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Abstract

Conversational Recommender Systems (CRS) aim to provide
tailored recommendation responses via a chat interface, in-
cluding both the user’s preferred item and its accompany-
ing explanation. However, due to its generative nature, CRS
are prone to responding with factually incorrect explanations
(i.e., hallucinations). To solve this problem, we propose in-
corporating a passage retrieval module into CRS with the ob-
jective of enhancing the factuality and informativeness of sys-
tem responses. Specifically, we outline essential directions for
employing a passage retrieval module in CRS to address the
following critical issues: (1) the risk of passage retrieval not
aligning with the user preference; (2) the absence of supervi-
sion for training a passage retrieval module. As a solution, we
introduce ESPRESSO, a novel passage retrieval approach
for CRS, to effectively tackle the above issues with two core
ideas: adaptive item selection and relevance-based groupwise
learning. Our extensive experiments show that ESPRESSO
effectively resolves issues, achieving up to 36% higher Hit@3
accuracy than the best of 8 competing methods. Additionally,
we verify that leveraging passages retrieved by ESPRESSO
significantly improves the response quality of CRS.

Code — https://github.com/Bigdasgit/ESPRESSO

Appendix — https://github.com/Bigdasgit/ESPRESSO/
blob/main/AAAI_2025 _appendix.pdf

Introduction

Conversational Recommender Systems (CRS) feature a chat
interface that permits users to naturally express their pref-
erences, fostering a user-friendly experience (Li et al. 2018;
Zhou et al. 2020; Kim et al. 2023). The implementation of
CRS usually consists of two core components: (1) the rec-
ommendation module, which aims to predict the items that
a user is likely to prefer, and (2) the generation module, re-
sponsible for delivering recommendation responses (REC-
responses, in short) that contain not only a recommended
item but also an accompanying explanation for the item.

“This work was done while Hyeongjun Jang and Juwon Yu
were at Hanyang University. They are now working at KT.
Corresponding authors.
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: A retrieval-augmented CRS framework that fol-
lows our proposed directions.

The advancement of language models (Lewis et al. 2020a;
Touvron et al. 2023) has made CRS increasingly feasible.
However, since language models primarily rely on their in-
trinsic knowledge for generating responses (Lewis et al.
2020b), they are often prone to providing factually inaccu-
rate explanations regarding recommended items (i.e., hallu-
cinations), particularly when they lack sufficient knowledge
about the items. To address this issue, one could consider
employing retrieval-augmentation strategies (Lewis et al.
2020b). Specifically, given a dialog, these strategies are de-
signed to initially retrieve passages describing the features
of recommended items and subsequently generate a REC-
response by drawing upon the retrieved passages.

However, we point out that existing passage retrieval
methods studied in other fields (Karpukhin et al. 2020; Sun
et al. 2023; Wu et al. 2023) are insufficient for properly serv-
ing CRS in their original forms. This is because the primary
objective of CRS is to present items that the user prefers
along with suitable explanations (Li et al. 2018; Wang et al.
2022), but existing passage retrieval methods are neither de-
signed nor trained to retrieve passages that align well with
user preferences. Therefore, for the first time in the CRS do-
main, we explore directions for effective passage retrieval to
help CRS generate high-quality REC-responses as follows.



(Direction-1) The passage retrieval module for CRS
should retrieve passages related to the items that the user
prefers. For instance, if a user expresses a positive impres-
sion of ‘Jackie Chan’ in a dialog, the passage retrieval mod-
ule should retrieve passages related to his works (e.g., ‘Rum-
ble in the Bronx’) to improve the quality of the system’s re-
sponse. Therefore, as shown in Figure 1, we claim that the
passage retrieval module should utilize the items selected by
the recommendation module as its additional input.

(Direction-2) When generating a REC-response, the gen-
eration module in CRS needs to explain only the features
of the recommended items that the user wants to know (Lu
et al. 2021; Park et al. 2022). To support this, the pas-
sage retrieval module should be trained to retrieve passages
that describe relevant features for the recommended items
among the many passages in the corpus. However, manually
labeling which passages are relevant for generating REC-
responses requires significant human labor and cost (Sun
et al. 2023), especially in CRS, where REC-responses of-
ten involve lengthy descriptions. Therefore, as shown in Fig-
ure 1, we advocate training the passage retrieval module by
using pseudo-relevant passages, which are determined as
relevant by the labeling module.

