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Abstract

Retrieval-Augmented Language Models
(RALMs) have shown strong potential in
knowledge-intensive tasks, yet they remain
vulnerable when retrieved contexts are noisy or
irrelevant. Robustness against such contexts
requires two distinct capabilities: abstention
when contexts are uninformative, and selective
extraction when relevant evidence is buried
in noise. Yet existing methods face two key
limitations: they do not train separately for
these two capabilities, and they adapt the
model at a coarse layer- or module-level gran-
ularity, overlooking that only a small subset
of neurons is strongly activated for a given
input. We propose NeuRIT, a Neuron-guided
Robust Instruction-Tuning framework built
on a localization-first perspective. NeuRIT
mines context-aware neurons associated with
relevant and irrelevant context processing, and
uses them as anchors to selectively adapt both
the identified neuron groups and the layers in
which they concentrate. NeuRIT then performs
two-stage instruction tuning that teaches
complementary behaviors: suppress generation
when there is nothing to extract, and extract
relevant evidence when there is. NeuRIT
consistently outperforms strong baselines
across diverse QA benchmarks and generator
backbones. Our code is available at https:
//github.com/HYU-ARK-Lab/NeuRIT.

1 Introduction

While Large Language Models (LLMs) have
achieved remarkable success, they still face sig-
nificant limitations, including their tendency to
produce hallucinations in knowledge-intensive
tasks (e.g., question-answering) (Wang and Yu,
2025; Huang et al., 2025). To mitigate these
problems, Retrieval-Augmented Language Models
(RALMs) (Lewis et al., 2020) provide a promis-
ing solution. RALMs operate in two main steps:

“Equal contribution.
Co-corresponding authors.

(1) invoking a retriever to search for and extract
relevant contexts to a given query from external
sources, and (2) leveraging the retrieved contexts
to prompt LLMs, thereby generating more accu-
rate and grounded responses (Guu et al., 2020;
Izacard et al., 2023; Gao et al., 2023; Fan et al.,
2024). Despite their ability to support grounded
generation, RALMs face a significant challenge:
query-irrelevant or incorrectly retrieved contexts
can mislead the LLM and consequently degrade its
performance (Wang et al., 2023; Cuconasu et al.,
2024; Chen et al., 2024), as LLMs are not explicitly
trained to be robust against such noise (Jiang et al.,
2024; Lin et al., 2025).

Importantly, retrieved contexts can fail in two
qualitatively distinct ways, each demanding a fun-
damentally different model behavior. They may
be uninformative to the query, providing no us-
able evidence at all, in which case the model must
abstain from extracting anything and rely on a
refusal-like response. Alternatively, they may be
partially relevant, containing the answer alongside
distracting noise, in which case the model must se-
lectively extract the useful fragment while ignoring
the surrounding noise. A model trained without
this distinction risks either over-suppressing use-
ful evidence or under-suppressing noise. Robust
generation thus demands two distinct capabilities:
abstention and selective extraction.

Existing approaches have attempted to address
this challenge in various ways. While prior work
has explored refining retrieved contexts before gen-
eration (Glass et al., 2022; Vig et al., 2022; Xu
et al., 2023; Wu et al., 2025b), a more direct line
of work enhances the robustness of the generator
LLM itself through instruction tuning (Wei et al.,
2024; Lin et al., 2023; Wu et al., 2025a), teaching
the model to better utilize retrieved contexts while
disregarding query-irrelevant ones. However, we
observe two key limitations. First, in terms of the
training objective, existing methods do not train
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separately for abstention and selective extraction,
leaving the tension between the two unresolved.
Second, in terms of the granularity of adaptation,
they typically update parameters at the layer, mod-
ule, or low-rank level (Wu et al., 2025a; Yoran
et al., 2024; Xu et al., 2024), neglecting a well-
established property of LLMs: only a small subset
of neurons is strongly activated for a given task or
input (Li et al., 2022; Xu et al., 2025). This sug-
gests that robustness-related computations might
be concentrated in limited regions of the network,
and updating parameters without this considera-
tion may unnecessarily interfere with unrelated
capabilities. One possible solution is to identify
robustness-related neurons and update them selec-
tively. However, neuron-level updates alone are
unlikely to reliably reshape model behavior, since
model computation is inherently distributed across
many parameters (Leng and Xiong, 2025). We
therefore use identified neurons not as isolated up-
date targets, but as anchors for adaptation: neuron-
level attribution identifies context-aware behaviors
underlying robustness (i.e., processing relevant or
irrelevant contexts), and guides updates to both
these neuron groups and the layers in which they
are densely concentrated.

To this end, we propose NeuRIT (Neuron-
guided Robust Instruction Tuning), an instruction-
tuning framework built on a localization-first per-
spective that addresses both limitations above. To
address the granularity limitation, NeuRIT first per-
forms context-aware neuron mining, which identi-
fies neurons (i.e., existing in FFN) associated with
relevant and irrelevant context processing through
attribution-based analysis. Since some neurons re-
spond to both context types, we separate them into
a shared group rather than assigning them to ei-
ther context-specific group, preserving the discrim-
inative signals of relevant- and irrelevant context-
aware neurons. To separate these objectives, Neu-
RIT then performs neuron-guided instruction tun-
ing, which teaches the model two complementary
behaviors—suppression and evidence extraction—
through two training stages. In the suppression
stage, NeuRIT updates only irrelevant context-
aware neurons to suppress generation under unin-
formative contexts. In the extraction stage, NeuRIT
further adapts all three identified neuron groups and
the layers in which they concentrate, teaching the
model to extract relevant evidence from partially
noisy contexts. Together, these stages yield a uni-
fied robustness capability: suppress when there is

nothing to extract, and extract when there is.
Our contributions are summarized as follows:

* We introduce a new perspective on robustness-
oriented adaptation for RALMs: neuron attri-
bution provides a localization signal for iden-
tifying where adaptation should occur.

* We propose NeuRIT, a two-stage neuron-
guided instruction-tuning framework that uses
mined context-aware neurons as anchors to
jointly adapt the identified neuron groups and
the layers in which they concentrate, while
training separately for two complementary be-
haviors: suppression under uninformative con-
texts and selective extraction from partially
noisy contexts.

Extensive experiments on various QA bench-
marks and different generator backbones show
consistent gains over strong baselines un-
der both in-domain and out-of-domain set-
tings. Our analysis further reveals that neuron-
guided localization drives the gains.

2 Related Work

Refining Retrieval Contexts. Prior works have
proposed various context refinement methods to
enhance the quality of retrieved knowledge. For ex-
ample, reranking retrieved documents (Glass et al.,
2022), extracting query-related content from the re-
trieved documents (i.e., summarization) (Vig et al.,
2022; Xu et al., 2023), and iterative retrieval along
with intermediate reasoning paths (Trivedi et al.,
2023; Wang et al., 2024; Wu et al., 2025b) have
been explored. Recently, Wu et al. (2025b) pro-
posed an advanced knowledge refinement method
that incorporates re-ranking signals in generat-
ing Chain-of-Thought (CoT)-based summarization.
However, many existing works have created extra
modules for the knowledge refinement, which intro-
duce additional steps beyond generation on RALM.
These additional steps introduce extra computa-
tional costs, making it less practical for large-scale
deployment (Wu et al., 2025a). Moreover, these ad-
ditional steps may suffer from cascading errors (Yu
et al., 2022), which ultimately limit their effective-
ness in real-world applications.

Robustness to Retrieved Contexts in RALM.
Previous studies have sought to improve the ro-
bustness of RALMs to noisy or irrelevant retrieved
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contexts. Yoran et al. (2024) train language mod-
els to directly generate correct answers despite in-
put noise, implicitly enhancing robustness. More
recent works leverage instruction tuning to make
the denoising process explicit: Wei et al. (2024)
prompts the model to synthesize rationales that ar-
ticulate the reasoning path from noisy contexts to
the ground-truth answer, while Wu et al. (2025a)
performs instruction tuning on data refined through
a citation rewrite mechanism that uses NLI mod-
els to ensure the model cites only valid evidence.
However, these approaches share two limitations.
First, they collapse the qualitatively distinct fail-
ure modes of retrieval, fully irrelevant versus par-
tially relevant contexts, into a single training ob-
jective, leaving the tension between abstention
and selective extraction unresolved. Second, they
rely on dense optimization strategies such as full-
parameter fine-tuning or layer-level parameter-
efficient fine-tuning, overlooking the neuron-level
sparsity of LLMs and thus failing to selectively
update the specific neurons critical for noise robust-
ness.

