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ABSTRACT: The rapid advancement of edge intelligence in Industrial Internet of Things (IIoT) is transforming
human-computer interaction from conventional “command execution” to complex “human-AI deep collaboration”
Within such safety-critical industrial environments, establishing robust mutual understanding and trust mechanisms
becomes a significant prerequisite for decision reliability and efficiency. However, existing industrial interaction
systems predominantly focus on task progression and explicit command responses, lacking fine-grained, dynamic
tracking of operators’ trust states, cognitive evolution, and behavioral dynamics. Moreover, current LLM-based user
simulation in evaluation often exhibit an “over-cooperation” bias, failing to capture the cognitive conflicts and trust
crises characteristic of high-pressure, high-risk industrial conditions. To address these challenges, we first propose a
trust-aware user behavior model, which utilizes an LLM-parameterized Hidden Markov Model (HMM) to formalize
collaborative trust as a dynamic latent variable, thereby structurally characterizing the psychological and behavioral
dynamics of operators across multi-turn interactions. Building on this, we introduce TATA, a task-oriented agent
framework integrating trust-awareness and cognitive alignment. Through a dual-track state monitoring mechanism
and adaptive interaction policy coordination, TATA effectively advances collaborative tasks and fosters relationship
maintenance in realistic collaborative environments. Comprehensive evaluations on six industrial task scenarios
demonstrates that TATA achieves an optimal balance between collaboration depth and task efficiency, outperforming
the strongest baseline by achieving 1.6 to 2.6 times higher collaboration efficiency and an absolute increase of over 15
percentage points in task completion rate. These findings provide valuable insights for developing resilient and adaptive
deep human-AI collaboration tailored to IIoT scenarios.

KEYWORDS: Industrial intelligence; agent; human-AI collaboration (HAC)

1 Introduction

The rapid convergence of Al and the Industrial Internet of Things (IIoT) is fundamentally transform-
ing modern industrial systems, enabling intelligent monitoring, predictive maintenance, and data-driven
decision-making across smart factories, power grids, and logistics networks [1]. At the center of this
transformation, Al agents powered by Large Language Models (LLMs) [2,3] have emerged as a critical
operational engine, supporting complex industrial decision-making and task execution through natural
language interaction [4]. This shift is driving a transition in human-machine interaction (HMI) paradigms,
moving from traditional rule-based command matching toward conversational human-AI collaboration
(HAC) systems. Under this emerging interaction mode, operators can engage in multi-turn dialogue with AI
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agents to collaboratively address highly specialized industrial tasks through iterative communication rather
than one-shot instruction execution [2,3,5].

Nevertheless, the effective operation of current Al-driven industrial collaboration systems fundamen-
tally relies on the assumption that operators are able to provide clear and sufficiently detailed task specifications.
This prerequisite often fails in dynamic industrial scenarios that require exploratory problem-solving and
domain expertise [6]. In practice, when confronted with unexpected situations, industrial operators can
typically observe only preliminary symptoms of a problem. Despite possessing extensive tacit experience,
they often struggle to fully articulate precise system requirements, potential constraints, and underlying logic
at the early stages of a task [7].

Consider a real-world industrial scenario: an operator is troubleshooting an unexpected temperature
anomaly in a chemical reactor. Under the traditional command-execution interaction mode, the operator
must diagnose the exact cause by themselves and issue explicit commands (e.g., Check the status of cooling
valve V-102.). This places the entire cognitive burden on the human operator, who may not have access to
complete real-time monitoring data. In contrast, in a collaborative dialogue scenario, the Al agent proactively
engages in joint problem-solving. It can ask exploratory questions (e.g., Has the coolant flow rate changed
in the past hour?) and adjust its subsequent dialogue policy based on the operator’s responses (e.g., I'm
not sure if that’s the issue, but I recall encountering a similar situation last month.). This collaborative mode
reduces the operator’s cognitive load and builds problem localization and shared understanding through
multi-turn interactions, which are the capabilities that are critically important in industrial edge computing
environments with extremely high requirements for safety and real-time performance. If an Al agent engages
in “premature execution” or makes misaligned decisions based on incomplete information, it will not only
waste the already limited computational and communication resources but also trigger cascading operational
risks. Ultimately, this form of ineffective (or even harmful) interaction can rapidly erode operators’ trust in
Al systems [8,9], thereby directly undermining the adoption and effectiveness of HAC decision-making.

