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Abstract

In multi-hop reasoning, multi-round retrieval-augmented
generation (RAG) methods typically rely on LLM-generated
content as the retrieval query. However, these approaches are
inherently vulnerable to knowledge overshadowing—a phe-
nomenon where critical information is overshadowed during
generation. As a result, the LLM-generated content may be
incomplete or inaccurate, leading to irrelevant retrieval and
causing error accumulation during the iteration process. To
address this challenge, we propose ActiShade, which detects
and activates overshadowed knowledge to guide large lan-
guage models (LLMs) in multi-hop reasoning. Specifically,
ActiShade iteratively detects the overshadowed keyphrase in
the given query, retrieves documents relevant to both the
query and the overshadowed keyphrase, and generates a new
query based on the retrieved documents to guide the next-
round iteration. By supplementing the overshadowed knowl-
edge during the formulation of next-round queries while min-
imizing the introduction of irrelevant noise, ActiShade re-
duces the error accumulation caused by knowledge overshad-
owing. Extensive experiments show that ActiShade outper-
forms existing methods across multiple datasets and LLMs.

Introduction

Large language models (LLMs) have demonstrated remark-
able performance across various of NLP tasks, such as
multi-hop reasoning (OpenAl 2023; Meta 2024a). How-
ever, LLMs have a risk of generating factually incorrect re-
sponses, also known as hallucinations (Bang et al. 2023; Ji
et al. 2023; Huang et al. 2023). Retrieval-augmented genera-
tion (RAG) techniques have been widely adopted to enhance
the factual correctness of LLM-generated responses by in-
corporating knowledge from external resources (Gao et al.
2023; Fan et al. 2024).

Early RAG methods often adopt one-round retrieval, i.e.,
use the original question as the retrieval query (Guu et al.
2020; Borgeaud et al. 2022; Izacard et al. 2023; Zhang et al.

“These authors contributed equally.

Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

‘What is the name of the famous bridge in the birthplace of Gloria
in D Major's composer?

"The Te Deum in D Major is a traditional
G LLM ‘ Latin Christian hymn of praise, often set to
llah 2€Neralg jhusic for ceremonial occasions. The most

widely recognized 7e Deum in D Major is by

b
Retrieval
Jo%iﬁ =

The Te Deum for the Victory at the Battle of
Dettingen in D major, HWV 283, is the fifth
and last setting by George Frideric Handel of
the 4th-century Ambrosian hymn, 7e Deum,
oor We Praise Thee, O God.

Retrieved External Knowledge

Continue
Generate

Figure 1: [llustration of error accumulation caused by knowl-
edge overshadowing.The keyphrase Gloria in the query is
overshadowed, leading the LLM to generate inaccurate con-
tent, such as Te Deum. This results in the retrieval of irrele-
vant documents, which in turn causes LLM to generate more
inaccurate content in the next-round iteration.

2023). Although these methods show satisfactory perfor-
mance in answering single-hop questions (Joshi et al. 2017,
Kwiatkowski et al. 2019), they fail in answering multi-hop
questions, where more knowledge is needed beyond the one-
round retrieved knowledge.

Recent research proposes multi-round retrieval, which
typically relies on the LLM-generated content to guide
subsequent-round retrieval. A possible approach uses the re-
sponse generated by LLMs for retrieval and, in turn, uses
the newly retrieved knowledge for generation. By itera-
tively alternating between retrieval-augmented generation
and generation-augmented retrieval, the retrieval and gen-
eration are improved (Shao et al. 2023; Trivedi et al. 2023;
Jiang et al. 2023; Su et al. 2024). Another approach prompts
LLMs to decompose the complex question into a sequence
of sub-questions, using the sub-question as the retrieval



query to obtain more precise knowledge (Press et al. 2023;
Zhou et al. 2023; Cao et al. 2023; Chu et al. 2024).

