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Abstract

Retrieval-augmented generation (RAG) en-
counters challenges when addressing com-
plex queries, particularly multi-hop questions.
While several methods tackle multi-hop queries
by iteratively generating internal queries and re-
trieving external documents, these approaches
are computationally expensive. In this paper,
we identify a three-stage information process-
ing pattern in LLMs during layer-by-layer rea-
soning, consisting of extraction, processing,
and subsequent extraction steps. This obser-
vation suggests that the representations in in-
termediate layers contain richer information
compared to those in other layers. Building
on this insight, we propose Layer-wise RAG
(L-RAG). Unlike prior methods that focus on
generating new internal queries, L-RAG lever-
ages intermediate representations from the mid-
dle layers, which capture next-hop informa-
tion, to retrieve external knowledge. L-RAG
achieves performance comparable to multi-step
approaches while maintaining inference over-
head similar to that of standard RAG. Experi-
mental results show that L-RAG outperforms
existing RAG methods on open-domain multi-
hop question-answering datasets, including
MuSiQue, HotpotQA, and 2WikiMultiHopQA.
The code is available in https://anonymous.
4open.science/r/L-RAG-ADD5/.

1 Introduction

Large Language Models (LLMs) have made sig-
nificant advancements in natural language pro-
cessing, demonstrating exceptional performance
across a variety of tasks (Muennighoff et al.,
2023; Hendrycks et al., 2021), including complex
multi-hop tasks. However, despite their success,
LLMs often generate factually incorrect answers as
they rely solely on their internal parametric mem-
ory, which struggles with tasks requiring external
knowledge (Lewis et al., 2020). To address this lim-
itation, Retrieval-Augmented Generation (RAG)
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Figure 1: Comparison of Multi-step RAG and Layer-
wise RAG. The left panel illustrates Multi-step RAG,
which involves multiple rounds of reasoning to generate
retrieval queries. In contrast, the right panel shows
Layer-wise RAG, which requires only a single round of
reasoning to produce intermediate representations for
retrieval.

frameworks (Gao et al., 2023b; Liu et al., 2024)
have been developed, utilizing semantic similar-
ity metrics to retrieve relevant external documents,
which are subsequently integrated into the gener-
ation context. Nevertheless, RAG still faces chal-
lenges, particularly in handling complex queries
that require multi-hop document retrieval.

Multi-step methods, such as Self-ask (Press
et al., 2023a) and ITER-RETGEN (Shao et al.,
2023a), address the challenges of multi-hop rea-
soning and document retrieval by decomposing
complex queries into manageable steps and iter-
atively refining the retrieval process (Jiang et al.,
2023; Shao et al., 2023b; Ma et al., 2023). Over
multiple iterations, the response is refined until a
final answer is produced. As illustrated in Figure
1, while multi-step methods significantly improve
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retrieval and reasoning capabilities, they often re-
sult in higher computational overhead due to their
iterative nature. Several variants aim to address
this issue. Adaptive-RAG (Jeong et al., 2024) sim-
plify the reasoning process for less complex queries.
However, for more complex queries, multiple full
inference iterations are still required. Efficient
RAG (Zhuang et al., 2024) get rid of relying on
LLM calls at each step, using the smaller model
to generate the special token for information pro-
cessing. Despite these advancements, such meth-
ods still tend to address the problem in generating
human understandable query, overlooking the next-
hop information contained in intermediate represen-
tations during reasoning. There is a question we try
to find out that how can we leverage the informa-
tion contain to achieve performance comparable
to multi-step approaches while maintaining a
low inference overhead similar to vanilla RAG?

LLMs demonstrate the ability to extract entities
and their relationships during inference (Geva et al.,
2023), including implicit reasoning for bridge en-
tities in multi-hop tasks (Biran et al., 2024; Wang
et al., 2024; Brinkmann et al., 2024). Moreover,
studies suggest that intermediate representations
within LLMs often contain richer information than
the final layer (Skean et al., 2024). Through an
analysis of LLM weight matrices using Singular
Value Decomposition (SVD), we identify the com-
putational regime of LLMs: initial layers primarily
perform raw information extraction, middle layers
engage in contextual processing, and final layers
focus on extracting information for token genera-
tion. This analysis suggests that intermediate layer
representations, rather than those in the final layer,
are more suitable for document retrieval.

