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Abstract

Situated conversational recommendation
(SCR), which utilizes visual scenes grounded
in specific environments and natural language
dialogue to deliver contextually appropriate
recommendations, has emerged as a promising
research direction due to its close alignment
with real-world scenarios. Compared to
traditional recommendations, SCR requires a
deeper understanding of dynamic and implicit
user preferences, as the surrounding scene
often influences users’ underlying interests,
while both may evolve across conversations.
This complexity significantly impacts the
timing and relevance of recommendations. To
address this, we propose situated preference
reasoning (SiPeR), a novel framework that
integrates two core mechanisms: (i) Scene
transition estimation, which estimates whether
the current scene satisfies user needs, and
guides the user toward a more suitable scene
when necessary; and (ii) Bayesian inverse
inference, which leverages the likelihood of
multimodal large language models (MLLMs)
to predict user preferences about candidate
items within the scene. Extensive experiments
on two representative benchmarks demonstrate
SiPeR’s superiority in both recommen-
dation accuracy and response generation
quality. The code and data are available at
https://github.com/Dongdinglin/SiPeR.

1 Introduction

Conversational recommendation (Li et al., 2018;
Gao et al., 2021; Jannach et al., 2021; Zhou et al.,
2022), as an extensively explored research area,
focuses on delivering high-quality recommenda-
tions through natural language dialogue. It en-
ables recommenders to actively inquire about user
preferences and respond dynamically to user re-
quests. In many real-world scenarios, recommen-
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Conversation

Situational Context

There are several shirts on the display (=9
table: a brown, a grey, a white and ...

M Do you have any one with a
I aa  similarsize as the brown?
=
5 1 have that grey shirt, as well as the [°09)
| blue and white one on the table ... z
M 'm actually looking for something
-s for outdoor hiking, not shirts.
I see. Let me take you to the outdoor @
section (Scene 2). We have some —

durable pants there,

Do you have any XL pants?

Implicit Intent (“What”)

1 found a pair of blue jeans in XL )
on the left. How about these? P

Scene 2

Size is correct, but any other options?

If you prefer different colors, I [°09)
also have them in grey and black.

"~
@  Oreat, I'll take the grey one.

Figure 1: An illustrative example from the repurposed
SIMMC 2.1 (Kottur and Moon, 2023) dataset for situ-
ated conversational recommendation, where the interac-
tion process between the user and the virtual assistant
is grounded in evolving scenes. In the bottom panel,
although the initially suggested blue jeans satisfy the
size constraint, the user’s final acceptance shows that
the grey pants are the ground-truth target, highlighting
the need to reason about implicit preferences.

dations are inherently grounded in specific envi-
ronments, such as live promotions in clothing or
furniture stores (Kottur and Moon, 2023). This has
recently shifted research interest to situated conver-
sational recommendation (SCR) (Lin et al., 2024,
Wang et al., 2024c), which leverages visual scenes
grounded in specific environments and natural lan-
guage dialogue to deliver contextually appropriate
recommendations. This close alignment with the
real world underscores the importance of SCR as a
promising and practical research direction.

Despite its great potential, existing studies in
SCR primarily focused on dataset curation (Moon
et al., 2020; Kottur and Moon, 2023; Lin et al.,
2024; Wang et al., 2024c¢), yet they failed to es-
tablish a clear framework for effectively solving
the task. Building an effective SCR system is non-
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trivial due to its challenges in reasoning user pref-
erences: 1) User preferences are often dynamic
and varied by situations. In SCR, user interests
are often influenced by the surrounding environ-
ment. When the surrounding scene evolves across
conversations, user preferences can shift, adding
further complexity to the recommendation. For ex-
ample, as illustrated in the top panel of Figure 1
(The “Where”), when the user expresses an in-
terest in “outdoor hiking,” the system recognizes
that the current formal wear scene is a mismatch.
Consequently, it must actively guide the user to
the outdoor section (Scene-2) to align with po-
tential user interests. This necessitates a critical
decision-making capability for the system to de-
termine where to transition between scenes, which
has been largely overlooked in prior work. 2) User
preferences are often implicit rather than explic-
itly stated. For instance, in the bottom panel (The
“What”), the user acknowledges that “the size is
correct” but still asks for other options. In the full
dialogue, the user eventually accepts the grey pants,
indicating that while the size constraint is satisfied,
the initially recommended blue jeans do not match
the user’s intended purchase item. To address this,
the system must accurately distinguish and predict
the true target item from the remaining candidates
in the scene. This requires reasoning about what
the user truly desires, i.e., the underlying needs and
preferences in their expressed utterances.

To address the above two challenges, we intro-
duce Situated Preference Reasoning (SiPeR), a
novel framework that accordingly integrates two
key mechanisms. First, we present scene transi-
tion estimation, which focuses on joint modeling
of transition decision and target scene prediction.
By leveraging multimodal large language models
(MLLMs) (Wang et al., 2024b; Liu et al., 2024)
to represent both visual scenes and conversation
histories, this mechanism dynamically estimates
whether the current scene aligns with user needs,
allowing the system to predict a more suitable scene
and guide the user to it in the next turn. Second,
considering that LLMs often struggle to disentan-
gle nuanced preferences from surface-level con-
versation, we formalize preference discovery as a
Bayesian inverse inference (Baker et al., 2009;
Ullman et al., 2009; Jin et al., 2024) problem. This
approach treats the user’s utterance as an observ-
able action generated by a latent goal. By lever-
aging two opposing hypothetical beliefs (like vs.
dislike), we quantify the likelihood of each poten-

tial item being the “what” the user desires. This
allows the system to move beyond heuristic guesses
and perform more rigorous probabilistic reasoning.

Our contributions are summarized as follows:

* We identify the unique yet underexplored chal-
lenges in situated conversational recommenda-
tion (SCR): reasoning dynamic and implicit user
preferences in grounded, evolving scenes. Bridg-
ing this gap is important for delivering contextu-
ally appropriate recommendations in real-world
settings.

* In light of these challenges, we propose SiPeR,
a novel situated preference reasoning framework
that integrates scene transition estimation and
Bayesian inverse inference. To our knowledge,
this work is among the early framework-level
attempts to systematically address SCR.

* Qur SiPeR achieves notable improvements over
the compared baselines, with an average improve-
ment of 10.9% on SIMMC 2.1 (Kottur and Moon,
2023) and 10.6% on SCREEN (Lin et al., 2024),
respectively. Further analyses validate the effec-
tiveness of each proposed mechanism, providing
valuable insights into the development of practi-
cal SCR systems.

2 Related Work

Conversational Recommender Systems. Exist-
ing conversational recommender systems (Li et al.,
2018; Liu et al., 2020)(CRSs) seek to improve rec-
ommendation quality by focusing on two main
aspects: learning effective item representations
(Zhang et al., 2019; Zhou et al., 2020) and under-
standing user preferences conveyed in dialogues
(Deng et al., 2021; Lin et al., 2023). The former in-
volves learning informative item embeddings that
can represent items accurately (Lu et al., 2021;
Zhou et al., 2022), while the latter focuses on ex-
tracting user preferences from the dialogues to en-
hance personalization (Chen et al., 2019; Wang
et al., 2021). However, despite the success of these
approaches, they primarily focus on text-based in-
teractions, overlooking the visual information of
items. In many real-world scenarios, the visual
characteristics of items may significantly influence
user preferences (Long et al., 2023). Additionally,
environmental factors, which influence both the
context in which recommendations are made and
the user’s interaction with items, can significantly
affect the quality of recommendations.
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Figure 2: Overview of the Situated Preference Reasoning (SiPeR), which has two critical mechanisms: (a) scene
transition estimation (STE) and (b) Bayesian inverse inference (BI-INF).