3 Methodology

Problem Setup. Retrieval-Augmented Language
Models (RALMs) for knowledge-intensive tasks,
such as question-answering, aim to generate an-
swers using a generator LLM, based on a query
and documents returned by a retriever. Formally,

let Do = {(qi, {di’7}§=1)}11 be a set of open-
domain questions, where g; denotes a query and
{d;; };?:1 is the set of top-k retrieved documents
associated with ¢;. Note that the documents are
ranked based on relevance score with the given
query. Then, a generator LLM M is expected to
produce the output 7 as follows: ¢; = M (Prompt;)
where Prompt; = (¢, {d; ; };?:1) refers to a prede-
fined prompt template along with inputs. However,
the retrieved documents set {d; };?:1 often con-
tain query-irrelevant documents that lead to per-
formance degradation. To this end, we propose
to identify relevant and irrelevant context-aware
neurons and enhance their robustness to retrieved
information. Our method consists of two primary
components: 1) context-aware neuron mining, and
2) robustness enhancement instruction tuning on
the identified neurons. The overall architecture is
illustrated in Figure 1.

3.1 Context-Aware Neuron Mining

Attribution-Based Context-Aware Neuron Iden-
tification. To decide where robustness-oriented
adaptation should occur, we first quantify which
FFN neurons contribute to processing relevant and
irrelevant retrieved contexts. To quantify the con-
tribution of each neuron to processing relevant
and irrelevant contexts, we leverage the attribu-
tion method of Shi et al. (2024). For each query
qi, we first construct a triplet (g;, ™, di™'). Here,
d™®! denotes a top-ranked relevant document, and
di™! denotes an irrelevant document with a zero
relevance score. Next, for every query ¢; and docu-
ment d§ with context type ¢ € {rel,irrel}, we mea-
sure the attribution score of every neuron n (that
exists in FFNs) to the prediction y. This is done
via Integrated Gradients (Sundararajan et al., 2017).
Specifically, let v(q;) denote the activation of neu-
ron n given only the query, and v(g;, d) denote the
activation given both the query and the document
of context type c. We compute the attribution score
as follows:

A(n; g, d5) = (U(Qi,df) - U(Qz’))
x /1 OP(y | i, df, va) (0
a=0

do. da,

where vo = v(g;) + a(v(g;, dS) — v(g;)) inter-
polates between the two activation states for o €
[0, 1], and the integral is approximated using a 20-
step Riemann sum. Based on these scores, for each
query, we filter for the top 10% and select the top
20 highest-scoring neurons. We then aggregate
these neuron selections across all queries within
each context type, and identify the top-t most fre-
quently occurring neurons. We denote these initial
candidate sets of neurons as 75me1 and 75rel for ir-
relevant and relevant contexts, respectively (See
Figure 1, left).

Decoupling Context-Aware Neurons. Once we
obtain 75re1 and 75irrela we explore the intersection
between the two sets. We observe that identified
neuron sets 75irrel and 75rel reveal a significant over-
lap!. This is natural since parameters associated
to neurons in LL.Ms form distributed and overlap-
ping representations rather than being functionally
exclusive (Leng and Xiong, 2025). However, such
overlapping neurons do not provide discriminative
signals for identifying context-specific awareness,
nitial mining yields 7,380 relevant and 7,036 irrelevant

context-aware candidate neurons with a significant overlap
of 6,240 neurons.
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Phase 1: Context-Aware Neuron Mining

Phase 2: Neuron-Guided Instruction Tuning

( N
i Query, Relevant, Irrelevant Retrieved Contexts 1) Denoising Irrelevant Context-Aware Neurons (O,Q)
[ 3 ® O O @® O O
(g1, d—> Relevant Context Aware Neurons : ® 8 g g - 8
. O @ O 0:3 3 o o ® ® e O . ® O @
At 0.92>0.87 >0.85 ®:3 rel ® ® @ O ® O O
seore o o o o ® @ O
[ ] : : o ® O o
Extractneurons of highest Irrelevant Context Aware Neurons bt £8-10 ® [0 fo
attribution score for each sample
. S = Fine-tuning ONLY Pj,e;
(g1, 4™ o o @ Ppree O O O - Altneuron groups (Pre;  Psnarea » Pirret )
A Attr 058 2) Active Noise Filtering Enhancement |_2re updated with group-specific masks.
Score0.98 > 0.91 > 0.84 o3 — e
(a5, d8™ - Decoupli ° ® oo o oo
N o @ o 0 :2 S2SEPers ° o @9 o lolle
é Attr Context-Aware o © Ol e o Lol o
Score 0.88>0.77> 0.71 O :2 Neurons & ® o O e O e
o :1 (] o O O ® O O
(@ dirrely : o o o o o e 0
@ ™ o o o A ° S e o o o e
ﬁ Seore0.84 > 0.80 > 0.79 ) Phared o ° ® S © olalo
- Pirrel o . ! e |
Select neurons with frequently P Full FTis applied to the top-3 layers with the ™ - -
occur across all data samples ® rel highest f Pspared » Pirrer neUrons -| Full Fine-Tuning
Layern: n ﬂ ' 18 - a 30 31
- A
E :R Ci é :lrrel (o] ‘“::"Nhn : Transformer Layer (FFN / Attention) : Top-3 layers (Pspared » Pirrel) O : Gradient Mask
\ J

Figure 1: Overview of the NeuRIT framework. NeuRIT consists of two phases: (1) Context-Aware Neuron Mining,
where neurons are categorized into relevant, irrelevant, and shared groups based on attribution scores from retrieved
contexts; and (2) Neuron-Guided Instruction Tuning, where the identified neuron groups guide the training process

through group-specific updates.

as their activations cannot be uniquely attributed
to either relevant or irrelevant contexts. To address
this, we define distinct neuron sets by excluding
neurons that exhibit high attribution in both con-
text types. Specifically, we define the overlapping
neurons set as Pgshared = 75re1 N 751rre1, and remove
them from each set as follows: Pye < 75re1 \ Pshareds
Pirrel < 751@1 \ Pshared- This procedure ensures that
the resulting neuron sets capture distinct context-
specific awareness for relevant and irrelevant con-
texts, respectively (See Figure 1, left). Our mining
results in 100 neurons for P, and Pjye and 30
neurons for Pspared.

3.2 Neuron-Guided Instruction Tuning

Based on the identified neurons, we propose a two-
stage neuron-guided instruction tuning framework,
with each stage targeting one robustness behavior:
(1) a denoising stage that teaches abstention by
suppressing irrelevant context-aware neurons un-
der uninformative contexts, and (2) a noise filtering
stage that teaches selective extraction by adapt-
ing the identified neuron groups within the layers
where noise-related neurons are most densely con-
centrated.

Denoising Irrelevant Context-Aware Neurons.
For uninformative retrieved contexts, robust gen-
eration requires abstention rather than producing
answers from unsupported evidence. To induce
this behavior at the neuron level, we instruction-

tune the irrelevant context-aware neurons Piye to
emit an End-of-Text (EOT) token under irrelevant-
context inputs. Since Piye are identified as pri-
marily responsible for processing irrelevant or mis-
leading contexts, allowing them to participate in
processing relevant information poses a risk of la-
tent interference. Accordingly, we impose a hard
constraint that decouples these irrelevant context-
aware neurons from generation.

