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Abstract
Conversational Retrieval-Augmented Generation (RAG) systems
enhance user interactions by integrating large language models
(LLMs) with external knowledge retrieval. However, multi-turn con-
versations present significant challenges, including implicit user
intent and noisy context, which hinder accurate retrieval and re-
sponse generation. Existing approaches often struggle with the
unstructured conversational context and fail to model explicit rela-
tions among conversational turns. Moreover, they do not leverage
historically relevant passages effectively. To overcome these limita-
tions, we propose EvoRAG, a novel framework that maintains an
evolving knowledge graph aligned with the unstructured conversa-
tional context. This graph explicitly captures relations among user
queries, system responses, and relevant passages across conversa-
tional turns, serving as a structured representation of the context.
EvoRAG includes three key components: (1) a dual-path retrieval
module for context denoising, (2) a unified knowledge integration
module for query rewriting and summarization, and (3) a graph-
enhanced RAG module for accurate retrieval and response genera-
tion. Experiments on four public conversational RAG datasets show
that EvoRAG significantly outperforms strong baselines, particu-
larly in handling topic shifts and long dialogue contexts.
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1 Introduction
Conversational Retrieval-Augmented Generation (RAG) systems,
e.g., ChatGPT [48], Doubao [56], and KimiChat [2], have recently
demonstrated strong capability in integrating with search models to
fulfill users’ information needs through multi-turn interactions. By
combining large language models (LLMs) with retrieved external
knowledge, conversational RAG systems are able to generate accu-
rate and context-aware conversational responses in the scenarios
of multi-turn conversations.

Different from single-turn RAG [11, 16, 69], which relies solely
on a complete stand-alone query, conversational RAG [38, 60, 65]
requires the model to go beyond isolated queries and deal with
the retrieved passages over both current and historical turns dy-
namically and adaptively [10, 22, 36, 53]. The challenges of the
conversational RAG lie in two aspects. First, user search intent is
usually implicit and context-dependent in conversation [52], which
results in difficulty in context-dependent query understanding on
top of preceding conversational turns. Second, as the conversation
dives in, earlier turns might include both irrelevant and useful infor-
mation for the current turn, resulting in either a negative or positive
impact on the query understanding of the current turn [8]. Identi-
fying the useful parts from the lengthy and redundant historical
interactions is non-trivial [35]. For example, as shown in Figure 1,
the real query intent is “What should we consider in terms of safety
and environmental impact of the silicones, particularly with cyclic
siloxanes D4 and D5?”, while the conversation history contains
irrelevant context like “silicones’ uses in medicine and cosmetic
surgery”, which would hinder accurate session understanding for
retrieving relevant information and generating accurate responses.

Existing studies attempt to address these challenges from two
aspects. One line of studies is the conversational query rewriting
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Conversational Session
Conversation History:

Q1:What are silicones and what are 

their common uses and forms?

R1: A silicone or polysiloxane is a …

……

Q8: What about its uses in medicine 

and cosmetic surgery?

R8: Silicones exhibit many …

……

Current Query:

Q13: What should we consider in 

terms of safety and environmental 

impact, particularly with cyclic 

siloxanes D4 and D5?

Conversational Query Rewriter Session Encoder

Session Embedding

Dual-Path Retrieval + Knowledge Integrator

Source: silicone

Target: medicine and

cosmetic surgery

Weight: 0.7

Source Turn ID: 8

Entity Name: silicone 

Entity Type: MATERIAL

Description: Silicone, or 

polysiloxane…

Source Turn ID: 1, 8Retrieved Passages Retrieved Passages Retrieved Passages

Rewrite

Retrieve

Encode

Retrieve

Response Generator Response Generator

Retrieve

Evolving Graph

Response Generator

(a) CQR-based Approach (b) CDR-based Approach (c) Our EvoRAG

Rewrite Summarize

Rewritten Question Rewritten Question History Summary

Figure 1: A conceptual illustration for the three types of conversational RAG. Figure (a) is the CQR-based approach, figure (b) is
the CDR-based approach, and figure (c) is our EvoRAG, which explicitly filters irrelevant context, integrates knowledge, and
performs graph-enhanced retrieval and generation by combining conversational context with the evolving graph.

(CQR)-based approach. As shown in Figure 1(a), this approach refor-
mulates the current query into a stand-alone question by integrating
conversation history [60, 65], and then performs the standard single-
turn RAG using the rewritten question. Another line of research is
the conversational dense retrieval (CDR)-based approach [29, 38].
As shown in Figure 1(b), the CDR-based approach first encodes
the entire conversational session to learn latent representations for
holistic retrieval [30, 68], and then leverages the complete conversa-
tional session and retrieved passages for response generation.While
both approaches demonstrate certain improvements, they still face
notable challenges. First, both CQR-based methods and CDR-based
methods fail to explicitly model the relations among conversational
turns, including topic progression, branching, or shifts [8]. Instead,
they process the whole unstructured conversational session heavily
relying on the model’s denoising capacity [35, 41, 68] to handle
internal redundancy or inconsistency. Second, neither approach
adequately incorporates historical relevant passages, despite recent
studies [53] showing that strategically leveraging historical rele-
vant passages can substantially improve the response quality for
subsequent conversational turns.

To address the aforementioned challenges, one promising direc-
tion is to convert the conversational context-including user queries,
system responses, and relevant passages-into a structured repre-
sentation. While existing studies like GraphRAG [13] have shown
the value of using knowledge graphs as the structured represen-
tation to explicitly model the relations among retrieved passages,
they primarily rely on static knowledge graphs. Such fixed repre-
sentations lack the adaptability required for dynamic multi-turn
conversations, where each interaction may introduce new queries,
responses, passages, or evolving relational dependencies. We argue
that an effective structured representation of the conversational
context can dynamically model the relations among conversational
elements, offering a coherent understanding of the dialogue flow.