In light of this, we introduce Layer-wise
Retrieval-Augmented Generation (L-RAG),
which leverages intermediate representations from
the middle layers to retrieve external information.
As illustrated in Figure 2, we train a contriever-
based representations retriever to effectively utilize
these intermediate representations for retrieving
higher-hop documents.

Our experimental results demonstrate that the
proposed method achieves competitive perfor-
mance while maintaining computational efficiency
comparable to vanilla-RAG systems.

Our key contributions include:

• We propose an SVD-based decomposition ap-
proach to analyze weight matrices, identifying

the three-stage information processing pattern
in LLMs, and validate this through the Log-
itLens method.

• We introduce a novel method that utilizes in-
termediate representations to retrieve external
information, which is then incorporated into
the prompt for final generation.

• We rigorously evaluate the proposed method
across several open-source LLMs, demonstrat-
ing its effectiveness in enhancing inference
performance.

2 Related Works

2.1 Retrieval-Augmented Generation
To address factual inaccuracies in language mod-
els, Retrieval-Augmented Generation (RAG) inte-
grates external knowledge by providing relevant
passages as contextual input, thereby enhancing
factual reasoning and enabling real-time utilization
of information. However, RAG systems often strug-
gle with complex, multi-hop queries (Yang et al.,
2018; Trivedi et al., 2022; Ho et al., 2020), which
require iterative synthesis of information.

Recent advancements in RAG have introduced
multi-round retrieval strategies, including query
rewriting (Ma et al., 2023; Shao et al., 2023b;
Jiang et al., 2023) and self-questioning (Press et al.,
2023b), aimed at improving performance on com-
plex tasks. Nevertheless, these methods face a
significant limitation: they incur increased com-
putational latency and cost due to the repeated
invocation of large language models (LLMs) for
query generation. To address these challenges, sev-
eral methodological variants have been proposed.
Adaptive-RAG (Jeong et al., 2024) reduces inef-
ficiencies by dynamically assessing query com-
plexity and selectively activating retrieval pro-
cesses, thus lowering inference overhead for sim-
pler queries while retaining multi-round retrieval
for more complex cases. Alternatively, Efficient
RAG (Zhuang et al., 2024) uses a smaller model
to iteratively generate queries and filter irrelevant
information, bypassing the need for repeated LLM
calls, thereby improving computational efficiency.

2.2 Reasoning Mechanisms of Transformers
A lines of research has employed empirical ap-
proaches to explore the internal workings of trans-
formers (Delétang et al., 2023; Zhang et al., 2024;
Fan et al., 2024) and their reasoning mechanisms
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First-hop Document:
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American Western film
directed by Le Borg
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Figure 2: An overview and example of the L-RAG framework, which consists of three components: a traditional
retriever, an LLM for generating intermediate representations, and the representation retriever. The area above the
dashed line represents the framework, while the area below illustrates the demonstration. Initially, the traditional
retriever (e.g., BM25, Contriever) retrieves relevant chunks from the corpus as the first-hop document. The LLM
(e.g., LLaMA2-7B) then uses the query and first-hop context to generate an intermediate representation. This
intermediate representation is used by the Modified Contriever trained by us to retrieve the higher-hop document.
Finally, the LLM generates the final answer using the complete context.

(Haviv et al., 2023; Geva et al., 2023), particu-
larly in the context of multi-step reasoning tasks
(Brinkmann et al., 2024; Biran et al., 2024; Stolfo
et al., 2023).

