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Abstract

Conversational Recommender Systems (CRS)
leverage interactive dialogues to deliver person-
alized recommendations, with large language
models (LLMs) enhancing their natural lan-
guage understanding and response generation.
However, LLMs struggle to utilize non-verbal
user-item interactions from user behavior, as
they primarily process textual information and
lack explicit mechanisms to interpret these in-
teractions. This gap is critical since such be-
havioral data is essential for accurate recom-
mendations. To bridge this gap, we propose a
Latent Intent-enhanced Conversational Recom-
mendation System with Large Language Mod-
els (LATENTCRNS) that integrates LLMs with
recommendation models through latent user
intents. Specifically, LATENTCRS employs
a variational expectation-maximization frame-
work: a recommendation model infers the in-
tent distribution from collaborative data, which
then guides the refinement of behavioral and
textual information to generate recommenda-
tions. Crucially, our approach avoids costly
LLM fine-tuning, ensuring computational effi-
ciency. Extensive experiments demonstrate that
LATENTCRS consistently outperforms state-
of-the-art baselines in both single-turn and
multi-turn recommendation scenarios.

1 Introduction

Conversational recommender systems (CRS) en-
gage users in dynamic, interactive dialogues to
provide personalized recommendations (Sun and
Zhang, 2018; Zhang et al., 2018), which enable
users to actively express their interests through nat-
ural language. Large language models (LLMs)
have highlighted their remarkable capabilities in
dialogue (Kojima et al., 2022; Team et al., 2024),
presenting new opportunities for capturing users’
evolving interests through conversation. By en-
abling human-like interactions and improving nat-
ural language understanding, LL.Ms significantly
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Figure 1: The User Intent from Behavior Sequence and
Natural Language Descriptions.

enhance the dialogue quality and contextual aware-
ness (Yang and Chen, 2024; Gao et al., 2023).

Unlike standard dialogue tasks, which depend
on natural language processing ability, CRS also
demand strong recommendation capabilities. How-
ever, LLMs have yet to reach comparable per-
formance with dedicated recommendation mod-
els (Liu et al., 2023; Zhang et al., 2024b; Kim
et al., 2024). A fundamental limitation is that accu-
rate recommendations depend significantly on col-
laborative information, namely the latent patterns
mined from interactions between users and items.
These patterns reveal behavioral correlations ex-
tending beyond purely semantic relationships. Due
to the inherent mismatch between natural language
modeling and user behavior modeling, LLMs strug-
gle to detect such collaborative information. For in-
stance, consumers who purchase diapers on Friday
often also buy beer (Padmanabhan and Tuzhilin,
1999). This behavior is effectively captured by
recommendation models but may confuse LLMs,
as these items lack semantic similarity. Given the
complementary strengths of LLMs and recommen-
dation models, this raises the question: How can
we effectively integrate LLMs with recommendation
models to leverage their respective advantages?

Existing approaches for integrating LLMs with
recommendation models often oversimplify user in-



teractions, limiting their effectiveness. Prior work
either reduces user dialogue to binary feedback sig-
nals (likes/dislikes) to align the two models (Chris-
takopoulou et al., 2016, 2018; Hu et al., 2022) or
employs LLMs as agents that mechanically trigger
recommendation tools through binary decisions
(Gao et al., 2023; Huang et al., 2023). While these
methods bridge the gap between modalities, they
discard rich contextual information from dialogues
and weaken user engagement. More recent work
projects collaborative signals into the LLM’s em-
bedding space and fine-tunes fine-tuning LLMSs on
behavioral data (Yang et al., 2024; Yang and Chen,
2024). While this narrows the gap, the fine-tuning
stage is computationally expensive because of the
large parameter count of LLMs.

To overcome these limitations, we propose a
new paradigm that unifies user behavior and natu-
ral language through their shared latent intent. As
shown in Figure 1, a user’s intent (needing a laptop
bag) may manifest semantically ("I need laptop ac-
cessories") and behaviorally (purchasing a laptop
and accessories but no bag). This dual manifes-
tation enables our model to capture complemen-
tary signals from both natural language and user
behavior. Crucially, because this intent space oper-
ates independently of LLM, our approach achieves
effective integration without costly LLM tuning,
significantly reducing computational overhead.

Specifically, we propose the Latent Intent-
enhanced Conversational Recommendation Sys-
tem with Large Language Models (LATENTCRS).
Since user intent is inherently latent and unob-
servable, we represent it as a learnable mixture
of behavioral anchors derived from clustering user
embeddings generated by a pretrained recommen-
dation model. To connect the recommendation
model with the LLM via this intent representation,
we adopt a variational expectation—maximization
framework composed of two modules: an inference
module (IM) and a generative module (GM). The
IM uses the pretrained recommendation model to
infer a distribution over the intent space from user
behavior data, capturing collaborative signals. The
GM then merges this inferred distribution with the
user behavior encodings by the recommendation
model and the dialogue context encoding by the
LLM to generate recommendations that combine
both collaborative and conversational information.
Experiments on single-turn and multi-turn scenar-
ios show that LATENTCRS outperforms state-of-
the-art baselines. Ablation studies verify the impor-

tance of modeling user intent. And efficiency anal-
yses reveal LATENTCRS’s substantially reduced
computational overhead, which is a crucial advan-
tage for practical deployment.

