rationale.

Output: {critique}

Table 14: Refinement generation prompt template for Critique-driven Alignment.

Refinement Generation for Critique-driven Alignment

Input: Read the following documents relevant to the given question: {question}

Document [1] (Title: · · · ): {contents}
· · ·

Here is the given weak rationale: {weak_rationale}.
Here is the given critique: critique.

Please correct the weak rationale based on the critique, and write a better rationale to explain how
the contents lead to the answer.

Output: {refinement}

Mapping, and Evidence-Integrated Synthesis—even when the initial retrieval is successful. We also
include a failure analysis of our own model, ALIGNRAG, to highlight its limitations.

A.8.1 Illustrating Reasoning Misalignment

Case 1: Misalignment in Relevance Assessment. This case demonstrates a failure in the initial
reasoning phase, where the model incorrectly dismisses highly relevant evidence. The retriever
successfully finds a document containing the correct answer, but the generator’s internal relevance
assessment fails, causing it to discard the evidence and claim the information is unavailable. This
highlights that successful retrieval is insufficient if the model cannot recognize the value of the
retrieved content.

Table 15: An example of misalignment in Phase 1 (Relevance Assessment).
Failure Mode: Relevance Misjudgment

Question Who is the mother of Mary in Islam?
Golden Answer Hannah
Retrieved Evidence Document 2 explicitly states, “Hannah, the mother of Mary...”
Initial Response “The given documents are not relevant to the question.”
Critic Evaluation [Bad] — Model failed to recognize clearly relevant evidence.
Refined Response “Hannah is mentioned as the mother of Mary in the provided context.”
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Case 2: Misalignment in Query-Evidence Mapping. In this scenario, the model fails during the
mapping phase. Although multiple documents are retrieved, the model latches onto a document with
a vague thematic association (Document 1) while ignoring another document (Document 5) that
contains the precise, explicit answer. This mapping failure demonstrates the challenge of aligning the
specific query with the most salient evidence span, a critical step for accurate, grounded generation.

Table 16: An example of misalignment in Phase 2 (Query-Evidence Mapping).
Failure Mode: Evidence Mapping Failure

Question What name is given to a very long forward pass in football made in
desperation?

Golden Answer Hail Mary
Retrieved Evidence Document 5 directly defines the “Hail Mary pass” in this context.
Initial Response The model cites Document 1, which discusses related football terms

but ignores the direct definition in Document 5.
Critic Evaluation [Bad] — Model missed the most direct and salient piece of evidence.
Refined Response Correctly identifies “Hail Mary” using the evidence from Document 5.

Case 3: Misalignment in Synthesis. This case illustrates a failure at the final synthesis stage.
The model correctly identifies and internally processes the relevant document containing the answer.
However, it fails to integrate this crucial piece of information into its final generated output. The
evidence is understood but ultimately omitted, rendering the response incomplete and unhelpful. This
shows that even with perfect retrieval and mapping, the synthesis process itself can be a point of
failure.

Table 17: An example of misalignment in Phase 3 (Synthesis).
Failure Mode: Synthesis Error

Question Who was the director of Alexander?
Golden Answer Oliver Stone
Retrieved Evidence Document 5 states, “It was directed by Oliver Stone...”
Initial Response The model discusses the movie but fails to state the director’s name,

despite having access to the information.
Critic Evaluation [Bad] — Information was present in the evidence but was omitted in

the final output.
Refined Response “The only director identified in the provided documents is Oliver

Stone.”

A.8.2 Failure Analysis of ALIGNRAG

While ALIGNRAG is designed to correct the misalignments above, it is not without its own failure
modes. The most critical weakness arises when the initial retrieval is incomplete or fails to provide
any relevant evidence. In such cases, the Critic Language Model (CLM) may attempt to "over-correct"
the initial response by injecting factual knowledge from its own parameters, which is not grounded
in the provided context. This can lead to factual drift and produce a refined response that is still
incorrect but for a different reason.

A.9 Broader Impact

The AlignRAG framework promises positive societal impact by enhancing the factual reliability
and evidence-grounded reasoning of LLMs, potentially leading to more trustworthy AI systems
in areas like education, research, and complex decision-support, thereby reducing the spread of
unsupported or misaligned information. This can empower users with more accurate and verifiable
information. However, challenges and risks must be acknowledged: an increased perception of
reliability, even if improved, could lead to over-reliance by users and a reduction in critical scrutiny.
Furthermore, the critique mechanism itself, while aiming for better alignment, might inadvertently
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Table 18: A representative failure case for ALIGNRAG.
Failure Mode: Over-Correction due to Weak Retrieval

Question When was the first 10 dollar bill made?
Golden Answer 1861
Retrieved Evidence No retrieved document explicitly mentioned the year 1861.
Initial Response “The first 10 dollar bill was issued in 1911.” (Incorrect)
Critic Evaluation [Bad] — The critique proposed the year 1914, likely based on the

CLM’s internal knowledge rather than the provided evidence.
Refined Response “The first $10 bill was made in 1914.” (Incorrect)

absorb or amplify subtle biases present in the data used for training the Critic Language Model
or in the "expert" examples used for contrastive synthesis if not meticulously curated and audited.
Therefore, the responsible development and deployment of such advanced RAG systems necessitate
ongoing research into robust bias detection and mitigation techniques, ensuring diversity in training
data and retrieved evidence, and promoting digital literacy to encourage critical user engagement
with AI-generated content.
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