To sum up, the passage retrieval module in CRS should
utilize: (1) the output of the recommendation module as ad-
ditional input and (2) the pseudo-relevant passages from the
labeling module as training labels. This approach is gen-
erally promising for improving passage retrieval accuracy.
However, we find that we occasionally miss opportunities
for further improvement if we naively utilize the results of
other modules (i.e., the recommendation module and the la-
beling module). Therefore, following our directions for pas-
sage retrieval, we propose two ideas to robustly utilize the
results of other modules by addressing potential errors aris-
ing from their mistakes.

(Idea-1) We can simply follow Direction-1 by using the
top-1 item predicted by the recommendation module as an
additional input for the passage retrieval module. However,
if the recommendation module happens to select the top-1
item that does not align with user preferences, the passage
retrieval module, depending only on this item, would fail to
retrieve the top-K passages related to the user’s preferred
item. Hence, we propose a novel method called adaptive
item selection, which selects a variable number of items
based on the confidence of the recommendation module.
Specifically, if the confidence of the recommendation mod-
ule for the top-1 item is high enough, only this item is se-
lected. Otherwise, the recommendation module selects more
items until sufficient confidence is ensured. By doing so, we
can increase the likelihood of including the user’s preferred
item while excluding less-preferred items.

(Idea-2) To follow Direction-2, we can identify passages
with the highest relevance to the ground-truth responses,
which are available only during training, as pseudo-relevant.
Then, as in existing passage retrieval methods for model
training (Karpukhin et al. 2020; Wu et al. 2023), we can
use contrastive learning that individually increases the score
of each pseudo-relevant passage than that of other passages.
However, we find that some pseudo-relevant passages might
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be mislabeled because the labeling module cannot always be
perfect. This risk necessitates a more-sophisticated learning
method to robustly train the passage retrieval module. There-
fore, we propose relevance-based groupwise learning, based
on the intuition that the likelihood of all elements within a
group of pseudo-relevant passages being irrelevant is much
lower than that of a single pseudo-relevant passage. Specif-
ically, this method first groups the pseudo-relevant passages
based on their relevance, then trains the model to ensure that
the average retrieval score of the grouped passages is higher
than that of other passages.

In summary, we propose ESPRESSO, short for
Enhanced paSsage retrieval apPRoach via adaptivE item
Selection and relevance-baSed grOupwise learning, for the
effective passage retrieval in CRS. To the best of our knowl-
edge, our adaptive item selection is the first method in CRS
to select a variable number of items to robustly utilize the
results of the recommendation module. Additionally, our
relevance-based groupwise learning is the first method in
CRS to apply the concept of grouping in contrastive learning
to robustly train the passage retrieval module.

To validate ESPRESSO, we perform extensive exper-
iments on two CRS datasets. Our findings show that (1)
each idea of ESPRESSO enhances passage retrieval ac-
curacy; (2) applying ESPRESSO to existing passage re-
trieval methods (Karpukhin et al. 2020; Izacard et al. 2021;
Wu et al. 2023) orthogonally improves their accuracy; (3)
ESPRESSO outperforms the best performer among 8 com-
peting methods dramatically by up to 35.91% in passage
retrieval accuracy; (4) the generation module can produce
higher-quality REC-responses with the aid of ESPRESSO.

Related Work

CRS models. CRS models aim to accurately predict user
preferences and provide natural REC-responses. ReDial (Li
et al. 2018) predicts user preferences using an autoencoder-
based module and generates responses through a hierarchi-
cal recurrent encoder-decoder. KBRD (Chen et al. 2019),
KGSF (Zhou et al. 2020), and UniCRS (Wang et al. 2022)
leverage knowledge graphs (KGs) to align users’ tastes
with recommendations by illustrating explicit relationships
between entities. UniMIND (Deng et al. 2023) employs
a unified module based on a pre-trained language model
with prompt-based learning techniques. KERS (Zhang et al.
2021) introduces a passage retrieval module trained on
automatically created pseudo-relevant passages. However,
KERS has notable limitations: (1) it does not use the rec-
ommendation module’s items to retrieve passages aligning
with user preferences; and (2) it does not consider the risks
that may exist in pseudo-relevant passages at all.