2 Related Works

Conversational recommender systems (CRS) have
evolved from pipeline architectures that treat dia-
logue management and recommendation as sepa-
rate tasks to multi-turn settings using reinforcement
learning (Sun and Zhang, 2018; Bi et al., 2019;
Zhang et al., 2020; Lei et al., 2020; Li et al., 2018).
These early methods limited user feedback to sim-
ple signals, such as like or dislike, which reduced
the richness of the collected preferences. With the
rise of large language models (LLMs), new designs
have emerged. Some treat an LLM as an agent
and the recommendation engine as an external tool
(Gao et al., 2023; Huang et al., 2023), while others
use the ReAct framework to combine planning and
action within a single LLM-driven pipeline (Yao
et al., 2023; He et al., 2024). Although these inte-
grated approaches allow more flexible interaction,
they still ignore collaborative information from rec-
ommender systems. We address these limitations
by introducing a lightweight method that uses la-
tent user intent as a bridge between collaborative
signals and natural language. Another set of re-
lated works are intent modeling for recommenda-
tion. These methods usually extract latent interests
from user behavior (Li et al., 2019, 2021; Chen
et al., 2022; Sun et al., 2024). These approaches
excel at deriving intent from interaction data, but
they do not link user behavior with language ex-
pressions in conversation. In contrast, our work
uses user intent not only to summarize past actions
but also to guide natural language prompts, uni-
fying behavior-driven and language-driven signals
within a single framework. More details about the
related works are shown in Appendix A.

3 Problem Definition and Preliminaries

3.1 Task Formulation

A conversational recommender system (CRS) com-
prises two main components, user behavior mod-
eling and interactive conversation. The behavior
modeling component defines a set of users &/ and
items V, together with historical interaction data
D. To capture temporal changes in user intent,
we group D by user in chronological order. Each
user v € U is associated with an interaction se-
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Figure 2: Overall Structure of LATENTCRS: (a) Representation of Intent in Latent Space; (b) Structure of the

Inference and Generative Models.

quence S* = [s}, sh, ..., sﬁsu‘], where s} denotes
the item interacted with at time step ¢, and |S"| is
the length of this sequence. The interactive conver-
sation component models the dialogue between the
CRS and the user. For a user u, the conversation is
denoted C* = {(z¥, r;%)};yzl, where 2/ is the user
input at turn j expressing intent in natural language,
and r; is the system response. We define the ag-
gregated intent descriptor £* by concatenating all
user inputs x across the turns.

CRS use both the interaction history and the con-
versational context to refine item recommendations.
We formulate this as a maximum likelihood estima-
tion problem, which aim to learn model parameters
0 that maximize the probability of observed inter-
actions. Formally, it is represented as follows:

max; H p(v|8“,x“;9) (D
(u,v)€D

Here, 6 denotes the parameters of the conversa-
tional recommendation model. For simplicity, we
omit 6 in the subsequent formulas.

3.2 Latent Intent Modeling in CRS

As discussed in Section 1, we utilize user intent
as a bridge to incorporate recommendation models
with LLMs. We assume that the distribution of
latent intent can be represented as the distribution
on archor vector M = {m;}X |, where K repre-
sents the total number of anchor intent vector and
m; represents the ith anchor intent. And the user
intents are represented by both the natural language
descriptions from the conversation and the collabo-
rative information derived from the user behavior

patterns. Incorporating the latent intent represen-
tation, the probability objectives of CRS can be
rewritten as follows:

p(v| 8% 2") =

2)
Ean (p(v | M, 8" a")p(M | 8",2"))
Here, S" denotes the sequence of items interacted
with by user u, while =" represents the natural
language description of the user’s intent. v refers
to an item from the set of all items V.

4 Method

The overall architecture of LATENTCRS is illus-
trated in Figure 2. We begin by introducing the
method for representing latent intent space by con-
structing anchor vectors. Next, we describe the
variational Expectation-Maximization (EM) frame-
work, including its components and interactively
training strategy. Finally, we introduce three vari-
ants of our framework to demonstrate its adaptabil-
ity under different LLM usage strategies.

4.1 Intent Representation

The foundation of LATENTCRS lies in effectively
representing user intent. Directly optimizing the
probability in Equation (2) is impractical because
user intent is unobserved, creating a circular depen-
dency: the model cannot be optimized without the
intent distribution M, while accurate estimation of
M itself depends on having a well-trained model.
To break this circular dependency, we adopt a two-
stage approach, as shown in Figure 2(a). First,
we leverage a pre-trained recommendation model



and utilize its user embedding as the user behavior
sequence embeddings S*“, which encode both col-
laborative filtering signals and historical interaction
patterns. These embeddings serve as observable
proxies for the underlying user intents. We de-
note the embedding of variable x in bold as X and
we adopt this type of notation throughout the fol-
lowing sections. To transform these continuous
embeddings into a discrete and processable intent
space, we apply K-Means clustering:

M = K-Means ({S"},cu) 3)

The resulting cluster centroids M = {m;}X,,
where each vector m; € R% serve as anchor vec-
tors that define our latent intent space. The cluster
centroids capture meaningful patterns and provide
a computationally efficient discrete approximation
of the continuous intent space. By establishing this
anchor-based representation, we create a founda-
tion for subsequent model optimization.