To address these challenges, recent research has begun to explore deep human-AI collaboration
mechanisms from a cognitive science perspective [6,7]. Based on the Common Ground theory [10,11],
Li et al. proposed the Cognitive Collaborative Dialogue (CCD), a task that emphasizes that the users
understanding of the problem and the cognition of the solution co-evolve through the interaction process between
both parties. Through collaborative dialogue, Al agents can gradually guide users to jointly construct a shared
understanding of the problem space and ultimately generate customized solutions. This insight aligns closely
with the requirements of IIoT scenarios. In complex industrial decision-making, it is often necessary to
deeply integrate Al-analyzed data insights and collected industrial environment information with the tacit
expertise of human experts. This “cognitive alignment” is a gradual process that requires the continuous
establishment of mutual trust and consensus, rather than a one-time execution of instructions.

Although the CCD framework has demonstrated effectiveness in collaborative interaction and task
completion at a macro level, existing approaches lack comprehensive modeling and fine-grained tracking
the dynamic trust and behavioral evolution of both human and agents during dialogue. Specifically, current
practices in evaluating multi-turn interaction systems and constructing user simulators predominantly rely
on mechanical behavior switching [12], predefined information disclosure strategies [13], or static persona
templates [14], making it difficult to capture the psychological dynamics of real human users as they evolve
with content and collaboration depth throughout the conversation. More critically, influenced by RLHF
in model pretraining, LLM-driven user simulators often exhibit an excessively cooperative attitude [15],
tending to accommodate any guidance from the agent, and rarely displaying genuine resistance, skepticism,
or emotional fluctuations even when cognitive conflicts or trust decline occur. This idealized simulating
behavior obscures the trust crises and collaboration barriers that agents may encounter in real-world



Comput Mater Contin. 2026;88(2):78 3

applications. Simultaneously, Al agents themselves lack explicit mechanisms to perceive and respond to
cognitive shifts (e.g., cognitive evolution, adjustment, or conflict) during each interaction turn. Under such
settings, it becomes difficult to simulate authentic HAC processes, ultimately leading to overestimated
evaluation results and creating “fake success” in collaborative effectiveness.

To bridge this critical gap, we tackle the aforementioned challenges by focusing on both user modeling
and agent design, with a focus on achieving robust HAC in complex industrial decision-making environ-
ments. As shown in Fig. 1, we first propose a trust-aware user behavior model. This method formalizes users’
“collaborative trust level” during dialogue as dynamic latent variables within an LLM-parameterized Hidden
Markov Model (HMM), thereby structurally characterizing the psychological and behavioral dynamics
encountered in real-world interactions. Based on these insights, we present TATA, a task-oriented agent
framework integrating trust-awareness and cognitive alignment. TATA comprises three core modules: a
dialogue trajectory planner, a dual-track state monitor, and an adaptive interaction coordinator. The planner
forecasts future dialogue trajectories; the monitor jointly assesses task-level cognitive development and
relationship-level affective vigilance signals. Guided by a partially observable Markov decision process
(POMDP), the coordinator leverages these dual-track observations to dynamically adjust interaction polices,
balancing task advancement and trust maintenance throughout the collaboration process. Additionally, we
further introduce a novel set of targeted trust dynamics evaluation metrics for more fine-grained assessment
of HAC quality throughout the interaction.

In summary, our main contributions are as follows:

«  We propose a trust-aware user behavior modeling approach that represents collaborative trust as a
dynamic latent variable, establishing a rigorous and practically grounded methodological basis for
evaluating HAC in industrial decision-making scenarios.

o We develop the TATA agent framework, which integrates dual-track information fusion and adap-
tive policy regulation mechanisms to enhance collaboration capabilities in dynamic industrial
environments.

o We introduce a process-oriented trust dynamics evaluation system, offering new insights into the
deployment of trustworthy Al collaboration systems in industrial intelligence environments.