Situated Conversational Recommendation. In
recent years, considerable attention has focused
on how user preferences and interests evolve un-
der the influence of situational context (Crook
et al., 2019). To advance the development of
this emerging field, Lin et al. (2024) pioneered
the formalization of situated conversational rec-
ommendation (SCR). They leveraged the SIMMC
2.1 dataset (Kottur and Moon, 2023) and released
the first SCR dataset, SCREEN (Lin et al., 2024),
which significantly contributes to the understanding
of dynamic user needs in context-aware conversa-
tions. Subsequently, Wang et al. (2024c¢) crafted
the MUSE dataset by collecting user profiles from
real-world scenarios and simulating dialogues us-
ing a multi-agent framework powered by MLLMs.
These foundational works have significantly con-
tributed to SCR research by providing valuable
datasets, enabling more accurate modeling of user
behavior and context. Despite these efforts, there is
still a lack of comprehensive analysis or a dedicated
framework designed to systematically address situ-
ated conversational recommendations.

3 Task Formulation

Let us consider a shared environment defined
by a collection of visual scenes {S;}< ,, where
each scene S; contains a set of candidate items
{Z: }]K:"l, C' denotes the total number of scenes
in the environment, K; represents the number of
items. These scenes and items are accessible to
both users and the recommender assistant (system).

The system engages in multi-turn interactions with
a user through natural language conversations, rep-
resented as {u¢, v; }1_;, where u; and v; denote the
user and system utterances at the ¢-th turn, respec-
tively. T" denotes the total number of turns.

At each turn t, the system operates with (i) a
situational context C;, which includes a specific
visual scene S; and the corresponding item set
7Z; in the scene, and (ii) a conversation history
H: = {u<¢, v}, which comprises all past user
utterances and system responses. The objective of
situated conversational recommendation is to gen-
erate a contextually appropriate response v; that
adapts to the user’s evolving interests. This process
entails determining the appropriate visual scene
(where) to ground the conversation and, when suit-
able, recommending a subset of items (what) from
the target scene that best satisfy user preferences.

4 Method

In this section, we present Situated Preference
Reasoning (SiPeR), a novel framework that com-
prises two critical mechanisms: scene transition
estimation (see §4.1) and Bayesian inverse infer-
ence (see §4.2). We introduce the end tasks of
recommendation and response generation in §4.3.
Figure 2 shows the overview of SiPeR.

4.1 Scene Transition Estimation

To ensure precise and natural scene transitions,
we propose a reasoning-driven generative-retrieval
framework for Scene Transition Estimation (STE).
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Instead of directly matching the dialogue history
to latent scene representations, our framework first
externalizes the desired environment as a semantic
profile, which provides an explicit anchor for the
user’s implicit and evolving intent. This generated
profile is only an intermediate query rather than the
final transition result. We then perform a coarse-
to-fine retrieval step to identify the optimal scene
from a large-scale candidate pool.

Scene-Profile Representation. Direct reasoning
on raw visual scenes is computationally prohibitive
and prone to noise. We therefore convert each
scene S; in the candidate pool into a textual situ-
ated profile dgs,, using a pre-trained MLLM. Each
profile encapsulates the spatial relations and a struc-
tured catalog of items with their visual attributes.
This profile is leveraged to transform target scene
prediction into a semantic matching problem.

Profile Generation of Target Scene. To main-
tain proactive yet coherent dialogue, the system
must envision a target scene that satisfies the user’s
implicit intent. Given the conversation history H;
and the current scene profile ds,, we prompt the
MLLM F to perform a joint inference of transi-
tion decision and target generation. This process
aims to determine the necessity of a transition by
balancing alignment with user needs against co-
herence with the current scene. Specifically, the
model is instructed to first generate a decision token
Ydec € {Yes,No}, followed by the profile content
d¢ of the expected target scene:

ydeadg = f(HudSt)- (1)

We quantify the likelihood of the transition via the
normalized probability of the decision token:

eXp(ZYes)
exp(zyes) + exp(zno)’

Strans = 2
where z denotes the output logits corresponding to
the generated tokens. When the transition decision
is affirmative (i.e., ygee = Yes), this generated
profile d s serves as a semantic anchor to predict the
scene to transit in the retrieval stage. Otherwise, the
system retains the current scene S; as the grounded
context for the downstream stage.

Coarse-to-Fine Transition Reasoning. Since ex-
haustive semantic reasoning over all candidates is
intractable, we employ a coarse-to-fine strategy for
transition estimation. In the coarse retrieval stage,

we aim to narrow down the scope of the candidate
scenes. We encode all candidate profiles {ds, } and
the reasoned profile dg into a shared embedding
space with an encoder ¢(-). The similarity score
for each candidate scene is given by:

_ oldg) - alds,)
[ECAIRIECI

We retain the top-N candidates to form a reduced
subset Syop of the scenes. Then, we take a fine-
grained reranking for determining the target scene.
To achieve precise estimation, we train a reranker
fo (parameterized by an LLLM) to evaluate the align-
ment between dg and each ds;, where S; € Siop.
To optimize the reranker, we minimize the follow-
ing negative log-likelihood during training:

exp(fo(dg, ds+))
Zsj ESipU{S*} exp(fy(dg, ds;)) ’
“)
where ds+ denotes the profile of the ground-truth
scene. This trained reranker ensures that the esti-
mated scene satisfies user needs while maintain-
ing a smooth transition. Consequently, even if the
generated profile contains imperfect or partially
hallucinated attributes, the final transition decision
remains grounded in real candidate scenes rather
than unconstrained free-form generation.

Score(S;) (3)

L, =—log

4.2 Bayesian Inverse Inference

Once the appropriate scene for the next turn is
identified, we aim to reason the user’s underlying
preferences about potential items within that scene.
Since LLMs often struggle to disentangle nuanced
preferences from surface-level conversation, we
formalize preference reasoning as a Bayesian in-
verse inference (BI-INF) (Baker et al., 2009; Ull-
man et al., 2009; Jin et al., 2024) problem. Our
approach consists of the following three stages.

Dialogue State Tracking. Dialogue state track-
ing (DST) aims to estimate the dialogue state at
each conversational turn, where the state is typi-
cally represented as a set of structured tuples re-
lated to system actions or user intents. Here, we
refer to dialogue states as user intents, such as re-
questing product information or comparing differ-
ent items (see Figure 6 in the Appendix). Specif-
ically, we directly instruct a powerful LLM to ex-
tract symbolic dialogue states from dialogue histo-
ries in the form of (intent, slot, value) tuples.
To assess reliability, we randomly sampled LLM-
extracted states from each downstream dataset and
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manually verified their correctness against the pre-
defined schema. This approach achieves a high
accuracy of 98.8%, validating the quality of the
extracted states.

User Preference Modeling. Drawing inspira-
tion from the Bayesian Inverse Planning (BIP)
framework used in computational cognitive sci-
ence (Baker et al., 2009; Ullman et al., 2009) and re-
cent multimodal Theory of Mind research (Jin et al.,
2024; Shi et al., 2024), we approach preference
reasoning by reversing the user’s decision-making
process. Instead of modeling the system’s policy,
we formulate the user as a rational agent interacting
with the environment. This process is formalized
as a Partially Observable Markov Decision Process
(POMDP) defined by the tuple (S, M, A, T, 7).
Here, s; € S represents the situational context
(scene). m; € M denotes the user’s latent goal
(i.e., the target item they desire), and p, represents
their evolving mental state (e.g., beliefs or specific
preferences about item attributes). Crucially, we
view the user’s utterance as an action a; € A (rep-
resented as the dialogue state) taken to achieve their
goal. The user generates these dialogue actions ac-
cording to a latent policy m(a¢|m;, p¢, $¢), which
reflects the likelihood of the user expressing spe-
cific intents given their underlying goal m; and the
current context.

