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Abstract

Conversational search aims to satisfy users’ complex informa-
tion needs via multiple-turn interactions. The key challenge
lies in revealing real users’ search intent from the context-
dependent queries. Previous studies achieve conversational
search by fine-tuning a conversational dense retriever with rel-
evance judgments between pairs of context-dependent queries
and documents. However, this training paradigm encounters
data scarcity issues. To this end, we propose ConvMix, a
mixed-criteria framework to augment conversational dense
retrieval, which covers more aspects than existing data aug-
mentation frameworks. We design a two-sided relevance judg-
ment augmentation schema in a scalable manner via the aid
of large language models. Besides, we integrate the frame-
work with quality control mechanisms to obtain semantically
diverse samples and near-distribution supervisions to combine
various annotated data. Experimental results on five widely
used benchmarks show that the conversational dense retriever
trained by our ConvMix framework outperforms previous base-
line methods, which demonstrates our superior effectiveness.

Introduction
Conversational search aims to satisfy users’ complex informa-
tion needs via multiple-turn interaction in natural languages.
The central hurdle lies in accurately understanding users’
genuine search intent in the conversational session, given that
their queries are context-dependent and prone to linguistic
issues like omission, coreference, and ambiguity (Gao et al.
2022; Mo et al. 2025b).

When tackling conversational search, an intuitive approach
is to use the conversational query rewriting (CQR) technique
that breaks down the task by employing a query rewrite
model to convert the query of the current turn into a de-
contextualized one and then conducting an ad-hoc search
retriever with the rewritten query (Elgohary, Peskov, and
Boyd-Graber 2019). This approach allows for the use of ex-
isting retrievers for the search process. However, the CQR
paradigm is challenging to directly optimize the rewriting
towards search, due to the training signals do not directly
impact the downstream retrieval tasks (Wu et al. 2022; Mo
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et al. 2023a; Mao et al. 2023b; Ye et al. 2023; Mao et al.
2023a; Yoon et al. 2024). Another paradigm is to conduct
conversational dense retrieval (CDR) that aims to train a con-
versational dense retriever to grasp the search intent by im-
plicitly learning the latent representations of encoded queries
and documents, which enable the model to naturally learn
the relevant patterns between context-dependent queries and
documents based on the relevance judgment signals (Yu et al.
2021; Kim and Kim 2022; Mao et al. 2023c; Jin et al. 2023;
Mo et al. 2024c; Lupart, Aliannejadi, and Kanoulas 2025).
Although these approaches achieve recognized improvements
in conversational search, they encounter the data scarcity is-
sue (Mao et al. 2022; Dai et al. 2022). This is because the
conversational search engines are not widely deployed, and
thus the available user query logs to generate relevance judg-
ments for dense retriever training are not as abundant as the
ad-hoc search scenarios (Bajaj et al. 2016).

Constructing conversational search datasets manually is a
costly and difficult endeavor, so an intuitive alternative to en-
rich the training data is to automatically augment the existing
data. Some prior studies (Mao et al. 2022; Dai et al. 2022)
attempt to generate additional annotated data, but the genera-
tion process remains complex and relies on the assumption
that a substantial amount of relevant in-domain data is avail-
able to build data augmentation frameworks, which is infea-
sible for scalable data augmentation. Recent studies (Huang
et al. 2023; Mo et al. 2024d) aim to augment existing datasets
with the aid of large language models (LLMs) for scalable
generation, following the principle of reusing existing man-
ually annotated data in conversations. However, these ap-
proaches simply instruct the LLMs for data generation from
a single aspect, e.g., providing the few-shot examples, which
cannot control and improve the diversification of the gener-
ated data. Chen et al. (2024) further develops a generalized
data augmentation framework for conversational dense re-
trieval via LLM-cognition with a quality control mechanism
to filter out those noisy and intent shift turns. However, it
encounters the data distribution shift issue when combining
multiple types of annotated data, i.e., the original human-
annotated data and the LLM-generated ones (in different
criteria), for model training. This should be alleviated by
considering the near-distribution signals for direct utilized
impact from the generated data samples (Peng et al. 2024; Di-
etz et al. 2025). Thus, an effective framework for augmenting
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System Multi-aspect LLM for Quality Near-Dist.
Augmentation Scalable Control Supervision