4.2 Recommendation with Intent

Based on the intent representation above, we op-
timize the CRS objective in Equation (1) within a
variational EM framework. Direct maximization
of the log-likelihood requires summing over all
latent intents, which is unavailable as there is no
available data in the latent intents space. The EM
algorithm addresses this by breaking the problem
into two tractable steps. In the intent reference step
(E-step), we get the input from a pre-trained recom-
mendation model to estimate the posterior of each
intent anchor. In the recommendation learning step
(M-step), we get information from both the recom-
mendation model and the LLM to maximize the
expected log-likelihood under the estimated pos-
terior. Here, we maximize the Evidence Lower
Bound (ELBO) rather than the true log-likelihood.
Formally, we define the ELBO as:

K
ELBO™ = " q(m; | S¥)
j=1
4
<logp(v ] mj,S“,a?“) )
—i—logp(mj | S“,x“) — logq(mj | 8“)>
Here, K is the number of intents. The ELBO

is equal to the original log-likelihood log p(v |
S*,z*) only when q(m; | S*) = p(m; |
v, SY, x“). Maximizing this bound yields stable
parameter updates and preserves the convergence

guarantees of the EM algorithm. The following
sections describe in detail the intent inference step,
the recommendation learning step, and our overall
optimization procedure.

4.2.1 Recommendation Learning Step

In the recommendation learning step (M-Step), we
optimize the ELBO with the estimated intent dis-
tribution from the intent learning step. From Equa-
tion (4), the recommendation learning step should
predict p(m; | S*,z%) and p(v | m;,S*, z%)).
We first introduce how to get the collaborative in-
formation S* from recommendation models and
dialogue context information z* from LLM, then
we introduce how to predict p(m; | S*, z") and
p(v | mj, 8%, x")). Finally, we introduce the ac-
tual optimization function.

For &, we utilize the user representation embed-
ding from the same recommendation model in Sec-
tion 4.1. For =%, we follow recent studies that ob-
tain embeddings from LLMs (Jiang et al., 2024), us-
ing a simple prompt “This sentence: ‘*sentence*’
means in one word:” to extract a semantic embed-
ding x". We then estimate p(m; | S*,«*) with a
neural network f(m;, S*, x"):

p(mj | Suv xu) = f(m]7 Su’xu) 5
= softmax (FFN([S"; xu])(Wmmj)T) ©)
where FFN(-) is a feed-forward network, [; | de-
notes concatenation, and W), is a learnable parame-
ter matrix. We also include a linear projection layer
to align the dimensionality of S* and x*, though
this layer is omitted in the equation for brevity.
Intuitively, p(v | mj, S*, ") needs to be calcu-
lated by softmax, but it becomes computationally
expensive when the number of items is large. Thus,
instead of directly modeling p(v | m;, S*, %),
we use Information Noise Contrastive Estimation
(infoNCE) (van den Oord et al., 2018) to esti-

p(v|m;, 8" z")
p(v) _ )
g(v,m;, S* x") to estimate it

mate We use a neural network

g(V,m]’, Sua Xu) =

(W) (W) - FEN([S"; x"]) (W)

(6)

Here, v,m;, S*, x represent the embeddings of
v,mj, S, x", respectively, and W;, W,,, W,,, are
model parameters. For efficient training, we share
W, with f(m;, S*,x") in Equation (5). Asn
increases, the infoNCE loss converge to the same
solution as the maximum likelihood estimation (Ma



and Collins, 2018). Moreover, as the ultimate goal
of the recommendation learning step is to make
accurate recommendations, we add a recommenda-
tion auxiliary objective which optimizes the maxi-
mization of the likelihood of p(v | S*, z*).

For each real data point (u,v), we randomly
sample n elements from p(v) to form a negative set
Vpeg- The training loss is the combination of ELBO
and recommendation auxiliary loss. To display
more clearly, we define the following:

Z(v,mj, s, x") = exp(g(v,m;, 8", x"))

+ > exp(g(

Vneg EVEY,

Vneg, My, S, Xu))

€9

EinfoNCE = - Z Z( q{m; |Su

(u,v)€eD j=1 (7)
10g<exp(g(vvmjvs , X )))

Z(v, mj, s%, z)

LM — Z ( log h(v,S", x")
uel
> hlv.sx)

— log(h(v, S“ x") +
V™ E€Vneg
3

Here, h(v,S" x"%) = Z?:l (f(mj, S* x")g(v,
m;, S¥, x“)) f(m;, S* x*) are defined in Equa-
tion (5) and g(v, m;, S*, 2*) in Equation (6). Con-
sequently, the training loss is:

LM = Lintonce
+ AKL(G(m | 8%) || p(mj | 8%, 2%)  (9)

M pM
+a Erec

Here, g(m | S*) is the intent distribution estimated
by the model trained in intent inference step, and
p(m; | 8%, x%) is given by Equation (5). o and
A are weight hyperparameters. Unlike the standard
evidence lower bound (ELBO), we introduce ) to
better regulate the training process.

4.2.2 Intent Inference Step

The goal of the intent inference step (E Step) is
to estimate the intent distribution based on a rec-
ommendation model. The core in this step is to
calculate the probability g(m | S*). Similar to the
recommendation learning step, we first obtain the
representation embedding S* from a recommenda-
tion model, then apply a neural network /(m, s*)
to generate the estimates. Formally,

W,S*(Wjm;)"
Vdm

[(m,s") :softmax( ) (10)

where W, and Wj, are learnable parameters, d,
is the dimension of the intent embedding. The in-
tent inference step aims to maximize the Evidence
Lower Bound (ELBO). This is equivalent to mini-
mizing the following loss function:

Lhiro= > KL(qm|5")|
(u,w)€D

p(m; | 8", a")p(v | mj, ", a"))

(11)

where KL(-) is the KL divergence, g(m | S%),
p(m; | S*, ") and p(v | m;, S*, z") come from
Equations (10) (5) and (6), respectively.

