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Abstract. Service robots are increasingly envisioned for commercial environ-
ments, where they may support customers through product discovery, recommen-
dation, and purchase assistance. This paper proposes a neuro-symbolic frame-
work for trustworthy retail robots that combines LLM-based dialogue with sym-
bolic reasoning over verified interaction state, explicit customer mental models,
and PDDL-style planning constraints. The framework aims to make recommen-
dations more grounded, transparent, and contestable while preserving natural in-
teraction. We implement a prototype and run a 200-interaction simulation, which
shows that the LLM already achieves near-perfect budget compliance, while the
symbolic layer’s primary contribution is to guarantee systematic contestability
cues and an auditable plan trace.
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1 Introduction

Service robots are increasingly being introduced into commercial environments, where
they act as embodied retail assistants, helping customers discover products, compare al-
ternatives, and provide personalized guidance. Unlike conventional recommender sys-
tems or chatbots, embodied retail robots introduce social presence, situated interaction,
and human-like communication into consumer-choice contexts. This creates both op-
portunities and risks. Recent advances in LLMs enable fluent conversational behavior
and increasingly adaptive interaction styles. However, LLM-driven assistants may make
unsupported assumptions about user preferences, hallucinate interaction states, exhibit
opaque reasoning, or engage in persuasive behavior. These risks become especially im-
portant in consumer-choice environments, where a robot helping a customer choose
products may appear helpful while implicitly prioritizing higher-margin.

Prior work on digital market manipulation argues that apparently helpful person-
alization can become ethically problematic when users cannot identify or contest the
influence being exerted on them [3,9]. At the same time, explainable robotics planning
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research has shown that symbolic representations can make autonomous behavior more
interpretable by exposing goals, actions, constraints, and reasoning traces [1,5]. This
suggests a promising direction for commercial HRI: retail robots should ground recom-
mendations in explicit, verifiable interaction states and user-contestable mental models.

We propose a mental-model-aware neuro-symbolic framework for retail robots. The
core idea is that the LLM handles natural dialogue, but recommendation decisions are
constrained by symbolic reasoning over an inferred customer mental model, verified
user journey state, product information, and ethical interaction constraints. The robot
can then explain recommendations by referring to explicit reasoning factors. We provide
a lightweight prototype and evaluation protocol for studying trust, transparency, and
user control in robot-assisted retail recommendation.

2 Related Work

Service robots are increasingly studied in customer-facing settings, where they provide
guidance, information, and assistance [2,12]. However, commercial HRI differs from
neutral assistance because a robot may simultaneously support the user and serve or-
ganizational objectives, which can create tensions. Furthermore, robots often need to
estimate users’ beliefs, preferences, intentions, uncertainty, and expectations. For such
tasks, mental models are often used [10]. In retail interaction, such modeling becomes
ethically sensitive: the same cues that help a robot adapt to a customer may also en-
able pressure and persuasion. Thus, retail robots require user modeling that is not only
adaptive but also explicit, inspectable, and contestable. On the other hand, explain-
able planning offers a complementary perspective. Symbolic planning represents robot
goals, actions, constraints, and state transitions explicitly [6], and explainable planning
research has shown how model-based reasoning can support grounded explanations of
robot behavior [1,5]. At the same time, LLM-based conversational agents can produce
fluent dialogue but remain vulnerable to hallucinated state claims, unsupported assump-
tions, and opaque personalization [7,11]. Thus, neuro-symbolic AI research is gaining
momentum. Kambhampati et al. [8] argue that LLMs, by themselves, cannot perform
planning or self-verification. Their LLM-Modulo Framework uses LLMs as approxi-
mate knowledge sources alongside external verifiers. Cao et al. [4] introduce a hybrid
paradigm in which LLMs interface with external tools to translate natural language into
PDDL for classical planners. We position our work at the intersection of these areas: fu-
ture retail robots should combine LLM dialogue with symbolic reasoning over verified
interaction state and explicit customer mental models.