Based on this forward generative model, we can
infer the user’s latent goal m; by observing their
dialogue actions a<;. We represent the posterior
probability of the user desiring item m; as follows:

t
P(mg, prla<e, s<¢) o H m(ar|mi, pr)

=1

“P(prlpr—1, 87)P(po)P(m;), (5)

where P(m;) is the prior over items. The term
P(p;|pr—1, sr) models the dynamics of user pref-
erence states. In practice, rather than maintain-
ing an explicit state vector, we approximate this
belief update by conditioning the model on the
history of dialogue states a~, and the situational
context (Hausknecht and Stone, 2015; Rabinowitz
et al., 2018). The term 7(a-|m;, p;) serves as the
core user likelihood function: it quantifies how
likely the user is to produce the dialogue state a, if
their true goal were item m;.

Inverse Inference through Hypotheses. Di-
rectly calculating the user policy 7 (-) in Eq. (5) is
intractable due to the vast space of natural language.

To address this, we follow Jin et al. (2024) to amor-
tize the policy utilizing a fine-tuned MLLM. This
approach leverages the model’s world knowledge
to simulate the user’s behavior. To infer the user’s
attitude toward a candidate item m;, we compare
two competing hypotheses: (i) H(m;, p.), denot-
ing the user likes (or accepts) item m;; and (ii)
H(mi, p;'), denoting the user dislikes (or rejects)
item m;. We compute the likelihood ratio of these
hypotheses as:

P(mi,p}) _ w(ami,pt) - P(ptlpi_y, 51)
P(mg, pit)  w(agmi, pit) - P(otpity, se)
-1 .

) m(arm;, pl)

1 NS
T2, m(ar|ma, p70)

(6)

where p denotes the estimated belief state derived
from the history up to turn 7, the policy m(a¢|m;, p)
is approximated by the MLLM’s generation proba-
bility. Specifically, we feed the MLLM with the sit-
uational context, the target item m;, and a hypothe-
sis prompt (e.g., “The user wants this item”). The
MLLM then computes the probability of generat-
ing the observed dialogue state a; (e.g., “Any other
options?”). A higher likelihood under the “like”
hypothesis compared to the “dislike” hypothesis
indicates that the observed utterance is more con-
sistent with the user desiring that specific item. The
input-output format during fine-tuning is shown in
Figure 7 in the Appendix.

During inference, we calculate the preference
ratio r; for each candidate item m; in the scene.
This is given by:

o P(H(mz’,pfs))
" B (A ) @

Items with higher ratios are deemed as the user’s
probable targets and are passed to the system.

4.3 Recommendation & Response Generation

After ranking all in-scene items based on their in-
ferred preference likelihood ratio, we select the
top-k candidates for recommendation. Follow-
ing recent advances in generative recommenda-
tion (Nie et al., 2024; Hou et al., 2024), we employ
MLLMs to produce natural, context-aware system
responses directly. To this end, we concatenate
the task-specific instruction, the metadata of the
top-k candidate items, the dialogue history, and the
description of the target visual scene together as
a prompt and feed it into an MLLM to generate
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SIMMC 2.1 SCREEN
Type Model
R@1 R@3 R@5 MRR@3 MRR@5 R@1 R@3 R@5 MRR@3 MRR@5

LLaVA-NeXT (Liu et al., 2024) 13.01 1392 14.12 13.45 13.52 1542 16.85 18.21 15.68 15.98
CoT Qwen2.5-VL (Wang et al., 2024b) 16.72 1835 18.61 17.65 17.92 21.05 23.68 24.12 23.01 23.42
GPT-40 (OpenAl, 2024) 28.12 4542 53.18 36.21 38.05 3345 4932 58.15 42.21 44.58
LLaVA-NeXT (Liu et al., 2024) 1436 1526 15.48 14.76 15.10 1671 18.22 18.80 16.67 17.20
IcL Qwen2.5-VL (Wang et al., 2024b)  17.12 19.66 20.02 19.14 19.45 21.18 23.24 23.96 22.95 23.52
GPT-40 (OpenAl, 2024) 29.15 4794 5545 38.45 39.95 35.06 49.94 60.16 44.58 45.96
ALBEF (Li et al., 2021) 6.06 745 8.19 7.28 7.45 851 998 12.64 10.75 12.03
LLaVA-NeXT (Liu et al., 2024) 23.67 26.84 30.18 24.89 27.77 24.63 28.49 30.46 27.98 29.11
Qwen2.5-VL (Wang et al., 2024b) 29.47 31.69 37.16 29.20 30.42 32.06 35.02 37.26 34.01 35.32
Training ReGeS (Yang and Fang, 2025) 27.68 4545 54.12 35.49 37.46 31.42 4985 59.24 39.88 41.75
SiPeR (Ours) 38.75 54.09 58.61 45.80 46.83 3941 5495 63.80 50.36 51.95
w/o STE 33.69 47.85 52.32 40.29 41.66 30.26 43.88 51.16 40.71 42.54
w/o BI-INF 31.88 4426 47.51 38.55 39.13 3396 4849 51.96 46.24 47.92

Table 1: Performance of different methods on preference reasoning (recommendations). All results are presented as
percentages (%). The best results per metric are highlighted in bold (¢-test with p-value < 0.05).

the next-turn response. By considering both situ-
ational and conversational contexts, this approach
effectively enhances the relevance of the system’s
recommendations that satisfy user preferences.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate our method using two pub-
licly available SCR datasets: SIMMC 2.1 (Kottur
and Moon, 2023) and SCREEN (Lin et al., 2024).
The SIMMC 2.1 dataset provides a multimodal,
task-oriented dialogue corpus that captures interac-
tions between customers and sales assistants within
an immersive 3D virtual shopping environment.
The SCREEN dataset comprises over 20,000 syn-
thetic dialogues focused on situated conversational
recommendations. Appendix A provides dataset
statistics and further preprocessing details. In par-
ticular, our evaluation split is balanced to include
50% transition-required dialogues, and over 90%
of SCREEN dialogues require implicit preference
refinement beyond the initial user request.

Baseline Methods. Since the task of situated
conversational recommendation remains underex-
plored, selecting suitable baseline methods for
fair comparison is challenging. To this end, we
evaluate representative models across three dis-
tinct learning paradigms: 1) Chain-of-Thought
(CoT): We utilize strong MLLMs in a zero-shot
manner, instructing them to reason step-by-step
about the visual scene and user intent. This in-
cludes the proprietary GPT-40 (OpenAl, 2024),
as well as open-source LLaVA-NeXT (Liu et al.,
2024) and Qwen2.5-VL (Wang et al., 2024b). 2)
In-Context Learning (ICL): To mitigate zero-

shot limitations, we enhance these backbones
by prepending retrieved, semantically similar
dialogue-recommendation demonstrations to the
input context. 3) Training-based Methods: This
category comprises fully supervised models, in-
cluding ALBEF (Li et al., 2021), a representative
small-scale multimodal model, and ReGeS (Yang
and Fang, 2025), a specialized text-based gener-
ative recommender. Unless otherwise noted, all
vision-language baselines are provided with the
raw scene image, the dialogue history, and the
textual item metadata for the current scene. For
the text-only ReGeS baseline, we replace raw im-
ages with structured scene profiles so that it re-
ceives the same environment information in text
form. Regarding optimization, ALBEF undergoes
full-parameter fine-tuning, whereas ReGeS and
the large-scale MLLM baselines utilize Low-Rank
Adaptation (LoRA) (Hu et al., 2022; Dettmers et al.,
2023) for efficient adaptation. Detailed configura-
tions and implementations for all baseline methods
are provided in Appendix B.