Moreover, we also utilize an auxiliary recom-
mendation objective, under the assumption that
more accurate intent distributions yield better rec-
ommendation performance. Formally, we represent
the recommendation score under certain intent dis-
tribution and the training objective as:

K
=> q(m; | S*)m, (12)
7=1

LE = Z (log exp(r Wev)

ueU
Z exp(r* We V_))>

v EVneg

—log(exp(r* Wev) +

(13)
Here, m; denoting the embedding of anchor intent
mj, v is the embedding of an item v, and V¢ is
a set of negative items sampled according to the
procedure from Section 4.2.1. The training loss is:

LY =L go+ o LE, (14)

where of is a hyperparameter that balances the
ELBO term and the recommendation performance
term. Since the intent distribution estimates are
unreliable at the start of training, we only use £
to train until performance stabilizes.

Trec

4.2.3 Opverall Optimization

As shown in Algorithm 1, we first train [(m, s")
in Equation (10) only with £Z . Next, we train
f(m;, S* x*) and g(v, m;, S*,x") in Equation
(5) and (6) using the intent distribution estimated
by I[(m,s"). This two-step initialization makes
sure both modules yield stable outputs. Finally, we
alternate between the Intent Inference Step (E-Step)
and the Recommendation Learning Step (M-Step)
until the model converges.



Algorithm 1: Optimization Steps

Input: A user set I/, an item set V, a sequence of
items S* for each user u, and a natural
language description of each user’s interests
.

Output: p(v | ¥, z") foreachv € V

while not converged do

Train the inference model ¢ using LE . in

Equation (13).

while not converged do

Estimate G(m | S*) with the inference model;

Fix the inference model and update the prior
model using LM in Equation (9).

while not converged do
© Intent Inference Step (E Step);
Estimate p(m; | S*, z*) and

p(v | m;, 8%, x)) with the prior model;

Fix the generative model and update the
inference model using £¥ in Equation (14);
® Recommendation Learning Step (M Step);
Estimate §(m | S*) using the inference model;

Fix the inference model and update the
generative model using £ in Equation (9).

Predict p(v | 8%, z*) with the generative model by
Equation (2).

4.3 Multi-Turn Conversation and Variants

In this section, we describe how to apply the trained
model in a multi-turn interaction setting. We in-
troduce three variants based on different strate-
gies for leveraging the large language model: Ba-
sic usage (LATENTCRS p), Filtering by user con-
straints (LATENTCRS ), and Re-ranking recom-
mendations (LATENTCRSy/). For LATENTCRS g,
the LLM conducts the dialogue but does not par-
ticipate in any post-processing of the recommen-
dation outputs. For LATENTCRSf, the LLM ex-
tracts strict requirements mentioned by the user
such as a minimum storage capacity for a smart-
phone. And we filter the candidate recommenda-
tions to ensure they all satisfy these requirements.
For LATENTCRSy,, the LLM re-orders the initial
set of recommendations, allowing it to resolve in-
tents that the user expresses in a vague.

5 Experimental Setups

5.1 Evaluation Settings

Collecting actual user responses from real-world
users is prohibitively expensive. Following prior
work, we instead adopt a user simulation strat-
egy that leverages LLMs to emulate user behavior
(Zhang et al., 2024a; Yoon et al., 2024). Specif-
ically, we provide Gemini-1.5-pro (Team et al.,
2024) with role-playing prompts to generate re-
alistic user interactions. The details are shown in

Table 1: Dataset Information.

‘ Movielens-1M  Video Games CDs and Vinyl

Number of users 6034 15582 104544
Number of items 3522 7233 76616
Actions 575272 122179 1259069
Avg. behavior length 95.34 7.84 12.04
Sparsity 97.30% 99.89% 99.98%

Appendix D. We evaluate our system under two
settings: One-Turn Recommendation and Multi-
Turn Recommendation (Jin et al., 2023; Huang
et al., 2023). In the One-Turn setting, users ex-
press their preferences in a single natural language
query, and the Conversational Recommender Sys-
tem (CRS) must generate recommendations based
solely on this input. In contrast, the Multi-Turn set-
ting allows for iterative dialogue, where users refine
their preferences through successive interactions
until they receive satisfactory recommendations.

5.2 Datasets

We conduct experiments on three distinct datasets
(Hou et al., 2024): Movielens-1M (movielens)',
Amazon VideoGames (VideoGames), and Amazon
CDs (CDs) (Hou et al., 2024). Each dataset con-
tains user-item interaction history and item meta-
data, and we adhere to their respective licenses
and privacy policies. The key statistics are sum-
marized in Table 1. Due to budget constraints, we
also follow previous works by sampling 500 in-
stances from the test set for evaluation the LLM
based methods and the multi-turn setting, which are
represented as Dataset Name 1. More details
are shown in Appendix B.

5.3 Baselines

To evaluate the effectiveness of LATENTCRS, we
compare it with two categories of methods: tra-
ditional conversational recommendation models,
and LLM-based conversational methods. We re-
strict our comparison to models that do not require
modifications to the parameters of the LLMs. For
recommendation methods, we compare CRM (Sun
and Zhang, 2018), UNICORN (Deng et al., 2021),
and CRIF (Hu et al., 2022). For LLM-based meth-
ods, we compare with Llama 3.1-8B (Dubey et al.,
2024), Gemini 1.5 pro (Team et al., 2024), GPT-4
(Achiam et al., 2023), Chat-Rec (Gao et al., 2023),
and InteRecAgent (Huang et al., 2023). More de-
tails about these baselines are shown in Appendix
C.

"https://grouplens.org/datasets/movielens/1m/



Table 2: Performance comparison on full datasets under one turn settings.