Our work is motivated by the findings of Skean
et al. (2024), who found that intermediate rep-
resentations often retain more comprehensive in-
formation compared to final layer representations.
Drawing from this observation, we utilize Singular
Value Decomposition (SVD) to build a novel ana-
lytical framework, shifting the focus from hidden
representations to the analysis of weight matrices.
This approach offers a more generalized and in-
terpretable perspective for understanding model
behavior.

3 Analysis of LLM Reasoning
Mechanisms

We systematically analyze how LLMs process in-
formation across layers, revealing distinct reason-
ing phases through singular value decomposition
and empirical validation.

3.1 Transformer-based Language Models

Transformer-based language models consist of mul-
tiple transformer blocks, each comprising an at-
tention layer (Attn) and a Multi-Layer Perceptron
(MLP), connected via a residual stream (Vaswani
et al., 2017).

The attention layer utilizes multiple attention
heads, each performing scaled dot-product atten-

tion:

Attn(X) = softmax

(
Wqx · (Wkx)

T

√
dk

)
Wvx,

where dk represents the dimensionality of the key
vectors, x denotes the input vector, and Wq, Wk,
and Wv are the weight matrices for the queries,
keys, and values, respectively. The softmax opera-
tion generates an attention weight distribution over
the input sequence, which indicates the relevance
of each token to the current position. The value
V = Wvx, encapsulating the informational con-
tent, is weighted by these attention probabilities,
enabling the dynamic aggregation of contextual
information across the sequence. Consequently,
the output of the attention block is essentially a
weighted sum of V , with the weights computed
based on the interaction between Q and K. There-
fore, Wv plays a pivotal role in facilitating the flow
of information within the attention mechanism, and
analyzing it provides valuable insights into the pro-
cessing and propagation of information within the
framework. This analysis is further explored using
Singular Value Decomposition (SVD).

3.2 Transformation Divergence
The linear transformation Wvx can be interpreted
as a combination of rotation and scaling operations
applied to the vector x, and these operations are
elegantly captured through Singular Value Decom-
position (SVD). SVD decomposes a matrix into
three simpler matrices, providing a geometric inter-
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Figure 3: Weight matrix transformation divergence (TD) and information processing in LLM reasoning. The left
panel illustrates the SVD, where the weight matrix is decomposed into three operators, including scaling. The
singular value distribution represents the scaling magnitude of the weight matrix, which is quantified using TD. The
right panel shows how the value of TD reflects the information processing stages in LLM reasoning.

pretation of the transformation represented by the
original matrix.

For a matrix Wv of size m× n, SVD expresses
it as:

Wv = UΣV T

= u1σ1v
T
1 + · · ·+ urσrv

T
r

= σ1u1v
T
1 + · · ·+ σrurv

T
r ,

(1)

where r denotes the rank of Wv, and Σ =
diag(σ1, σ2, . . . , σr) is a diagonal matrix of size
m × n containing the singular values of Wv,
which are non-negative and sorted in descend-
ing order, while matrices U = [u1, . . . ,um] and
V = [v1, . . . ,vn] are orthogonal matrices of sizes
m × m and n × n, respectively, with ui and vi
representing the left and right singular vectors.

This decomposition provides a geometric inter-
pretation of the transformation represented by Wv.
The matrix V applies a rotation in the input space,
while Σ scales the input vectors by the singular
values. Finally, U performs a rotation in the output
space, as illustrated in Figure 3. In essence, the
linear transformation can be decomposed into two
components: rotation, which maps vectors to other
space, and scaling, which stretches or shrinks the
roation operations. The transformation directions
are defined by the matrices U and V .

Definition 3.1 (Transformation Direction) The
transformation direction of a transformer matrix
Wv is formally defined as:

Direction(Wv) = [u1v
T
1 , . . . ,urv

T
r ]

The linear transformation Wvx can be expressed
in terms of these transformation directions, since
Wvx = σ1u1v

T
1 x + · · · + σrurv

T
r x according

to Equation 1, where σ is the scaling value that

emphasizes the magnitude of the transformation
along each direction.