DialogInpaint ✓ ✗ ✗ ✗
Converser ✗ ✓ ✗ ✗
ConvTrans ✗ ✗ ✗ ✗
ConvSDG ✓ ✓ ✗ ✗
ConvAUG ✗ ✓ ✓ ✗

ConvMix (Ours) ✓ ✓ ✓ ✓

Table 1: The contained criteria comparison between ours
and existing systems DialogInpaint (Dai et al. 2022), Con-
verser (Huang et al. 2023), ConvTrans (Mao et al. 2022),
ConvSDG (Mo et al. 2024d), ConvAUG (Chen et al. 2024),
including whether support for various criteria.

conversational dense retrieval should mix multiple principles,
including multi-aspect augmentation, scalable generation,
quality control, and near-distribution supervision to apply to
conversational context-dependent queries and their associated
relevance judgments.

To address the data scarcity issue and the difficulty of
data augmentation for conversational dense retrieval, we
propose ConvMix, a mixed-criteria framework to augment
conversational dense retrieval, whose supported criteria are
overlooked in previous studies, as shown in Table 1. Since
generating the search-oriented conversational session and
its corresponding relevant documents simultaneously is in-
feasible for LLMs (Clarke and Dietz 2024; Balog, Metzler,
and Qin 2025), we design a bidirectional relevance judgment
augmentation from both query and document aspects: (i) gen-
erating augmented data from the existing manual relevance
judgments by reformulating the corresponding conversational
context-dependent queries; and (ii) generating pseudo gen-
erative relevance feedback (Mackie, Chatterjee, and Dalton
2023) by rewriting the relevant documents in terms of associ-
ated queries. This is achieved by deploying a generative LLM
for scalable generation. Then, a quality control mechanism is
designed to select qualified samples based on the aspects of
semantic diversity. Besides, a near-distribution supervision
mechanism is applied to select the model parameter-sensitive
samples from the bidirectional augmented and the original
data based on utilization estimation.

With the augmented data via scalable generation and qual-
ity selection from our ConvMix framework, we leverage
these generated data with the original ones to train conver-
sational dense retrievers and evaluate on five widely used
conversational search benchmarks. The experimental results
show that our ConvMix outperforms previous strong base-
lines with various techniques and demonstrate the superior
effectiveness of our proposed framework.

Our contributions are summarized as follows:
(1) We propose a mixed-criteria data augmentation frame-

work for conversational dense, which supports scalable multi-
aspect augmentation by reusing existing conversational ses-
sion data and relevance judgments from query and document
sides based on LLMs.

(2) We design a quality control mechanism to select qual-
ified samples from the aspects of increasing the diversifica-

tion of generated content and a near-distribution supervision
mechanism to select the model parameter-sensitive sample
based on utilization estimation.

(3) We conduct experiments on five widely used conversa-
tional search benchmarks with different settings and demon-
strate the effectiveness of our approach by outperforming
existing baseline methods.

Related Work
Conversational Search
Two main research lines in the literature are conducted
for conversational search: (i) conversational query rewrit-
ing (CQR) and (ii) building a conversational dense retriever
(CDR). The CQR methods aim to convert the context-
dependent queries into stand-alone ones and reuse any ex-
isting ad-hoc search retrievers (Elgohary, Peskov, and Boyd-
Graber 2019; Meng et al. 2025). Earlier CQR studies at-
tempted to select useful tokens from the conversation con-
text (Voskarides et al. 2020; Fang et al. 2022) or train a query
rewriter with conversational sessions to mimic the human
rewrites (Yu et al. 2020; Lin et al. 2020; Vakulenko et al.
2021). To mitigate the discrepancy between rewriter training
and the downstream search task, some studies adopt rein-
forcement learning (Wu et al. 2022; Chen et al. 2022) or
exploit the ranking signals with the rewriting model train-
ing (Mo et al. 2023a; Mao et al. 2023b; Mo et al. 2023b;
Yoon et al. 2024). Recent LLM-based methods generate the
query directly rewrites for retrieval (Ye et al. 2023; Mao et al.
2023a; Mo et al. 2024e, 2026) or to generate high-quality
pseudo queries as supervision signals for rewrite model train-
ing (Jang et al. 2023; Mo et al. 2024a; Lai et al. 2024). The
CDR methods (Yu et al. 2021; Lin, Yang, and Lin 2021; Mao,
Dou, and Qian 2022; Jin et al. 2023; Cheng, Mao, and Dou
2024; Mao et al. 2024; Lupart, Aliannejadi, and Kanoulas
2025; Cheng et al. 2024; Mo et al. 2025a) directly encode
the whole conversational search session into the model to
perform end-to-end dense retrieval (Kim and Kim 2022; Mo
et al. 2024c). This paradigm highly relies on the quantity
and quality of the training samples with relevance judgment,
and a series of studies aim to augment the training data from
different aspects (Dai et al. 2022; Mao et al. 2022; Huang
et al. 2023; Mo et al. 2024d; Chen et al. 2024).