Motivated by this, we propose EvoRAG, a novel framework that
dynamically maintains an evolving knowledge graph with struc-
tured knowledge aligned with the unstructured diving conversa-
tional context when the new turn arrives. The evolving graph ex-
plicitly models the relations among user queries, system responses,

and the relevant passages across conversational turns. The evolving
graph’s structured representation and the original conversational
context’s unstructured information provide complementary signals,
facilitating more effective context-aware retrieval and nuanced rea-
soning in response generation. As shown in Figure 1(c), our EvoRAG
leverages both the unstructured conversational context and the
evolving graph through three key modules, thereby distinguishing
it from the two existing paradigms. First, a dual-path retrieval
module performs coarse-grained denoising for the conversation
history and the corresponding evolving graph, aiming to identify
relevant candidate history and candidate entities that are poten-
tially related to the current query when diving into a new turn.
Second, a unified knowledge integration module integrates the
relevant candidates to generate a rewritten query, summarizes the
conversational context, and extracts the most relevant entities for
precise graph updates. Finally, a graph-enhanced RAGmodule is
implemented to conduct contextual passage retrieval and response
generation, with the structured knowledge representation from the
evolving graph.

We evaluate EvoRAG on the four public conversational RAG
datasets: TopiOCQA, QReCC, INSCIT, and CORAL. Experimental
results demonstrate that EvoRAG significantly outperforms strong
baselines, particularly in scenarios involving topic shifts and long
conversational contexts. The superior performance implies the ad-
vantage of explicit, structured context modeling over conventional
unstructured methods.

Our contributions can be summarized as follows:
(1) We propose EvoRAG, a novel framework that dynamically

maintains an evolving knowledge graph to model the logical re-
lations among user queries, system responses, and the relevant
passages across conversational turns.

(2) By jointly utilizing the structured information in the evolving
graph and the original unstructured context, EvoRAG captures
contextual dependencies, improving both retrieval performance
and generation quality in the conversations.

(3) We conduct extensive experiments on four public conver-
sational RAG datasets. Experimental results show that EvoRAG
consistently improves both retrieval and generation performance
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and outperforms the strong baselines, especially in challenging
scenarios, e.g., involving topic shifts and long-context dialogues.

2 Related Work
2.1 Conversational Search
Conversational search [40] enables users to interact with information-
seeking systems throughmulti-turn conversations. The user’s search
intent is context-dependent and might involve several aspects dur-
ing the interactions [42]. Thus, the main challenge for the systems
is to understand the real intent accurately. Then, the relevant infor-
mation could be retrieved as a response for the users. To achieve
this, two main approaches have been developed in the literature.

One research line is conversational query rewriting (CQR), which
converts incomplete or context-dependent queries into stand-alone
rewrites based on the previous interactions. The query rewrites
are then used with an off-the-shelf retriever to perform an ad-hoc
search. Existing studies mainly focus on selecting the useful tokens
from the conversation history [23, 28, 49, 59] or training a genera-
tive rewriter [27, 58, 67] to mimic human-annotated rewrites. How-
ever, the manually rewritten query might not necessarily achieve
the best performance in the downstream tasks, as shown in previ-
ous studies [6, 61]. Besides, several studies [31, 41, 44, 61] integrate
ranking signals into the query rewriting process. Recently, a series
of studies [17, 32, 37, 39, 64, 66] leverage the powerful LLMs to
generate query rewrites directly. These LLM-generated rewrites
have shown notable improvements. Another research line, conver-
sational dense retrieval (CDR), jointly encodes the conversation
history and the current query to perform end-to-end dense re-
trieval [7, 30, 68]. The key challenge in training conversational
dense retrievers lies in the data scarcity. To this end, data augmenta-
tion [5, 9, 21, 26, 34, 46, 47] is employed to supply the training data
via various techniques. In addition, conversation history usually
contains irrelevant or redundant information, which would inject
unexpected noise into the retrieval phase. Thus, context denois-
ing [33, 35, 43, 45] is effective in identifying the relevant context.

While these two approaches have demonstrated satisfactory
performance in retrieval, their paradigms for concatenating the
whole conversation history with the current question would result
in lengthy input. Our EvoRAG, with an evolving graph for explicit
context-denoising, is proposed to target this problem.

2.2 Graph-Based RAG
Retrieval-Augmented Generation (RAG) [14, 19, 20, 55] enhances
the performance of LLMs by integrating retrieved evidence from
external knowledge [18, 24, 50, 51]. Despite its effectiveness, the
standard RAG pipeline faces challenges in handling complex multi-
hop reasoning and multiple evidence integration [25]. To address
this limitation, recent studies [4, 13, 15, 25, 54] develop graph-based
RAG by integrating a knowledge graph for its strong reasoning
capabilities [25], which can facilitate final response generation. For
instance, GraphRAG [13] leverages LLMs to construct a knowledge
graph from source documents and then generate community-level
summaries for user queries. HybridRAG [54] combines text-based
semantic retrieval with structured retrieval from knowledge graphs
to improve the context representation. KAG [25] adopts a hierar-
chical knowledge graph with aligned graph structures and text

blocks. Then, a hybrid reasoning engine integrates symbolic logic,
semantic reasoning, and numerical computation.

However, these graph-based RAG approaches mainly rely on
static knowledge graphs, which cannot directly adapt to the evolv-
ing context of multi-turn conversations. Our EvoRAG is proposed
for this scenario with an evolving knowledge graph.