Implementation Details. We adopt Qwen2.5-
VL-7B-Instruct as the core MLLM for the SiPeR
framework. GPT-40 is used only in an offline pre-
processing stage for scene captioning and profile
generation, and is not queried during online turn-
by-turn inference. In the STE module, we employ
Qwen3-Embedding-4B as the dense encoder ¢(-)
for coarse retrieval and Qwen3-Reranker-4B as the
backbone for the fine-grained reranker fy. In the
BI-INF module, we amortize the Bayesian policy
7(+) by fine-tuning the Qwen2.5-VL backbone to
predict the structured state a; via cross-entropy loss.
At inference, the policy probability is computed
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from the output logits of the observed structured
state, rather than by autoregressively generating a
full response for every candidate item. We optimize
the model using AdamW (Loshchilov and Hutter,
2019) and employ nucleus sampling (Holtzman
et al., 2020) for response generation. Detailed hy-
perparameters for model architecture, training, and
generation are listed in Appendix C. All prompting
templates used are provided in Appendix E.

Efficiency Considerations. Our framework is
designed to keep the online deployment cost man-
ageable. First, the only proprietary component,
GPT-40, is used once offline for scene-profile con-
struction and is not involved in turn-by-turn infer-
ence. Second, BI-INF does not autoregressively
generate a complete response for every candidate
item; instead, it scores the already observed dia-
logue state directly from model logits and invokes
response generation only after candidate ranking.
The detailed latency breakdown, scene-density scal-
ing analysis, and the remaining discussions are re-
ported in Appendix D. Empirically, SiPeR requires
a similar time cost compared with the strongly
trained Qwen2.5-VL baseline, while improving
R@1 from 29.47 to 38.75; its latency also scales
roughly linearly from ~0.8s to ~2.9s as the num-
ber of in-scene items increases (Tables 6 and 7).

Evaluation Metrics. We evaluate the perfor-
mance of SCR models from two aspects: pref-
erence reasoning accuracy and response genera-
tion quality. For preference reasoning, we adopt
standard metrics for recommendation evaluation:
Recall@k (R@K, where k = 1, 3, 5) and Mean
Reciprocal Rank@k (MRR@FK, where k = 3, 5).
These metrics assess the model’s ability to rank
the ground-truth items among the top-k candidates.
For response generation, we conduct both auto-
matic and human evaluations. The automatic eval-
uation relies on BLEU-1,2 (Papineni et al., 2002)
and ROUGE-1,L (Lin, 2004), which measure the
lexical overlap between generated and reference
responses. To assess semantic coherence and rele-
vance, we additionally employ GPT-40 as a judge
to automatically score the generated responses on
a scale of 1 ~ 10 (GPT-Score), following estab-
lished protocols (Wang et al., 2024a). The specific
prompting template for GPT-Score is provided in
Appendix F. Details on human evaluation are pro-
vided in §5.6.

5.2 Main Results

Can our method achieve effective preference rea-
soning? Table 1 details the performance of prefer-
ence reasoning. SiPeR achieves the strongest over-
all recommendation performance among the com-
pared baselines, outperforming proprietary mod-
els such as GPT-40 and specialized training-based
methods. Notably, regarding R@1, SiPeR sur-
passes the second-best Qwen2.5-VL by a margin
of 9.28% on SIMMC 2.1. Moreover, our frame-
work outperforms ReGeS, a competitive text-based
recommender. This performance gap validates two
findings. First, visual information is indispensable
for situated recommendation since text-only mod-
els fail to capture visual-dependent preferences.
Second, our Bayesian inverse inference mechanism
is more effective at uncovering implicit user intents
than the standard CoT reasoning used in baseline
MLLMs.

How does our preference reasoning affect re-
sponse generation? Accurate preference reason-
ing is the cornerstone of generating appropriate re-
sponses. As shown in Table 2, SiPeR achieves the
strongest overall response-generation performance
among the compared methods. An important obser-
vation is that SiPeR achieves higher GPT-Scores
(8.92 vs. 7.56 on SIMMC 2.1) than GPT-40 despite
using a smaller 7B backbone. This suggests that
general linguistic fluency alone is insufficient for
SCR. By integrating precise scene estimation and
preference inference, our method ensures generated
responses are not only natural but also factually
aligned with latent user needs.

5.3 Ablation Study

To validate the effectiveness of the proposed mech-
anisms, we analyze the performance variants by re-
moving one component at a time. The correspond-
ing recommendation and response-generation re-
sults are reported in Tables 1 and 2, respectively.
We further provide STE-specific analyses in Fig-
ure 3 and Table 3, and a BI-INF-specific compar-
ison in Figure 4. 1) without (w/0) STE: Remov-
ing STE leads to the most significant degradation
across all metrics. For instance, R@1 drops sharply
from 39.41% to 30.26% on SCREEN. This decline
occurs because, without STE, the system fails to
navigate to the correct visual environment. Conse-
quently, the agent remains confined to the irrelevant
scene, making it impossible to recommend the cor-
rect items or generate responses that align with
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SIMMC 2.1 SCREEN
Type Model
BLEU-1/2 ROUGE-1/LL GPT-Score = BLEU-1/2 ROUGE-1/L. GPT-Score

LLaVA-NeXT (Liu et al., 2024) 18.42/8.51 15.62/12.58 5.64 28.75/19.68 23.85/18.24 6.12
CoT Qwen2.5-VL (Wang et al., 2024b) 19.85/10.64 15.88/12.72 5.85 3422/22.85 25.56/19.12 6.25
GPT-40 (OpenAl, 2024) 30.24/14.52 20.85/18.62 7.24 40.52/28.34  40.72/36.21 7.85
LLaVA-NeXT (Liu et al., 2024) 21.89/10.15 18.67/15.55 5.92 33.26/2290 30.59/23.21 6.42
ICL Qwen2.5-VL (Wang et al., 2024b) 22.28/11.30 19.30/16.86 6.15 37.75/26.34 31.58/24.92 6.58
GPT-40 (OpenAl, 2024) 27.70/13.92 21.69/20.52 7.56 42.39/31.56 42.04/36.11 8.12
ALBEF (Li et al., 2021) 21.65/10.18 17.02/15.41 6.75 3429/24.12 26.21/20.23 6.92
LLaVA-NeXT (Liu et al., 2024) 27.13/18.88 22.89/20.25 7.82 43.67/29.92 38.29/33.29 8.24
Qwen2.5-VL (Wang et al., 2024b) 29.77/19.31 24.87/21.91 8.05 45.34/33.90 40.77 /3591 8.52
Training ReGeS (Yang and Fang, 2025) 23.64/19.78 22.61/19.61 7.52 39.18/31.52 37.45/33.12 8.08
SiPeR (Ours) 33.77/21.67 32.61/25.52 8.92 49.50/36.44 45.48/38.50 9.35
w/o STE 30.28/19.45 28.21/22.99 8.45 46.22/34.45 41.08/36.21 8.78
w/o BI-INF 31.32/19.88 29.31/23.14 8.62 474273521 41.88/37.29 8.95

Table 2: Performance of different methods on response generation. The best results per metric are highlighted in

bold (¢-test with p-value < 0.05).
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Figure 3: Performance of (a) ROC curve and (b) cali-
bration curve for the scene transition estimation.

SIMMC 2.1 SCREEN
R@l MRR@3 MRR@5 R@l MRR@3 MRR@5
SiPeR (Ours)  38.75 45.80 46.83 39.41 50.36 51.95

w/ Random 34.17 40.61 42.08 31.84  41.79 43.13
w/ Non-target  33.92 40.43 41.92 31.13 4123 42.77
w/o STE 33.69 40.29 41.66 3026 40.71 42.54

Method

Table 3: Comparison of different scene transition esti-
mation variants in SiPeR.

the user’s new intent. 2) without (w/0) BI-INF:
Removing this module results in a considerable
performance drop, particularly in ranking metrics
like MRR @5. This result highlights that standard
MLLM prompting is insufficient for distinguish-
ing the user’s true target from visual distractors.
BI-INF effectively bridges this gap by rigorously
quantifying the likelihood of user utterances, en-
suring that the system accurately identifies specific
items to recommend.