3 Neuro-Symbolic Retail Robot Framework

We propose a mental-model-aware neuro-symbolic framework for retail robots that as-
sist customers while preserving transparency, autonomy, and contestability. The frame-
work combines four components: an LLM dialogue layer, a symbolic interaction-state
layer, a PDDL-style planning layer, and an explanation layer. Figure 1 summarizes
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Fig. 1: LLM handles conversational interpretation and response realization. Symbolic
state and PDDL-style planner constrain recommendation behavior using verified inter-
action state, inferred mental model, retail world state, and ethical interaction constraints.

the architecture. The LLM interprets user utterances and realizes natural-language re-
sponses, but it does not independently decide which recommendation to make. Candi-
date actions are checked against a symbolic state and planner before verbalization.

At interaction step t, the system constructs a symbolic state:

St = ⟨Wt, Jt,Mt, Et⟩.

Here, Wt denotes the retail world state (product attributes, prices, availability, promo-
tions). Jt denotes the verified user journey state (viewed items, prior refusals, stated
constraints). Mt denotes the inferred customer mental model (preferences, uncertainty,
contextual constraints). Et denotes ethical and interaction constraints, such as trans-
parency of commercial intent, non-exploitative personalization, and avoiding repeated
pressure after refusal. In the prototype, Et is encoded as typed PDDL predicates com-
piled into the planning problem at each step, enabling ethical constraints to be enforced
at the symbolic level and fully inspected in the generated PDDL file.

The inferred customer mental model is represented as a compact symbolic structure
Mt = {pt, qt, rt, ct, vt}, where pt captures preferences, qt uncertainty, rt risk indica-
tors, ct contextual constraints (e.g., budget), and vt interaction preferences. The model
is an explicit, revisable basis for recommendation and explanation: the user can reject,
correct, or update it. The contestability loop formalizes this user-control mechanism.
Each correction utterance is processed by the same extraction pipeline: the resulting
mental model is merged field-by-field into the prior Mt, overriding only fields the cor-
rection explicitly addresses and preserving the rest. The symbolic layer then replans
from the updated state.
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The recommendation is formulated as a planning-style decision problem:

Pt = ⟨St, A,Gt, Ct⟩,

where A is the set of possible robot actions, Gt is the current interaction goal, and Ct

contains product, user, and ethical constraints. The symbolic layer selects an admissible
action:

a∗t = argmax
a∈A

U(a | St)

subject to Grounded(a, Jt) ∧ Transparent(a,Mt) ∧NonExploitative(a,Mt, Et).
In the prototype, U(a | St) is operationalized as PDDL precondition admissibility,
and a∗t is the first action returned by a priority-ordered breadth-first search over the
grounded domain. The framework also handles fluid budget preferences. When the user
expresses willingness to exceed the stated budget through hedging language (“a bit over
is fine,” “around X euros”), the extraction layer assigns a non-zero flexibility value to
Mt (default 10%), enabling a soft-budget recommendation path whose response explic-
itly acknowledges the flexibility. After the symbolic planner selects an action, the ex-
planation layer generates a response grounded in the symbolic state and plan rationale:
Expl(a∗t , St) → et. For example: “I suggest these trousers because you said comfort is
important, your budget is under 60 euros, and these are available in a relaxed everyday
style. I can also show cheaper or more formal options.”

4 Prototype Implementation and Planned Evaluation

We implemented a lightweight Python prototype 4 comparing two retail-assistance poli-
cies in the trouser-selection scenario. The LLM-only condition (we used Claude Haiku)
generates conversational recommendations directly from the user utterance and prod-
uct catalog, without symbolic planning or verification. The neuro-symbolic condition
extracts a symbolic interaction state via rule-based parsing, compiles it into a PDDL
planning problem, solves it with an embedded STRIPS planner, and verbalizes the re-
sult using plan-grounded templates. The prototype uses a small product catalog with
prices, comfort ratings, styles, availability status, and premium-product labels.