Passage retrieval methods. Numerous studies focus on
generating factually correct answers through passage re-
trieval. DPR (Karpukhin et al. 2020) retrieves relevant pas-
sages using a dual-encoder architecture. RAG (Lewis et al.
2020b) introduces retrieval-augmented generation, where
generation is supported by retrieved passages. DSI (Tay
et al. 2022) employs a differentiable function to produce
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Figure 2: The overview of our CRS framework enhanced by ESPRESSO.

passage identifiers in response to queries. Contriever (Izac-
ard et al. 2021) pre-trains the dual-encoder using contrastive
learning on the Inversed Cloze Task. RankGPT (Sun et al.
2023) leverages large language models for reranking pas-
sages from BM25. CoT-MAE (Wu et al. 2023) pre-trains the
dual-encoder using self-supervised and context-supervised
masked auto-encoding.

Proposed Framework

This section elaborates on a new CRS framework enhanced
via our passage retrieval approach, named ESPRESSO. As
illustrated in Figure 2, the overall process of our CRS frame-
work can be summarized as follows: (1) the recommenda-
tion module first predicts the user preferences based on the
dialog and additional information (e.g., profile), then selects
the items the user would prefer; (2) the passage retrieval
module retrieves top-K relevant passages based on the di-
alog and the selected items from the recommendation mod-
ule; (3) the generation module produces a REC-response by
referring to both the dialog and the top-K passages. Before
elaborating on our framework, we first introduce the nota-
tions used in this paper.

Notations

Let ¢ denote an item from an item set Z. A dialog between
a user and the system is denoted as D = [uy,ug, - ,ur],
where u; € D denotes an utterance at the ¢-th turn, and
T denotes the total number of utterances in the dialog D.
We also leverage a passage corpus C = {p1,p2,...,p|c|}
where each passage p € C describes an item ¢ € Z, and |C]|
denotes the total number of passages in C.

Recommendation module

The recommendation module performs in two phases: (1)
the preference estimation phase and (2) the adaptive item
selection phase.

Preference estimation. Given a dialog D, the recommenda-
tion module first predicts the preference score for each item
i € Z. To this end, we can adopt a well-established rec-
ommendation approach (Deng et al. 2023; Sun et al. 2019).
In this paper, we use a pre-trained language model, i.e.,
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BERT (Devlin et al. 2018; Sun et al. 2019) to encode a di-
alog D into a d-dimensional representation. Also, we lever-
age a user’s profile f (e.g., age and gender) to predict user
preferences more accurately:

§re¢ = w; - (BERT¢s([D : f])7, (1)
where ¢ ¢ is the preference score for item i, BERT ¢r5
is the output representation of the special token [CLS], and
w; € R% is the learnable representation for item ¢, which is
randomly initialized.

Adaptive item selection. The recommendation module
needs to select items that the user prefers and provide them
to the passage retrieval module. Here, we aim to include
items that the user truly prefers in the selection while ex-
cluding less-preferred ones to avoid unnecessary noise. To
this end, our idea adaptively selects a variable number of
items based on the confidence score for each item 7 € Z, ob-
tained from the preference estimation phase. This approach
is compared to existing CRS methods (Wang et al. 2022;
Deng et al. 2023), which typically select a fixed number of
items (e.g., the top-1 item). Specifically, if there is sufficient
confidence for the top-1 item, it selects only this item. Oth-
erwise, it proceeds to select more items until sufficient con-
fidence is ensured. To do so, we calculate a confidence score

C(4) for each item ¢ € Z based on the preference score §j}°¢
from Eq.1:
. exp(9;“°)
C@i) = NPT (2)
> iz exp(97°)

We assume that the higher the confidence score for item
1, the more likely it is that the user truly prefers item 3.
Then, we enlarge the selected pool by incrementally includ-
ing the items sorted in descending order of estimated user
preferences, starting from the top-1 item, until the cumula-
tive confidence score of the items in the selected pool ex-
ceeds a given threshold (see Figure 2-(a)). Specifically, we
define the set of finally selected items .S by the adaptive item
selection as the minimal number of items satisfying:

Z C(’L) > Oconfs
€S
where 0oy is the pre-defined threshold, ranging from 0%
to 100%. We will conduct a sensitivity analysis of the thresh-
old o,y ¢ for adaptive item selection in Appendix-RQ7.