Movielens-1M VideoGames CDs
Recall@5 NDCG@5 Recall@20 NDCG@20 | Recall@5 NDCG@5 Recall@20 NDCG@20 | Recall@s NDCG@3  Recall@20 NDCG@20
CRM 0.1165  0.0690 03273 01279 | 00024 00014  0.0090 0.0032 | 0008 00055  0.0297 0.0111
UNICORN 01215 00734 03086 01274 | 01138 00753 02317 01099 | 00839 00518 01911 0.0833
CRIF 00784 00489 02363 00926 | 00427 00267  0.1058 0.0443 | 00157 00100  0.0442 0.0180
LATENTCRSp | 0.1437  0.0921 03305 0.1449 | 01378  0.0964 02598 01310 | 00485 00326  0.1083 0.0494
Table 3: Performance comparison on sampled datasets under one turn settings.
Movielens g mpie VideoGames sqmple CDsgample
Recall@5 NDCG@5 Recall@20 NDCG@20 | Recall@5 NDCG@S Recall@20 NDCG@20 | Recall@s NDCG@S  Recall@20 NDCG@20
Llama3.1-8B | 0054 0039 0.092 0.0507 0020 00143 0.034 0.0182 0012 0.0074 0.016 0.0085
Gemini 1.5pro | 0.068 00414 0.096 0.0604 0.034 00216 0.062 0.0409 0018 0.0136 0.088 0.0433
GPT4 0064 0.0421 0.102 0.0622 0032 0.0204 0.058 0.0400 0028 0.0204 0.104 0.0476
Chat-Rec 0.086  0.0546 0.150 0.0950 0038 00268 0.080 0.0630 0016 00111 0.108 0.0787
InteRecAgent | 0.006 00043 0.022 0.0087 0014 0.0086 0.024 0.0118 0018 0.0129 0.030 0.0163
LATENTCRSp | 0.142 00879 0.340 0.1426 0.140  0.1008 0.250 0.1326 0.040  0.0270 0.106 0.0454
LATENTCRS | 0.180  0.1209 0.318 0.1604 0.146  0.1072 0.230 0.1347 0.058  0.0375 0.126 0.0573
LATENTCRSy | 0.160  0.1139 0.320 0.1582 0.180  0.1386 0.246 0.1592 0.048  0.0302 0.108 0.0489

Table 4: Performance comparison on sampled datasets
under multi turn settings.

Movielensampie VideoGames sample CDssampie
s@3 ses S@3 S@5 AT | S@3 S@5 AT
CRM 0413 - - o013 - - o042 - -
UNICORN 0.248 0378 4.174 | 0.184 0260 4.362 | 0.174 0232 4.406
CRIF 0266 0.448 4.064 | 0.126 0.216 4.578 | 0.130 0.208 4.610
Llama3.1-8B | 0.188 0.540 3.624 | 0208 0276 4.668 | 0.00 0258 4.832
Gemini 1.5 pro | 0224 0580 3.484 | 0248 0384 4.108 | 0.170 0.498 4.412
GPT4 0246 0.602 3.472 | 0.236 0398 4.246 | 0.184 0.548 4.254
Chat-Rec 0212 0.686 3.618 | 0.224 0.724 3.760 | 0.146 0.558 4.202
InteRecAgent | 0.070 0230 4.754 | 0.156 0292 4492 | 0.102 0230 4.754
LATENTCRSp | 0.388 0.482 3.760 | 0.264 0336 4.078 | 0.100 0.142 4.642
LATENTCRSp | 0472 0562 3.424 | 0.286 0.356 4.042 | 0.190 0258 4.236
LATENTCRSy | 0532 0.650 3.298 | 0.378 0.426 3.706 | 0.182 0220 4.422
.
5.4 Metrics

As the experiments are divided into one-turn con-
versational recommendation and multi-turn con-
versational recommendation, we utilize different
metrics for different settings. For one-turn con-
versational recommendation, we utilize the widely
used Recall and Normalized Discounted Cumu-
lative Gain (NDCG) metrics. In the multi-turn
conversational recommendation setting, following
(Gao et al., 2023; Huang et al., 2023), we use the
Average Success Rate (S) and Average Turns (AT).
S@K represents the success rate of recommend-
ing the target item within K turns, while AT@K
indicates the average number of turns required to
achieve a successful recommendation.

5.5 Implementation Details

As shown in the methods, LATENTCRS utilize
a recommendation model and LLM. we utilize
Llama-3.1-8B-Instruct (Dubey et al., 2024) as our
backbone LLM, and ICLRec (Chen et al., 2022)
as recommendation model. Moreover, we utilize
Gemini-1.5-pro for the user simulator to validate

the results. We report the mean results of 3 runs
with different random seed. All code is available
on Anonymous GitHub?. And more details about
the implementation are shown in Appendix E.

6 Experimental Results

6.1 One-Turn Recommendation

We only evaluate them on sampled datasets due
to the high computational costs of LATENTCRS ¢
and LATENTCRSy . The results are presented in
Table 2 and Table 3. Our findings include: (1) LA-
TENTCRS consistently achieves superior perfor-
mance across most scenarios, demonstrating the ef-
fectiveness of combining collaborative information
with dialogue context. LATENTCRS consistently
outperforms other baselines in most scenarios, un-
derscoring the effectiveness of integrating collabo-
rative information with natural language user inter-
ests. Furthermore, leveraging LL.Ms to either an-
alyze user responses (LATENTCRS r) or validate
and rerank recommendations (LATENTCRSy/) en-
hances personalization and yields additional per-
formance gains. (2) Current LLM-based CRS ap-
proaches underperform traditional methods in one-
turn recommendation settings. Even when em-
ploying state-of-the-art models (GPT-4, Gemini
1.5 Pro) and incorporating historical interactions
as prompts, these methods fail to achieve compet-
itive results. This performance gap underscores
the disconnect between LLMs’ knowledge and the
collaborative signals derived from user behavior, a
critical challenge our work addresses through user
intent modeling and integration.