Scaling operations are mathematically character-
ized by the singular values σ, which represent the
relative magnitudes of the orthogonal transforma-
tion directions in the matrix decomposition. When
the singular values are similar, it indicates that the
transformation processes information across multi-
ple directions. In contrast, large discrepancies be-
tween singular values suggest a more selective ex-
traction of information. Therefore, singular values
can be used to determine whether the transforma-
tion focuses on information extraction or processes
information across different directions.

Definition 3.2 (Transformation Divergence)
The transformation divergence of any non-zero
matrix (transformation) Wv ∈ Rm×n is defined
as:

TD(Wv) = −
r∑

i=1

σi∑r
j=1 σj

log
σi∑r
j=1 σj

, (2)

where r = min(m,n), and σ1, σ2, . . . , σr are the
singular values of matrix Wv.

Transformation divergence, as defined above,
quantifies the extent of information processing
and extraction within a linear transformation rep-
resented by a matrix. It focuses on relative magni-
tudes rather than absolute ones, specifically mea-
suring the disparity in the scaling of different di-
rections. A higher transformation divergence, such
as for the vector (5, 4, 3)T , with a divergence value
of 1.08, indicates a transformation that processes
information across multiple directions. In this case,
the non-zero values suggest that all directions will
be retained, though some directions are weighted
more heavily than others. In contrast, a lower
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Figure 4: Transformation Divergence TD(Wv) of the
weight matrix across various models.

transformation divergence signifies a more concen-
trated focus on a particular direction. For instance,
for the vector (1, 0, 0)T , the transformation diver-
gence indicates that the transformation primarily
extracts information from a single dominant direc-
tion, discarding information from other directions.
This metric allows for a layer-wise analysis of the
model’s behavior, as illustrated in Figure 3.

3.3 Layer-wise Dynamics of Transformation
Divergence

To show how different layers work in LLM using
transformation divergence, we applied Equation
3.2 to quantify this metric across diverse open-
source LLMs with varying architectures. These
models exhibit fundamental structural differences,
rather than differing in parametric scale, as detailed
in Appendix B.

As illustrated in Figure 4, transformation diver-
gence TD(Wv) exhibits a consistent three-phase
progression across all analyzed models: an initial
high-value phase, followed by a period of progres-
sive decrease, and a final increase. As discussed
in Section 3.2, low TD(Wv) corresponds to a con-
centrated extraction of information along principal
component directions, while high TD(Wv) indi-
cates broad manipulation across multiple transfor-
mation directions. Based on this, we hypothesize
that LLMs undergo three distinct reasoning opera-
tions, leading to four representational states.

These three operations reflect fundamental infor-
mation processing mechanisms within transformer
architectures. During the initial low TD(Wv)
phase, LLMs extract information from disorga-

nized data. The subsequent high TD(Wv) phase
signifies the processing of this information. Finally,
the resurgent low TD(Wv) phase aligns the repre-
sentation with the token prediction requirements
which is also proved in Fan et al. (2024) and Haviv
et al. (2023). Based on these operations, we can
categorize the representations during inference into
four types:

• Chaotic Representation: The initial repre-
sentation containing raw input features.

• Structured Representation: The structured
information extracted from the chaotic repre-
sentation.

• Comprehensive Representation: A multi-
dimensional embedding that integrates struc-
tured information, contextual dependencies,
and domain-specific knowledge for a holistic
understanding.

• Token-Generating Representation: The fi-
nal output specialization aligning for token
prediction.

Consequently, the structured and comprehensive
representations may be particularly effective for
retrieving relevant next-hop documents.

To validate this hypothesis, we evaluate the re-
lationship between transformation divergence and
information processing in LLMs by computing the
recall rate for documents indirectly related to the
query using different layer representations in the L-
RAG framework, as described in Section 4. These
results are then compared with the transformation
divergence patterns. As shown in Appendix D, the
best recall performance is observed at the layer
during or after the low transformation divergence
period, supporting the hypothesis outlined above.