However, these methods suffer from knowledge overshad-
owing (Zhang et al. 2025) — a phenomenon where dominant
conditions can overshadow others, causing the LLM to over-
look essential information during generation. As illustrated
in Figure 1, given the original query, the dominant condi-
tion Te Deum in D Major overshadows the condition Gloria
in D Major, causing the LLM to generate next-round query
related to Te Deum in D Major. As a result, it retrieves ir-
relevant documents, which mislead the LLM in generating
the subsequent query, ultimately leading to error accumula-
tion over multi-round iterations. This phenomenon is partic-
ularly problematic in multi-hop reasoning, where the reason-
ing process relies on multiple interrelated conditions within
the query.

Motivated by this, we propose ActiShade, a novel frame-
work designed to detect and subsequently leverage over-
shadowed knowledge, thereby reducing error accumulation
in multi-hop reasoning. ActiShade first detects the over-
shadowed knowledge within the query, then retrieves doc-
uments relevant to it, enabling LLMs to focus on critical but
overlooked information during reasoning. Specifically, Ac-
tiShade consists of three modules. (i) Knowledge Overshad-
owing Detection: We design a new Gaussian perturbation-
based method (GaP), to detect overshadowed keyphrases
by perturbing the embeddings of candidate keyphrases with
Gaussian noise and assessing the changes in the LLM’s
output distribution. (ii) Retrieval based on Overshadowed
Keyphrase: We train a dense retriever using our constructed
contrastive learning loss. This loss enables the retriever to
effectively discriminate among positive, semi-positive, and
negative samples, which are categorized based on their rel-
evance to the query and the overshadowed keyphrase. As
a result, the retriever achieves improved retrieval of docu-
ments relevant to the overshadowed keyphrase while avoid-
ing query-irrelevant noise. (iii) Query Formulation: Given
the retrieved documents, we prompt the LLM to select the
most relevant one and generate a new query that articulates
the next reasoning step. In summary, ActiShade supplements
the overshadowed knowledge when generating the query for
the next-round retrieval, while minimizing the introduction
of query-irrelevant noise, thereby reducing the error accu-
mulation caused by knowledge overshadowing.

We evaluate ActiShade on three widely used multi-
hop reasoning datasets: HotpotQA (Yang et al. 2018),
2WikiMQA (Ho et al. 2020), and MuSiQue (Trivedi et al.
2022). Experimental results show that ActiShade signifi-
cantly outperforms the state-of-the-art baselines on three
datasets. Our contributions can be summarized as follows:

* We propose ActiShade, a novel framework designed to
detect and leverage overshadowed knowledge for multi-
hop reasoning.

e In ActiShade, we design a new Gaussian perturbation-
based method, GaP, to detect the overshadowed knowl-
edge.

* In ActiShade, we introduce a novel contrastive learning
loss for retriever training and a query formulation strat-
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egy to leverage the overshadowed knowledge.

* We conduct comprehensive experiments on three
datasets, demonstrating that ActiShade outperforms the
state-of-the-art methods across multiple LLMs in terms
of effectiveness.

Related Work
Knowledge Overshadowing

Zhang et al. (2025) observed when extracting knowledge
from LLMs using queries involving multiple conditions,
some conditions may overshadow others, causing them to
be ignored and thus leading to hallucinated outputs-a phe-
nomenon they refer to as knowledge overshadowing. This
phenomenon is present in multi-hop QA scenarios, which
limits the effectiveness of multi-round retrieval approaches.
Specifically, knowledge overshadowing causes LLMs to
generate factually incorrect outputs. As multi-round retrieval
methods typically rely on LLM-generated output as the
next-round retrieval query, such hallucinations lead to ir-
relevant retrieval and cause error accumulation during the
iterative process. To overcome this limitation, we propose
a novel multi-round retrieval framework, ActiShade, which
reduces the error accumulation caused by knowledge over-
shadowing. Zhang et al. (2025) also proposed CoDA to de-
tect overshadowed knowledge by removing tokens from the
query and measuring changes in the output distribution. In
contrast, our GaP preserves the reasoning chain by adding
Gaussian noise instead of removing tokens, which enhances
the detection of knowledge overshadowing in multi-hop rea-
soning.