3)



Passage retrieval module

We describe how ESPRESSO performs the top-K pas-
sage retrieval. Following Direction-1 in the Introduction, we
leverage both the dialog D and selected items S from the
recommendation module by concatenating them into the en-
hanced dialog D = [D : S]. Then, we encode the enhanced
dialog D and each passage p € C by employing the dual
encoder architecture (Karpukhin et al. 2020). The dual en-
coder is composed of two Transformer (Vaswani et al. 2017)
encoders, denoted as Ep(-) (resp, Ep(+)), to encode the en-
hanced dialog D (resp. a passage p) into d-dimensional rep-
resentations:

h” = Ep(D), b = Ep(p), )
where h” (resp. h?) is the d-dimensional representation of
the enhanced dialog D (resp. the passage p). Here, we can
utilize a pre-trained encoder from existing passage retrieval
methods (e.g., Contriever (Izacard et al. 2021) and CoT-
MAE (Wu et al. 2023)) as the initial parameters for Ep and
Ep. Next, we calculate the retrieval score g;et for each pas-
sage p € C via dot-product (Kim et al. 2022; Lee et al. 2021)

between the enhanced dialog representation h” and passage
representation h? (see Figure 2-(b)):
=h?. )"

ATEt (5)

Lastly, we retrieve the top-K passages with the highest
retrieval score 7%, denoted as R = [p1,pa, -+ ,pk]. We
assert that, by using the selected items .S from adaptive item
selection as additional input, the passage retrieval module
can effectively retrieve the top-K passages that align with
user preferences. We will analyze the effect of selected items
S on passage retrieval in Evaluation-RQ1.

Generation module

Given a dialog D and retrieved passages R from
ESPRESSO, the generation module aims to produce high-
quality REC-responses by referring to these retrieved pas-
sages. To this end, we employ the retrieval-augmented lan-
guage models (RALM) (Lewis et al. 2020b), enhanced by
our passage retrieval module (i.e., ESPRESSO). RALM
generates a response by using both the dialog D and rele-
vant passages R (see Figure 2-(c)):

Pr(yi‘Dapa Y1:i—1
PER

(6)
where y; is the i-th token to be generated from RALM,
p € R is a retrieved passage, n is the model parameters
of ESPRESSO, and 6 is the model parameters of the gen-
erative language model in RALM. Here, we can use well-
known pre-trained language models (Lewis et al. 2020a;
Touvron et al. 2023) as our generative language model.
Also, Pr,,(p|D, S) represents the probability of the retrieved
passage p calculated from ESPRESSO, based on retrieval
score g, from Eq.5. Pro(yi| D, p,y1.i-1) is the probability
of the ¢-th token y; calculated from the generative language
model, given the dialog D and retrieved passage p concate-
nated, and having generated up to the (i-1)-th token.

) = Z Pr,(p|D, S)Pro(y:| D, p, y1:i—1),
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As we have improved the quality of the top-K pas-
sages retrieved by ESPRESSO, our RALM is expected
to generate more-informative and factually-correct REC-
responses. The correlation between the quality of top-
K retrieved passages and that of REC-responses will be
confirmed in Evaluation-RQ4. Additionally, the superior-
ity of ESPRESSO for response generation is detailed in
Evaluation-RQ5 and Appendix-RQ8.

Training strategy

Now, we elaborate on the details of the training strategy for
the passage retrieval module. First, we describe how to ob-
tain pseudo-relevant passages. Then, we introduce our novel
training strategy, i.e., relevance-based groupwise learning.

Labeling module. Our labeling module automatically an-
notates the training labels for the relevant passages, i.e.,
pseudo-relevant passages, to train the passage retrieval mod-
ule. To this end, we label the passages that closely re-
semble the ground-truth response as pseudo-relevant pas-
sages (Zhang et al. 2021). This is because relevant passages,
which help generate a response to a given dialog, are likely
to have a high degree of keyword overlap (e.g., movie ti-
tle, actors, and director) with the response. Specifically, to
emphasize and complement the keywords in the response
r, we integrate additional information that shares the con-
text with response r. We concatenate the response r with
the target item ¢" and the user’s last utterance upr € D into
the enhanced response ¥ = [r : i" : ur|. Then, we use
BM25 (Robertson, Zaragoza et al. 2009) which effectively
captures lexical similarity and performs well without fine-
tuning, to calculate the pseudo-relevance score gjgse between
the enhanced response 7 and a passage p € C:
yh*e = BM25(7, p). @)
However, we pomt out that relying solely on keyword
overlap struggles to capture deep semantic relatedness.
Therefore, for more accurate passage labeling, we also uti-
lize large language model GPT-40 (Achiam et al. 2023) to
rerank what BM25 offers (Sun et al. 2023). Concretely, we
first select the top-10 candidate passages through BM?25.
Then, we leverage GPT-40 to rerank these candidate pas-
sages to obtain the final top-M passages as pseudo-relevant
passages Q = [q1,¢2, - ,qm], Where M < 10 and M is
the total number of pseudo-relevant passages for training.
We validate the reliability of our labeling approach for cre-
ating pseudo-relevant passages in Appendix-RQ6.