3.4 LogitLens Across LLMs

To validate the transformation divergence pattern,
we apply the LogitLens technique to track the evo-
lution of information across transformer layers.
Our hypothesis suggests that, during layer-by-layer
reasoning, LLMs extract and process information
progressively. This process likely generates inter-
mediate information, which would result in inter-
mediate answers emerging earlier than the final
answers.

We analyze individual hidden states using the
LogitLens technique (Haviv et al., 2023), where
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activations are transformed into logits for each vo-
cabulary token by multiplying them with the output
embedding matrix, as detailed in Appendix A.

As shown in Figure 5, intermediate answers
emerge earlier than final answers across various
LLMs. This suggests that the information leading
to the intermediate answer is processed earlier in
the reasoning process. Therefore, identifying the
layer with the most relevant information for the
intermediate answer is crucial for retrieving the
next-hop document, rather than relying on the final
layer.

4 Method

We present Layer-wise Retrieval-Augmented Gen-
eration (L-RAG), an innovative framework that en-
hances retrieval-augmented LLMs by leveraging
intermediate representations to improve the effi-
ciency of multi-hop document retrieval, particu-
larly at higher hops. In Section 3.3, we discuss how
LLMs extract valuable information from chaotic
representations, process this information into com-
prehensive representations, and ultimately derive
token-generation information for producing token-
generating representations. Based on this under-
standing, we proposed an overview of the L-RAG
framework as shown in Figure 2. This section out-
lines the pipeline structure in Section 4.1, followed
by the detailed implementation procedures in Sec-
tion 4.2.

4.1 Overview of L-RAG
L-RAG consists of three main components. Ini-
tially, the traditional retriever (such as BM25 or

Contriever) retrieves the first-hop documents di-
rectly related to the query. These documents are
then combined with the query to form an input
instruction. LLM perform single token-level rea-
soning to generate an intermediate representation.
Representation retriever, designed to effectively
utilize the nuanced information embedded in these
intermediate representations, then retrieves next-
hop documents that are more contextually relevant.

Figure 2 illustrates the L-RAG framework, de-
tailing the sequential steps from query input to
final answer generation. By integrating these com-
ponents, L-RAG aims to improve the overall re-
trieval efficiency and answer quality in retrieval-
augmented LLMs.

4.2 Implementation Details

In the L-RAG framework, only the representation
retriever requires training. We utilize off-the-shelf
traditional retrievers and LLMs. For representa-
tion retriever, we add a MLP layer in front of the
original Contriever to align LLM intermediate rep-
resentations with the Contriever embedding space.
The relevance score between an intermediate rep-
resentation and a document is calculated as the
dot product of their respective representations after
processing through the Contriever. Formally, given
an intermediate representation r and a document
d, both are encoded independently using the same
model f . Additionally, the intermediate representa-
tion r is passed through an MLP g. The relevance
score s(r, d) is then defined as:

s(r, d) = f(g(r))T · f(d) (3)

For training, we employ contrastive InfoNCE
loss to enable the model to distinguish between
documents by comparing positive pairs (related
documents) and negative pairs (unrelated docu-
ments) using intermediate representations. For-
mally, given a batch of intermediate representa-
tions R = [r1, r2, . . . , rn] and a pool of associated
positive documents D = [d1, d2, . . . , dm], the con-
trastive loss for one representation and its corre-
sponding positive document is defined as:

L̂(ri, d+i ) =
exp(s(ri, d

+)/τ)∑
d∈D exp(s(ri, d)/τ)

, (4)

where s represents the similarity score, as de-
fined in Equation 3, and τ is the temperature pa-
rameter.
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The overall InfoNCE loss for the set of interme-
diate representations R is computed as the average
loss across all representations r ∈ R. It is formally
defined as:

L(R,D) = − log
∑

ri∈R

∑

d+i

L̂(ri, d+i ), (5)

where d+i denotes the positive document for rep-
resentation ri in D, and L̂(ri, d+i ) is the contrastive
InfoNCE loss defined in Equation 4. We train L-
RAG separately for each dataset to achieve better
performance.