Retrieval-augmented LLM

LLMs have a risk of generating hallucinated responses,
thus necessitating external retrieval for retrieval-augmented
generation. Previous methods typically adopt one-round re-
trieval, i.e., retrieve knowledge using only the original ques-
tion once (Guu et al. 2020; Borgeaud et al. 2022; Zhang
et al. 2023; Izacard et al. 2023; Shi et al. 2024). This line of
work, however, struggles to gather all the necessary knowl-
edge to answer multi-hop questions. Recently, another line
of work arose, which adopts multi-round retrieval to meet
multi-hop knowledge needs. SelfASK (Press et al. 2023)
prompts LLMs to decompose a complex question into sub-
questions and answer them through a search engine. Iter-
RetGen (Shao et al. 2023) leverages the output from the pre-
vious round concatenated with the question as the query for
next-round retrieval. IRCoT (Trivedi et al. 2023) uses each
CoT sentence as a query for retrieval until the final answer
is obtained. FLARE (Jiang et al. 2023) determine when to
retrieve based on reasoning confidence. BeamAggR (Chu
et al. 2024) decomposes complex questions, then performs
bottom-up multi-source reasoning via post-order traversal,
and uses beam aggregation to obtain the final answer. As
it relies on multi-source knowledge, which differs from our
setting, we do not include it as a baseline for fair compari-
son. EfficientRAG (Zhuang et al. 2024) iteratively generates
new retrieval queries and filters out irrelevant information
using small models. DRAGIN (Su et al. 2024) decides when



Query: What is the name of the famous bridge in the birthplace of Gloria in D Major's composer?
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Figure 2: Overview of ActiShade. ActiShade first detects the overshadowed keyphrase in the query, then retrieves relevant
documents based on it, and finally formulates a new query for the next-round retrieval.

and what to retrieve based on the LLM’s information needs
during the generation process.

Compared to them, our method is designed to reduce
the error accumulation caused by knowledge overshadow-
ing and shows superior performance. Besides, we propose
a novel method to detect overshadowed keyphrases through
noise perturbation.

ActiShade Framework

In this section, we introduce ActiShade, a novel multi-round
retrieval framework that aims to reduce error accumula-
tion caused by knowledge overshadowing. ActiShade con-
sists of three modules: (1) Knowledge Overshadowing De-
tection for detecting the overshadowed keyphrase; (2) Re-
trieval based on Overshadowed Keyphrase for relevant doc-
ument retrieval; and (3) Query Formulation for next-round
retrieval query generation. An overview of the framework is
illustrated in Figure 2.

Knowledge Overshadowing Detection

In this module, we propose a novel method, GaP, to detect
knowledge overshadowing in the query. The method consists
of three steps: keyphrase extraction, keyphrase perturbation,
and knowledge overshadowing measuring.

Step 1. Keyphrase Extraction. Given a query (), we ex-
tract a set of candidate keyphrases P = {p1,p2,...,Dn}
where each p; is a span within (). Specifically, we
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utilize SpaCy (Honnibal 2017) to extract named enti-
ties and meaningful tokens with POS tags in the set
{NOUN, ADJ, VERB, PROPN, NUM, ADV}, and re-
move stopwords to reduce noise.

Step 2. Keyphrase Perturbation. For each keyphrase
pi € P, we inject Gaussian noise into its token embeddings
while keeping other tokens unchanged. The perturbed input
embeddings are computed as:

H, =H+m,, O¢, €~ N(0,0%), (1)

where H denotes the original input embeddings of the query,
™, is a binary mask that takes the value 1 at token positions
corresponding to the keyphrase p; and 0 elsewhere, and € is
Gaussian noise with zero mean and standard deviation o.
We then input H,,, into the LLM to generate the perturbed

output distribution:
61%‘ =Py | I:I;Dz‘)v 2

For comparison, the unperturbed output distribution is
given by:

i=1,2,...n

0 =P(y | H),
where y denotes the LLM’s output.