Noise Filtering Enhancement on Neuron-level
Parameters. In partially relevant retrieval set-
tings, abstention alone is insufficient because useful
evidence may be mixed with distracting noise. We
therefore adapt the regions guided by the identified
neurons, targeting where noise-robustness compu-
tations are concentrated. This is because neuron-
level updates alone are unlikely to reliably reshape
model behavior, since model computation is in-
herently distributed across many parameters (Leng
and Xiong, 2025). Hence, we update not only the
identified neuron groups (Prel, Pshared> Pirrel), but
also the top-3 layers with the highest density of
Pirrel and Pgnared, as these layers aggregate noise-
discriminative signals near the output’. This al-
lows the model to refine relevant-evidence extrac-
tion while controlling interference from irrelevant
contexts. Specifically, we optimize the selected
parameters to make the generator produce a dis-

2See § 4.5 for the layer-wise distribution analysis motivating
this choice.
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tilled summary that contains only query-relevant
information from potentially noisy retrieved con-
texts. Given an original query and its retrieved
contexts, the model is instructed to filter out irrel-
evant content and generate only the relevant evi-
dence needed to answer the query. This aligns the
localized adaptation with our context-filtering ob-
jective. For this, we construct a dataset as follows:
for a pair (g;, {di7j}§:1) € Dg, we employ an ex-
ternal LLM? to generate Relevant Summaries (RS)
yZRS, which includes only query-relevant informa-
tion from {d;; }?’:1 by giving a specific instruction®.
We construct an instruction-tuning dataset as fol-
lows:

n

Drs = { (a0 {50, o))

Once done training, to enable open-domain ques-
tion answering, we design a dual-instruction
prompt consisting of (1) relevant summary extrac-
tion (instrsg: extract relevant information
from provided documents) and (2) a question an-
swering instruction (instga: Answer a question
as briefly as possible). Each training input
x; 1s formatted as a prompt combining these com-
ponents:

i=1

Prompt; = (instrse, instoa, {dij }_1, &)

The instruction-tuned generator LLM produces the
corresponding answer as 3; = M (Prompt;). This
design jointly enables the model to filter noisy doc-
uments, extract and align relevant evidence, and
generate factually grounded answers.

4 Experiments

4.1 Data

We evaluate our method on a diverse QA bench-
marks covering various question types and rea-
soning settings. We use KILT-formatted versions
of Natural Questions, TriviaQA, and HotpotQA
(Rau et al., 2024a). KILT-NQ (Natural Ques-
tions) (Kwiatkowski et al., 2019) contains real
anonymized Google search queries with answer
annotations on Wikipedia pages. ASQA (Stelmakh
et al., 2022) is a long-form QA benchmark for am-
biguous factoid questions, requiring answers to syn-
thesize evidence from multiple sources and resolve
different interpretations. KILT-TriviaQA (Joshi
et al., 2017) is a factoid QA benchmark derived

3In our experiments, we used GPT-4.1.mini (OpenAl 2025)*
though any LLM can be used.
3 See Table B.1 in Appendix for details

from TriviaQA, with answer provenance aligned to
Wikipedia evidence. SciQ (Welbl et al., 2017) is a
multiple-choice science QA dataset consisting of
crowdsourced exam-style questions with support-
ing evidence paragraphs. POPQA (Mallen et al.,
2023) evaluates factual knowledge about entities
with varying popularity, especially long-tail enti-
ties. KILT-HotpotQA (Yang et al., 2018) requires
multi-hop reasoning over multiple Wikipedia pages.
2WikiMultiHopQA (Ho et al., 2020) requires con-
necting information across multiple Wikipedia arti-
cles to answer entity-centric multi-hop questions.

4.2 Baselines

To validate the effectiveness of NeuRIT, we con-
duct a comparative evaluation against three distinct
categories of baselines: 1) Standard RALM, 2) Ro-
bustness Enhancing Tuning for RALMs, and 3)
Retrieved Context Refinement. For the refinement
methods, we additionally evaluate them in a com-
positional manner by attaching each refinement
module to every baseline in the first two categories.

Standard RALM. This baseline follows the con-
ventional Retrieval Augmented Language Model
(RALM) generation paradigm, where retrieved doc-
uments are concatenated along with a given query
without any additional control mechanisms.

Robustness Enhancing Tuning for RALMs.
These methods tune the generator LLM directly
to be robust to irrelevant or misleading retrieved
contexts: RetRobust® (Yoran et al., 2024) trains
the generator LLM on noisy retrieval inputs to di-
rectly produce correct answers despite distracting
or misleading contexts, encouraging robustness to
irrelevant evidence without explicit denoising su-
pervision. InstructRAG’ (Wei et al., 2024) in-
stead applies instruction tuning on self-synthesized
rationales that explain how ground-truth answers
are derived from noisy retrieved documents, pro-
viding explicit denoising supervision. PA-RAG?
(Wu et al., 2025a) combines instruction fine-tuning
with multi-stage DPO that sequentially optimizes
response informativeness, response robustness, and
citation quality.

Retrieved Contexts Refinement. In contrast to
methods that directly tune the generator LLM for

Shttps://huggingface.co/Ori/llama-2-13b-peft-ng-retrobust

"https://huggingface.co/meng-lab/2WikiMultiHopQA-
InstructRAG-FT

8https://huggingface.co/wuqiong1/PA-RAG_Meta-Llama-3-
8B-Instruct

47454



Method NQ ASQA TriviaQA SCIQ POPQA HotpotQA 2Wiki Avg.
RALM (Lewis et al., 2020) 6221  67.82 88.60 53.30 60.85 45.44 4227  60.07
+ Reranker (Glass et al., 2022)  61.65  67.93 88.31 52.60 60.37 45.27 41.84  59.71
+ RankCoT (Wu et al., 2025b)  59.43  65.93 89.60 57.40 59.80 48.54 4342 60.59
RetRobust (Yoran et al., 2024) 5323 6192 89.80 58.20 53.24 40.84 35.17  56.06
+ Reranker (Glass et al., 2022)  54.42  64.13 90.55 58.20 54.92 41.46 35.69  57.05
+ RankCoT (Wu et al., 2025b)  53.26  60.55 88.93 57.80 53.18 43.84 39.94  56.79
InstructRAG (Wei et al., 2024) 60.62  66.98 87.48 55.30 60.25 45.33 4461  60.08
+ Reranker (Glass et al., 2022)  63.58  71.51 90.73 56.80 64.60 48.32 47.01 6322
+ RankCoT (Wu et al., 2025b)  60.17  67.72 90.76 59.50 62.24 51.66 50.06  63.16
PA-RAG (Wu et al., 2025a) 67.92 7447 89.86 56.60 64.37 49.29 46.57 64.15
+ Reranker (Glass et al., 2022)  72.01 79.43 92.58 57.60 71.08 54.12 4887  67.96
+ RankCoT (Wu et al., 2025b)  66.30  73.10 92.32 63.40 65.68 53.89 52.02  66.67
NeuRIT 69.68 7531 92.21 60.80 67.37 52.25 4634 66.28
+ Reranker (Glass et al., 2022)  72.57  80.48 93.91" 61.60 74.29° 55717 4780  69.48
+ RankCoT (Wu et al., 2025b)  61.93  69.09 91.60 59.10 63.28 52.04 5113 64.02

Table 1: Main results of performance comparison across QA benchmarks. We report Accuracy for each dataset. ':
NeuRIT significantly improves the best baseline at p < 0.05 with paired t-test. The best results are highlighted in
bold and the second-best results are underlined (per metric).

robustness, these baselines improve robustness by
refining retrieved contexts before they are given to
the generator LLM. Reranker’ (Glass et al., 2022)
uses a cross-encoder re-ranker to prioritize query-
relevant documents, thereby reducing the influence
of irrelevant contexts in the prompt. RankCoT'®
(Wu et al., 2025b) instead refines retrieved docu-
ments by combining re-ranking signals with CoT-
based summarization, serving as a stronger noise-
mitigation baseline at the cost of additional reason-
ing overhead.

4.3 Implementation Details

All experiments are conducted using the genera-
tor LLM as LLaMA-3-8B-Instruct (Dubey et al.,
2024), and training is performed on a single
NVIDIA H200 GPU with 141GB memory. For all
results, we utilize greedy decoding by setting the
temperature to O to ensure reproducibility. To iden-
tify context-aware neurons, we use approximately
400 sub-samples of HotpotQA training data. We set
frequency occurrence threshold k& as 130 to ensure
100 neurons are selected for both P and Piel
and 30 neurons for Pshared. For Dgs, the external
LLM produces 142-token summaries grounded ex-
clusively in the provided documents, with no intrin-
sic knowledge use enforced via prompting to mit-
igate hallucination. Detailed training procedures,
prompts, implementation details, and hyperparam-

*https://huggingface.co/naver/trecdl22-crossencoder-
debertav3
https://huggingface.co/MignonMiyoung/RankCoT

eter settings for neuron selection are provided in
Appendix B.