Data Augmentation in Dense Retrieval
The quantity and quality of data hold significant value for
dense retrieval. The development of LLMs provides the op-
portunity for scalable approaches to generate data for ad-hoc
search models: to generate queries from a document (Bonifa-
cio et al. 2022; Dai et al. 2023), to generate a document from
a query (Gao et al. 2023; Mackie, Chatterjee, and Dalton
2023; Wang, Yang, and Wei 2023), etc. In the context of con-
versational search, the data generation framework should also
consider the consistency of the conversational sessions (Joko
et al. 2024; Li et al. 2025). In addition, a crucial point is
to consider the data distribution between the original data
sample and the augmented parts from different annotated cri-
teria (Mo et al. 2024d), which requires avoiding generating
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homogeneous data and obtaining near-distribution supervi-
sion (Peng et al. 2024). Besides, applying quality control
mechanisms to select qualified samples is effective to reduce
noise (Chen et al. 2024). Our proposed ConvMix is a mixed-
criteria framework that addresses and covers all these aspects,
which are overlooked in previous studies.

Motivation
Task Formulation
Conversational search systems aim to identify relevant docu-
ments d+ from a large collection C in response to the current
query (n-th) qn. This process is based on the context pro-
vided by the ongoing conversation session X = {qi}n−1

i=1 .
Each query turn within a session depends on the preceding
context, necessitating the conversational retriever to possess
the capability to comprehend the user’s search intent. Thus,
having access to high-quality and adequate conversational
search session data is important for model training. The goal
of augmenting conversational dense retrieval is to generate
new session data X aug = {q′i}ni=1 with corresponding rele-
vant query-document pairs {(q′i, d′i)}ni=1. Then, the combined
annotated data {X} ∪ {X aug} from existing data {X} and
the automatically augmented data {X aug} could be used for
fine-tuning conversational dense retrieval.

Diversity-Augmented Conversational Sessions
We conduct preliminary experiments to investigate whether
augmenting the data from existing annotated datasets by
increasing the diversity of conversational sessions can im-
pact the dense retrieval performance. The principle is mo-
tivated by data augmentation in the field of computer vi-
sion, which involves rotating the original photo (Mikoła-
jczyk and Grochowski 2018). In a similar pattern, we treat
each conversational session as a photo, and achieving ro-
tation for data augmentation by reordering the query turns
in topic level. Concretely, given an existing conversational
session s = {T1, T2, . . . , Tt} with t topics, where each topic
Ti ∈ s would contain several query turns qi, we apply ran-
dom shuffle operation π(·) as a permutation function to
the topic order in this conversational session to obtain a
new one s′, i.e., s = π(s′). As a result, the new session
s′ = {Tπ(1), Tπ(2), . . . , Tπ(t)}, π ̸= id, is a permutation of
the original session s, i.e., they are content-equivalent but
order-different. By applying this operation on all conversa-
tional sessions X in the original dataset, we obtain double the
data X aug

DA = {X} ∪ {X ′
DA} by augmenting from the content

diversification aspect. Then, we conduct conversational dense
retriever fine-tuning with augmented data X aug

DA and dense
model ANCE (Xiong et al. 2020), which is evaluated on two
datasets with available topic information, TopiOCQA (Ad-
lakha et al. 2022) and QReCC (Anantha et al. 2021). The
results are shown in Table 2, where we can observe that aug-
menting existing datasets by increasing the diversity of con-
versational sessions can improve the performance of the con-
versational dense retriever. With the validated conjecture, we
continue to investigate the augmenting conversational dense
retrieval by increasing content diversification and achieving
quality control with mixed-criteria.

TopiOCQA QReCC

MRR R@10 MRR R@10

Original 22.9 43.0 46.3 70.4
+ Augmentation 29.8 49.2 49.1 72.5

Table 2: Preliminary experiments on diversity-oriented aug-
mented conversational search data on two datasets.