For reasoning, the layer with the minimum TD is
a natural starting point for selection. L-RAG would
refine the choice by exploring neighboring layers
to identify the most suitable one. Specifically, we
define the set of candidate layers (CL) as:

CL(k, n, l) = l − nk, . . . , l, . . . , l + nk, (6)

where n represents the number of candidate layers
(CL) considered on each side, and k denotes the
step size. We then train retrievers using each layer
in candidate layers and evaluate their performance.
The layer yielding the best results is selected as the
optimal one.

5 Experiment

Method 2Wiki Musique Hotpot

No Retrieval 2.29 2.30 2.28
VanillaRAG@4 2.60 2.55 2.64
VanillaRAG@8 2.79 2.67 2.73

SelfAsk 14.80 19.62 19.59
IterRetGen 20.07 21.18 42.36

IRCoT 25.47 14.57 17.30
HyDE 5.60 4.81 5.28

L-RAG@4 2.76 2.62 2.80
L-RAG@8 2.87 2.86 2.92

Table 1: Task latency per query across different datasets
for the Llama3.1-8B model.

5.1 Setup
Datasets. We evaluate our method on three multi-
hop question answering (QA) benchmark, which
require sequential reasoning across multiple docu-
ments: MuSiQue (Trivedi et al., 2022) under CC-
BY 4.0 license, HotpotQA (Yang et al., 2018) under
a CC BY-SA 4.0 license, and 2WikiMultiHopQA

VRAG@4 VRAG@8 IterRetGen SelfAsk L-RAG@4 L-RAG@80.0
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Figure 6: The recall rate and accuracy of different meth-
ods in the 2WikiMQA dataset. VRAG stands for Vanilla
RAG.

(Ho et al., 2020) under Apache license 2.0 . Specif-
ically, we focus on queries that require two-hop
reasoning to arrive at the correct answer, explicitly
excluding those solvable through single-hop infer-
ence, as detailed in Appendix C. Additionally, we
use GPT-4 to identify higher-hop documents that
cannot be directly recognized within the dataset.

Baselines. Our baseline models encompass: (1)
straightforward methods, specifically No Retrieval,
Vanilla RAG, and HyDE (Gao et al., 2023a); (2)
advanced multi-step retrieval strategies, namely
SelfAsk (Press et al., 2023a), IterRetGen (Shao
et al., 2023a) and IRCoT (Trivedi et al., 2023). All
models are executed on the LLama3.1-8b platform.

Metrics. To evaluate L-RAG, we assess three
aspects: retrieval performance, task performance,
and task efficiency. For retrieval performance, we
report the higher-hop document recall rate. Task
performance is measured by accuracy (Acc), in line
with standard evaluation protocols. Accuracy is de-
termined by whether the predicted answer contains
the ground-truth answer. Regarding efficiency, we
report the average time required to answer each
query.

5.2 Task Efficiency

We calculate the latency of each query during the
execution of those method. As shown in Table
1 and Figure 6, our method requires low latency,
comparable to Vanilla-RAG and direct reasoning,
while delivering significantly better performance.

5.3 Retrieval Performance

We evaluate the model’s performance on next-hop
document retrieval using the Recall@K metric
across three datasets. As shown in Table 2, L-RAG
demonstrates moderate yet acceptable recall scores.
Notably, it significantly outperforms Vanilla RAG
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2WikiMQA Musique HotpotQA
Method Recall@K K Recall@K K Recall@K K

Vanilla RAG@4 0.061 4.0 0.695 4.0 0.543 4.0
Vanilla RAG@8 0.074 8.0 0.762 8.0 0.641 8.0

IterRetGen 0.487 6.0 0.523 6.0 0.732 6.0
SelfAsk 0.697 27.4 0.765 28.1 0.711 28.6
IRCoT 0.665 11.1 0.830 14.1 0.770 7.9
HyDE 0.071 6.0 0.280 6.0 0.250 6.0

L-RAG@4 0.389 4.0 0.520 4.0 0.449 4.0
L-RAG@8 0.480 8.0 0.764 8.0 0.613 8.0

Table 2: Results on higher-hop document recall rate across three dataset. Baselines are implemented from the source
code. Bold fonts denote the best results in the same generator.

on the 2WikiMQA dataset and achieves near-best
performance on the Musique dataset.