4.4 Main Results

We report results in Table 1 for three variants: the
base model, the base model with Reranker, and the
base model with RankCoT. Without ranking, Neu-
RIT consistently outperforms most baselines and
remains comparable to or slightly better than the
strongest one, PA-RAG, across all datasets. No-
tably, this strong base performance is observed
despite NeuRIT being trained exclusively on Hot-
potQA, indicating that the learned behavior gen-
eralizes beyond the training distribution to the re-
maining six datasets. When the base model is aug-
mented with a Reranker, performance is consis-
tently improved for RetRobust, InstructRAG, PA-
RAG, and NeuRIT across all benchmarks, with par-
ticularly pronounced gains on single-hop datasets
such as NQ, ASQA, and TriviaQA. Under this set-
ting, NeuRIT achieves the highest average accu-
racy of 69.48, outperforming all baseline config-
urations. In contrast, augmenting the base model
with reasoning-aware ranking via RankCoT yields
a different performance pattern: while its impact
is limited on single-hop benchmarks, it provides
the greatest improvements on 2Wiki, which re-
quires multi-hop reasoning over longer contexts.
We attribute this degradation to RankCoT replac-
ing the raw retrieved documents with compressed
CoT representations, which prevents NeuRIT from
fully leveraging its selective extraction capability
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Figure 2: Neuron distribution of LLaMA-3-8B-Instruct on the HotpotQA dataset; the left panel shows the distribution
of Prel, Pshared and Pirel, While the right panel shows the Py and the combination of Piye; and Pypared-

Model / Method NQ ASQA TriviaQA SCIQ POPQA HotpotQA 2Wiki AVG.

Mistral-7B-Instruct-v0.2
RALM 64.85  71.20 89.59 60.80 62.78 48.39 48.80 63.77

NeuRIT 66.47  72.57 90.04 6250  64.15 50.46 50.65 65.26
Qwen-2.5-14B-Instruct

RALM 66.33 7299 91.29 59.40  63.72 5273 50.97 6535
NeuRIT 7042 7594 92.49 67.00  66.36 53.42 5032 67.99
Owen3-8B

RALM 6341 6824 84.44 54.80 - 40.00 - 62.18
NeuRIT 65.09  69.62 88.66 55.10 - 46.60 - 65.01
LLaMA-2-13B

RALM 60.84  67.51 88.27 57.40 5535 45.66 4442 59.92
RetRobust 5323 6192 89.80 5820  53.24 40.84 3517 56.06
NeuRIT 69.15  75.31 90.91 6320 6531 50.91 44.87  65.66

Table 2: Comparison of accuracy across various backbone
models. Best results are in bold.

learned from raw contexts. We further evaluate
our method using LLMEval (Rau et al., 2024a)
(Appendix C.2), which confirms that NeuRIT con-
sistently achieves superior answer accuracy and
evidence faithfulness.

4.5 Analysis

Layer-wise Distribution of Identified Neurons.
We select the top-3 layers with the highest density
Of Pirrel and Pgnareq as the noise filtering targets.
This choice is based on the following observations
from Figure 2. First, Py is mainly concentrated
in the middle layers, peaking around Layer 15. In
contrast, Pie; and Pspared are most prominent in
the later layers, especially Layers 29-31. Figure 2
(Right) further highlights this layer-wise separation
by comparing P with the combined distribution
of Pirel and Pgpared- These patterns motivate our
density-based selection of the top-3 layers for noise
filtering. Further analysis on the number of selected
layers is provided in Appendix D.1.

Generalization across Generator Backbones.
To test generalization across generators, we apply
our method to Mistral-7B-Instruct-v0.2 (Jiang et al.,
2023), Qwen-2.5-14B-Instruct (Qwen et al., 2025),
Qwen3-8B (Yang et al., 2025) and LLaMA-2-13B-
Chat (Touvron et al., 2023), varying architecture
and scale while keeping other components fixed.
As shown in Table 2, NeuRIT consistently out-
performs the RALM baseline in average accuracy

Relevant Irrelevant
Method NQ HotpotQA SCIQ NQ HotpotQA SCIQ
RALM 79.16 73.15 71.08 20.43 15.19 17.49
InstructRAG 76.87 74.29 75.04 19.54 11.98 16.62
PA-RAG 86.38 81.96 79.45 20.30 12.32 12.83
NeuRIT 86.73 81.75 82.50 25.76 18.45 20.41

Table 3: The comparison of the accuracy of our method in sce-
narios with relevant (answer-present) and irrelevant (answer-
absent) retrieved contexts

across various backbone models. The consistent
performance gains across generators, together with
the aligned distributional patterns observed across
the analyzed backbones'!, suggest that NeuRIT
transfers across different generators and may cap-
ture a general mechanism for improving robustness
in RALMs.

Irrelevant Contexts Handling. To verify the ro-
bustness of NeuRIT, we evaluate its performance in
two distinct scenarios: 1) where retrieved contexts
contain the ground-truth answer (Relevant), and
2) where they do not (Irrelevant). As summarized
in Table 3, NeuRIT consistently outperforms all
baseline methods across both settings. Notably, in
the Irrelevant scenario where model robustness is
most severely tested, NeuRIT achieves the highest
accuracy on all three datasets (NQ, HotpotQA, and
SCIQ). This suggests that our approach more effec-
tively filters out retrieval noise and mitigates the
risk of hallucination without the need for additional
external modules.

4.6 Ablation Study

We conduct a comprehensive ablation study to ex-
amine the contribution of each design component
in NeuRIT. Specifically, we analyze (1) the contri-
bution of each stage in the two-stage training frame-
work, (2) the importance of neuron-guided layer
selection, (3) the respective contributions of layer-

"We further analyze the layer-wise neuron distribu-
tions for Mistral-7B-Instruct-v0.2, Qwen-2.5-14B-Instruct,
and LLaMA-2-13B-Chat, with details provided in Ap-
pendix D.2.
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Method NQ HotpotQA TriviaQA SCIQ POPQA Avg.

NeuRIT 69.68 5225 9221  60.80 67.37 68.46
Stage-level ablations
w/o denoising 67.88 50.37 91.16  56.60 65.87 66.38
w/o NoiseFilter 61.50  44.82 8788 5210 59.60 61.18
w/o denoising, NoiseFilter 62.81 48.28 88.68 5240 59.50 62.33
Neuron-guided layer selection vs. random selection
Random layer sel. 65.31 45.53 89.54  55.60 62.66 63.73
Component ablations within NoiseFilter 7~

w/o NoiseFilter, Layers 61.93 47.10 88.98 5190 5894 61.77
w/o NoiseFilter, Neurons  69.01 53.26 91.85 5990 67.00 68.20

_wioNoiscFilter, Des___ 67.53 5160 __ 9L14_ 5810 6582 6684
Sensitivity to neuron budget
Half (50, 15, 50) 70.28 50.87 92.06 6040 67.16 68.15

Double (200, 60, 200) 70.60  50.96 91.61 60.80 6737 6827

Table 4: Ablation results of NeuRIT across five QA
datasets. Average accuracy is computed over the five
datasets.

level and neuron-level updates within the Noise
Filtering Enhancement stage, and (4) sensitivity to
the neuron selection budget. The results are sum-
marized in Table 4. Additionally, we evaluate the
deployment flexibility of NeuRIT under retriever
substitution in Table 5.

Stage-level contributions. We examine whether
each of the two training stages independently con-
tributes to the final performance. As shown in
Table 4, removing either the denoising stage (w/o
denoising) or the noise filtering stage (w/o Noise-
Filter) consistently degrades performance, drop-
ping the average accuracy from 68.46 to 66.38 and
61.18, respectively. Notably, applying the denois-
ing stage alone (w/o NoiseFilter: 61.18) falls be-
low the five-dataset average of the RALM baseline
(62.08), confirming that the EOT-based suppression
signal can over-suppress useful evidence when par-
tially relevant contexts are present. The subsequent
noise filtering stage compensates by teaching the
model to extract evidence from mixed-quality con-
texts, and the two stages thus operate as a com-
posed mechanism rather than independent contri-
butions. Furthermore, replacing this composed
pipeline with standard LoRA fine-tuning on the
same Dgg data (w/o denoising, NoiseFilter: 62.33)
still falls 6.13 points behind NeuRIT, isolating the
contribution of the neuron-guided framework from
the distilled supervision itself.