3)

Step 3. Knowledge Overshadowing Measuring. To as-
sess the influence of each keyphrase p; € P on the LLM
output, we first apply average pooling to the original and
perturbed output distributions, O and O,,,, along the tempo-
ral dimension, resulting in pooled representations r and I, .



We then compute the cosine similarity between r and r,,,,
and consider the keyphrase with the highest similarity to be
overshadowed:

Pro = arg max cos(r, Fp,) (€))
piEP

A high similarity score indicates that the perturbation had
minimal influence on the LLM’s output, suggesting that the
keyphrase is underutilized, i.e., overshadowed.

Our method applies perturbations rather than removing
tokens from the query, thereby preserving the structure of
the query, which enhances the detection of knowledge over-
shadowing.

Retrieval based on Overshadowed Keyphrase

Given the detected overshadowed keyphrase py,, this mod-
ule retrieves the documents that are relevant to both the
query and the overshadowed keyphrase. To enhance the re-
triever’s ability to focus on the overshadowed keyphrase and
avoid introducing query-irrelevant noise, we propose a novel
contrastive learning loss and train a dense retriever to dis-
criminate three types of documents: positive (relevant to
both the query and the keyphrase), semi-positive (relevant
to the query but not the keyphrase), and negative (irrelevant
to both).

Data Preparation. We construct our training dataset
based on the MuSiQue (Trivedi et al. 2022) benchmark.
Each data in the MuSiQue dataset is formulated in a dictio-
nary format with the keys question_decomposition,
question, and paragraphs. The paragraphs field
contains a set of documents that are either relevant or irrel-
evant to the question. The question_decomposition
field provides a list of sub-questions derived from the orig-
inal question, each annotated with the supporting docu-
ment required to answer it, which can be found in the
paragraphs set.

We first identify the subject entity of the first sub-question
and define it as the keyphrase. The supporting document as-
sociated with the first sub-question is labeled as the positive
document (D). The supporting documents for other sub-
questions are labeled as semi-positive documents (D*), as
they are necessary for answering the original question but
are not directly related to the keyphrase. All remaining doc-
uments are labeled as negative document (D), which are
irrelevant to the question. Due to space limitations, annota-
tion examples can be found in the Appendix.

Loss Function Construction. We extend the contrastive
loss proposed by (Izacard et al. 2021) to improve the capa-
bility of the retriever to prioritize documents relevant to both
the query and a specified phrase within it. The loss function
L is defined as follow:

_ S(@.0%)

L1 =-log sgprrss@oyissaeny O
_ S(Q.D7 )+ 5(Q.D")

Lr=-log sgprissepyissaeny ©
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L=ali+(1—a)lsy @)
For brevity, we denote S(Q, D) = e™(@-P) where sim
indicates the cosine similarity, and introduce hyperparam-
eter v to balance the loss terms. The loss £; encourages
positive pairs to have higher scores over both semi-positive
and negative pairs. Although semi-positive documents D*
are not directly relevant to any phrase in the question, they
are required to answer the question and thus are more im-
portant than negative documents D~ . We introduce loss Lo
to further distinguish semi-positive documents from nega-
tive ones. The combined loss £ ensures the retriever ranks
documents in the desired order: DT > D* > D~

Retrieval. We concatenate the query () with its corre-
sponding overshadowed keyphrase py, as input to retrieve
a set of relevant documents RD = {rdy,rds, ..., rdy}. The
trained retriever is capable of retrieving documents relevant
to both the query and the overshadowed keyphrase, ensur-
ing that the retrieved documents are not only query-relevant
but also supplement the overshadowed knowledge, thereby
enhancing LLMs’ reasoning.