3 Preliminaries
3.1 Task Formulation
Conversational RAG aims to generate accurate and context-aware
responses to the user’s latest query within an ongoing conversation
by retrieving external passages. Two sub-tasks are crucial in con-
versational RAG, including conversational passage retrieval and
conversational response generation.
Conversational Passage Retrieval is the first stage to retrieve
the most relevant passages from an external corpus for the cur-
rent query. Formally, given the 𝑘-th current question 𝑞𝑘 and the
corresponding conversation history 𝐻𝑘 = {𝑞𝑖 , 𝑟𝑖 , 𝑃𝑖 }𝑘−1𝑖=1 (𝑞𝑖 , 𝑟𝑖 , and
𝑃𝑖 denote the question, response and relevant passages of the 𝑖-th
turn, respectively), the retriever R aims to identify the most relevant
passages 𝑃𝑘 from the external corpus P that contain the evidence
to answer the current query 𝑞𝑘 .
Conversational Response Generation is the second stage to
generate a contextually coherent and informative response with
the retrieved passages. Formally, given the the current question
𝑞𝑘 , the conversation history 𝐻𝑘 = {𝑞𝑖 , 𝑟𝑖 , 𝑃𝑖 }𝑘−1𝑖=1 , and the retrieved
passages 𝑃𝑘 , the generator G aims to generate a response 𝑟𝑘 to
satisfy the information needs in the 𝑘-th question 𝑞𝑘 .

3.2 Structure of Our Evolving Knowledge Graph
The evolving graph G = (V, E) serves as a structured representa-
tion of the conversational context, where the nodesV denote key
entities extracted from semantic text, and the edges E denote the
relations between the two entities. Both entities and relations are
derived from various sources to represent the information in the
conversational context, including user queries, system responses,
and relevant passages.

Inspired by the GraphRAG [13], each node 𝑣 ∈ V in the evolving
knowledge graph is characterized by four attributes:

𝑣 =

(
Name(𝑣),Type(𝑣),Desc(𝑣),TurnID(𝑣)

)
, (1)

where Name(𝑣) refers to the entity name, Type(𝑣) is the type of
the entity, Desc(𝑣) is a description of this entity, and TurnID(𝑣) is
the dialogue turn(s) in which the entity was extracted.

And each edge 𝑒 ∈ E is defined as:

𝑒 =

(
src(𝑒), tgt(𝑒),𝑤 (𝑒),TurnID(𝑒)

)
, (2)

where src(𝑒), tgt(𝑒) ∈ V are the source and target entities, re-
spectively,𝑤 (𝑒) is the weight of the relation, and TurnID(𝑒) is the
source turn ID in the conversation.

If the entities and the relations are extracted from a passage
rather than extracted from a question or a response within the
conversation, then the source ID should be set to the source passage
ID instead of the source turn ID in the conversation, ensuring proper
linkage to the original semantic text.
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Conversation History
Q1:What are silicones and what are 
their common uses and forms?
R1: A silicone or polysiloxane is…
……
Q8: What about its uses in medicine 
and cosmetic surgery?
R8: Silicones exhibit many …
……

Dual-Path Retrieval

Source: silicone
Target: medicine and
cosmetic surgery
Weight: 0.7
Source Turn ID: 8

Entity Name: silicone 
Entity Type: 
MATERIAL
Description: Silicone, or 
polysiloxane…
Source Turn ID: 1, 8

History Summary
This conversation history 
presents a exploration of 

silicones, covering covering 
their chemical nature, 

historical background…

Evolving Graph

Current Question
Q13: What should we consider in 
terms of safety and environmental 

impact, particularly with cyclic 
siloxanes D4 and D5?

Candidate 
Entities

Candidate 
History

Current 
Question

Unified Knowledge Integration Rewritten Question 
What should we consider the 

safety and environmental 
impact of the silicones, 

especially
cyclic siloxanes D4 and D5?

Most Relevant 
Entities

Entity Name: silicone 
Entity Type: …
Description: …

Retrieved Passages

Retrieve

Add Relevant 
Passages

Generated 
Response

Add Generated 
Response

Generate 
Response

Link to 
Current Entities

Dual-Path Retrieval + Unified Knowledge Integration Graph-Enhanced Retrieval and Generation

Figure 2: The workflow of the EvoRAG, which consists of three modules: (i) Dual-Path Retrieval module for context denoising,
(ii) Unified Knowledge Integration module for query rewriting and history summarization, and (iii) Graph-Enhanced Retrieval
and Generation module for accurate retrieval and response generation.

4 Methodology
In this section, we propose EvoRAG, a novel framework that main-
tains an evolving knowledge graph with the conversation dives
in. The evolving graph explicitly models logical relations between
user queries, system responses, and relevant passages across the
conversational turns. By structuring the conversational context in
an evolving graph, EvoRAG enables precise contextual understand-
ing for improving retrieval performance and response quality.

4.1 Overview
To facilitate conversational RAG, our EvoRAG maintains an evolv-
ing knowledge graph aligned with the diving conversational con-
text to capture the logical relations among user queries, system
responses, and relevant passages.

As shown in Figure 2, our EvoRAG framework consists of three
key components as follows. The detailed process is described in
Algorithm 1.

(1) To construct and maintain this evolving graph efficiently, a
dual-path retrieval module (§4.2) denoises the conversation history
and the associated evolving graph by extracting candidate history
and entities that are related to the current turn query.

(2) These denoised candidates are integrated to generate a rewrit-
ten question, a summarization of the conversation history, and the
most relevant entities identified for the current turn query (§4.3).
These refined outputs are used to guide subsequent retrieval, gen-
eration, and graph update.

(3) The conversational passage retrieval and response generation
are executed in order by leveraging the evolving graph and the
refined outputs (§4.4).

4.2 Dual-Path Retrieval
As the conversation dives in, the irrelevant information in terms
of the current query would be maintained in the increased conver-
sation history and the evolving graph. These noisy parts would
inevitably affect the accuracy of query intent understanding [8]. To
address these issues, we introduce a dual-path retrieval approach to

filter out irrelevant historical contexts in conversation and entities
in the evolving graph, which consists of two parallel retrieval paths:
Semantic-Aware Turn Retrieval and Graph-Based Entity Extraction.