Neuron-guided layer selection drives the gain.
A natural concern is whether NeuRIT’s gains can
be attributed to neuron mining at all, or whether
simply fine-tuning a few layers would suffice.
To isolate this, we sample neurons uniformly at
random while matching the original group sizes
(|Pretl, | Pshared|, | Pirret|) = (100, 30, 100), then se-
lect the top-3 layers with the highest density of
these randomly sampled neurons and apply iden-

Method NQ ASQA TriviaQA SCIQ HotpotQA Avg.

Contriever inference

NeuRIT 6798 71.72 89.28  60.20 47.26 67.29
RALM 59.11  63.50 85.62 51.80 41.50 60.31
RetRobust  59.67 59.49 88.90 56.90 40.30 61.05
PA-RAG  62.84 70.04 86.94 53.50 44.41 63.55

Table 5: Performance under Contriever retrieval. For
NeuRIT, neurons are mined using SPLADE-v3 and
reused at inference with Contriever without re-mining.
Best results are in bold.

tical two-stage tuning. As reported in Table 4,
this Random layer selection (Random layer sel.)
reaches only 63.73 average accuracy, a 4.73-point
gap from NeuRIT (68.46). This confirms that the
primary role of neuron mining is to provide a lo-
calization signal: it identifies where in the network
adaptation should occur. Without this guidance,
layer-level tuning becomes arbitrary and substan-
tially less effective.

Layer-level vs. neuron-level contributions
within NoiseFilter. Within the noise filtering
stage, we update two complementary categories:
(1) the top-3 layers selected by neuron density, and
(ii) the identified neuron groups, Prel, Pshared, and
Pirre1. Removing the layer-level updates (w/o Noise-
Filter, Layers) drops performance to 61.77, whereas
removing only the neuron-level updates (w/o Noise-
Filter, Neurons) yields a smaller drop to 68.20. De-
spite this smaller gap, neuron-level updates provide
a meaningful additional gain beyond layer-level se-
lection, suggesting that fine-grained neuron-level
refinement complements the broader localization
provided by layer selection. This observation is
consistent with prior findings that FFN compu-
tations depend on distributed parameter interac-
tions (Leng and Xiong, 2025). We also find that
replacing Drs with raw QA pairs (w/o NoiseFilter,
Dgs: 66.84) degrades performance, further con-
firming the value of relevant-summary supervision
as the training target.

Sensitivity to neuron budget. We examine sen-
sitivity to the number of selected neurons by halv-
ing or doubling the original budget. Both settings
(68.15 and 68.27) remain within 0.31 points of the
original configuration (68.46), demonstrating that
NeuRIT is robust to the precise neuron count.

Retriever Flexibility. To assess the deployment
flexibility of NeuRIT, we mine context-aware neu-
rons using SPLADE-v3 and evaluate the resulting
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model at inference time with a different retriever,
Contriever (Izacard et al., 2021a). While our de-
fault setting uses SPLADE-v3 for both neuron min-
ing and inference, we replace only the inference-
time retriever with Contriever, keeping the neu-
rons mined using SPLADE-v3 fixed. As shown in
Table 5, the SPLADE-v3-mined neurons remain
effective under Contriever retrieval, with NeuRIT
consistently outperforming baseline methods eval-
uated under the same Contriever retrieval setting
across all datasets. These results suggest that the
identified neurons are not tightly coupled to the re-
triever used during mining and can be reused across
retrievers at inference time without re-mining. Be-
yond inference-time retriever substitution, we fur-
ther examine the sensitivity of the neuron mining
procedure itself to the choice of retriever in Ap-
pendix D.3.

5 Conclusion

In this paper, we introduced NeuRIT, a neuron-
guided instruction-tuning framework for robust
retrieval-augmented language models (RALMs).
NeuRIT identifies context-aware neurons via at-
tribution analysis and uses them to guide selec-
tive adaptation at both the neuron and layer lev-
els. Through two-stage instruction tuning, NeuRIT
separately learns to abstain under uninformative
contexts and extract relevant evidence from par-
tially noisy contexts. Experiments across diverse
benchmarks demonstrate that NeuRIT consistently
improves robustness to retrieval noise and outper-
forms strong baselines.

Limitations

Although NeuRIT demonstrates strong robustness
across diverse QA benchmarks and multiple back-
bone models, one limitation remains. While our
experiments cover mid-sized open-source LLMs
up to the 14B scale, the effectiveness of neuron-
guided instruction tuning on substantially larger
models, such as 30B or 70B-scale LLMs, remains
unexplored. Since neuron-level attribution patterns
may vary with model capacity and architecture, fu-
ture work should examine whether the identified
context-aware neurons remain stable and effective
at larger scales.
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A Neuron Attribution and Data
Construction

A.1 Data for Neuron Attribution

To compute neuron attribution scores, we adopt the
Integrated Gradients (IG) formulation (Sundarara-
jan et al., 2017) and construct a dedicated binary
decision dataset tailored for attribution analysis.
The dataset is designed to probe neuron behaviors
under contrasting retrieval conditions by explicitly
controlling the relevance of the provided context.

Data Construction for Neuron Attribution We
employ a standard RAG pipeline with the SPLADE-
v3 (Lassance et al., 2024) retriever over the HOT-
POTQA dataset (Yang et al., 2018). For each
query, SPLADE-v3 assigns sparse lexical simi-
larity scores to candidate documents. Following
the triplet construction in Section 3, we construct
389 attribution instances (g;, ™!, ™), where i
indexes the attribution instances. The relevant con-
text d*! is selected as the top-ranked retrieved con-
text for each query, while the irrelevant context
di™l is selected from zero-scoring retrieved con-
texts. In cases where multiple contexts receive zero
similarity scores, instances are selected according
to their retrieval order. The retrieved contexts are
used in their raw form without additional filtering
or summarization, and all attribution instances are
constructed through deterministic preprocessing
using Python scripts. We then compute neuron
attribution scores for relevant and irrelevant con-
texts separately and aggregate the selected neurons
across instances, yielding the initial neuron candi-
date sets 75rel and 75irrel-

Binary Attribution Task Formulation Each in-
stance is formulated as a forced binary classifica-
tion task. Specifically, the model is provided with
a single combined input consisting of a question,
a retrieved context, and a proposed answer. The
model is instructed to determine whether the pro-
posed answer can be derived solely from the given
context by choosing between two predefined op-
tions: YES or NO. This formulation enforces a strict
binary decision and eliminates ambiguity in the
output space, enabling stable and interpretable at-
tribution analysis. An illustrative example of the
attribution dataset format is provided in Table 11.

Attribution scores are computed with respect
to the loss associated with predicting the correct
binary label. During IG computation, the model
is restricted to inferring answer correctness based
solely on the provided context, without access to
any external knowledge. The resulting IG scores
quantify the contribution of individual neurons to
the model’s binary decision and are subsequently
used to identify neurons with distinct functional
roles.

A.2 Examples of the Constructed Datasets

We present qualitative examples of the two
instruction-tuning datasets constructed in our
framework. These examples illustrate how the
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datasets provide complementary supervision: (i)
an irrelevant-context denoising dataset encourages
irrelevant-context suppression through EOT gener-
ation, while (ii) a relevant summary dataset Dgrg
promotes selective evidence integration by distill-
ing only query-relevant information rather than per-
forming generic document summarization.

Irrelevant Context Denoising Dataset. For the
denoising stage, we construct training instances
by selecting five retrieved documents that are ir-
relevant to the input query. Given these irrelevant
contexts, the model is explicitly instructed to iden-
tify the absence of query-relevant information and
emit an End-of-Text (EOT) token. This dataset
is designed to impose a hard constraint on neu-
rons associated with irrelevant contexts, effectively
decoupling their activations from the generation
process. As a result, the model learns to terminate
generation when only non-informative or mislead-
ing evidence is provided. A representative example
of this denoising dataset is shown in Table 12.