5.4 Impact of Scene Transition Estimation

To validate the efficacy of STE, we first evaluate its
sub-components. Notably, the generated target pro-
file only serves as an intermediate semantic query;
the final transition target is grounded by coarse-to-
fine matching over the real candidate pool, which

helps buffer occasional profile-generation noise.
The transition decision module achieves an AUC
of 0.93 with strong calibration (Figure 3), and the
target scene predictor remains reliable across both
datasets in our evaluation. Furthermore, we dif-
ferentiate the gain of STE from mere architectural
complexity by comparing it with randomized (w/
Random) and erroneous (w/ Non-target) transition
strategies. As shown in Table 3, both variants suffer
significant performance drops (e.g., -4.6% to -7.6%
in R@1) compared to SiPeR, yet remain superior
to the complete removal of STE. This confirms that
the performance gains stem specifically from the
precise estimation of scene transitions, rather than
from merely introducing additional decision steps.

To isolate the contribution of the generative-
retrieval design, we additionally include a Qwen3-
based retrieval-only transition baseline that directly
retrieves target scenes from dialogue history us-
ing the identical Qwen3-Embedding-4B retriever
as STE, but without explicit target-profile genera-
tion. We further compare against a global-access
Qwen2.5-VL baseline that receives the top-5 re-
trieved scene candidates, and provide a conditioned
error-propagation analysis together with a dedi-
cated discussion of STE boundary cases in Ap-
pendix D. These complementary analyses clarify
both the value and the failure modes of the tran-
sition module. Concretely, the retrieval-only vari-
ant reaches 35.24 R@1, confirming that direct se-
mantic matching is weaker than our explicit target-
profile reasoning, while a global-access Qwen2.5-
VL baseline given the top-5 retrieved scenes im-
proves only to 19.58 R@1 and incurs a 138.2%
latency increase (Tables 8 and 9). Moreover, when
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Ours w/ Vanilla Prompting w/o BI-INF

58.61
R@5 50.22

47.51

46.83

MRR@5 40.19
39.13

33.77

BLEU-1 31.62
31.32

8.92

GPT-Score 8.55
8.62

Percentage (%)

Figure 4: Comparison of different preference inference
variants in our SiPeR on the SIMMC 2.1 dataset.

conditioning on STE correctness, downstream rec-
ommendation quality drops from 40.0 to 29.8 R@1
once the predicted scene is wrong, directly confirm-
ing the error-propagation effect from scene ground-
ing to BI-INF (Table 10).

5.5 Impact of Bayesian Inverse Inference

We further isolate the contribution of the BI-INF
module by comparing it against two variants: (a)
w/o BI-INF, and (b) w/ Vanilla Prompting, which re-
places the Bayesian framework with direct MLLM
instructions. As illustrated in Figure 4, SiPeR con-
sistently outperforms the vanilla prompting base-
line across metrics (e.g., significant gains in R@5
and MRR @5). This shows that rigorous probabilis-
tic reasoning offers a more robust mechanism for
disentangling user intent than heuristic single-pass
generation, while the gap between vanilla prompt-
ing and w/o BI-INF validates that explicit prefer-
ence modeling is essential for SCR.

5.6 Human Evaluation and Case Study

We conducted a human evaluation on 30 randomly
sampled instances from the SCREEN dataset.
Three well-educated annotators independently and
blindly rated responses on Coherence, Informa-
tiveness, and Situatedness (details in Appendix G).
As shown in Figure 5, SiPeR consistently demon-
strates comprehensive superiority over all base-
lines across these dimensions. Notably, it achieves
substantial gains in Situatedness (1.84) compared
to strong baselines such as GPT-4o0 (1.71) and
ReGeS (1.42). We attribute this success to our
structured framework: the scene transition estima-
tion ensures the system operates within the cor-

ICL - Qwen2.5-VL mm Train - Qwen2.5-VL Train - ReGeS

20 mmm |CL - GPT-40 Train - LLaVA-NeXT @z SiPeR (Ours)
19
o 1.82 185 184
518 7 % 176
] 2 173 1.7
n ., 1.69 1.6
g 1.6
: 1.6 b 54 7 .57 // 1.55 7
s s 1.5 L ad
© J 1.4
e % 1.34 % Z
s . 1.3
g i 1.24
; 12 Z 7 7
11
1.0 — 7 Z
Coherence Informativeness Situatedness

Figure 5: Human evaluation results comparing SiPeR
with baselines across Coherence, Informativeness, and
Situatedness. The inter-annotator agreement was mod-
erate across all metrics (Fleiss’ x € [0.47,0.53]).

rect visual context, while Bayesian inverse infer-
ence effectively filters out irrelevant items to target
the user’s true intent. Consequently, SiPeR gener-
ates responses that are not only linguistically flu-
ent but also visually faithful, whereas text-only
models like ReGeS struggle significantly with-
out visual cues. The reliability of these results
is supported by moderate inter-annotator agree-
ment (Fleiss” k € [0.47,0.53]) (Fleiss, 1971). To
demonstrate the qualitative performance of differ-
ent models, we selected representative cases from
the SIMMC 2.1 test set and presented them in Ap-
pendix H for a more detailed examination.

6 Conclusion

In this paper, we introduce Situated Preference Rea-
soning (SiPeR), a novel framework designed to ad-
dress the challenges of SCR: specifically, reasoning
about dynamic scene transitions and implicit user
intents. By integrating scene transition estimation
and Bayesian inverse inference, SiPeR not only de-
termines where to ground the conversation but also
infers what the user desires through probabilistic
modeling. Extensive experiments show that SiPeR
achieves superior performance over the compared
baselines in both recommendation accuracy and
response quality. We hope this work offers a con-
structive foundation for future research on more
proactive and context-aware situated recommenda-
tion agents.

Limitations

While the proposed SiPeR method demonstrates
strong performance, we also identify several lim-
itations. First, as the number of candidate items
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within a scene increases, the computational cost
of preference scoring correspondingly grows, and
the retrieval overhead also increases. In prac-
tice, lightweight coarse filtering may help reduce
this cost before applying the full BI-INF proce-
dure. Second, both STE and BI-INF inherit cali-
bration and hallucination risks from the underlying
MLLMs. Although STE grounds the final transi-
tion target in a real candidate pool through coarse-
to-fine retrieval, noisy target-profile generation can
still propagate downstream when an incorrect scene
is selected. Possible mitigation strategies include
inventory-constrained decoding, self-consistency
checks, and stronger uncertainty estimation. We
leave these directions to future work.

Ethics Statement

The MLLMs utilized in this work include both
open-source models and closed-source APIs, and
our use strictly follows established academic pro-
tocols. In particular, GPT-40 is only used for one-
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nents rely on publicly available open-source mod-
els. To mitigate potential biases in the recommen-
dation generation process, we have prioritized the
diversity and fairness of the datasets used for both
training and evaluation. Furthermore, since the
system proactively facilitates scene transitions and
provides product recommendations, it is crucial to
ensure that it does not manipulate or unduly influ-
ence the user’s decision-making. Finally, while
Al assistants (e.g., Cursor and ChatGPT) were par-
tially utilized for coding and linguistic refinement,
we affirm that all core content and findings in this
paper are the original work of the authors.
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A Datasets and Preprocessing

We evaluate our method using two publicly avail-
able SCR datasets: SIMMC 2.1 (Kottur and Moon,
2023) and SCREEN (Lin et al., 2024). The
SIMMC 2.1 dataset provides a multimodal, task-
oriented dialogue corpus that captures interactions
between customers and sales assistants within an
immersive 3D virtual shopping environment. The
SCREEN dataset comprises over 20,000 synthetic
dialogues focused on situated conversational rec-
ommendations. To better align with the real-world
SCR setting and enable a more holistic evaluation,
we construct a balanced test set by sampling dia-
logues with and without scene transitions in a 1:1
ratio. This ensures that both static and dynamic
situational contexts are well covered for evalua-
tion. Table 4 presents detailed statistics for the two
datasets.