4.2.1 Semantic-Aware Turn Retrieval. To identify relevant turns,
we compute the cosine similarity between the current query 𝑞𝑘
and each historical turn in the conversation. Each historical turn
𝑡 is represented as the concatenation between its question 𝑞𝑡 and
response 𝑟𝑡 , which is then encoded into the embedding emb𝑡 . The
𝑞𝑘 is encoded as emb𝑘 . Then, we select historical contexts 𝐻 sem

𝑘
with cosine similarity over a pre-defined threshold 𝜃 :

𝐻 sem
𝑘

= {(𝑞𝑡 , 𝑟𝑡 ) | cos(emb𝑘 , emb𝑡 ) > 𝜃 }. (3)

For each relevant context (𝑞𝑡 , 𝑟𝑡 ) ∈ 𝐻 sem
𝑘

, we aim to identify
its corresponding entitiesV𝑡 in the evolving graph, and select the
most central ones based on node degree as

Vsem
𝑘

=

{
𝑣∗𝑡 | 𝑣∗𝑡 = argmax

𝑣∈V𝑡

degree(𝑣), (𝑞𝑡 , 𝑟𝑡 ) ∈ 𝐻 sem
𝑘

}
. (4)

4.2.2 Graph-Based Entity Extraction. The Semantic-Aware Turn
Retrieval might not be able to capture the related entities from
the logical aspect. To this end, we leverage the evolving graph to
identify entities that may be logically related to the current question.
Specifically, we first perform a clustering on the evolving graph G
to obtain a set of subgraphs {G1,G2, . . . ,G𝑛}. For each subgraph
G𝑖 = (V𝑖 , E𝑖 ), we select the most representative entity based on
node degree as shown in Equation (5), resulting in the set Vstru

𝑘
.

With the source turn ID of the node 𝑣 ∈ Vstru
𝑘

, we can locate the
corresponding historical contexts 𝐻 stru

𝑘
.

Vstru
𝑘

=

{
𝑣∗𝑖 | 𝑣

∗
𝑖 = argmax

𝑣∈V𝑖

degree(𝑣), 𝑖 = 1, 2, . . . , 𝑛

}
. (5)

4.2.3 Candidate Union. The candidate entitiesV𝑐
𝑘
and candidate

history 𝐻𝑐
𝑘
are obtained by merging the results from the two com-

plementary paths: Semantic-Aware Turn Retrieval Path and the
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Algorithm 1 Evolving Graph for Multi-Turn Conversational RAG
1: Procedure EvoRAG
2: Input: the 𝑘-th question 𝑞𝑘 , the 𝑘-th conversation history 𝐻𝑘 , and the

external corpus P.
3: Output: the 𝑘-th response 𝑟𝑘 , the evolving graph G.
4: Initialize graph G = (V, E),V = ∅, E = ∅
5: for each turn 𝑘 = 1, 2, . . . do
6: 𝐻𝑐

𝑘
,V𝑐

𝑘
← Dual-Path Retrieval(𝐻𝑘 , 𝑞𝑘 , G)

7: 𝑞𝑘 , 𝑆𝑘 ,V∗𝑘 ← Unified Knowledge Integration(𝑞𝑘 , 𝐻𝑐
𝑘
,𝑉 𝑐

𝑘
)

8: ⊲ 𝑞𝑘 is the rewritten question, 𝑆𝑘 is the history summary
9: ⊲ V∗

𝑘
is set of the most relevant entities in the graph

10: V (𝑞)
𝑘
← Extract Entities(𝑞𝑘 )

11: E (𝑞)
𝑘
← Build Edges(V (𝑞)

𝑘
,V∗

𝑘
)

12: V ← V ∪ V (𝑞)
𝑘

, E ← E ∪ E (𝑞)
𝑘

⊲ merge current question
13: 𝑃𝑘 ← R(𝑞𝑘 , P) ⊲ retrieve passages
14: 𝑟𝑘 ← G(𝑆𝑘 , 𝑞𝑘 , 𝑃𝑘 , G) ⊲ generate response
15: for each passage 𝑝 ∈ 𝑃𝑘 do
16: V𝑝 , E𝑝 ← Extract Entities and Edges(𝑝 )
17: V ← V ∪ V𝑝 , E ← E ∪ E𝑝 ⊲ add relevant passages
18: end for
19: V (𝑟 )

𝑘
, E (𝑟 )

𝑘
← Extract Entities and Edges(𝑟𝑘 )

20: V ← V ∪ V (𝑟 )
𝑘

, E ← E ∪ E (𝑟 )
𝑘

⊲ append generated response
21: yield 𝑟𝑘 ⊲ output response for current turn
22: end for
23: return G

Graph-Based Entity Extraction Path. Formally, they are defined as:

V𝑐
𝑘
= Vsem

𝑘
∪Vstru

𝑘
, 𝐻𝑐

𝑘
= 𝐻 sem

𝑘
∪ 𝐻 stru

𝑘
. (6)

4.3 Unified Knowledge Integration
The candidate outputs from the dual-path retrieval might not guar-
antee the relevant connection between each part of the information
extracted from the conversational context and the evolving graph.
The redundancy might persist even after coarse denoising and thus
necessitate precise subset selection to focus on the most relevant
entities in the evolving graph.

To address this, we introduce a unified knowledge integration
module that explicitly combines the useful information from the
evolving graph and its corresponding conversational context. This
module aims to leverage precisely aligned useful information from
both sources to simultaneously enhance retrieval performance,
improve response quality, and enable dynamic updating of the
evolving graph.

First, a self-contained rewritten question 𝑞𝑘 is generated by
leveraging the relevant candidate history 𝐻𝑐

𝑘
from conversational

context and candidate entities 𝑉 𝑐
𝑘
from the evolving graph. Second,

it produces a concise summary 𝑆𝑘 by integrating semantic informa-
tion from both the candidate history 𝐻𝑐

𝑘
and the candidate entities

𝑉 𝑐
𝑘
, filtering out irrelevant details to retain only the most important

context. Third, the most relevant entities𝑉 ∗
𝑘
are identified from the

evolving graph for the current question, including both directly
referenced entities and implicitly inferred entities. Besides, the
contextual background entities provide necessary supplementary
knowledge for comprehensive interpretation.