Relevant Summary Dataset Drg. The second
dataset focuses on reinforcing the extraction of
query-relevant evidence. For each query, we re-
trieve five candidate documents and use an exter-
nal LLM to construct a concise relevant summary
that integrates only the information semantically
aligned with the query. For example, given the
query “Who was once considered the best kick-
boxer in the world, however he has been involved in
a number of controversies relating to his unsports-
manlike conduct and crimes of violence outside
of the ring?”, the generated summary identifies
Badr Hari as the target entity. Among the retrieved
documents, only the passage about Badr Hari con-
tains both the required biographical information,
such as “Moroccan-Dutch super heavyweight kick-
boxer” and “former K-1 Heavyweight champion”,
and contextual cues about unsportsmanlike conduct
and violent incidents. Documents about unrelated
athletes, such as Rau’shee Warren, Yamaguchi Fal-
cdo, and Rafael Carvalho, are therefore excluded
from the summary. An illustrative example of the
constructed relevant summary is provided in Ta-
ble 13.

B Training and Implementation Details

B.1 Prompts

We provide the prompts used for Denoising Irrele-
vant Context-Aware Neuron-level Parameters and

Context-Aware Neuron-level Parameters Robust-
ness Enforcing Fine-tuning in Section 3.2.

Prompt for Denoising Context-Aware Neuron-level Pa-

rameters

<|begin_of_text|><|start_header_id|>user
<|end_header_id|>

Given a document and a query, reason step by
step to identify only the parts of the document that are
directly relevant to the query, and provide a concise
summary of those relevant parts.

Background:

Document 1: {document 1}
Document 2: {document 2}
Document 3: {document 3}
Document 4: {document 4}
Document 5: {document 5}

Question: {question}<|eot_id|><|start_header_id|>
assistant<|end_header_id|><|eot_id|>
- J

Prompt for Context-Aware Neuron-level Parameters

Robustness Enforcing Fine-tuning

<|begin_of_text|><|start_header_id|>user
<|end_header_id|>

Given a document and a query, reason step by
step to identify only the parts of the document that are
directly relevant to the query, and provide a concise
summary of those relevant parts.

Background:

Document 1: {document 1}
Document 2: {document 2}
Document 3: {document 3}
Document 4: {document 4}
Document 5: {document 5}

Question: {question}<|eot_id|><|start_header_id|>
assistant<|end_header_id|>

{relevant summary }<|eot_id|>

Prompt for Open-Domain Question Answering

<|begin_of_text|><|start_header_id|>system
<|end_header_id|>

You are a helpful assistant. Your task is to extract
relevant information from the provided documents

and answer questions as briefly as possible.<|eot_id|>
<|start_header_id|>user<|end_header_id|>

Background:

Document 1: {document 1}
Document 2: {document 2}
Document 3: {document 3}
Document 4: {document 4}
Document 5: {document 5}

Question: {question}<|eot_id|><|start_header_id|>
assistant<|end_header_id|>
\ J
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Prompt for Relevant Summary Data Construction

Below is a document.

Your task is to find and concisely summarize only
the parts of the document that are directly relevant to the
given query.

- Do not summarize the entire document.
- Exclude any information that is not related to the query.
- Focus only on the key points that are most relevant to the

query.
Query: {query}

Document:
{document }

[Relevant Summary]

(For this section, reason step-by-step in a Chain-of-
Thought (CoT) manner to identify the relevant information.
Show your thinking process as you determine which
parts of the document are relevant to the query. Then,
Summarize only the information directly related to the
query based on your reasoning. If nothing is relevant,

leave this section blank.)
N\ J

B.2 Implementation Details

All experiments are conducted using the genera-
tor LLM as LLaMA-3-8B-Instruct (Dubey et al.,
2024), and training is performed on a single
NVIDIA H200 GPU with 141GB memory. During
data construction of the Dgg, the external LLM pro-
duces 142-token summaries grounded exclusively
in the provided input documents, with zero intrinsic
knowledge usage enforced via prompting, thereby
ensuring document-grounded generation and mit-
igating hallucination. Our two-stage instruction
tuning both use the AdamW optimizer, with the de-
noising stage trained at a learning rate of 1 x 107°
for one epoch and the noise filtering stage trained
at a learning rate of 2 x 10~° for two epochs, using
a batch size of 4 throughout.

B.3 Neuron Mining and Selection Details

We report the details of neuron mining and selec-
tion. For neuron attribution, we use 389 HOT-
POTQA training instances for each context type,
as described in Appendix A.1. This follows the
few-hundred-sample scale used in prior attribution-
based context-aware neuron analysis (Shi et al.,
2024), while keeping neuron-level Integrated Gra-
dients feasible on a single NVIDIA H200 GPU.
Initial mining yields 7,380 relevant and 7,036 ir-
relevant candidate neurons, with 6,240 overlap-
ping neurons; removing the overlap leaves 1,140
relevant-specific and 796 irrelevant-specific candi-
dates. We set a compact selection budget at ap-

proximately the top 10% scale, motivated by prior
representative-neuron selection practice (Shi et al.,
2024). Under our frequency-based aggregation pro-
cedure, the occurrence threshold £ = 130 yields
100 relevant and 100 irrelevant neurons, and we
use the 30 most frequent overlapping neurons as

Pshared .

B.4 Neuron-Guided Adaptation Details

We employ stage-specific gradient masking and
layer adaptation based on the neuron groups iden-
tified during neuron mining. Our implementation
of neuron-level gradient masking follows Xu et al.
(2025).

Denoising Stage. Using the irrelevant-context
dataset, we target the irrelevant-context neuron
set Pirel and apply gradient masks to the FFN
up_proj, down_proj, and gate_proj projections.
This restricts parameter updates to neurons associ-
ated with irrelevant-context processing. The model
is trained to generate an End-of-Text (EOT) token
for irrelevant-context inputs, thereby learning to ab-
stain when the retrieved context is uninformative.

Noise-Filtering Stage. Using the relevant-
summary dataset, we apply neuron-level gradient
masks to the FFN up_proj and down_proj
projections for all three neuron groups, Pr,
Pshareds and Pire;. We additionally fully fine-tune
the top-3 layers with the highest density of Piyel
and Pshareq. Together, these neuron- and layer-level
updates enable the model to selectively extract
query-relevant evidence from partially noisy
retrieved contexts.

B.5 Detailed Computational Cost Analysis

Pipeline Component Time
Attribution data construction using the retriever ~5.0 h
(e.g., SPLADE-v3)

Integrated Gradients computation over all neurons ~7.5h
for 389 samples

Denoising stage ~1.5h
Noise Filtering Enhancement stage ~3.0h
Full pipeline ~17.0h

Table 6: Computation time of each component in the
NeuRIT pipeline on a single NVIDIA H200 GPU.

We further report the computation time of each
component in the NeuRIT pipeline on a single
NVIDIA H200 GPU. As shown in Table 6, the
full pipeline requires approximately 17 hours, of
which the two instruction-tuning stages account for
about 4.5 hours.
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Figure 3: Performance comparison of five RAG-based methods on four QA benchmarks, evaluated using an

LLM-based metric.

C Evaluation Details

C.1 Evaluation with Match Metric

All evaluations are conducted using the BERGEN
framework (Rau et al., 2024a) under a retrieval-
augmented generation (RAG) setting. We evaluate
our method on the official test splits of the KILT-
HotpotQA (Yang et al., 2018), and assess gener-
alization across multiple benchmarks, including
KILT-NQ (Kwiatkowski et al., 2019), ASQA (Stel-
makh et al., 2022), KILT-TriviaQA (Joshi et al.,
2017), SCIQ (Welbl et al., 2017), POPQA (Mallen
et al., 2023) and 2WikiMultiHopQA (Ho et al.,
2020).

No evaluation instances are used during train-
ing or neuron attribution computation. For all
experiments, we fix the retriever to SPLADE-
v3(Lassance et al., 2024) to ensure consistent re-
trieval behavior across methods. Given an input
question, the retriever first retrieves the top-50 can-
didate documents based on sparse lexical similarity,
from which the top-5 documents are provided to
the generator as contextual input. To ensure fair
comparison, a unified prompt template is applied
across all models and datasets. Model performance
is evaluated using the Match metric provided by
the BERGEN(Rau et al., 2024b) framework, which
measures exact correspondence between the gen-
erated response and the ground-truth answer. We
conduct all match-based evaluations on a single
NVIDIA H200 GPU with a batch size of 256 across
all benchmarks.

C.2 LLM-based Evaluation Protocol

In addition to exact match evaluation, we conduct
LLM-based evaluations using the BERGEN frame-
work to assess answer quality beyond strict string
matching. LL.M-based evaluation is performed on
four representative QA benchmarks: NQ, ASQA,

TriviaQA, and POPQA. For these datasets, we eval-
uate our method and baseline approaches on the
development splits.