Query Formulation

The previous module returns a set of retrieved documents
RD, which is relevant to both the query and the overshad-
owed keyphrase within it. This module then formulate a new
query based on the retrieved documents for the subsequent
retrieval round. The query formulation process consists of
three steps: relevant document selection, query generation,
and subsequent-round retrieval decision.

Step 1. Relevant Document Selection. Given a collection
of retrieved documents RD, we first prompt the LLM to se-
lect the most relevant one rd,,. Specifically, each retrieved
document and the query are jointly input into the LLM. The
LLM is required to determine whether the retrieved docu-
ment is relevant to the query. If it is relevant, output “Yes”;
otherwise, output “No”. A higher probability assigned to
“Yes” suggests a higher degree of relevance. The most rele-
vant retrieved document is then selected based on the proba-
bility of outputting “Yes”. The prompt template used for this
step is detailed in the Appendix.

Step 2. Query Generation. In the second step, we prompt
the LLM to generate a new query (J,.,+ based on the
most relevant retrieved document rd,,. The newly gener-
ated query is used for the subsequent retrieval round, aiming
to retrieve more information beyond the scope of the initial
query. The prompt template used for this step is detailed in
Appendix. Figure 2 presents examples of query generation.

Since the retrieved document serves to supplement the
overshadowed knowledge, it enable the generation of a more
accurate query. Moreover, the newly generated query explic-
itly presents implicit reasoning results. These allow the new
query to lead to more accurate and relevant retrieval in the
next round, thereby reducing the error accumulation caused
by knowledge overshadowing.



Model Method MuSiQue HotpotQA 2WikiMQA

ACC Fl ACC Fl ACC Fl

Direct 5.60 9.96 22.40 25.34 26.60 31.25

CoT 11.65 16.29 29.00 34.09 27.60 34.19

Direct-R” 11.42 16.06 37.7 44.89 28.37 35.56

Iter-RetGen* 18.24 20.59 48.23 49.41 38.71 44.56

Llama-3-8B-Instruct  [RCoT* 15.57 18.32 40.10 47.03 34.20 41.01
SelfASK* 20.60 21.41 47.10 48.70 39.50 43.87

FLARE* 19.74 20.50 48.45 50.40 41.35 42.24

DRAGIN* 21.11 2261 50.87 52.52 40.78 4231

ActiShade (Ours)  25.25 26.94 54.60 56.33 45.80 46.02

Direct 3.80 11.00 19.40 19.52 26.80 29.95

CoT 6.00 13.93 22.00 27.61 29.00 32.24

Direct-R” 11.60 17.24 43.00 47.99 38.60 41.17

Iter-RetGen* 15.40 18.07 44.40 48.24 41.20 42.98

Qwen2.5-7B-Instruct  RCoT* 14.90 18.01 43.79 48.13 40.21 40.84
SelfASK* 17.35 20.60 42.18 46.10 43.17 44.30

FLARE* 10.69 14.89 40.19 42.03 39.21 40.80

DRAGIN* 19.80 22.01 46.10 50.30 45.90 45.87

ActiShade (Ours)  22.80 26.11 48.20 55.45 52.80 50.47

Direct 6.20 13.48 27.20 32.94 29.00 32.39

CoT 10.40 17.74 29.40 34.92 33.40 35.76

Direct-R” 14.80 19.16 46.20 48.11 39.00 43.14

Iter-RetGen* 17.20 21.54 49.03 51.04 43.20 45.19

Qwen2.5-14B-Instruct  yRCoT* 15.89 19.90 47.98 50.50 44.60 4571
SelfASK* 18.48 21.75 45.97 47.19 47.49 49.13

FLARE* 13.10 18.00 42.14 44.87 40.01 40.74

DRAGIN* 22.70 24.11 51.21 54.30 48.10 49.87

ActiShade (Ours) 25.59

27.47 53.97 57.45 51.13 53.29

Table 1: The overall experimental results of ActiShade and other baselines on three benchmarks. The best results are in bold.
Q donates single-round retrieval. & indicates multi-round retrieval.