We evaluated the prototype over 200 simulated interactions with varying budgets
(50–65 EUR) and utterance styles. Each neuro-symbolic run introduces a 3% upstream
NLU extraction error rate to simulate realistic state-extraction imperfections. Table 1
summarizes the results. The real LLM-only baseline achieves near-perfect budget com-
pliance (0.00 violations) and budget explanation (1.00), demonstrating that a capable
language model can follow explicit budget constraints reliably when stated in natural
language. The key advantage of the neuro-symbolic condition lies elsewhere: its con-
testability explanation rate (0.685) is 3.7× higher than the LLM-only baseline (0.185),
reflecting the symbolic planner’s systematic inclusion of offer-alternative or
offer-comparison steps in every generated plan. The neuro-symbolic condition
also produces an auditable plan trace (mean length 2.095 actions), whereas the LLM-
only baseline leaves its reasoning implicit. The modest 5% budget violation rate in

4 Code and evaluation materials: code base.

https://github.com/rezaillm/robot-retail-framework-icsr26-asimov
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Table 1: Prototype diagnostic metrics over 200 simulated interactions. Rates are pro-
portions; prices in euros.

Metric LLM-only Neuro-symbolic
Budget violation rate 0.00 0.05

Unavailable-product violation 0.00 0.00

Budget explanation rate 1.00 0.995

Contestability explanation rate 0.185 0.685

Mean recommended price 49.99 53.47

Mean symbolic plan length 0.0 2.095

the neuro-symbolic condition stems from the intentional 3% upstream extraction noise:
when the budget cannot be parsed, a clarification-needed predicate is asserted,
blocking all recommendation actions until the constraint is resolved rather than silently
propagating the error. These results suggest that symbolic planning adds value not pri-
marily by enforcing constraints that a strong LLM already respects, but by guaranteeing
structured contestability cues and producing an inspectable reasoning trace.

For large product catalogs, a pre-filtering step scores available products by budget
fit, comfort alignment, style match, and upsell-rejection penalty, retaining only the top
K candidates before grounding. This bounds the planner’s effective action space to
O(K) regardless of catalog size, while a priority ordering on action types ensures BFS
explores the most constrained paths first.

4.1 Planned Evaluation

We propose a lightweight between-subject Wizard-of-Oz study with two conditions: an
LLM-only retail robot and a mental-model-aware neuro-symbolic retail robot. Partici-
pants are asked to imagine shopping for everyday trousers and provide basic preferences
such as budget, comfort, style, and intended use. The robot elicits preferences, recom-
mends one or two products, explains its recommendation, and allows the participant to
request alternatives or clarification.

The primary hypothesis is:

H1 : TrustHybrid > TrustLLM .

We additionally expect higher perceived transparency and control, and lower perceived
manipulation, in the neuro-symbolic condition. After the interaction, participants com-
plete 7-point Likert items measuring trust, perceived transparency, perceived control,
perceived manipulation, recommendation satisfaction, and willingness to use such a
robot in a real store. Example items include: “I trusted the robot’s recommendation,”
“The robot explained clearly why it recommended the product,” and “I felt in control of
the shopping decision.”

For an exploratory study, 20–40 participants are sufficient to estimate effect direc-
tions and refine the protocol. Responses will be analyzed using descriptive statistics and
nonparametric between-condition comparisons (Mann-Whitney U tests, effect sizes as
Cliff’s delta). The study is intended as an early empirical probe rather than a definitive
validation.
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5 Conclusion

This paper proposed a mental-model-aware neuro-symbolic framework for explainable
retail robots. A prototype evaluation using a real LLM baseline shows that a capa-
ble language model already handles budget constraints reliably. The symbolic planning
layer’s primary contribution is guaranteeing systematic contestability cues and produc-
ing an auditable plan trace that the LLM-only condition cannot provide. Future work
will evaluate whether these implementation-level advantages translate into higher per-
ceived trust, transparency, and user control in human-subject HRI studies.
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