4.4 Graph-Enhanced Retrieval and Generation
With the output of the Unified Knowledge Integration module, we
perform retrieval, generation, and graph updating for the current
turn. The key point is to update the evolving graph to improve
retrieval performance and response quality with the sophisticated
graph representation. The graph evolves through three stages:
Merge Current Question, Add Relevant Passages, and Append Gen-
erated Response, which is shown in Figure 3.

4.4.1 Merge Current Question. To effectively merge the current
question to the evolving graph, we extract entities from the current
question 𝑞𝑘 to obtain the current question entitiesV (𝑞)

𝑘
, then link

them to the most relevant entitiesV∗
𝑘
in the evolving graph. The

created edges for the linking process are conducted as

E (𝑞)
𝑘

=

{
(𝑣𝑘 , 𝑣∗,𝑤max, 𝑡𝑘 ) | 𝑣𝑘 ∈ V

(𝑞)
𝑘

, 𝑣∗ ∈ V∗
𝑘

}
, (7)

where the edge weight is set to the maximum one among all edges
in the graph, and 𝑡𝑘 denotes the timestamp of the 𝑘-th turn. Then,
the graph merged with the current question 𝑞𝑘 is updated as

V ← V ∪V (𝑞)
𝑘

, E ← E ∪ E (𝑞)
𝑘

. (8)

4.4.2 Add Relevant Passages. After merging the current question
to the evolving graph, we enrich the evolving graph with the rele-
vant passages, in which the information is overlooked in existing
literature. Specifically, a retriever R is used to retrieve the top-5 pas-
sages 𝑃𝑘 = {𝑝1, 𝑝2, ..., 𝑝5} from the external collection P with the
rewritten question 𝑞𝑘 . For each passage 𝑝 ∈ 𝑃𝑘 , we independently
extract its entitiesV𝑝 and relations E𝑝 using an LLM. Each entity
𝑣 ∈ V𝑝 is characterized as:

𝑣 =

(
𝑁𝑎𝑚𝑒 (𝑣),𝑇𝑦𝑝𝑒 (𝑣), 𝐷𝑒𝑠𝑐 (𝑣), 𝐼𝐷 (𝑝)

)
, (9)

where 𝑁𝑎𝑚𝑒 (𝑣), 𝑇𝑦𝑝𝑒 (𝑣), 𝐷𝑒𝑠𝑐 (𝑣), and 𝐼𝐷 (𝑝) denote the name,
type, description, and source passage ID information of this entity.

Then, each relation 𝑒 ∈ E𝑝 is defined as a similar way:

𝑒 =

(
𝑣𝑠 , 𝑣𝑡 ,𝑤𝑒 , 𝐼𝐷 (𝑝)

)
, (10)

where 𝑣𝑠 , 𝑣𝑡 ∈ V𝑝 represent the source and target entities respec-
tively,𝑤𝑒 assigns a weight to the relation, and 𝐼𝐷 (𝑝) indicates its
source passage ID. The extracted elements of passages are then
added to the evolving graph:

V ← V ∪
⋃
𝑝∈𝑃𝑘

V𝑝 , E ← E ∪
⋃
𝑝∈𝑃𝑘

E𝑝 . (11)

4.4.3 Generate and Append Response. To generate the conversa-
tional response 𝑟𝑘 , we employ a structured reasoning process over
the evolving graph G. Specifically, we treat the current question
entities V (𝑞)

𝑘
in the G as the starting nodes. From the starting

nodes, we perform a breadth-first search traversal up to𝑚 hops to
extract a relevant subgraph:

G (𝑠𝑢𝑏 )
𝑘

= BFS(G,V (𝑞)
𝑘

,𝑚), (12)

where G (𝑠𝑢𝑏 )
𝑘

⊆ G captures the nodes and edges that are struc-
turally related to the current turn. We identify the passages that
appear most frequently as sources in the subgraph, expanding our
evidence pool to include both the top-5 retrieved passages 𝑃𝑘 and
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Figure 3: The example to illustrate the update of the evolving graph with diving into a new turn.

historically relevant passages that may not have been retrieved in
the current turn but are connected through the graph structure:

𝑃∗
𝑘
= 𝑃𝑘 ∪

{
𝑝 | 𝑝 is the frequent sources in G (𝑠𝑢𝑏 )

𝑘

}
. (13)

Eventually, the final response 𝑟𝑘 is generated by integrating
information from the history summary 𝑆𝑘 , the rewritten question
𝑞𝑘 , and the expanded passage set 𝑃∗

𝑘
:

𝑟𝑘 = G(𝑆𝑘 , 𝑞𝑘 , 𝑃∗𝑘 ), (14)

where G denotes the generator. New entities V (𝑟 )
𝑘

and relations

E (𝑟 )
𝑘

are subsequently extracted from the response 𝑟𝑘 and then
appended into the evolving graph as follows:

V ← V ∪V (𝑟 )
𝑘

, E ← E ∪ E (𝑟 )
𝑘

. (15)

5 Experimental Setup
5.1 Datasets
We evaluate EvoRAG on four public conversational RAG datasets:
(1) TopiOCQA [1]: an open-domain conversational dataset from
Wikipedia, featuringmulti-turn information-seeking questionswith
topic shifts; (2) QReCC [3]: a conversational question answering
dataset with human rewrites and a diverse web-sourced passage
corpus; (3) INSCIT [62]: a mixed-initiative information-seeking dia-
logue dataset with human-generated interactions; (4) CORAL [8]: a
large-scale Wikipedia-based dataset for evaluating conversational
RAG systems in realistic multi-turn settings.