Methodology
Overview
Augmenting conversational dense retrieval training data with
multiple criteria is a non-trivial task. The augmented data
generation should be aware of various aspects, including
multi-aspect augmentation (Balog, Metzler, and Qin 2025)
in a scalable way (Mo et al. 2024d), data quality control by
filtering noisy samples (Chen et al. 2024), and obtain near-
distribution supervision to fit different types of annotated
data (Peng et al. 2024). By considering all these aspects,
we propose ConvMix, a mixed-criteria framework to aug-
ment conversational dense retrieval data, whose overview is
presented in Figure 1. Several components are integrated in
our ConvMix, including (i) augmenting relevance judgment
from two-sides by reformulating context-dependent query
and rewriting its relevant documents, (ii) selecting seman-
tic diversity samples by clustering to increase the diversifi-
cation of generated data content, and (iii) selecting model
parameter-sensitive sample with near-distribution supervision
by utilization estimation.

Bidirectional Relevance Judgment Augmentation
One crucial criteria is to conduct data augmentation from
multiple aspects to increase the diversification of the gener-
ated content in a scalable manner. However, even with the
advanced LLMs, it is still infeasible to generate the search-
oriented conversational session and its corresponding relevant
documents simultaneously (Clarke and Dietz 2024; Sekulić,
Alinannejadi, and Crestani 2024) and increasing the diversity
of the generated results (Peng et al. 2024). To reduce the
difficulty for LLMs and fully leverage the existing annotated
datasets, we conduct data augmentation from two directions
to separate the generation of conversational sessions and rel-
evance judgment annotations, which can also generate data
from multiple aspects to increase the diversity.

On one hand, we augment the data from the query side
as ConvMix-Q variant, which aims to reuse the annotated
relevance judgments in existing datasets by reformulating the
context-dependent queries. We expect the reformulated query
turns qref

n into another expression could keep the same search
intent as the original one qn, and then enhance the diversity
of the generated new session after applying on every query
turn. On the other hand, we conduct data augmentation from
the existing relevant documents side as ConvMix-D variant,
where we rewrite each relevant document d+n for its associ-
ated query turn qn and its conversational context {qi}n−1

i=1 .
The rewritten relevant documents dref

n serve as generative
relevance feedback (Mackie, Chatterjee, and Dalton 2023),
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Figure 1: Illustration of our ConvMix framework, including bidirectional augmentation, two quality control mechanisms with
semantic and utilization selection, and mixing original and augmented data for conversational dense retrieval fine-tuning.

which do not exist in the collection but share the same se-
mantic information as the original documents. Although the
rewritten relevant documents might contain wrong informa-
tion or hallucination, it can still benefit to learn the semantic
representation match for retriever model training (Bonifacio
et al. 2022; Peng et al. 2024). Eventually, the relevance judg-
ments are augmented from both sides based on the existing
datasets, which can be formulated as

qref
n = LLM(qn|{qi}n−1

i=1 ), d
ref
n = LLM(d+n |{qi}n−1

i=1 , qn)

where the ({qi}n−1
i=1 ◦ qn, d+n ) is the available relevance judg-

ment in the existing datasets.
To scale up the size of the augmented data, an intuitive ap-

proach is to produce multiple reformulated queries or rewrit-
ten documents, i.e., m variant of qref

n and dref
n would be gen-

erated as {qref
n }m1 and {dref

n }m1 (m > 1), in ConvMix-Q
and ConvMix-D, respectively. The generated data from both
sides corresponding to all turns consists of the augmented
set X aug. Then, the follow-up question is how to control the
quality and select the utilized ones of the generated data.

Clustering for Semantic Diversity Sample Selection
The pseudo data generated by LLM might be homogeneous
and thus using them for model training would result in over-
fitting and compromise the model’s robustness (Peng et al.
2024). Therefore, increasing the diversification of the gener-
ated sample is crucial to mitigate this issue (Wang et al. 2025).
However, the common practice to improve the diversity of
the generated content is to adjust the temperature hyperpa-
rameter within the generative models, which does not directly
impact the semantic diversity. To this end, we leverage clus-
tering to select the generated data sample from the semantic
diversity aspect. Specifically, with m generated content, e.g.,
reformulated queries {qref

n }m1 or rewritten relevant documents
{dref

n }m1 , for each (n-th) turn, a k-means clustering algorithm
is used to partition them into k disjoint clusters as