Step 3. Subsequent-Round Retrieval Decision. To de-
cide whether to terminate the iterative process, we prompt
the LLM to assess whether more information is needed to
answer the initial query. Specifically, the new query Q¢+ is
input into the LLM, which is required to determine whether
it is a single-hop query. If it is, we perform an additional
retrieval round and then terminate; otherwise, the retrieval
continues iteratively. The iterative process also terminates if
the maximum number of iterations is reached. The prompt
template used for this step is detailed in the Appendix.

After iteration, we input the initial query and the rele-
vant documents retrieved during the iterative process into
the LLM to obtain the final response.

Experimental Setup
Datasets

We evaluate ActiShade on three multi-hop reasoning
datasets. HotpotQA (Yang et al. 2018), 2WikiMQA (Ho
et al. 2020) consist of two-hop questions, and
MusiQue (Trivedi et al. 2022) contains questions with
2 to 4 hops. For HotpotQA, 2WikiMQA, and MuSiQue,
we use the same test set provided by IRCoT (Trivedi et al.
2023), which contains 500 randomly sampled instances
from the original development set.
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Implementation Details

We use Llama-3-8B-Instruct (Meta 2024b) and Qwen2.5-
Instruct (7B and 14B) (Yang et al. 2024) as the backbone
language models for generation and reasoning. For retriever
training, we fine-tune contriever-msmarco (Izacard
et al. 2021) on a subset of the MuSiQue training set.
We manually select 5,000 high-quality examples, of which
3,500 are used for training, 750 for validation, and 750
for testing. The retriever is trained using the AdamW opti-
mizer (learning rate Se-5, batch size 32) for up to 20 epochs
with early stopping based on validation loss. The contrastive
loss combines two objectives with a weighting coefficient
a = 0.7. All experiments are conducted on two NVIDIA
A6000 GPUs.

Baselines

We choose the following methods as baselines. Standard
Prompting (Brown et al. 2020) directly generates the fi-
nal answer. CoT Prompting (Wei et al. 2022) generates
reasoning steps before the final answer. One-time Re-
trieval retrieves relevant documents from external resources
and incorporates them to generate the final answer. IR-
CoT (Trivedi et al. 2023) alternates between retrieval-
augmented reasoning and reasoning-augmented retrieval un-
til enough information is obtained to answer the given ques-



Model / Dataset MuSiQue HotpotQA 2WikiMQA
Direct-R 16.06 44.89 35.56
-w CoDA 15.86 45.98 35.49
-w GaP 17.83 46.81 38.67
ActiShade-NoKOD  22.83 51.23 45.18
-w CoDA 21.23 52.45 41.29
-w GaP 26.94 56.33 46.02

Table 2: Performance comparison between GaP and
CoDA in single-round and multi-round retrieval settings.
ActiShade-NoKOD denotes ActiShade without the Knowl-
edge Overshadowing Detection module. All results are re-
ported in F1 score.

tion. Iter-RetGen (Shao et al. 2023) synergizes retrieval
and generation in an iterative manner: the LLM’s response
serves as a query for retrieving more relevant knowledge,
which in turn helps generate a better response in another it-
eration. Self-Ask (Press et al. 2023) iteratively decomposes
complex questions into sub-questions, retrieves and answers
them to reach the final answer. FLARE (Jiang et al. 2023)
dynamically adjusts retrieval timing based on reasoning con-
fidence and retrieves guided by the upcoming reasoning sen-
tences. DRAGIN (Su et al. 2024) detects information needs
in real time and uses self-attention over context to form re-
trieval queries during the generation process.