The recall metric for the vanilla RAG method
quantifies information leakage in higher-hop docu-
ment retrieval, reflecting the likelihood of retriev-
ing higher-hop documents using the initial query.
As shown in Table 2, 2WikiMQA dataset exhibits
the lowest direct recall score (0.061), while other
datasets achieve recall rates above 0.5. This signif-
icant gap suggests that 2WikiMQA contains less
inherent information leakage between reasoning
hops compared to the other benchmarks. As Fig-
ure 7 shown, while the question structure ostensi-
bly requires intermediate reasoning about the "Na-
tive American flute" concept, the presence of the
distinctive positional descriptor "held in front of
the player" creates an unintended retrieval shortcut.
Therefore, 2WikiMQA serves as a more rigorous
and reliable benchmark for evaluating multi-hop
reasoning, as its structure reduces shortcut solu-
tions through direct query matching, requiring gen-
uine multi-step inference.

5.4 Task Performance

As shown in Table 3, the L-RAG framework
demonstrates superior performance across bench-
mark datasets, achieving the highest accuracy
(0.352) on MuSiQue, securing a competitive
second-place ranking (0.641) on HotpotQA, and
attaining third place (0.418) on the complex
2WikiMQA corpus. While L-RAG may not
achieve the best performance across all datasets,
its task latency, as illustrated in Figure 6, indicates
that its performance is sufficiently strong for prac-
tical real-world applications.

Query

Mary Youngblood plays a type of flute 
that is held in front of the player, 
and has what type of finger holes?

Mary Youngblood is a Native American 
musician descendant who plays 
the Native American flute. ......

First-hop
Documents

Next-hop
Documents

The Native American flute is a flute 
that is held in front of the player,
 has "open finger holes"

Figure 7: Information Leakage in Multi-Hop Reasoning
on HotpotQA. This diagram contrasts standard reason-
ing pathways (green arrows) with shortcut retrieval pat-
terns (blue arrows), demonstrating how query leverage
surface-level positional descriptors (e.g., ’held in front
of the player’) to directly match target documents while
bypassing critical intermediate reasoning about cultural
attributes of Native American flutes.

Dataset 2Wiki Musique Hotpot

No Retrieval 0.275 0.094 0.230
VanillaRAG@4 0.316 0.305 0.590
VanillaRAG@8 0.355 0.297 0.598

SelfAsk 0.539 0.180 0.373
IterRetGen 0.543 0.297 0.668

IRCoT 0.498 0.346 0.615
HyDE 0.174 0.076 0.248

L-RAG@4 0.367 0.258 0.555
L-RAG@8 0.418 0.352 0.641

Table 3: Task performance (Acc) across different
method and three dataset.Bold fonts denote the best
results in the same generator.
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6 Conclusion

This work has three principal contributions to en-
hance multi-hop reasoning in Retrieval-Augmented
Generation (RAG) systems. First, we identify a
three-stage computational pattern in LLM infer-
ence through singular value decomposition (SVD)
of weight matrices and LogitLens analysis. Second,
building on this insight, we propose Layer-wise
RAG (L-RAG), a novel framework that leverages
intermediate layer representations for document
retrieval. By training a Contriever-based retriever
to interpret these representations, our method by-
passes iterative LLM calls while capturing critical
multi-hop reasoning signals. Third, comprehensive
evaluations across multiple LLMs demonstrate that
L-RAG achieves competitive accuracy with multi-
step RAG methods, yet maintains computational
efficiency comparable to vanilla RAG. Our findings
bridge the gap between reasoning capability and
inference overhead, offering a practical solution for
knowledge-intensive applications.