2https://anonymous.4open.science/r/
LatentCRS-FF@5
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Table 5: Ablation Study.

Movielens-1M
Recall@5 NDCG@5 Recall@20 NDCG@20

Recall@5 NDCG@5 Recall@20 NDCG@20

CDs
Recall@5 NDCG@S5 Recall@20 NDCG@20

VideoGames

LATENTCRS g ‘ 0.1468 0.0918 0.3333 0.1446 ‘ 0.1378

0.0964

0.2598 0.1310 ‘ 0.0485 0.0326 0.1083 0.0494

0.0309
0.0728
0.1006

0.0232 0.0147 0.0678 0.0271
0.0847 0.0518 0.2256 0.0911
0.0698 0.0755 0.2073 0.0805

wi/o Inference Model
direct KL Align
w/o Recloss

0.0204
0.0472
0.0700

0.0595
0.1740
0.2092

0.0283
0.0756
0.1098

0.0240 0.0150 0.0667 0.0269
0.0258 0.0165 0.0689 0.0285
0.0241 0.0132 0.0650 0.0264

Table 6: Token usage of LLM across different methods.

Movielens Games CDs

Input  Output | Input  Output | Input  Output
Llama 3.1-8B 119.51 14820 | 127.20 199.83 | 124.26 211.57
Gemini 1.5 pro | 12049 140.56 | 112.43 188.75 | 126.89 22391
GPT4 118.95 152.81 | 106.85 181.36 | 129.88 235.46
LATENTCRS | 85.50 1.00 75.44 1.00 91.90 1.00
LATENTCRS | 317.50 35.59 | 781.44  50.76 | 2086.89 70.70
LATENTCRSy | 810.26 98.63 | 2117.60 96.72 | 2178.55 111.98

6.2 Multi-Turn Recommendation

We further evaluate LATENTCRS in multi-turn
conversational settings, with results presented
in Table 4. Since the CRM method (Sun and
Zhang, 2018) queries item features category and
the datasets have a limited number of categories,
the maximum number of dialogue turns in CRM
is inherently constrained. From the data, we ob-
serve: (1) LATENTCRS consistently outperforms
other baselines in most scenarios, particularly in
achieving higher success rates within three interac-
tion turns. This capability allows LATENTCRS to
accurately infer user intent within a limited num-
ber of interactions and improve the user experi-
ence. (2) Response analysis (LATENTCRS r) out-
performs the base generative model, and rerank-
ing (LATENTCRSyv ) yields further improvement.
This indicates that deeper integration of LLMs en-
hances performance under LATENTCRS. However,
increased LLM utilization also leads to higher costs.
More details are shown in Section 6.3.

6.3 Efficiency Analysis

Due to the high operational costs of LLMs, effi-
ciency is a critical concern for LLM-based CRS.
Given that LLM costs dominate other system com-
ponents, we approximate total expenses by ana-
lyzing input and output token counts (see Table
6). Key findings include: (1) All the variants
of LATENTCRS utilize significantly fewer tokens
compared to existing LLM-based CRS models.
LATENTCRS 5 only needs to generate 1 new to-
ken, reducing computational load by hundreds of
operations due to autoregressive decoding. This
dramatic cost reduction makes it particularly suit-

able for large-scale deployment. (2) We observe
a trade-off between cost and performance in LA-
TENTCRS. While expanded LLM utilization im-
proves accuracy, but also increases cost. The three
variants of LATENTCRS offer flexible choices to
balance these priorities based on application needs.

6.4 Ablation Study

To evaluate the contribution of each component in
LATENTCRS, we conduct an ablation study un-
der a one-turn recommendation setting. The re-
sults are presented in Table 5. We examine four
ablated variants: (1) w/o Inference Model: The
generative model is trained using only the auxiliary
recommendation loss, without incorporating user
intent. (2) Direct KL Alignment: The inference
and generative models are jointly trained with a KL
divergence constraint on the intent distribution. (3)
w/o Recloss: The auxiliary recommendation loss is
removed. The performance degradation observed
in all ablated variants demonstrates the importance
of each component. The significant performance
drop without the inference model highlights the
crucial role of our intent inference mechanism, as
directly combining recommendation models with
LLMs fails without proper user intent modeling.
More analyses are in Appendix G.

7 Conclusion

In this paper, we investigate the collaboration be-
tween recommendation models and large language
models (LLMs). We identify user intent as a key
bridge to effectively close the gap between these
systems. Since user intent is inherently unobserv-
able, we propose LATENTCRS, a novel approach
that addresses this challenge by representing user
intent through anchor vectors and optimizing CRS
tasks with user intent using an EM framework. A
notable advantage of LATENTCRS is its high effi-
ciency, as it eliminates the need to integrate LLMs
into the training process. In future work, we plan
to explore additional real-world scenarios and fur-
ther examine the impact of different user dialogue
styles on recommendation performance.