5.2 Evaluation Metrics
Our evaluation follows task-specific metrics: (1) for conversational
passage retrieval, we use standard retrieval metrics including MRR,
NDCG@3, and Recall@10, consistent with the previous work [35];
(2) for conversational response generation, we report F1, ROUGE-1,
ROUGE-L, following previous work [29, 60].

5.3 Baselines
We compare EvoRAG with seven baselines, including four CQR-
based approaches that rewrite the current question before single-
turn RAG, and three CDR-based approaches that incorporate both
conversation history and the current question for retrieval, then
feed all retrieved passages and full history to the generator. The
CQR-based baselines include: T5QR [27], a T5-based conversa-
tional question rewriting model fine-tuned on human rewrites;
ConvGQR [41], a hybrid framework combining query rewriting
and expansion; LLM4CS [32], which uses GPT-3.5 to generate query
rewrites; and CHIQ [39], a two-step LLM-driven method that en-
hances rewriting through improved history utilization. The CDR-
based baselines consist of: ConvDR [68], a conversational dense re-
trieval method with few-shot learning via a teacher-student frame-
work; InstructorR [21], which leverages LLMs to generate soft super-
vision signals for training conversational dense retrievers without
labeled data; and ChatQA [29], a two-stage instruction fine-tuned
model for conversational RAG.

Additionally, we include two reference settings: Vanilla, which
uses raw concatenation of conversation history and current ques-
tion without rewriting, and Human, which uses golden human
rewrites for retrieval and generation.

5.4 Implementation Details
We use ANCE [63] as the retriever to retrieve relevant passages, use
Qwen2.5-7B-Instruct [57] as the backbone to integrate knowledge,
and use Llama-3.1-8B-Instruct [12] as the generator to generate
conversational responses. To construct the conversation history
graph and the passage graph, we directly leverage Qwen2.5-72B-
Instruct [57] to extract entities and relations from the conversation
history and the passage.

To ensure a fair comparison, for the CQR-based approaches, we
only use query rewriting without additional query expansion. As
for InstructorR, since their source code is not publicly available and
their experimental setup closely aligns with ours, we directly adopt
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Table 1: Retrieval results of EvoRAG and baselines. The best and second-best results are in bold and underlined. The symbol †
signifies that our model achieves superior results among baselines in a statistically significant manner (t-test, 𝑝-value < 0.05).
RI-H is the relative improvement over the Human annotation.

Method TopiOCQA QReCC INSCIT CORAL

MRR NDCG@3 R@10 MRR NDCG@3 R@10 MRR NDCG@3 R@10 MRR NDCG@3 R@10

T5QR 23.0 22.2 37.6 34.5 31.8 53.1 37.8 27.8 45.6 38.9 31.4 45.7
ConvGQR 23.4 22.5 39.8 36.4 33.5 56.6 38.5 28.5 45.0 40.3 32.6 47.1
LLM4CS 28.2 27.4 47.7 40.9 37.9 62.2 39.0 28.9 47.3 41.5 33.7 49.5
CHIQ-FT 30.0 28.9 51.0 36.9 34.0 57.6 N/A N/A N/A N/A N/A N/A
ConvDR 27.2 26.4 43.5 38.5 35.7 58.2 39.2 28.9 47.3 40.0 32.2 49.6
InstructorR 25.3 23.7 45.1 43.5 40.5 66.7 N/A N/A N/A N/A N/A N/A

EvoRAG 31.0 29.9 50.8 40.0 37.0 60.5 41.0† 30.6† 48.7† 42.1 34.3 50.1

Vanilla 10.3 9.1 19.1 42.5 39.8 62.6 20.4 13.6 26.2 31.4 23.9 44.1
Human N/A N/A N/A 38.4 35.6 58.6 N/A N/A N/A 43.2 35.1 51.9
RI-H N/A N/A N/A +4.2% +3.9% +3.2% N/A N/A N/A -2.5% -2.3% -3.5%

Table 2: Generation results of EvoRAG and baselines. The best and second-best results are in bold and underlined. The symbol
† signifies that our model achieves superior results among baselines in a statistically significant manner (t-test, 𝑝-value < 0.05).
RI-H is the relative improvement over the Human annotation.

Method TopiOCQA QReCC INSCIT CORAL

F1 ROUGE-L ROUGE-1 F1 ROUGE-L ROUGE-1 F1 ROUGE-L ROUGE-1 F1 ROUGE-L ROUGE-1

T5QR 22.8 21.1 22.1 21.0 21.1 23.4 25.5 23.9 26.9 24.9 20.9 23.5
ConvGQR 21.1 19.8 20.8 22.0 22.0 24.4 25.6 24.0 26.9 25.1 20.8 23.5
LLM4CS 24.1 22.3 23.3 22.0 22.1 24.6 25.6 24.0 27.0 25.6 21.2 23.9
ConvDR 24.3 19.2 20.1 23.9 23.2 25.9 27.3 25.0 28.5 24.4 20.7 23.5
ChatQA 18.1 17.2 18.4 23.7 22.3 24.9 25.7 23.7 26.9 20.3 18.6 20.9

EvoRAG 26.8† 24.7† 25.8† 24.0 23.3 25.9 26.8 25.0 28.3 25.1 21.2 24.0

Vanilla 20.6 19.2 20.1 24.9 24.2 26.8 23.6 21.9 24.9 22.8 20.0 22.6
Human N/A N/A N/A 22.9 22.8 25.2 N/A N/A N/A 26.8 22.0 24.9
RI-H N/A N/A N/A +4.8% +2.2% +2.8% N/A N/A N/A -6.3% -3.6% -3.6%

their reported results on TopiOCQA and QReCC for comparison.
For baselines without their own response generator, we use the
same generator as the generator in our EvoRAG framework to
ensure comparability. For evaluation, we use golden responses and
golden passages from the dialogue history to ensure consistency.
Code is released at https://github.com/Ariya12138/EvoRAG.