C = {C1, C2, . . . , Ck},
k⋃

i=1

Ci = {qref
n }m1 or {dref

n }m1

where Ci ∩ Cj = ∅ for i ̸= j.
Then, from each cluster Ci, one item is randomly sam-

pled as xDiv
ni ∼ Uniform(Ci). The final output set xDiv

n

⊆ {qref
n }m1 /{dref

n }m1 contains k augmented data samples and
the whole procedure is formulated as

xDiv
n =

{
xDiv

ni ∼ Uniform(Ci)
∣∣Ci ∈ Clusterk(X gen)

}
where X gen could be either {qref

n }m1 or {dref
n }m1 . Based on the

hyperparameter k, we can obtain k-fold augmented data from
both the reformulated query qref

n and the rewritten relevant
document dref

n sides.

Utilization Estimation for Near-Distribution
Supervision Selection via Fisher Information
Mixing data with various annotated types, i.e., the bidirec-
tional augmented data and the original data, for model train-
ing might result in data distribution drift (Guilhaumon et al.
2024; Zhang et al. 2025). To mitigate this potential issue,
the crucial solution is to obtain near-distribution supervi-
sion (Peng et al. 2024) by selecting those samples that are
“most useful for model update” to ensure that the training with
augmented data is both efficient and less noisy, and better
impact on the utilized fitting of model parameters (Liu et al.
2020). Intuitively, a data sample that is highly sensitive to the
model’s output is considered to carry significant information
and thus such a sample is closer to the ideal data distribution
and should thus be selected.

To achieve it, we leverage Fisher Information Matrix
(FIM) (Fisher 1922) to measure the sensitivity of model
parameter estimation in terms of a given augmented data
sample from the previous selected set {XDiv}. As shown in
Algorithm 1, we compute the FIM score for each pseudo-
labeled relevant query-document pair (qref

n , dref
n ) by estimating

the squared gradient norm of the prediction loss based on an
ad-hoc search model used for conversational dense retrieval
fine-tuning later. The top-k pairs with the highest scores are
retained for downstream training, as they are assumed to pro-
vide the most informative updates to the model parameters.
Eventually, the final mixed augmented datasets with near-
distribution supervision are used for conversational dense
retriever training as a combination ConvMix-Combine.

Conversational Dense Retrieval Fine-Tuning
With the augmented data {X aug}, we perform conversa-
tional dense retrieval fine-tuning together with the original
data {X} in a semi-supervised learning paradigm. “Semi-
supervised” means we combine the original data points with
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Algorithm 1: Utilized Selection via Fisher Information

Require: Pseudo-labeled query-document pairs XDiv
n =

{(qref
1 , dref

1 ), . . . , (qref
m , dref

m )} by data augmentation for a
query turn qn, retrieval model f(·, ·; θ), top-k value k

Ensure: Selected final augmented set X aug
n

1: Initialize empty list L ← [ ]
2: for each (qref

i , dref
i ) ∈ XDiv

n do
3: Compute similarity score si = f(qref

i , dref
i ; θ)

4: Set retrieval score ri = f(qi, d
ref
i ; θ) or f(qref

i , d+i ; θ)
5: Compute loss ℓi = Loss(si, ri)
6: Compute gradient∇θℓi via backpropagation
7: Estimate Fisher information Fi = ∥∇θℓi∥2
8: Append (qref

i , dref
i , Fi) to L

9: end for
10: Sort L in descending order by Fi

11: Select top k pairs to form X aug
n

12: return X aug
n

manual labels and the generated data points without manual
labels for model training, which enables the augmented parts
with consistency regularization. We employ a widely used
ad-hoc search retriever, ANCE (Xiong et al. 2020), which
serves as both the query and document encoder, denoted as
FQ and FD, respectively. In this process, we consider all pre-
ceding queries within the same session to concatenate with
the current query turn as the session representation qconcat

n as

qconcat
n = q1 ◦ · · · qi · · · ◦ qn−1 ◦ qn, i ∈ [1, n− 1] (1)

where ◦ denotes concatenation. Then, a similarity function
S based on dot product is applied to score a candidate docu-
ment d as Eq. 2. During the training phase, we update only
the query encoder, while the document encoder is frozen. We
follow the simplest fine-tuning principle with only in-batch
negatives, which aims to directly reflect the impact of the
augmented data rather than involving other advanced tech-
niques in fine-tuning, e.g., hard negatives mining (Kim and
Kim 2022) or injecting other signals (Mo et al. 2024b).