Dataset SIMMC 2.1 SCREEN
Total #dialogue 5,622 20,081
Total #utterances 58,717 190,011
Total #scene snapshots 1,566 1,566
Avg. #words per user turns 12.6 22.46
Avg. #words per system turns 13.4 33.41
Avg. #utterances per dialog 10.4 9.46
Avg. #objects mentioned per dialog 4.7 4.4
Avg. #objects in scene 19.7 19.7

Table 4: Statistics of the experimental datasets.

Beyond the raw corpus size, we also quantify
the two central challenges studied in this paper.
First, dynamic scene transitions are a frequent phe-
nomenon in our evaluation setting: by construc-
tion, 50% of the dialogues in the repurposed test
split require moving to a different scene, which
ensures that transition reasoning is not a marginal
corner case. Second, implicit preference discovery
is particularly prominent in SCREEN. We identify
dialogues whose initial user request does not fully
specify the target item attributes and therefore re-
quires refinement through later interaction. Under
this definition, over 90% of SCREEN dialogues
require the system to progressively infer implicit
preferences from multi-turn conversational feed-
back.

B Baseline Implementation Details

We provide the specific implementation configura-
tions for the baseline models, categorized by their
learning paradigms. We also clarify the exact input
modalities made available to each model family for

fair comparison.

Inference-only Baselines (CoT & ICL). We
evaluate three backbone MLLMs in inference-
only modes: GPT-40 (OpenAl, 2024), LLaVA-
NeXT-7B (Liu et al., 2024), and Qwen2.5-VL-7B-
Instruct (Wang et al., 2024b).

* Settings: For the open-source models (LLaVA-
NeXT and Qwen2.5-VL), we utilize 4-bit quan-
tization to optimize memory usage. Inference
is conducted with a temperature of 0.7 and a
maximum token limit of 256. All inference-only
vision-language baselines receive the raw scene
image together with the dialogue history and the
textual item metadata of the current scene.

* In-Context Learning (ICL): For ICL settings,
we retrieve the top-k (k = 2) semantically sim-
ilar demonstrations using a dense encoder (con-
sistent with our STE module) and prepend them
to the conversation history as guidance.

Training-based Baselines. We compare our
method against fully supervised baselines, includ-
ing small-scale multimodal models, text-based rec-
ommenders, and fine-tuned MLLMs.

¢ Small Multimodal Models (ALBEF): We uti-
lize ALBEF (Li et al., 2021) as a representa-
tive small-scale baseline. It is optimized via
full-parameter fine-tuning using a sequence-to-
sequence objective. As a vision-language base-
line, it is given access to the same scene image
and dialogue context as other multimodal meth-
ods. We set the learning rate to 1 x 1075, batch
size to 32, and train for 10 epochs.

Text-based Recommender (ReGeS): For
ReGeS (Yang and Fang, 2025), since it cannot
process visual inputs, we convert visual scenes
into structured textual profiles using captions
generated by GPT-40. This conversion is
performed once offline and reused during both
training and evaluation so that ReGeS has access
to the same environment information in textual
form. We fine-tune ReGeS using LoRA (Hu
et al., 2022) for efficient adaptation.

Fine-tuned MLLMSs: We also report the perfor-
mance of LLaVA-NeXT and Qwen2.5-VL un-
der supervised fine-tuning. These models use
the same multimodal inputs as their inference-
only counterparts. Similar to ReGeS, these large
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models are optimized using LoRA rather than
full-parameter tuning to maintain computational
efficiency. The LoRA rank is set to 7 = 64 with
scaling o = 16.

All training-based baselines are tuned on the train-
ing set, and the best checkpoints are selected based
on Recall@1 performance on the validation set.

C Additional Implementation Details

We provide further details on the model configura-
tion and training process to ensure reproducibility.
The only proprietary component in our pipeline,
GPT-4o0, is used in a one-time offline preprocess-
ing step to build textual scene profiles. All online
transition estimation, preference inference, and re-
sponse generation rely on the open-source compo-
nents listed below.

Scene Transition Estimation (STE). For the
STE module, we utilize Qwen3-Embedding-4B
as the dense retriever and Qwen3-Reranker-4B as
the fine-grained reranker. The generated target pro-
file is never executed directly as a transition; it is
used only as a semantic query against the candidate
scene pool. To optimize the reranker, we apply
LoRA fine-tuning to the attention modules (query
and value projections). The LoRA rank is set to
r = 64 with a scaling factor o = 16 and a dropout
rate of 0.05. We train the reranker for 3 epochs
with a batch size of 8.

Bayesian Inverse Inference (BI-INF). For the
preference reasoning module, we fine-tune the
Qwen2.5-VL-7B-Instruct backbone. To mitigate
memory constraints during training on NVIDIA
A100 GPUs, we employ 4-bit quantization via Bit-
sAndBytes (Dettmers et al., 2023). The LoRA
configuration aligns with the STE module (r =
64, o = 16), targeting all linear layers in the vision-
language projection and attention mechanisms. We
set the maximum input length to 3,000 tokens to ac-
commodate multi-turn dialogue history and visual
features, while the output length is restricted to 256
tokens. The model is optimized for 3 epochs with
a batch size of 16 (using gradient accumulation).

Inference and Generation. During the inference
phase, BI-INF scores candidate items by comput-
ing the likelihood of the observed dialogue state
under competing hypotheses from the model log-
its, and response generation is invoked only after
the candidates are ranked. We then employ nu-
cleus sampling (Holtzman et al., 2020) to generate

Parameter Value

Model Architectures

Backbone MLLM (BI-INF) Qwen2.5-VL-7B-Instruct
STE Dense Encoder Qwen3-Embedding-4B
STE Reranker Qwen3-Reranker-4B

Scene Captioning GPT-40
Training Optimization
LoRA Rank r 64
LoRA Scaling o 16
LoRA Dropout 0.05
Quantization 4-bit (BitsAndBytes)
Optimizer AdamW
Learning Rate 2x 1075
Warm-up Ratio 0.03
Weight Decay 0.01
Epochs 3
Batch Size (STE) 8
Batch Size (BI-INF) 16
Context Lengths
Max. tokens for STE input 512
Max. tokens for BI-INF input 3000
Max. tokens for BI-INF output 256

Inference & Generation

Decoding Strategy Nucleus Sampling

Top-p 0.75
Top-k 40
Temperature 0.7
Max. tokens for response 256

Table 5: Detailed hyperparameters and experimental
settings for training and inference.

diverse and natural responses. We set the cumu-
lative probability threshold top-p to 0.75 and the
candidate pool size top-k to 40. The maximum
decoding length is set to 256 tokens. All detailed
hyperparameters are summarized in Table 5.

D Additional Efficiency and Transition
Analyses

This section presents five supplementary analyses:
end-to-end efficiency, a Qwen3 retrieval-only tran-
sition baseline, a global-access MLLM baseline,
conditioned error propagation from STE to BI-INF,
and a boundary-case discussion of STE. The la-
tency breakdown and scene-density scaling results
are reported in Tables 6 and 7, respectively. The
retrieval-only comparison and the global-access
baseline are summarized in Tables 8 and 9, respec-
tively, the conditioned error-propagation analysis is
reported in Table 10, and the qualitative boundary-
case discussion follows afterward.

Latency Breakdown and Scene-Density Scaling.
The first analysis reports the component-wise la-
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. Qwen2.5-VL  SiPeR
Metric (Trained)  (Ours)
STE Latency N/A 118 ms
BI-INF Latency N/A 245 ms
Generation Latency 1427 ms 1219 ms
Total Latency 1427 ms 1582 ms
R@l1 29.47 38.75

Table 6: Component-wise latency comparison between
SiPeR and a strong trained MLLM baseline.