Relevance-based groupwise learning. As in existing pas-
sage retrieval methods for model training (Karpukhin et al.
2020; Wu et al. 2023), we can use contrastive learning
that trains the model to increase the score of each pseudo-
relevant passage than that of other passages. However, as
mentioned in the Introduction, some of them might be misla-
beled because the labeling module cannot always be perfect.
For this reason, unless revised, contrastive learning risks
misleading the training process by treating each mislabeled
passage as a positive one.

Therefore, we propose a new training method to robustly
train the passage retrieval module, even when some pseudo-
relevant passages are occasionally mislabeled. Our approach



Relevance-based groupwise learning

Aret'---‘
@ @-
]

@ [
%= @00 @@

Pseudo-relevant passages Q

Passage retrieval
Module

..........

Selected items S

Dialog D Enhanced response 7
Figure 3: The training process of the passage retrieval mod-
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yield a retrieval score gg@f for G1 (= [¢1]) higher than the
score of each negative passage z € Z, and (2) to yield an
average retrieval score g7’ for G2 (= [q1, ¢2]) higher than
the score of each negative passage in z € Z.

involves grouping each pseudo-relevant passage with more
reliable ones in contrastive learning. The intuition is that,
although an individual pseudo-relevant passage may be mis-
labeled, the likelihood of all elements within the grouped
pseudo-relevant passages being mislabeled decreases ex-
ponentially. Specifically, we group a passage that is low-
ranked, which is relatively more susceptible to mislabeling,
with the passages having higher ranks as follows:

Gj:[qlaQQa"' 7Qj]7 (8)
where G; C () denotes a subgroup of pseudo-relevant pas-
sages that have higher ranks than or equal to the j-th pseudo-
relevant passage ¢; € Q. Then, we create such subgroups
G for all pseudo-relevant passages, resulting in a total of
M subgroups G = {G1,G2,--- ,Gp}e

Lastly, we construct a relevance-based groupwise learn-
ing loss L to train the model so that the average retrieval
score of each subgroup G, g}&ejt, gets higher than the re-
trieval score of each negative passage z € Z (see Figure 3):

o TR
G |G ’
exp ()
L= _log ~ret ( = ~ret)’ (10)
e PUET) + 2sez exp(9:)

where L is the relevance-based groupwise learning loss for
all the subgroups G; in G. For the negative passages Z, we
utilize both a hard negative passage and in-batch negative
passages used in DPR (Karpukhin et al. 2020). We will val-
idate the effect of relevance-based groupwise learning on
passage retrieval accuracy in Evaluation-RQ2.

Evaluation

Datasets. We conducted experiments on two CRS datasets:
DuRecDial2.0 (Liu et al. 2021), a public English CRS
dataset, and KoRecDial, a private non-English CRS dataset.
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Both datasets employed human workers to annotate each re-
sponse with related knowledge, indicating relevant factual
information associated with the response (Liu et al. 2021).
Following KERS (Zhang et al. 2021), we regard this related
knowledge as the ground-truth relevant passages for evalua-
tion. To construct the passage corpus, we gather all relevant
passages in each dataset. We provide further details (e.g.,
statistics and domains) on the datasets and the passage cor-
pus in Appendix-Datasets.

Evaluation. We focus on evaluating the following two tasks:
(1) the passage retrieval task and (2) the response generation
task. For the passage retrieval task, we adopt Hit@K (K=1,
3, 5) (Karpukhin et al. 2020) to measure whether the top-
K passages contain the ground-truth relevant passage. For
the response generation task, following (Deng et al. 2023;
Zhang et al. 2021; Ma, Takanobu, and Huang 2021), we use
BLEU scores (Papineni et al. 2002). We also use GPTE-
val (Liu et al. 2023) to assess the quality of generated re-
sponses in terms of informativeness, relevance, and fluency.

The evaluation of the recommendation module is out of
our research scope. Instead, we adopt a well-established rec-
ommendation approach (Deng et al. 2023; Sun et al. 2019),
focusing on how to effectively utilize its results.

Implementation. Due to space limitations, we provide the
details of implementation in Appendix-Implementation.

Results and Analysis

We conducted extensive experiments, aiming at answering
the following key research questions (RQs):

* (RQ1) Does our adaptive item selection improve the ac-
curacy of passage retrieval for CRS?