6 Experimental Results and Analysis
In this section, we evaluate the performance of our EvoRAG on four
public conversational RAG datasets and provide a detailed analysis.

6.1 Main Results
6.1.1 Retrieval Performance. Table 1 presents the retrieval results
of EvoRAG and baselines across four public conversational RAG
datasets. We can make the following observations:

(1) Our EvoRAG demonstrates strong retrieval performance
across all datasets, achieving the best results on TopiOCQA, IN-
SCIT, and CORAL. Our results deliver significant improvements

over existing baselines, with relative gains of 3.5%, 5.9%, and 1.8% in
NDCG@3 on TopiOCQA, INSCIT, and CORAL, respectively when
compared to the second-best performing baseline using the same
ANCE retriever. On QReCC, although slightly behind InstructorR
and LLM4CS, EvoRAG still outperforms other baselines, highlight-
ing its robustness across diverse conversational settings. The su-
perior performance of our EvoRAG can be attributed to two key
architectural innovations: (i) The dual-path retrieval module com-
bines both semantic and structural awareness to comprehensively
filter noise in conversation history; (ii) The evolving graph pro-
vides a structured representation of the conversational context that
effectively captures relations among conversational turns, which is
particularly valuable in scenarios involving topic shifts and long
conversational contexts.

(2) The performance gap between CDR and CQR methods fur-
ther highlights EvoRAG’s adaptability to diverse conversational
scenarios. CDR baselines like InstructorR perform well on QReCC,
where conversations focus on a single topic and history noise is
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Table 3: Ablation studies for EvoRAG. The best and second best results are in bold and underlined. R-1 is short for ROUGE-1.

Method TopiOCQA QReCC INSCIT CORAL

F1 ROUGE-L R-1 F1 ROUGE-L R-1 F1 ROUGE-L R-1 F1 ROUGE-L R-1

EvoRAG 26.8 24.7 25.8 24.0 23.3 25.9 26.8 25.0 28.3 25.1 21.2 24.0
w/o Expanding Passages 26.3 24.4 25.5 22.4 22.2 24.7 26.2 24.5 27.6 25.5 21.4 24.4
w/o History Summary 26.4 24.6 25.6 23.4 23.3 25.8 26.8 25.3 28.3 25.9 21.6 24.4
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Figure 4: Experimental results for the impact of the graph.

minimal. However, their reliance on raw history concatenation
becomes a limitation in multi-topic datasets, where irrelevant turns
introduce noise. Conversely, while CQRmethods can mitigate noise
through query rewriting, they often lose valuable context infor-
mation. EvoRAG overcomes both limitations through its dual-path
retrieval and evolving graph, achieving strong performance in both
single-topic and complex multi-topic conversations.

6.1.2 Generated ResponseQuality. Table 2 presents the generation
results of EvoRAG and baselines across four public conversational
RAG datasets. We have the following observations:

(1) EvoRAG consistently achieves strong generation performance
across all datasets, which aligns well with its retrieval performance.
Overall, better retrieval quality tends to translate into better gener-
ation results, with relative gains of 10.3% and 0.4% in F1 on Topi-
OCQA and QReCC, respectively when compared to the second-best
performing baseline. However, on the INSCIT and CORAL datasets,
despite EvoRAG achieving superior retrieval performance, its gener-
ation results are comparable to the second-best performing baseline.
This discrepancy may be attributed to limitations in the rewritten
questions and the summary of the conversation history, which
could hinder the generator from fully capturing the user’s intent
and thereby constrain the quality of the generated responses.

(2) Compared to the CQR-based approach, we observe that the
CDR-based approach demonstrates unexpectedly strong perfor-
mance when the generator receives both the retrieved passages
along with the conversation history and the current question. For
instance, while ConvDR shows inferior retrieval performance on
datasets such as TopiOCQA, INSCIT, and CORAL, it achieves no-
tably high generation quality, with F1 scores of 24.3, 27.3, and 24.4,
respectively. We attribute this to its ability to leverage the conversa-
tion history, which helps the generator better understand the user’s
current query intent and generate more coherent responses.

6.2 Further Analysis
6.2.1 Ablation Study. To better understand the contributions of
each component within EvoRAG, we conduct a comprehensive ab-
lation study on the four public conversational RAG datasets. From
the ablation results of the Table 3, we can see: (1) Removing the
passage expansion module, which leverages the evolving graph to
incorporate historically relevant passages, results in F1 drops of
0.5, 1.6, and 0.6 on TopiOCQA, QReCC, and INSCIT, respectively.
These declines underscore the value of integrating useful passages
from earlier turns for maintaining topical continuity and improving
response quality. Interestingly, on CORAL, the absence of passage
expansion slightly improves F1 (from 25.1 to 25.5), likely because
its conversations are more self-contained, reducing the need for
historical passage expansion. (2) Removing the history summary,
which synthesizes candidate history and candidate entities, leads
to notable F1 drops of 0.4 and 0.6 on TopiOCQA and QReCC, re-
spectively. This highlights the history summary’s dual function:
maintaining dialogue flow for coherence and preserving essential
factual information for generating accurate responses. In contrast,
for INSCIT and CORAL, incorporating the history summary offers
limited or even negative effects. This discrepancy is likely attribut-
able to the lower quality of the generated summaries, which may
introduce noise or distort relevant context, thereby impeding rather
than aiding downstream response generation.