Following the BERGEN evaluation protocol, we
use SOLAR-10.7B(Kim et al., 2024) as the evalua-
tion model, deployed via vLLM. The LLM eval-
uator is configured with a batch size of 128. All
evaluated methods use identical retrieved contexts
and prompts to ensure a controlled comparison.

As shown in Figure 3, NeuRIT achieves the best
LLM-based evaluation scores on all four bench-
marks, indicating that the improvements observed
under match evaluation are also reflected in answer
quality judged by an LLLM evaluator.

D Additional Analysis

D.1 Sensitivity to the Number of Selected

Layers
Method NQ ASQA SCIQ HotpotQA
RALM 62.21 67.82 53.30 45.44
Top-2 Layers 68.31 7426 57.50 51.89
Top-4 Layers 68.98 75.08 58.00 51.64
Top-3 Layers (Ours) 69.68 75.31 60.80 52.25

Table 7: Sensitivity analysis on the number of selected
layers.

In NeuRIT, the top-3 layers with the highest density
of Pirrel and Pgpareq are used in the Noise Filtering
Enhancement stage. We analyze the effect of the
number of selected layers to justify this choice. As
shown in Table 7, all tested settings outperform the
RALM baseline, while selecting the top-3 layers
achieves the best overall performance. These re-
sults justify our choice of the top-3 layers as the
default configuration.

D.2 Neuron Distribution across Generators

Figure 4 shows the layer-wise distribution
of context-aware neurons across Mistral-7B-
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Instruct-v0.2 (Jiang et al., 2023), Qwen2.5-14B-
Instruct (Qwen et al., 2025), and LLaMA-2-13B-
Chat (Touvron et al., 2023). Overall, these model-
specific distributions show that context-aware neu-
rons form concentrated layer-wise patterns, with
their locations varying across generator models.

Mistral-7B-Instruct-v0.2 For Mistral-7B-
Instruct-v0.2, the identified context-aware neurons
show distinct layer-wise patterns. Pk is concen-
trated around Layers 16—17 and appears again in
the final layers, especially around Layers 29-31.
Pitrel is also prominent around Layers 15-18, with
additional occurrences around Layers 20 and
29-31. Pshared 18 sparse in the lower and middle
layers but becomes more visible around Layers
29-31.

Qwen2.5-14B-Instruct For Qwen2.5-14B-
Instruct, context-aware neurons are concentrated
predominantly in the upper layers, with few
neurons identified in the lower and middle layers.
Pre1 appears mainly after Layer 27, with visible
concentrations around Layers 28-31, 36-38, and
40—47. Piyel is also concentrated in the upper
layers and forms a pronounced peak around Layers
32-33. Pshared 1S comparatively sparse but appears
mainly around Layers 28-31 and 43-47.

LLaMA-2-13B-Chat For LLaMA-2-13B-Chat,
the identified neurons are distributed across a
broader range of layers. Pire 1S prominent in the
early-to-middle layers, especially around Layers
8-13, and also appears in the upper layers around
Layers 36-38. P appears intermittently across
the middle layers, including Layers 10-12, 16, and
19-22, and becomes highly concentrated in the fi-
nal layers, particularly around Layers 36 and 39.
Pshared 18 less dense overall but becomes more visi-
ble around Layers 30-33 and 36-39.

Method NQ ASQA TriviaQA SCIQ POPQA HotpotQA 2Wiki AVG.

RALM 6221 67.82 88.60 5330  60.85 45.44 42.27  60.07
RetRobust 5323 6192 89.80 5820  53.24 40.84 35.17  56.06
InstructRAG 60.62  66.98 87.48 55.30  60.25 45.33 44.61  60.08

w/ Contriever 69.43  74.68 91.72 60.20  66.66 5147 46.07 65.75
w/ Splade-v3  69.68  75.31 92.21 60.80  67.37 52.25 46.34  66.28

Table 8: Results with different retrievers used during
neuron mining (SPLADE-v3 vs. Contriever), while
keeping all other components fixed. Best results are
in bold and second-best results are underlined.

D.3 Sensitivity to Retriever Choice in Neuron
Mining.

To assess the sensitivity of the proposed neuron
mining strategy to the choice of retriever, we re-
run neuron mining using Contriever (Izacard et al.,
2021b) instead of SPLADE-v3, while keeping all
other components fixed. As shown in Table 8, re-
placing SPLADE-v3 with Contriever yields compa-
rable performance, with NeuRIT consistently out-
performing all baselines, including PA-RAG, across
benchmarks. These results suggest that the pro-
posed neuron mining strategy is robust to the choice
of retriever and scoring scheme.

Method WOW ELIS FEVER
RALM 11.80  35.63 81.30
NeuRIT 16.04 43.97 82.41

Table 9: Performance comparison on non-QA RAG
benchmarks.

D.4 Generalization Beyond QA Benchmarks.

As shown in Table 9, our method consistently out-
performs RALM on non-QA RAG benchmarks, in-
cluding WOW (Dinan et al., 2019), ELI5 (Fan
et al., 2019), and FEVER (Thorne et al., 2018).
These results suggest that selective neuron updates
enable robust adaptation without degrading general
reasoning.

D.5 Relevant-summary generator robustness.

We construct the Relevant Summary dataset Drg
using GPT-4.1-mini. To assess the impact of
NeuRIT to the choice of relevant-summary gen-
erator, we replace GPT-4.1-mini with the open-
source Qwen2.5-72B when constructing Drs. As
shown in Table 10, NeuRIT consistently outper-
forms RALM across all benchmarks under this
setting, indicating that its effectiveness is indepen-
dent of a particular model for generating relevant-
summary supervision.

Method NQ ASQA TriviaQA SCIQ HotpotQA Avg.
RALM 6221 67.82 88.60 53.30 45.44 63.47
NeuRIT w/ Qwen2.5-72B-Instruct  64.23  69.40 89.96 54.31 46.64 64.91
NeuRIT w/ GPT-4.1-mini 68.98 7172 92.21 60.20 48.26 68.27

Table 10: Effect of the relevant-summary generator.
Qwen2.5-72B-Instruct is used as an open-source alter-
native to GPT-4.1-mini while keeping all other compo-
nents fixed. Best results are in bold and second-best
results are underlined.
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Examples of Relevant Attribution Set (P,..;)

c Context: Arthur’s Lady’s Home Magazine. Arthur’s Lady’s Home Magazine Arthur’s Home Magazine
(1852—ca.1898) or Ladies’ Home Magazine was an American periodical published in Philadelphia by
Timothy Shay Arthur. Editors Arthur and Virginia Francis Townsend selected writing and illustrations
intended to appeal to female readers. Among the contributors: Mary Tyler Peabody Mann and Kate
Sutherland. In its early years the monthly comprised a selection of articles originally published in
Arthur’s weekly “Home Gazette.” Its nonfiction stories contained occasional factual inaccuracies for
the sake of a good read. —
Question: Which magazine was started first Arthur’s Magazine or First for Women?
Proposed Answer: Arthur’s Magazine

q If the proposed answer can be derived by referring to the context, answer YES; otherwise, answer NO.
The correct answer is

choices [’YES’, ’NO’]

gold answer 0

c Context: The Oberoi Group. The Oberoi Group is a hotel group with its head office in Delhi. Founded

in 1934, the company owns and/or operates 35 luxury hotels and two river cruise ships in six countries,
primarily under its Oberoi Hotels & Resorts and Trident Hotels brands. The foundations of the Oberoi
Group date back to 1934 when Rai Bahadur Mohan Singh Oberoi bought two properties in Delhi and
Shimla. —

Question: The Oberoi family is part of a hotel company that has a head office in what city?