8 Limitations

While LATENTCRS demonstrates significant im-
provements over existing methods and provide an
efficient way for LLM-based CRS, it also exhibits
limitations in cold-start Scenarios. For new users
with limited interaction history, inferring accurate
intent distributions becomes challenging, poten-
tially degrading recommendation quality until suffi-
cient behavioral data is accumulated. Moreover, in-
tent inference relies heavily on a pretrained recom-
mendation model to extract user behavior patterns.
Any errors or biases in this model may propagate to
the intent distribution estimation, affecting recom-
mendation accuracy. Recognizing these limitations,
future work could explore combining latent intents
with content-based or demographic features to mit-
igate cold-start issues and developing uncertainty-
aware models or adaptive clustering techniques to
improve the robustness of intent inference.

9 Ethical Considerations

Our research utilizes three publicly available
datasets, MovieLens-1M, Amazon VideoGames,
and Amazon CDs, all of which have been rig-
orously anonymized by their original providers
through irreversible hashing of user identifiers. We
strictly comply with each dataset’s license. Our
study neither infers nor utilizes any personally iden-
tifiable information. For LLM integration, we em-
ploy LLama 3.1 and Gemini 1.5, both allow aca-
demic usage under their policies.

While our framework represents an advancement
in conversational recommendation systems (CRS),
we acknowledge several potential risks that warrant
consideration: (1) The pretrained recommendation
model may inadvertently propagate historical bi-
ases present in the training data; and (2) Although
designed specifically for CRS applications, the sys-
tem remains potentially vulnerable to adversarial
prompts that could compromise security or gener-
ate misleading outputs. To mitigate these risks, we
recommend implementing additional safeguards,
including bias auditing protocols and robust input
validation mechanisms.
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A Related Work

A.1 Conversational Recommender Systems

Conversational recommender systems (CRS) aim
to provide accurate recommendations through in-
teractions with users. Early approaches usually
treated the recommendation and conversation com-
ponents as two separate modules (Sun and Zhang,
2018; Bi et al., 2019; Zhang et al., 2020). Initial
work focused on how to interact with users by de-
termining which attributes or items to query and
by extracting information from user responses for
more accurate recommendations (Christakopoulou
et al., 2016, 2018). Subsequent research extended
these ideas to multi-turn conversational settings,
often using reinforcement learning methods (Lei
et al., 2020; Li et al., 2018; Zhang et al., 2018; Hu
etal., 2022). Although these methods were success-
ful, they restricted user responses to binary signals
(like or dislike), which limited the information that
users could provide. The growing use of LLMs
has introduced a new paradigm to interact with
users, which inspired the design of LLM-based
CRS (Jin et al., 2023; Gao et al., 2023; He et al.,
2023; Huang et al., 2023; Bao et al., 2024). Some
methods treat an LLM as an agent and the recom-
mendation model as a tool (Gao et al., 2023; Huang
et al., 2023; Kemper et al., 2024). Although this
approach allows more expressive user responses, it
still treats conversation and recommendation sep-
arately and only merges them through a binary
flag to indicate when a recommendation should be
made.

Other methods integrate recommendation and
conversation in a single framework. Because LLMs
have strong text processing and reasoning abilities,
some systems rely solely on LLMs to perform both
tasks. For instance, certain approaches follow the
ReAct framework (Yao et al., 2023), where the
LLM is instructed to plan and reason, carry out
specific actions, and adjust if mistakes are detected
(Gao et al., 2023; He et al., 2023, 2024; Xi et al.,
2024). Further approaches incorporate additional
training of LLMs using interaction data (Yang et al.,
2024; Yang and Chen, 2024; Ravaut et al., 2024).
However, these strategies ignore the collaborative
knowledge found in recommender systems, and
they can be expensive due to frequent LLM calls or
extensive fine-tuning. Moreover, their performance
can be uncertain because many studies only com-
pare them with baselines in cold-start situations
(Jin et al., 2023; Yang and Chen, 2024). In contrast,
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we propose a more efficient approach that uses user
intent as a bridge. We incorporate collaborative
information from recommendation models while
jointly learning representations of natural language
and user behavior.

A.2 Intent Modeling in Recommendation

Recently, many studies have examined user in-
tent to improve recommendation accuracy (Cen
et al., 2020; Liu et al., 2020; Pan et al., 2020;
Tanjim et al., 2020; Yao et al., 2021). Most ap-
proaches identify similar user intent. For example,
MIND (Li et al., 2019) introduces a multi-interest
extractor layer based on a capsule routing mecha-
nism to deal with multiple user intents. ISRec (Li
et al., 2021) builds an intention graph to uncover
each user’s underlying intentions and employs a
message-passing mechanism to predict future in-
tentions. ICLRec (Chen et al., 2022) leverages
an expectation-maximization framework to inte-
grate learned intents into sequential recommenda-
tion models via contrastive self-supervised learn-
ing. Furthermore, PO4ISR (Sun et al., 2024) in-
corporates intent modeling with LLMs for session
recommendation, allowing these models to discern
diverse user intents at a semantic level by iteratively
refining and adjusting prompts. However, current
intent modeling methods mostly concentrate on dis-
covering similar user intents from behavioral data
(Farshidi et al., 2024). In contrast, we find that user
intent can also act as a link between user behav-
ior and interests expressed in natural language for
CRS.

B Dataset Processing

Since not all items in the Amazon Games and Ama-
zon CDs datasets have associated metadata, we
preprocess the raw data to exclude items lacking
metadata. Additionally, we focus on the "5-core"
data, where each user and item has at least five in-
teractions. This is because cold-start items, which
lack sufficient collaborative information, are not
the focus of our work. We follow the data split-
ting methodology outlined in (Kang and McAuley,
2018; Sun et al., 2019; Chen et al., 2022). Specifi-
cally, we use the last item in each user’s sequence
as the test set, the second-to-last item as the vali-
dation set, and all other items as the training set.
Moreover, we employ a widely adopted data aug-
mentation method to generate additional training
samples (Chen et al., 2022). Specifically, we ran-



domly sample sliding windows from user behavior
sequences to create new synthetic data. To ensure
a fair comparison, all methods including both our
proposed approach and the baselines utilize the
same augmented training set.