6.2.2 Impact of the Graph. Figure 4 illustrates the impact of the
evolving knowledge graph on the performance of EvoRAG across
four datasets. The graph-based approach demonstrates significant
improvements in both retrieval and generation metrics, highlight-
ing the importance of the evolving graph in modeling conversa-
tional context. In the retrieval task, the graph notably enhances
performance by effectively tracking the dialogue flow and identify-
ing topically relevant information, especially in scenarios where
topic drift and history noise are prominent. In generation tasks, the

443



Evolving Graph-Based Context Modeling for Multi-Turn Conversational Retrieval-Augmented Generation CIKM ’25, November 10–14, 2025, Seoul, Republic of Korea

2-4 5-7 8-10 11-13 14-16
Current Turn

0
2
4
6
8

10
12
14
16

R
el

ev
an

t T
ur

ns

TopiOCQA
Semantic Only

Overlap

Graph Only

Semantic Retrieval

Graph Retrieval

Dual-Path Retrieval

2-4 5-7 8-10 11-12
Current Turn

0

2

4

6

8

10

12

14

R
el

ev
an

t T
ur

ns

QReCC
Semantic Only

Overlap

Graph Only

Semantic Retrieval

Graph Retrieval

Dual-Path Retrieval

2-3 4-5 6-7
Current Turn

0

1

2

3

4

5

6

7

R
el

ev
an

t T
ur

ns

INSCIT
Semantic Only

Overlap

Graph Only

Semantic Retrieval

Graph Retrieval

Dual-Path Retrieval

2-5 6-9 10-13 14-17 18-20
Current Turn

0

5

10

15

20

R
el

ev
an

t T
ur

ns
CORAL

Semantic Only

Overlap

Graph Only

Semantic Retrieval

Graph Retrieval

Dual-Path Retrieval

20.0
22.5
25.0
27.5
30.0
32.5
35.0
37.5
40.0

N
D

C
G

@
3

10.0
15.0
20.0
25.0
30.0
35.0
40.0
45.0
50.0

N
D

C
G

@
3

20.0
22.5
25.0
27.5
30.0
32.5
35.0
37.5
40.0

N
D

C
G

@
3

20.0
22.0
24.0
26.0
28.0
30.0
32.0
34.0
36.0
38.0
40.0

N
D

C
G

@
3

Figure 5: Analysis of Dual-Path Retrieval. The histogram
shows the relevant history turns retrieved by each path, and
the curve shows retrieval performance using those turns.

graph contributes to better generation performance by enabling
the model to focus on relevant passages, ensuring coherent and
contextually grounded responses. The graph’s ability to denoise
history and dynamically expand evidence makes it particularly ef-
fective in long-context conversations, addressing the limitations of
unstructured conversational context.

6.2.3 Analysis of the Dual-Path Retrieval. Our analysis of the Dual-
Path Retrieval, as shown in Figure 5, reveals distinct yet comple-
mentary patterns in conversational context modeling.

In the earlier conversation turns, both the Semantic-Aware Turn
Retrieval and Graph-Based Entity Extraction paths show strong
alignment in selecting relevant historical turns. This convergence
occurs because the brief conversation history contains clear seman-
tic cues without significant topic shifts, allowing both methods to
effectively identify dependencies. Once the conversation reaches
its later stages, the two paths begin to diverge noticeably. As the
conversation flows, accumulated noise and topic shifts create am-
biguity that challenges purely semantic retrieval. While semantic
similarity becomes less reliable, the graph-based path maintains ro-
bustness by tracking relations among conversational turns through
the evolving graph, prioritizing logically central nodes to preserve
important information despite topic shifts. The findings highlight
the complementary nature of semantic retrieval and graph retrieval:
the former ensures immediate relevance, while the latter maintains
cross-turn consistency. Their integration allows EvoRAG to out-
perform any single retrieval path, demonstrating the advantage of
hybrid context modeling in conversational RAG.

6.2.4 Analysis of the Expanded Passages. Conversational context
exhibits a key property: there exists a significant overlap between
the golden passages of the current turn and those from previous
historical turns. Table 4 clearly illustrates this, showing overlap
rates of 22.0%, 38.6%, 23.8%, and 9.6% across the four datasets. By
exploiting this characteristic, our graph-based passage expansion
mechanism is able to recover relevant passages from the earlier

Table 4: Analysis of expanded passages. # Queries denotes test
turns. # Qrels denotes turns with golden passages. # Repeated
Qrels denotes turns with overlapping golden passages from
historical turns. # Successful denotes turns where graph-
based passage expansion recovers missed golden passages

Dataset # Queries # Qrels # Overlap Qrels # Successful

TopiOCQA 2514 2514 554 (22.0%) 297 (11.8%)
QReCC 16451 8209 3166 (38.6%) 1126 (13.7%)
INSCIT 2767 2706 644 (23.8%) 85 (3.1%)
CORAL 6480 3778 362 (9.6%) 58 (1.5%)

turns that the retriever often misses. Our results show that in 11.8%,
13.7%, 3.1%, and 1.5% of turns in TopiOCQA, QReCC, INSCIT, and
CORAL, respectively, the evolving graph successfully helps find
historically significant passages that are missed by the current turn
retrieval but align perfectly with the current query intent. These
findings strongly demonstrate the necessity of structured modeling
of conversational context to fully capture and utilize the relevant
historical information. By maintaining and leveraging the evolving
graph, EvoRAG addresses two key challenges simultaneously: it
reduces the risk of missing persistently relevant passages while
enhancing the coherence of generated responses through the struc-
tured representation of the conversational context.

7 Conclusion and Future Work
In this paper, we introduce EvoRAG, a novel framework that ad-
dresses the challenges of multi-turn conversational RAG by dy-
namically maintaining an evolving knowledge graph to model the
logical relations among user queries, system responses, and rele-
vant passages across conversational turns. EvoRAG’s three core
components—dual-path retrieval, unified knowledge integration,
and graph-enhanced retrieval and generation—collectively enable
precise context denoising, accurate retrieval, and coherent response
generation. The success of EvoRAG highlights the importance of
structured representation in conversational RAG, providing both a
scalable architecture and an interpretable approach for improving
retrieval performance and response quality. Future work could ex-
plore further optimizations for real-time graph updates and broader
applications in dynamic dialogue systems.
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