S(qconcat
n , d) = FQ(q

concat
n )T · FD(d) (2)

The final training objective follows the widely used con-
trastive learning loss as

L =
eS(qconcat

n ,d+)

eS(qconcat
n ,d+) +

∑
d−
n ∈C− eS(qconcat

n ,d−)
(3)

where the d+ and d− denote the positive and negative sam-
ples for each query turn. During the inference, we perform the
Approximate Nearest Neighbors search based on the dense
index using Faiss (Johnson, Douze, and Jégou 2019).

Experiments
Experimental Setup
Datasets and Evaluation Metric. We use five conversational
search datasets to evaluate our methods in different settings.
All datasets contain relevance judgments for each original
query, and the detailed statistical information is provided in

the Appendix. The TopiOCQA (Adlakha et al. 2022) and
QReCC (Anantha et al. 2021) datasets are used to produce
augmented data on top of their original relevance judgment
annotations and conversational sessions. Then, the original
data and the augmented data are combined to train conversa-
tional dense retrievers for the usual training-test evaluation.
The three datasets (Dalton, Xiong, and Callan 2020, 2021,
2022) with only a few samples are used for out-of-domain
evaluation (i.e., directly apply the models trained on Topi-
OCQA to the CAsT datasets). For a thorough comparison
with existing systems, we use four standard metrics: MRR,
NDCG@3, Recall@10, and Recall@100 to evaluate the re-
trieval effectiveness. Significance tests are conducted using
paired t-tests at p < 0.05 level compared to the main competi-
tors. We adopt the pytrec_eval tool (Van Gysel and de Rijke
2018) for metric computation.
Baselines Methods. We compare our method with two cate-
gories of baselines: data augmentation methods for conversa-
tional dense retrieval (Augmented CDR), and conversational
dense retrieval approaches with advanced fine-tuning tech-
niques (Advanced CDR). The first category serves as main
competitors, which includes the following systems: (1) Con-
vTrans (Mao et al. 2022): An approach to transform session
search data into conversational search data for data augmen-
tation. (2) ConvSDG (Mo et al. 2024d): A data augmentation
approach to generate session-level conversational sessions
with pseudo-relevant feedback as relevance judgments, and
(3) ConvAUG (Chen et al. 2024): a framework to generate
multi-level augmented conversations to capture the diverse
nature of conversational contexts via LLM with human cogni-
tion mechanism. The second line of advanced CDR includes
previous systems: (4) InstructorR (Jin et al. 2023): An unsu-
pervised conversational dense retrieval method by instructing
LLMs to produce LLM-based representation of the docu-
ments to serve as additional features. (5) SDRConv (Kim
and Kim 2022): a fine-tuning method with different mined
hard negatives. (6) ConvDR (Yu et al. 2021): A method to
leverage both conversational search data and manually rewrit-
ten queries as supervision signals for conversational dense
retrieval fine-tuning. (7) HAConvDR (Mo et al. 2024c): An
approach fine-tuned on context-denoising reformulated query
and additional signals from historical turns based on the im-
pact of retrieval effectiveness, and (8) QRACDR (Mo et al.
2024b): A query representation alignment conversational
dense retriever to align the query representation with those
of rewritten queries and relevant documents.
Implementation Details. We implement the conversational
dense retriever based on ANCE (Xiong et al. 2020) using
PyTorch and Huggingface libraries, ensuring all baseline sys-
tems are in a comparable setting. For data augmentation, each
query turn is reformulated and relevant documents are rewrit-
ten on Mistral-7B-Instruct-v0.3 (Jiang et al. 2023), whose
instruction templates are provided in the Appendix. The scal-
able relevance judgment augmentation is investigated from
1-fold to 10-fold.The top-k sample selection for semantic di-
versity clustering and the FIM score for near-distribution are
both set to 3. For conversational dense retrieval fine-tuning,
following previous studies (Yu et al. 2021; Mao et al. 2023c),
the lengths of the query turn, session query, and document
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Category Method TopiOCQA QReCC

MRR NDCG@3 Recall@10 MRR NDCG@3 Recall@10

Advanced CDR

InstructorR 25.3 23.7 45.1 43.5 40.5 66.7
SDRConv 26.1 25.4 44.4 47.3 43.6 69.8
ConvDR 27.2 26.4 43.5 38.5 35.7 58.2
HAConvDR 30.1 28.5 50.8 48.5 45.6 72.4
QRACDR 31.8 30.6 50.0 47.1 44.5 71.4