(RQ2) Does our relevance-based groupwise learning im-
prove the accuracy of passage retrieval for CRS?

(RQ3) How much does ESPRESSO outperform state-of-
the-art methods for the passage retrieval task?

(RQ4) Does higher-quality passage retrieval improve the
quality of response generation for CRS?

(RQS5) How much does the ESPRESSO-enhanced gener-
ation module outperform state-of-the-art methods for the
response generation task?

(RQ1) Effectiveness of adaptive item selection. We ana-
lyze the effect of adaptive item selection on passage retrieval
by comparing the three variants of selected items used as
additional input: (1) top-1 item (i.e., S=top-1), (2) a fixed
number of top-N items (i.e., S=top-NN), and (3) items se-
lected by our adaptive item selection (i.e., S=top-0 oy, 1 ). For
an in-depth analysis, we evaluate passage retrieval accuracy
across three cases: (1) when the top-1 item aligns with the
ground-truth item (i.e., G=top-1), (2) when it does not (i.e.,
G#top-1), and (3) both cases combined (i.e., Overall).!
Table 1 shows the passage retrieval accuracy in Hit@3
for the three cases (i.e., G=top-1, G#top-1, and Overall)
when we utilize the three variants of selected items (i.e.,

'In the DuRecDial2.0 dataset, cases of G=top-1 (resp. Gtop-
1) account for 79.4% (resp. 20.6%) of all test dialog samples.



Variants | G=top-1 G#top-1 | Overall
S=top-1 0.815 0.003 0.648
S=top-N 0.749 0.160 0.628
S=top-ccons 0.810 0.156 0.675

Table 1: Passage retrieval accuracy at Hit@3 in DuRec-
Dial2.0 with three variants of item selection methods: top-1
item (i.e., S=top-1), top-N items (i.e., S=top-INV), and adap-
tive item selection (i.e., S=top-0.on ). In the table, G=top-
1 (resp. G#top-1) refers to the case where the top-1 item
aligns (resp. does not align) with the ground-truth item.

S=top-1, S=top-N, and S=top-oo, ), where N = 2 and
Ocong = 70%. First, when the top-1 item aligns with user
preferences (i.e., G=top-1), the result shows that S=top-1
exhibits the highest accuracy, while S=top-N exhibits the
lowest accuracy. This indicates that, in such a case, using
more items (i.e., top-N items) may introduce noise into the
passage retrieval module, harming the passage retrieval ac-
curacy. Next, when the top-1 item does not align with user
preferences (i.e., G#top-1), S=top-1 fails to retrieve relevant
passages, whereas S=top-/N exhibits the highest accuracy.
This indicates that enlarging the pool of selected items .S
improves passage retrieval accuracy when the predicted top-
1 item does not match user preferences. Finally, our method
(i.e., S=top-0on ) consistently shows comparable accuracy
to the best method in both cases. Consequently, it outper-
forms the other variants in overall accuracy, exhibiting a
gain of 4.2% (resp. 7.5%) for S=top-1 (resp. S=top-N) in
the overall accuracy. This result indicates that we can obtain
robust accuracy in various cases via adaptive item selection.

Also, we conduct a sensitivity analysis of the threshold
Ocony Tor adaptive item selection in Appendix-RQ7.

(RQ2) Effectiveness of relevance-based groupwise learn-
ing. We validate whether our relevance-based groupwise
learning enhances passage retrieval accuracy by comparing
three different learning strategies: (1) contrastive learning
(i.e., CL(M)), (2) groupwise learning (i.e., GL(M)), and (3)
relevance-based groupwise learning (i.e., RGL(M)). Here,
M denotes the number of utilized pseudo-relevant passages.
CL(M) assigns a higher probability to a pseudo-relevant
passage over other passages. GL(M) and RGL(M) belong
to the category of grouping methods, but they have differ-
ent grouping strategies. Specifically, GL(M) creates a sin-
gle group that contains all pseudo-relevant passages with-
out considering their pseudo-relevance ranks. In contrast,
RGL(M) forms multiple subgroups, each corresponding to a
pseudo-relevant passage grouped only with others that have
higher pseudo-relevance ranks.