Evaluation Metrics

For evaluation metrics, we utilize Accuracy (Acc) and F1
score metrics for evaluation. The ACC checks if the ground-
truth answer is in the LLM-generated answer, which is also
named Cover Exact Match. The F1 score is used to mea-
sure the overlap between the LLM-generated answer and the
ground truth answer.

Experimental Results
Main Results

The experimental results on three multi-hop reasoning
datasets are presented in Table 1. We can obtain the follow-
ing observations:

Achieving Significant Performance Improvement across
all datasets and LLMs. ActiShade outperforms the pre-
vious state-of-the-art, DRAGIN, across all datasets and
LLMs, highlighting its effectiveness in multi-hop reason-
ing. This performance improvement can be attributed to Ac-
tiShade’s ability to reduce error accumulation caused by
knowledge overshadowing by iteratively detecting overshad-
owed keyphrases in the query, retrieving documents rele-
vant to both the query and the overshadowed keyphrase, and
generating a new query based on the retrieved documents.
Notably, ActiShade surpasses SelfASK (Press et al. 2023),
which decomposes a complex question into sub-questions
and answers them via retrieval. We believe this suggests that
our query formulation process makes implicit reasoning ex-
plicit, enabling more accurate and relevant retrieval com-
pared to question decomposition.
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Sensitivity Analysis
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Figure 3: Sensitivity analysis of the Gaussian noise standard
deviation o.

Maintaining Generalization Ability. We train our re-
triever based on the MuSiQue dataset, as detailed in the
ActiShade Framework section. However, ActiShade, on
HotpotQA and 2WikiMQA, still outperforms all baselines
across all LLMs, further demonstrating its effectiveness and
generalization. This indicates that the retriever effectively
learns to align retrieval not only with the query but also with
the overshadowed keyphrase, allowing it to generalize well
across various multi-hop reasoning benchmarks.

Effectiveness for larger models. To evaluate how effec-
tive ActiShade is at different model sizes, we conduct exper-
iments on Qwen2.5-Instruct (7B and 14B). As shown in Ta-
ble 1, the ActiShade’s performance generally improves with
the model size, demonstrating its scalability to larger mod-
els. Due to hardware resource constraints, we are unable to
implement ActiShade on larger models.

Analysis of Knowledge Overshadowing Detection

To systematically evaluate the effectiveness of GaP, we con-
duct a series of analyses focusing on performance compari-
son, interpretability, and parameter sensitivity.

Comparative Performance of Detection Methods. To
investigate the impact of the knowledge overshadowing de-
tection module, we compare our proposed GaP against the
CoDA (Zhang et al. 2025) method under both single-round
and multi-round retrieval settings. In the single-round set-
ting, we evaluate three variants: (1) Direct retrieval without
overshadowing detection; (2) Direct retrieval with the CoDA
integrated; (3) Direct retrieval with our GaP integrated. In
the multi-round setting, we compare three corresponding se-
tups: (1) ActiShade without the GaP method; (3) ActiShade
replacing GaP with the CoDA method; (3) ActiShade (the
full pipeline). The experimental results are shown in Table 2.
We observe that, in both single-round and multi-round re-
trieval settings, models incorporating our GaP method con-
sistently outperform those without such integration, high-
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dard deviation o.

lighting the effectiveness of GaP. In addition, we observe
that, on the MuSiQue and 2WikiMQA datasets, models us-
ing CoDA even perform worse than those without knowl-
edge overshadowing detection. This indicates that CoDA’s
token-removing approach may disrupt the reasoning chain
in multi-hop questions, thereby limiting its effectiveness.