Augmented CDR

ConvTrans 28.6 27.4 48.1 48.2 46.9 70.6
ConvSDG 28.4 27.0 47.9 49.2 47.7 73.4
ConvAUG 35.0 33.3 57.9 52.7 50.4 75.6
ConvMix-Q 36.9 35.8 57.9 51.3 49.8 74.7
ConvMix-D 34.4 33.3 55.2 50.8 49.2 74.0
ConvMix-Combine 37.7 36.6 58.7 52.9 50.7 75.6

Table 3: Performance of different dense retrieval methods on two datasets. The number of training samples for our ConvMix-Q
and ConvMix-D is double that of the original datasets, as the methods in Advanced CDR. The training sample for the other three
main competitors, ConvTrans, ConvSDG, and ConvAUG, is the same as shown in Table 4. Bold indicates the best results.

Method Training Sample CAsT-19 CAsT-20 CAsT-21

MRR N@3 R@100 MRR N@3 R@100 MRR N@3 R@100

No Augmentation 45,450 66.2 40.1 29.2 42.5 26.5 31.6 46.7 29.1 37.4
ConvTrans 408,389 73.2 45.3 36.0 45.9 31.2 38.7 47.9 35.2 38.8
ConvAUG 136,858 - - - 45.0 30.7 38.4 54.8 36.8 45.9
ConvSDG 89,400 63.2 37.2 36.9 40.4 29.7 36.5 49.3 33.4 38.2

ConvMix-Q 90,900 64.5 37.8 36.6 45.4 32.6 39.1 49.9 34.6 42.5
ConvMix-D 90,900 67.4 41.4 36.3 44.7 31.5 38.3 58.3 37.6 46.3
ConvMix-Combine 136,350 68.2 44.3 36.8 46.1 33.0 39.7 60.3 38.4 47.2

Table 4: Out-of-Domain performance on three CAsT datasets. Bold and underline indicate the best and the second-best results.

are truncated into 64, 512, and 384, respectively, to fit the
majority of examples in the dataset. The batch size is set to 32
in accordance to our computational resources. We use Adam
optimizer with 1e-5 learning rate and set the training epoch
to 10. All experiments are conducted on four Nvidia V100
32G GPUs. More details are provided in our code repository:
https://github.com/fengranMark/ConvMix.

Overall Performance
We first conduct the standard training-testing evaluation on
TopiOCQA and QReCC, combining with the augmented data
based on the original dataset.

The overall performance is shown in Table 3. We can
observe that our ConvMix-Combine with data augmenta-
tion from combining reformulating query turns and rewriting
relevant documents achieves the best performance on both
datasets. Specifically, our ConvMix-Combine outperforms
the main competitors ConvTrans, ConvSDG, and ConvAUG
with 9.1%, 9.2%, and 3.3% absolute gains, respectively, on
TopiOCQA in terms of MRR score, which demonstrates the
effectiveness of augmenting the existing dataset from various
aspects. The superior performance might be attributed to the
quality control from the aspects of increasing semantic diver-
sity and utilization estimation via clustering and FIM scores.
The ConvMix-Q variant is consistently better than ConvMix-

D on two datasets, and they also outperform existing meth-
ods except for comparing to ConvAUG on QReCC, which
indicates the importance of quality control mechanisms in
ConvAUG and our ConvMix, while lacking in previous aug-
mented CDR methods. Besides, we can find that ConvAUG
and our ConvMix perform better than the previous advanced
CDR methods, which emphasizes the potential of augmenting
conversational dense retrieval via existing datasets. Further
investigation could find a better way to connect augmenting
CDR with advanced fine-tuned techniques.

Out-of-Domain Performance
We then conduct out-of-domain testing on three CAsT
datasets to evaluate the robustness of our ConvMix. The
results are shown in Table 4, where the used training sample
for each compared baseline is reported.