Figure 4 shows the accuracy of passage retrieval of
ESPRESSO with different learning strategies, namely
CL(M), GL(M), and RGL(M), measured at Hit@3 when
M is changed from 1 to 3. First, when M is larger than
1, grouping methods (i.e., GL(M) and RGL(M)) always
outperform the non-grouping method (i.e., CL(M)). This
validates that the grouping strategy ensures stable accu-
racy, even in the cases where pseudo-relevant passages are
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Figure 4: Passage retrieval accuracy at Hit@3 in DuRec-
Dial2.0 with different learning strategies: contrastive learn-
ing (i.e., CL), groupwise learning (i.e., GL), and our
relevance-based groupwise learning (i.e., RGL).

Methods DuRecDial2.0 KoRecDial
H@1 H@3 H@5 H@1 H@3 H@S5
BM25 0.260 0.425 0.529{0.059 0.142 0.206
DPR 0.384 0.485 0.538|0.127 0.277 0.372
RAG 0.100 0.120 0.122 | 0.005 0.007 0.007
KERS 0.291 0.415 0.460|0.091 0.177 0.219
DSI 0.376 0.453 0.484|0.059 0.091 0.108
Contriver 0.393 0.497 0.550|0.123 0.278 0.371
RankGPT 0.339 0.460 0.529|0.101 0.164 0.206
CoT-MAE 0.406 0.504 0.561|0.134 0.283 0.392
OURS+DPR 0.514 0.675 0.725|0.153 0.314 0414
OURS+Contriever | 0.520 0.685 0.735]0.141 0.313 0.423
OURS+CoT-MAE | 0.523 0.685 0.738 | 0.154 0.315 0.423

Table 2: Comparison of ESPRESSO and 8 competitors on
the passage retrieval task using Hit ratios.

occasionally mislabeled. Next, RGL(M), which represents
our relevance-based grouping strategy, outperforms all the
other variations. This demonstrates the effectiveness of our
relevance-based grouping strategy, which groups the pas-
sages suspected to be irrelevant only with those deemed
more reliable, leading to a further enhancement.

(RQ3) Comparison with competitors for passage re-
trieval. We compared ESPRESSO against 8 state-of-the-
art passage retrieval methods: BM25 (Robertson, Zaragoza
etal.2009), DPR (Karpukhin et al. 2020), RAG (Lewis et al.
2020b), KERS (Zhang et al. 2021), DSI (Tay et al. 2022),
Contriever (Izacard et al. 2021), RankGPT (Sun et al. 2023),
and CoT-MAE (Wu et al. 2023). For neural retrieval mod-
els that require training labels (i.e., DPR, KERS, DSI, Con-
triever, and CoT-MAE), we provided the pseudo-relevant
passages under the same conditions as ESPRESSO. In this
context, OURS+DPR, OURS+Contriever, and OURS+CoT-
MAE represent neural retrieval models equipped with the
two ideas of ESPRESSO, each initialized with the check-
points of DPR, Contriever, and CoT-MAE, respectively.
Table 2 shows the passage retrieval accuracies of
ESPRESSO and 8 competitors across two datasets in Hit



Passage retrieval Response generation

Methods

H@l1l H@3 H@5 BLEU2 BLEU3 BLEU4
BART(DPR) 0.384 0.485 0.538| 0.167 0.115  0.076
BART(Contriever) 0.393 0.497 0.550| 0.171 0.117  0.081
BART(CoT-MAE) 0.406 0.504 0.561| 0.170  0.118  0.080
BART(OURS+DPR) 0.514 0.675 0.725| 0.195  0.135  0.091
BART(OURS+Contriever) | 0.520 0.685 0.735| 0.194  0.134  0.092
BART(OURS+CoT-MAE) | 0.523 0.685 0.738 | 0.197  0.137  0.093

Table 3: Impact of various passage retrieval modules on the
quality of response generation in DuRecDial2.0.

ratios. First, neural retrieval methods (i.e., DPR, Contriever,
and CoT-MAE), which are fine-tuned with our pseudo-
relevant passages, outperform non-fine-tuned methods such
as RAG, BM25, and RankGPT. Notably, CoT-MAE out-
performs RankGPT, which uses the large language model
GPT-40, by up to 19.76% in DuRecDial2.0. This result
underscores the importance of supervision for the pas-
sage retrieval module in CRS, as claimed in Direction-
2. Next, applying our two core ideas (i.e., OURS) to
the neural retrieval models (i.e., DPR, Contriever, and
CoT-MAE) orthogonally and substantially improves their
performance. In particular, OURS+CoT-MAE outperforms
CoT-MAE (i.e., best competitor), exhibiting large gains
of 28.82%/35.91%/31.55% and 14.93%/11.31%/7.91% in
terms of Hit@ 1/Hit@3/Hit@5 on the DuRecDial2.0 and
KoRecDial datasets, respectively.