Limitations

In this paper, we conduct the first systematic in-
vestigation into analyzing the reasoning patterns
of LLMs through SVD, leveraging these findings
to motivate an enhanced RAG framework. How-
ever, given that reasoning pattern characterization
requires broader empirical support beyond current
validation scope, our experimental analysis cur-
rently focuses on: (a) RAG system verification
through external knowledge grounding, and (b)
internal answer coherence validation within the
LLM’s parametric knowledge base.
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A Logit Lens

LogitLens is an interpretability framework for ana-
lyzing language model hidden states by examining
logits (raw prediction scores) and their correspond-
ing probability distributions. Specifically, for a
given hidden state hl at the lth layer, the logits sl
and probabilities pl over the output vocabulary set
V are defined as:

{
sl = WUh

i
l ∈ R|V |,

pl = softmax (sl)
, (7)

where WU denotes the unembedding matrix, which
is the same matrix used in the final layer of the
model for prediction.

Our evaluation spans diverse LLM architec-
tures, including GPT-2-XL, Llama-2-7B, and
Llama-2-13B. We manually annotated intermedi-
ate answers for the 2WikiMultiHopQA dataset
to establish ground truth for multi-hop reasoning
steps.

B Transformation Divergence in LLMs of
Varying Scales

We compute the transformation divergence
for various scaling GPT models, including
GPT-2 (124M), GPT-2-XL (1.5B), and GPT-J-6B,
as illustrated in Figure 8, as well as for
Llama-2-7B-chat-hf, Llama-2-13B-chat-hf,
and Llama-3.1-8B-Instruct, as shown in Figure
9.

C Multi-Hop Dataset Example

The manually annotated dataset is derived from
2WikiMultiHopQA, with examples including inter-
mediate answers, Here is an example:

Question What is the date of birth of Mina
Gerhardsen’s father?

Document 1. Mina Gerhardsen (born 14
September 1975) is a Norwegian
politician for the Labour Party.
She is the daughter of Rune
Gerhardsen and Tove Strand,
and granddaughter of Einar
Gerhardsen. She is married to
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Figure 8: Transformation Divergence in gpt of Varying
Scales
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Eirik Øwre Thorshaug. She led
the Oslo branch of Natur og
Ungdom from 1993 to 1995, and
was deputy leader of the Workers’
Youth League in Oslo in 1997. She
took the cand.mag. degree at
the University of Oslo in 1998,
and also has master’s degrees
in pedagogy from 2000 and human
geography from 2003. From 1999
to 2002 she worked part-time as
a journalist in D̈agsavisenänd
D̈agbladet.̈ She then worked in
the Norwegian Red Cross from
2002 to 2004, except for a
period from 2003 to 2004 as
a journalist in M̈andag Morgen.̈
She was hired as a political
advisor in the Norwegian Office
of the Prime Minister in 2005,
when Stoltenberg’s Second Cabinet
assumed office. In 2009 she was
promoted to State Secretary. In
2011 she changed to the Ministry
of Culture.

2. Rune Gerhardsen (born 13 June
1946) is a Norwegian politician,
representing the Norwegian Labour
Party. He is a son of Werna and
Einar Gerhardsen, and attended
Oslo Cathedral School. He chaired
the Workers’ Youth League from
1973 to 1975 and chaired the City
Government of Oslo from 1992 to
1997. He chaired the Norwegian
Skating Association from 1986 to
1990 and 2001 to 2003 and also
2013 to 2017.

Intermediate Answer Rune Gerhardsen

Final Answer 13 June 1946

D Transformation Divergence and Recall
Rate

To evaluate retriever performance with dif-
ferent layer representations, we utilize
meta-llama/Llama-2-7b-chat-hf to gener-
ate representations in layers 4, 8, 16, 20, 24, 32 and
compute the recall rate for the documents indirectly
related to the query in 2WikiMultiHopQA dataset
which result is shown in Figure 10.
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Figure 10: Transformation Divergence across the
llama2-7b model and the corresponding representation
generated for retriever performance.
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