Proposed Answer: Delhi

q If the proposed answer can be derived by referring to the context, answer YES; otherwise, answer NO.
The correct answer is

choices [’YES’, ’NO’]

gold answer 0

Examples of Irrelevant Attribution Set (P;,.,.c;)

c Context: Autism. Sustained special education programs and behavior therapy early in life can help
children acquire self-care, communication, and job skills, and often improve functioning and decrease
symptom severity and maladaptive behaviors. Educational interventions often used include applied
behavior analysis (ABA), speech and language therapy, social skills therapy, and occupational therapy.
%

Question: Which magazine was started first Arthur’s Magazine or First for Women?
Proposed Answer: Arthur’s Magazine

q If the proposed answer can be derived by referring to the context, answer YES; otherwise, answer NO.
The correct answer is

choices [’YES’, ’NO’]

gold answer 0

c Context: Albedo. Albedo is the measure of the diffuse reflection of solar radiation out of the total solar

radiation received by an astronomical body. Enceladus has one of the highest known albedos in the
Solar System, reflecting about 99% of incident radiation. —

Question: The Oberoi family is part of a hotel company that has a head office in what city?

Proposed Answer: Delhi

q If the proposed answer can be derived by referring to the context, answer YES; otherwise, answer NO.
The correct answer is

choices [YES’,’NO’]

gold answer 0

Table 11: Case I: Representative examples of the binary decision dataset used for Integrated Gradients-based neuron
attribution. The dataset frames the task as a forced binary choice (YES/NO) to determine if the answer is strictly
derivable from the context. This allows us to disentangle neurons responsible for processing relevant contexts (Pret)
from those processing irrelevant ones (’ﬁirm).
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Question Which magazine was started first Arthur’s Magazine or First for Women?

Document 1 Autism. sustained special education programs and behavior therapy early in life can help children
acquire self-care, communication, and job skills, and often improve functioning and decrease
symptom severity and maladaptive behaviors; claims that intervention by around age three years is
crucial are not substantiated. While medications have not been found to help with core symptoms,
they may be used for associated symptoms, such as irritability, inattention, or repetitive behavior
patterns. Section:Management.:Education. Educational interventions often used include applied
behavior analysis (ABA), developmental models, structured teaching, speech and language therapy,
social skills therapy, and occupational therapy. Among these approaches, interventions either treat
autistic

Document 2 Albedo. back into space than what they absorb, effectively cooling the Earth. This has been a concern
since arctic ice and snow has been melting at higher rates due to higher temperatures, creating regions
in the arctic that are notably darker (being water or ground which is darker color) and reflects less
heat back into space. This feedback loop results in a reduced albedo effect. Section:Examples of
terrestrial albedo effects.:Climate and weather. Albedo affects climate by determining how much
radiation a planet absorbs. The uneven heating of Earth from albedo variations between land, ice, or
ocean surfaces can drive weather. Section:Examples

Document 3 Autism. social-communication skills in young children, although there is less evidence in its
treatment of global symptoms. Neuropsychological reports are often poorly communicated to
educators, resulting in a gap between what a report recommends and what education is provided. It
is not known whether treatment programs for children lead to significant improvements after the
children grow up, and the limited research on the effectiveness of adult residential programs shows
mixed results. The appropriateness of including children with varying severity of autism spectrum
disorders in the general education population is a subject of current debate among educators and
researchers. Section:Management.:Medication. Medications may

Document 4 Albedo. the mean temperature of the planet would drop to about 0 °C. In contrast, if the entire Earth
was covered by water — a so-called ocean planet — the average temperature on the planet would
rise to almost 27 °C. Section:Terrestrial albedo.:White-sky, black-sky, and blue-sky albedo. For land
surfaces, it has been shown that the albedo at a particular solar zenith angle “6” can be approximated
by the proportionate sum of two terms: with formula_3 being the proportion of direct radiation from
a given solar angle, and formula_4 being the proportion of diffuse illumination, the actual albedo
formula_5 (also called

Document 5 Autism. and the educational system are the main resources for treatment. Services should be carried
out by behavior analysts, special education teachers, speech pathologists, and licensed psychologists.
Studies of interventions have methodological problems that prevent definitive conclusions about
efficacy. However, the development of evidence-based interventions has advanced in recent years.
Although many psychosocial interventions have some positive evidence, suggesting that some form
of treatment is preferable to no treatment, the methodological quality of systematic reviews of these
studies has generally been poor, their clinical results are mostly tentative, and there is little evidence
for the relative effectiveness of treatment options. Intensive,

Relevant summary EOT(End of Text)

Table 12: Case II: An example of the Irrelevant Context Denoising Dataset. When provided with retrieved documents
that are entirely irrelevant to the query, the model is trained to output an End-of-Text (EOT) token, enforcing the
suppression of noise.
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Question Which magazine was started first Arthur’s Magazine or First for Women?

Document 1 Arthur’s Lady’s Home Magazine. Arthur’s Lady’s Home Magazine Arthur’s Home Magazine
(1852-ca.1898) or Ladies” Home Magazine was an American periodical published in Philadelphia
by Timothy Shay Arthur. Editors Arthur and Virginia Francis Townsend selected writing and
illustrations intended to appeal to female readers. Among the contributors: Mary Tyler Peabody
Mann and Kate Sutherland. In its early years the monthly comprised a selection of articles originally
published in Arthur’s weekly “Home Gazette.” Its nonfiction stories contained occasional factual
inaccuracies for the sake of a good read. A contemporary review judged it “gotten up in good taste
and well; and is in nothing overdone. Even its

Document 2 Arthur’s Magazine. Arthur’s Magazine Arthur’s Magazine (1844-1846) was an American literary
periodical published in Philadelphia in the 19th century. Edited by Timothy Shay Arthur, it featured
work by Edgar A. Poe, J.H. Ingraham, Sarah Josepha Hale, Thomas G. Spear, and others. In May
1846 it was merged into “Godey’s Lady’s Book”. A few years later Arthur would launch a new
publication entitled “Arthur’s Home Magazine”. Section:Further reading. Section:External links.

Document 3 Arthur (magazine). Arthur (magazine) Arthur magazine was a bi-monthly periodical that was
founded in October 2002, by publisher Laris Kreslins and editor Jay Babcock. It received favorable
attention from other periodicals such as “L.A. Weekly”, “Print”, “Punk Planet” and “Rolling Stone”.
“Arthur” featured photography and artwork from Spike Jonze, Art Spiegelman, Susannah Breslin,
Gary Panter and Godspeed You! Black Emperor. Arthur’s regular columnists included Byron Coley,
Thurston Moore, Daniel Pinchbeck, Paul Cullum, Douglas Rushkoff, and T-Model Ford. “Arthur”
magazine was particularly drawn to noise music, stoner metal, folk and other types of psychedelia.
The first issue of “Arthur” featured an interview with

Document 4 Marianne Ehrmann. stopped the further issues. Section:Life and career.:Amaliens Erholungsstunden.
“Amaliens Erholungsstunden” was the first women’s magazine, and it was self-published monthly by
Marianne Ehrmann under her own name. She sent advance notices to acquaintances, friends and
potential patrons to distribute these in the circle, and the first six editions resulted in an increase of
subscribers. The debts contracted by the self-publishing were indeed paid off, but in all a financial
disaster, that’s why in January 1791 Marianne and her husband started a cooperation with the
publishing house “J. G. Cottaische Verlagsbuchhandlung” in Tiibingen. Marianne Ehrmann thought
to concentrate on the journalistic

Document 5 Arthur Jewitt. “The Northern Star, or Yorkshire Magazine,” a monthly register of arts, biography,
statistics, manufactures, &c., which ran to three volumes, 1817-18. On 1 January 1818 he brought
out the first number of “The Sylph, or Lady’s Magazine for Yorkshire, Derbyshire, and the adjoining
Counties.” “The Lincoln and Lincolnshire Cabinet and Annual Intelligencer” appeared at Lincoln
during 1827-9. His “Matlock Companion,” 1835, and “Derbyshire Gems” were very popular. His
“Handbook of Practical Perspective,” 1840, and his “Handbook of Geometry,” 1842, were adopted by
the committee of council on education. He contributed mathematical papers to the “British Diary”
and to the “Lady’s”

Relevant summary The document mentions “Arthur’s Magazine” as an American literary periodical published from
1844 to 1846. It was edited by Timothy Shay Arthur and later merged into “Godey’s Lady’s Book™
in 1846. It also references “Arthur’s Home Magazine” starting in 1852, but no start date or details
are given for “First for Women.” There is no mention of “First for Women” magazine’s start date or
any comparison to Arthur’s Magazine.

Table 13: Case III: An example of the Relevant Summary Dataset (Drgs). The external LLM synthesizes a concise
summary using only the query-aligned documents, while effectively filtering out unrelated information.

47469