(RQ4) Impact of passage retrieval on response genera-
tion. We compare the response generation quality of BART-
large equipped with different passage retrieval models: DPR,
Contriever, CoT-MAE, OURS+DPR, OURS+Contriever,
and OURS+CoT-MAE. Table 3 shows the results of both
passage retrieval and response generation for BART variants
with passage retrieval methods, in terms of Hit ratios for the
passage retrieval task and BLEU scores for the response gen-
eration task. The results show that, as the accuracy of pas-
sage retrieval increases, the quality of generated responses
increases as well. In particular, BART(OURS+CoT-MAE)
enhances the quality of generated responses by exhibiting
gains of up to 16.25% compared to BART(CoT-MAE). This
verifies the crucial role of a thoughtfully designed retrieval
engine in achieving the objectives of CRS.

(RQ5) Comparison with competitors for response
generation. We compared the generation module with
ESPRESSO against 2 CRS methods (KERS (Zhang et al.
2021) and UniMIND (Deng et al. 2023)), and 6 lan-
guage generation models (GPT2-base, GPT2-large (Rad-
ford et al. 2018), BART-base, BART-large (Lewis et al.
2020a), RAG (Lewis et al. 2020b), and LLaMa2 (Touvron
et al. 2023)). For KoRecDial, the accuracy of GPT2-large,
BART-large, and LLaMa2 could not be obtained due to
the absence of non-English variants of the underlying lan-
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Methods DuRecDial2.0 KoRecDial
BLEU2 BLEU3 BLEU4 BLEU2 BLEU3 BLEU4

GPT2-base 0.080  0.040  0.020 | 0.065 0.032 0.018
GPT2-large 0.142  0.093  0.061

BART-base 0.088  0.044  0.015 | 0.077 0.040  0.022
BART-large 0.132  0.083  0.051

RAG 0.161 0.108  0.072 | 0.100  0.056  0.034

KERS 0.115 0.072  0.047 | 0.083  0.044  0.026

UniMIND 0.147  0.083  0.055 | 0.092  0.050  0.028
LLaMa2 0.144  0.094  0.060

BART(ESPRESSO) | 0.197  0.137  0.093 | 0.123  0.073  0.045
LLaMa2(ESPRESSO) | 0.209  0.147  0.103

Table 4: Comparison of ESPRESSO-enhanced generation
module and 8 competitors on the response generation task
using BLEU scores.

guage models. To assess the impact of ESPRESSO on re-
sponse quality, we evaluated BART-large (BART-base in
KoRecDial) and LLaMa? integrated with ESPRESSO (i.e.,
BART(ESPRESSO) and LLaMa2(ESPRESSO)). Here,
ESPRESSO refers to the OURS+CoT-MAE model in RQ3
chosen for its superiority.

Table 4 displays the performance of 8 competi-
tors in terms of BLEU scores (Papineni et al. 2002).
First, the method that leverages retrieved passages for
generating responses (i.e., RAG) outperforms the other
baselines. Note that it even outperforms GPT2-large
and LLaMa2, which contain a larger number of pa-
rameters. Next, BART(ESPRESSO) significantly outper-
forms RAG (i.e., the best competitor) with gains of
22.36%/26.85%/29.17% and 23.00%/30.36%/32.35% in the
DuRecDial2.0 and KoRecDial datasets, respectively. Lastly,
LLaMa?2’s response quality is substantially enhanced when
referencing retrieved passages through ESPRESSO (i.e.,
LLaMa2(ESPRESSO)).

In addition, we conducted experiments using GPTE-
val (Liu et al. 2023), which demonstrated that our approach
significantly outperforms competitors in terms of informa-
tiveness, fluency, and relevance. For more details, please re-
fer to Appendix-RQS8. Additionally, we conducted a case
study on response generation in Appendix-RQ9.

Conclusions

We argue that the passage retrieval module in CRS should
leverage (1) selected items from the recommendation mod-
ule and (2) pseudo-relevant passages as training labels.
However, it is challenging to effectively utilize the results
by other modules since they occasionally make mistakes
in practice. Therefore, we propose ESPRESSO, featur-
ing adaptive item selection and relevance-based groupwise
learning. Extensive experiments validate the effectiveness of
ESPRESSO, showing that CRS can deliver higher-quality
REC-responses through improved passage retrieval. For fu-
ture work, we will explore how to enable RALM to robustly
reference retrieved passages, even if they contain noise.
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