C Baselines

e Traditional Conversational Recommendation
Models: CRM (Sun and Zhang, 2018) feeds the
belief tracker results to an FM-based recommen-
dation method to integrate the conversational and
recommender components. UNICORN (Deng
et al., 2021) formulates the conversational rec-
ommendation problem as unified policy learning
task. CRIF (Hu et al., 2022) utilizes four-phase
process consisting of offline representation learn-
ing, tracking, decision-making, and inference.

* LL.M-based Conversational Recommendation
Methods: Llama 3.1-8B (Dubey et al., 2024),
Gemini 1.5 pro (Team et al., 2024), GPT-4
(Achiam et al., 2023): They are representative
LLMs, including both open-source and closed-
source models. Chat-Rec (Gao et al., 2023) con-
verts user profiles and historical interactions into
prompts to innovatively augment LLMs to build
CRS. InteRecAgent (Huang et al., 2023) em-
ploys LLMs as the core processing unit and rec-
ommender models as tools.

D User Simulator

The prompt to instruct LLM to play as a user is
illustrated as follows:
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Prompt for Candidate Explanations Gen-
eration:

You are a user chatting with a recommender
for movies recommendation in turn.

Your history is {user_behavior_sequence}.
Your target items: {target_item}.
Here is the information about
get_item_features}.

You must follow the instructions below dur-
ing chat.

State your intention to guide the recom-
mender towards the target item. If the rec-
ommender recommends {target_item}, you
should accept. If the recommender rec-
ommends other items, you should refuse
them and provide the information about Toy
Story. You should never directly tell the
target item title. If the recommender asks
for your preference, you should provide the
information about {target_item}.

You could provide your history. You should
never directly tell the target item title. Your
output is only allowed to be the words from
the user you act. If you think the conversa-
tion comes to an ending, output a (END).
You should never directly tell the target item.
Only use the provided information about the
target. Never give many details about the
target items at one time. Less than 3 condi-
tions is better.

Now lets start, you first, act as a user.

{tar-

E Implementation Details

E.1 Implementation

As previously discussed, we utilize an LLM to act
as a user simulator, specifically employing Gemini-
1.5-pro for this purpose. Within our framework, we
use Llama-3.1-8B-Instruct (Dubey et al., 2024) as
the incorporated LL.Ms. For the recommendation
component, we implement the ICLRec (Chen et al.,
2022) model. All optimization steps are carried out
using PyTorch on 1 x NVIDIA RTX A6000 GPU.
Following (Gao et al., 2023), we limit the maxi-
mum number of interaction turns to 5 and present
at most 5 items in each dialogue turn. In our im-
plementation, we make a conditional independence
assumption, where the variable v is conditionally
independent of the observed data S*, x" given the
latent variable M. This can be formally represented
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Figure 3: Analysis of the influence of hyperparameters.

as:
p(v |8, z") =Eunpv | M)p(M | 8%, z*)

Moreover, due to the limited amount of train-
ing data, we employ a simple data augmentation
method by randomly segmenting user behavior
sequences to generate new data instances. This
approach helps to artificially expand the dataset
and improve model generalization by simulating
diverse interaction scenarios. Additionally, we em-
ploy a caching scheme to enhance training effi-
ciency. Specifically, we pre-embed the natural lan-
guage descriptions and store them, thereby offload-
ing the computationally expensive LLM calcula-
tions.

E.2 Hyper-Parameters Sensitivity

In this section, we present experimental results
to examine the sensitivity of LATENTCRS to key
hyperparameters. We evaluate the performance dif-
ferences with respect to the number of intents K
and the weight hyperparameters o, \ in Equation
9), and o in Equation (14). The results are illus-
trated in Figure 3. Due to space constraints, we
only report the results obtained on the Movielens
dataset. From the analysis, we observe that the op-
timal selection of hyperparameters plays a crucial
role in achieving superior performance.

F Ai Assistants Usage

We employ DeepSeek and ChatGPT solely for
grammar correction and language polishing. These
tools are not used to generate original content or
ideas. All Al-assisted revisions undergo careful re-
view to ensure they preserve the intended meaning
and maintain the integrity of our original work.
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G Ablation Study

To evaluate the effectiveness of each component
of LATENTCRS, we conduct an ablation study on
the full version of three datasets under one-turn
recommendation setting, and the results are pre-
sented in Table 5. (1) w/o Inference Model: In
this scenario, we train the generative model solely
using the auxiliary recommendation loss. The sig-
nificant performance gap underscores the difficulty
of training models directly with the latent intent
space. This result also highlights the importance
of incorporating collaborative information from
recommendation models into conversational rec-
ommender systems, which is the core motivation
behind our approach. (2) Direct KL Alignment:
Here, we simultaneously train the inference model
and the generative model, applying an additional
Kullback-Leibler divergence constraint on the in-
tent distribution. The performance decline suggests
that simply aligning the intent distributions does
not lead to the correct distribution, emphasizing
the effectiveness of the EM training framework.
(3) w/o Recloss: In this scenario, we remove the
auxiliary recommendation loss. The degraded per-
formance demonstrates the importance of the rec-
ommendation loss in guiding the alternating EM
training steps.
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