Sensitivity and Interpretability Analysis of GaP. We
conduct a sensitivity analysis to investigate how varying
the standard deviation o of the Gaussian noise used for
keyphrase perturbation affects the performance of our pro-
posed ActiShade. All experiments in this analysis are con-
ducted using the Llama-3-8B-Instruct, and the results are
evaluated based on the F1 metric. As shown in Figure 3, we
vary o in the range of [0.05, 0.5] and observe its impact on
the final performance. Experimental results show that as o
decreases, the model performance first improves, reaching
a peak at 0 = 0.1, and then gradually declines. This indi-
cates that a moderate level of noise can effectively help de-
tect overshadowed keyphrases, while excessive noise causes
large output distribution shifts for all candidate keyphrases,
reducing the effectiveness of detection. Nevertheless, the
overall performance remains relatively stable across a wide
range of o values, suggesting that our method exhibits low
sensitivity to this hyperparameter.

To interpret how GaP detects overshadowed keyphrases,
we also conduct a visualization analysis of output distribu-
tion similarity across different keyphrases. We randomly se-
lect two queries and apply Gaussian noise of varying stan-
dard deviation to each candidate keyphrase. For each combi-
nation of keyphrase and noise level o, we compute the sim-
ilarity between the model’s output distributions before and
after perturbation. A high similarity suggests the keyphrase
has little influence on the output and is likely overshadowed.
Figure 4 shows that moderate perturbation best separates
salient from overshadowed keyphrases, while stronger noise
disrupts all outputs, lowers similarities across the board, and
weakens detection.

Analysis of Retriever Training

We analyze the effectiveness of retriever training in the Ac-
tiShade framework by evaluating both the retrieval capa-
bility and the downstream QA performance under different
training strategies.

Pos Semi Pos&Semi
R@l R@3 R@1 R@3 R@1 R@3

Base 29.20 5040 1257 2542 1829 36.78
SCL 57.84 69.21 40.12 59.99 3821 50.29
FCL 75.33 84.80 43.21 61.42 38.14 52.72

Model

Table 3: Comparison of Recall@1 and Recall@3 for differ-
ent retrievers.

Model / Dataset MuSiQue HotpotQA 2WikiMQA

ActiShade 26.94 56.33 46.02
-w/ SCL 24.10 54.25 44.97
-w/o FCL 25.68 53.89 44.61

Table 4: Evaluation of retriever training strategies in Ac-
tiShade. The performance is evaluated using the F1 score.

We first assess the retrieval ability of three retriever vari-
ants: (1) a retriever without task-specific fine-tuning (Base),
(2) our proposed retriever trained with fine-grained con-
trastive learning (FCL), and (3) a retriever trained using stan-
dard contrastive learning (SCL) that only distinguishes be-
tween positive and negative examples. As shown in Table 3,
our method achieves the highest Recall@k scores on both
positive and semi-positive document retrieval, demonstrat-
ing its effectiveness in capturing multi-level document rele-
vance critical for multi-hop reasoning. When distinguishing
between positive&semi-positive and negative examples, our
method performs comparably to the retriever trained with
standard contrastive learning on Recall@1, while outper-
forming it on Recall@3. This indicates that our improved
contrastive learning objective helps the retriever better dis-
tinguish positive from semi-positive examples, while still ef-
fectively discriminating negative ones.

We then examine how these retrievers affect the final QA
performance. As presented in Table 4, our proposed retriever
achieves the best results across three datasets. This shows
that training the retriever to distinguish varying degrees of
relevance is beneficial not only for retrieval capability but
also for downstream answer generation. Notably, even with-
out retriever training, ActiShade still outperforms previous
baselines, highlighting the effectiveness of the Knowledge
Overshadowing Detection and Query Formulation modules
in the overall framework.

Conclusion

In this paper, we introduce ActiShade, a novel multi-round
retrieval framework for multi-hop reasoning. ActiShade it-
eratively detects overshadowed keyphrases in the query, re-
trieves documents relevant to both the query and the over-
shadowed keyphrase, and generates a new query based on
the retrieved documents for the next iteration, thereby reduc-
ing the error accumulation caused by knowledge overshad-
owing. Extensive experiments demonstrate the effectiveness
of ActiShade across multiple datasets and LLMs.
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