5-10
~0.8

10-15
~1.2

1520 20-25 >25
~17 ~23 ~29

# Items in Scene

Latency (s / turn)

Table 7: Latency scaling of SiPeR with respect to scene
density.

tency of SiPeR on SIMMC 2.1 and compares it
with a strong trained MLLM baseline. The second
analysis groups evaluation instances by the number
of in-scene candidate items to show how BI-INF
scales as scene density increases.

Qwen3 Retrieval-only Transition Baseline. To
separate the effect of backbone capacity from the
effect of explicit target-profile generation, we com-
pare SiPeR with a retrieval-only transition strat-
egy built on the identical Qwen3-Embedding-4B
dense retrieval (Karpukhin et al., 2020) backbone
used in STE. This baseline directly encodes the dia-
logue history and retrieves the target scene from the
global pool, but removes the intermediate target-
profile generation step and the subsequent gener-
ative reasoning. As summarized in Table 8, a di-
rect MLLM decision over all candidate scenes is
computationally infeasible when the environment
contains 1,566 scene snapshots, so we report it as
an infeasible reference point rather than a runnable
quantitative baseline.

Global-access MLLM Baseline. A potential
concern is that the baseline MLLMs in Table 1
only observe the current scene, whereas SiPeR can
search over the global scene pool through STE. To
examine this setting more directly, we augment the
strong zero-shot Qwen2.5-VL baseline with the
top-5 scene images returned by our coarse retrieval
stage and ask the model to jointly reason over these
candidate scenes. We use the zero-shot version
here to isolate the effect of expanded scene access
alone, without conflating it with additional super-
vised adaptation. As shown in Table 9, this global-
access variant improves R@1 from 16.72 to 19.58
on SIMMC 2.1, but it still remains far below the

. - Final Rec.
Transition Strategy Feasibility R@1
Direct MLLM Decision Infeasible N/A
Qwen3 Dense Retrieval Feasible 35.24
SiPeR STE Feasible 38.75

Table 8: Comparison of scene transition strategies on
SIMMC 2.1. Direct MLLM decision over all 1,566
candidate scenes is included as an infeasible reference
point, while Qwen3 dense retrieval and our generative-
retrieval STE are both runnable strategies.

Final Rec. Latency
Method R@1 vs. Zero-shot
Qwen2.5-VL 16.72 Base
(current scene) : (1427 ms)
Qwen2.5-VL
(+ top-5 scenes) 19.58 +138.2%
SiPeR 38.75 +10.8%

(single filtered scene)

Table 9: Comparison with a global-access Qwen2.5-VL
baseline on SIMMC 2.1.

38.75 achieved by SiPeR. Moreover, packing five
retrieved scenes into a single prompt substantially
increases inference latency (+138.2%), indicating
that naively expanding the visual context is both
less effective and less efficient than our decoupled
STE+BI-INF design.

Conditioned Error Propagation from STE to
BI-INFE. The w/ Non-target ablation in the main
paper already shows that feeding BI-INF an incor-
rect scene substantially degrades recommendation
quality. To make this dependency more explicit, we
further condition the evaluation on whether STE
predicts the correct target scene on SIMMC 2.1,
thereby separating errors caused by scene ground-
ing from errors caused by in-scene preference rank-
ing. As shown in Table 10, correct scene ground-
ing yields 40.0 R@1 and 48.2 MRR @5, whereas
these numbers fall to 29.8 and 40.1 once the scene
prediction is incorrect. This 10.2-point drop in
R@1 confirms that scene-estimation errors prop-
agate directly to downstream item ranking, while
the remaining gap between the conditioned and
overall results also indicates that BI-INF still con-
tributes non-trivial discrimination after the scene is
correctly grounded.

Boundary Cases of STE. Beyond the aggregate
metrics above, we explicitly inspect the failure pat-
terns of STE. We observe two recurring bound-

10477



Condition R@1 MRR@5
Correct Scene Prediction 40.0 48.2
Incorrect Scene Prediction  29.8 40.1

Table 10: Recommendation performance on SIMMC
2.1 conditioned on whether STE predicts the correct
target scene.

ary cases. First, errors tend to arise when the
user provides only sparse transition cues (e.g., a
broad style request without distinctive attributes),
in which case multiple candidate scenes remain se-
mantically plausible after coarse retrieval. Second,
mistakes also occur when visually similar scenes
share overlapping inventories, causing the gener-
ated target profile to overemphasize high-level se-
mantics while under-specifying the decisive fine-
grained attributes. Importantly, these failures do
not lead to unconstrained hallucinated transitions:
the coarse-to-fine design still grounds the final pre-
diction in a real scene from the candidate pool, and
the downstream recommendation quality degrades
gracefully rather than collapsing. This pattern is
consistent with the w/ Non-target ablation in Ta-
ble 3, the conditioned analysis in Table 10, and the
qualitative example in Figure 10, where baselines
without reliable transition reasoning are more likely
to end in passive or erroneous responses. We there-
fore view the main remaining challenge of STE not
as free-form hallucination, but as disambiguating
among semantically neighboring real scenes under
limited conversational evidence.

E Prompting Templates

We present the detailed templates used for data
construction and model training. First, to ensure
standard dialogue state tracking, we adhere to a pre-
defined schema of intents and slots. As illustrated
in Figure 6, representative intents include request-
ing product details (i.e., REQUEST : GET), comparing
items (i.e., REQUEST : COMPARE), and adding items
to the shopping cart (i.e., REQUEST : ADD_TO_CART).
Corresponding slots may include attributes such as
customer review, color, and price.

Furthermore, regarding the Bayesian Inverse In-
ference module, we structure the instruction tuning
data as shown in Figure 7. This template integrates
the visual scene snapshots, the dialogue history,
and hypothetical user preferences (like/dislike) to
formulate the input, while the output is the corre-
sponding dialogue state. This structured format

Predefined Schema of Intents and Slots

Intents:

(1) INFORM: GET,

(2) REQUEST: COMPARE,

(3) REQUEST: ADD_TO_CART,
(4) INFORM: REFINE,

(5) REQUEST: DISAMBIGUATE,
(6) ASK: GET,

(7) INFORM: DISAMBIGUATE,
(8) REQUEST: GET ...

Slots:

(1) ASSET TYPE, (2) CUSTOMER REVIEW, (3)
AVAILABLE SIZES, (4) COLOR, (5) PATTERN,
(6) BRAND, (7) SLEEVE LENGTH, (8) TYPE, (9)
PRICE, (10) SIZE, (11) CUSTOMER RATING, (12)
MATERIALS ...

Figure 6: Representative instances of the predefined
intents and slots across SCR datasets.

Input-Output Format for Fine-tuning

Input Instruction:

The provided image consists of a series of scene
snapshots, accompanied by hypothetical user pref-
erences: {User like/dislike target item}. The
items mentioned in the conversation history are as
follows: {item1, item2, ...3}. The information
of the items in the scene: {item1 (attributes1),
item2 (attributes2), ...3}. Given the dialogue
state of the conversation up to n-1 turns represented
as: {{Intent_1, Slot_1, Value_1}, ...}, the
current dialogue state at the n-th turn is:

Output:
{Intent_n, Slot_n, Value_n}

Figure 7: Input-Output format for fine-tuning the policy
model in Bayesian inverse inference.

enables the MLLM to learn the inverse mapping
from user goals to dialogue actions effectively.

F Prompt for GPT-Score Evaluation

To ensure a comprehensive evaluation of the gener-
ated responses, we employ GPT-40 as an unbiased
judge. The evaluation prompt is designed to assess
the response quality based on three critical dimen-
sions: Relevance (whether the response addresses
the user’s intent), Visual Grounding (whether the
mentioned items and attributes align with the pro-
vided scene), and Fluency (whether the text is nat-
ural and coherent). The full prompt template is
presented in Figure 8.
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Prompt Template for Evaluation

System Instruction: You are an expert judge for Situated Conversational Recommendation (SCR) systems. Your task
is to evaluate the quality of a response generated by an Al assistant based on a user’s request and a specific visual
environment.