We can see that our ConvMix outperforms previous meth-
ods on two newer and more challenge datasets, CAsT-20 and
CAsT-21, and is on par with those that have similar training
samples on CAsT-19. The better performance achieved by
ConvMix with less training samples, which demonstrate its
efficiency in data usage and the higher generated data in our
mix-criteria framework. Besides, we observe similar results
that better performance could be obtained by combining re-
formulating query turns and rewriting relevant documents,
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Ablation TopiOCQA QReCC CAsT-19 CAsT-20 CAsT-21

MRR N@3 MRR N@3 MRR N@3 MRR N@3 MRR N@3

Full Model (ConvMix-Combine) 37.7 36.6 52.9 50.7 68.2 44.3 46.1 33.0 60.3 38.4
w/o Semantic Selection 36.2 35.1 50.6 48.9 66.4 40.2 45.2 31.9 57.8 37.0
w/o Utilization Selection 33.0 32.0 47.5 46.8 63.7 36.5 42.4 29.8 54.2 35.9
w/o Query-side Augmentation 34.4 33.3 50.8 49.2 67.4 41.4 44.7 31.5 58.3 37.6
w/o Doc-side Augmentation 36.9 35.8 51.3 49.8 64.5 37.8 45.4 32.6 49.9 34.6
w/o Original Data 32.2 32.9 46.2 45.3 60.1 35.1 36.7 25.1 48.0 31.1

Table 5: Ablation studies on five datasets within various components of our ConvMix.

i.e., ConvMix-Combine performs better than using either
ConvMix-Q or ConvMix-D alone, which indicates our data
augmentation framework can produce more diverse gener-
ated results from various aspects and effectively to mix them
via near-distribution supervision.

Ablation Studies
In this section, we conduct ablation studies to investigate the
effects of incorporating various components into our Con-
vMix framework, from the aspects of the quality control
selection and the used annotated data types. The results are
reported in Table 5.

In terms of the quality control mechanism, the semantic
diversity selection and the utilization estimation selection are
both effective across all datasets, indicating again the neces-
sity of selecting high-quality samples in the data augmenta-
tion schema. The utilization estimation selection contributes
more than the semantic diversity selection. The reason might
be that the utilization estimation for near-distribution supervi-
sion based on the FIM information can more directly impact
the model parameter updating and better fit the ideal data
distribution than enhancing the semantic diversity.

In the context of the usage of various types of annotated
data, we can observe that the original data is important to
prevent data distribution drift, while using the augmented data
alone can also achieve a competitive performance. Besides,
the augmentation from the query and document sides are
both effective. They can complement each other and further
boost the performance with a combination. This phenomenon
reveals that our ConvMix is robust to mix various annotated
data and fully exploits their contribution for obtaining clean
and near-distribution augmented data as supervision signals.

Ratio of Augmented Training Samples Impact
To study the impact of the amount of training data, we test the
performance of two variants of our ConvMix with different
augmented ratios. The results are shown in Figure 2.

We find that by increasing the augmentation scale of the
generated training data, the retrieval performance shows an
upward trend, but gradually becomes slower. The observation
indicates that although increasing the amount of augmented
training data can improve the effectiveness of the retrieval
model, simply increasing it cannot achieve better results. This
is because the noise and homogeneous information are also
increasing among the generated data. Thus, it is necessary to
improve the data quality for conversational dense retrieval
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Figure 2: Model performance at the MRR score with various
ratios of augmented training samples on two datasets.

by quality selection mechanisms, which demonstrate the im-
portance of our designed approaches via increasing semantic
diversity and estimating utilization scores for high-quality
sample selection.

Besides, we can also observe that the effectiveness of data
augmentation is more obvious on the TopiOCQA dataset than
on QReCC. This might be related to the original construction
of the dataset, where the TopiOCQA contains multiple top-
ics within a conversational session than QReCC. Thus, the
original TopiOCQA provides more abundant semantic infor-
mation and makes it more possible to achieve effective data
augmentation than QReCC. These phenomenon emphasizes
the importance of content diversity in augmented data.

Conclusion
In this paper, we introduce ConvMix, a mixed-criteria frame-
work to augment conversational dense retrieval with multi-
aspect augmentation in a scalable manner. To ensure the
highly-quality of the generated training sample, we improve
the content diversification from semantic aspect. We further
design a utilization estimation mechanism to obtain near-
distribution supervision to combine various annotated data for
effective conversational dense retrieval fine-tuning. The ex-
perimental results on five widely used conversational search
benchmarks demonstrate the effectiveness of our framework
by outperforming different existing baseline methods. Our
study shows the potential of using an LLM to generate ad-
ditional training data with multiple criteria for fine-tuning a
dense retriever, which enriches the already extensive body
of studies trying to exploit LLMs for search. More research
is still required to find the best way to leverage LLMs for
enhancing conversational search.
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