Input Context:

* Visual Scene Description: A structured text describing the items visible in the current environment (e.g., item IDs,
types, colors, positions).

* Dialogue History: The conversation logs between the user and the assistant leading up to the current turn.

* Ground Truth Response: The human-annotated standard response.

* Candidate Response: The response generated by the model to be evaluated.

Input Data:

* [SCENE]: SCENE_PROFILE

* [HISTORY]: DIALOGUE_HISTORY

* [GROUND TRUTH]: REFERENCE_RESPONSE

* [CANDIDATE]: GENERATED_RESPONSE

Evaluation Criteria: Please rate the [CANDIDATE] response on a scale of 1 to 10 based on the following criteria:

1. Visual Grounding: Does the response accurately reflect the items in the [SCENE]? Does it avoid hallucinating
items or attributes not present in the environment?

2. Relevance & Intent: Does the response correctly identify the user’s intent (e.g., recommendation, transition,
Q&A)? Does it recommend items similar to the [GROUND TRUTH] or meet the user’s constraints?

3. Fluency & Coherence: Is the response grammatically correct and contextually natural?
Output Format: Output a JSON object with two fields:
* “reasoning’: A brief explanation of the judgment (max 50 words).

 “score”: An integer score from 1 (worst) to 10 (perfect).

Figure 8: The prompt template used for GPT-Score evaluation. The placeholders SCENE_PROFILE, DIA-
LOGUE_HISTORY, REFERENCE_RESPONSE, and GENERATED_RESPONSE are replaced with the actual test
data during evaluation.

G Human Evaluation Details clear links.

* Moderate (1): mostly logical with minor in-

We conducted a human evaluation to assess the ) . ..
consistencies or awkward transitions.

quality of generated responses. Specifically, we )
randomly selected 30 test instances from the * Excellent (2): clear progression and well-

SCREEN test set, then recruited three well- connected ideas throughout.
educated graduate students to serve as annota-
tors. For each instance, the annotators rated the
responses produced by different models on a 3-
point ordinal scale (0-2), where O=Weak, 1=Mod-

erate, and 2=FEXxcellent. Ratings were given along » Weak (0): minimal or vague information; key
three dimensions: details missing.

(2) Informativeness (Inform.): completeness and
relevance of content to the user’s query and
dialogue context.

* Moderate (1): some relevant details but in-

(1) Coherence (Coher.): logical flow and internal r
complete coverage or specificity.

consistency of the response. . .
e Excellent (2): accurate, sufficient details that

* Weak (0): disjoint or abrupt topic shifts; un- fully address the query/context.
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(3) Situatedness (Situat.): degree of tailoring to
the current dialogue state and scene; effective
use of situational cues.

* Weak (0): generic; ignores the specific con-
text.

* Moderate (1): partial awareness of context
with limited adaptation.

* Excellent (2): strongly context-aware and
responsive to the user’s immediate needs and
environment.

To quantify inter-annotator agreement, we adopt
Fleiss’ kappa (Fleiss, 1971) computed per dimen-
sion. Figure 5 presents the human evaluation re-
sults. We observe that each obtained Fleiss’” kappa
falls into the range [0.47,0.53], indicating mod-
erate agreement among annotators. Notably, our
SiPeR achieves the highest scores across all three
metrics. These gains indicate that the integration
of scene transition estimation and Bayesian inverse
reasoning with ToM enables more faithful prefer-
ence modeling. Consequently, it results in more
coherent, informative responses that are contextu-
ally grounded.

H Case Study

Case A: No scene transition required (Figure 9).
In this scenario, the user holds both an explicit con-
straint (brand Modern Arts) and an implicit visual
preference (compatibility with their wardrobe). As
shown in Figure 9, baseline models exhibit distinct
failure modes. The small-scale model ALBEF gen-
erates a generic caption, ignoring the specific brand
constraint. The text-only baseline ReGeS suffers
from hallucination, inventing a “black” table de-
spite the system previously stating only a brown
one exists. While the strong MLLM Qwen2.5-
VL correctly identifies the brand, its response is
factually rigid and fails to address the user’s under-
lying concern about style compatibility. In con-
trast, SiPeR successfully grounds the “Modern
Arts” brand in the visual object and, crucially, links
its neutral attributes back to the user’s initial la-
tent goal (“won’t clash with my wardrobe”). This
demonstrates the effectiveness of our Bayesian In-
verse Inference in disentangling implicit intents
from surface-level dialogue.

Case B: Scene transition required (Figure 10).
Figure 10 illustrates a dynamic scenario where the
user requests a specific item (Nature Photogra-
phers blouse) that is absent in the current loca-

tion (Scene-1, containing sweaters) but available
in a different section (Scene-2). Baselines lacking
visual grounding or spatial awareness fail signifi-
cantly: ALBEF remains anchored to the current
view, merely describing the visible sweaters, while
ReGeS hallucinates that the item is “right here.”
Notably, even the advanced Qwen2.5-VL, while
correctly recognizing the item’s absence in the cur-
rent scene, adopts a passive stance (“No blouses
here”), resulting in a conversational dead-end. Con-
versely, SiPeR leverages its Scene Transition Esti-
mation (STE) mechanism to detect the mismatch
between the user’s request and the current environ-
ment. It proactively guides the user to the correct
location (“come over here””) and accurately grounds
the target item in the new scene, showcasing supe-
rior situatedness and navigational capability.
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Furniture Store (The scene where the conversation takes place)

Scene-1 Iltems:
item_1: {type: table; color: neutral brown; price: 27.99; ...}
item_2: {type: chair; color: white; price: 16.49; ...}

Conversational History
(Turn-1) User: I'm trying to get more furniture for my bedroom. Is there a table here that wouldn't clash with my
wardrobe?
(Turn-1) System: Would you consider that table in the back to the right? It's neutral brown color would blend well
with anything!
(Turn-2) User: Got any other ideas?
(Turn-2) System: I'm afraid that's the only table here.
(Turn-3) User: | really want it to be a Modern Arts table. No other brand will do.

Generated Responses
MT-BART: Yes, this table is from this brand.
LLaVA-NeXT (Fine-tuned): | think you can try the red table over there. Maybe it can meet your requirements.
Qwen2.5-VL (Fine-tuned): Sure, this table is made by the Modern Arts brand, and it's especially convenient to use.
SiPeR (Ours): In fact, this table is made by Modern Arts. Its design and color will definitely not clash with your
wardrobe.

Figure 9: Cases of generated responses for different models, where no scene transition is needed.

Fashion Store (Scene-1) [turn -1 to turn-5] Fashion Store (Scene-2) [After turn-6]

Scene-1 Iltems:
item_1: {type: sweater; color: black; price: 32.99; ...}
item_2: {type: sweater; color: black; price: 27.49; ...}

Scene-2 Items:
item_25: {type: blouse; color: black; price: 44.99; ...}

Conversational History
(Turn-1) User: Keep an eye out for nice sweaters.
(Turn-1) System: Please share your thoughts on the black one hanging up in the back right and the other black
one folded up on the near end of the table in the back left.

(Turn-6) User: Now do you think you could find a nice blouse by Nature Photographers over here?

Generated Responses
MT-BART: No, there is no such blouse here.
LLaVA-NeXT (Fine-tuned): I’'m so sorry, | don’t have any blouses that match your description. Would you like to
see other options?
Qwen2.5-VL (Fine-tuned): | think you can try this blouse on the left.
SiPeR (Ours): Yes, please come over here and take a look. We have beautiful vests from this brand in our store.
There's one on the rack directly in front of you. You can try it on.

Figure 10: Cases of generated responses for different models when the scene transition is required.
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