Trust-aware User Modeling TATA Agent Framework
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Figure 1: Overview of the whole interaction framework. (1) Trust-aware user modeling (left): using an LLM-driven
HMM to model users’ trust dynamics and behavior based on internal state and dialogue history; (2) TATA framework
(right): featuring a dual-track state monitor for tracking task and emotional states, and an POMDP-based coordinator
to update belief states and select optimal policies for response generation and trajectory regulation.
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2 Related Work
2.1 Task-Oriented Dialogue Agents and Industrial Applications

Task-oriented dialogue systems are transitioning from traditional pipeline architectures to LLM-driven
agents [16,17]. Current studies primarily leverage LLMs to enhance task planning [18,19], dialogue state track-
ing [20], and tool invocation [21,22] to improve execution efficiency. However, most such agents typically
employ self-iterative unidirectional mechanisms that lack user engagement, rendering them susceptible to
failure when user information proves insufficient or ambiguous [23]. Consequently, proactive agents [24]
have emerged as a prominent research focus. Moving beyond passive response patterns, these agents optimize
interactions by actively clarifying ambiguities, guiding the conversational flow, and preemptively proposing
solutions. Representative approaches include specialized model training [25], Chain-of-Thought (CoT)
reasoning [26], and knowledge graph inference [27].

Regarding practical applications, the capabilities of LLMs and agents have catalyzed an expansion
of task-oriented dialogue agents from everyday domains to complex industrial production [28]. Under
the “Human-Centric” paradigm of Industry 5.0, human-machine interaction within IIoT environments
is evolving from conventional unidirectional static command parsing toward dynamic, mixed-initiative
decision-making and deep collaboration [29,30]. To address the challenges posed by high-noise, highly
dynamic environments with stringent fault-tolerance costs, recent research prioritizes intent recognition and
mixed-initiative dialogue mechanisms in complex scenarios to enable more flexible task allocation and exe-
cution [31-33]. For instance, latest studies have proposed a mixed-initiative dialogue system that dynamically
assesses human collaborative willingness based on historical interactions to optimize human-machine task
allocation [33]. Additionally, for high-risk industrial collaborative scenarios, researchers have introduced
dialogue-based explainable safety mechanisms designed to communicate underlying safety constraints and
operational logic transparently to operators, thereby maintaining shared situational awareness during task
interruption and recovery [34].

Nevertheless, existing proactive interaction strategies exhibit significant limitations. Most studies still
conceptualize humans as static instruction sources or assume that users exhibit perfect cooperation during
evaluation [33]. Consequently, the proactivity of current systems remains largely confined to few-turn
information acquisition and slot filling, lacking mechanisms for dynamic trust tracking, goal negotiation,
and cognitive alignment over extended task durations [35]. These constraints substantially limit their
practical applicability in authentic industrial intelligence scenarios.

2.2 User Simulator

User simulation serves as a critical technique for generating interactive dialogue data, widely employed
for evaluating and training conversational agents [36]. Compared with conventional user simulators, LLM-
based approaches exhibit superior cross-domain adaptability and behavioral diversity [37,38]. LLMs emulate
users through persona simulation [14], role-playing [39], and individual behavior modeling [40]. Typical
research approaches primarily encompass prompt engineering [41], retrieval-augmented generation [42],
efficient fine-tuning [43], and reinforcement learning with preference optimization [44], among others.
However, most of these methods rely on static user profiles or or are confined to the task objectives
themselves, overlooking the dynamic cognitive processes and collaborative participation mechanisms inher-
ent in human-AT interaction. Furthermore, existing LLM-based user simulators may inherently exhibit
an “over-cooperation” or “sycophancy” bias [15,45], tending to overly accommodate the other party and
avoid cognitive conflicts. In user simulation scenarios for evaluating human-AI collaboration, an overly
compliant simulator fails to reproduce the cognitive conflicts, skepticism, or trust crises that may arise during
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real collaborative processes, leading to inflated evaluation results, which is the problem that our proposed
approach explicitly addresses.

3 Methodology
3.1 Task Formulation

As a significant extension of traditional Task-Oriented Dialogue (TOD) in complex scenarios, Cog-
nitive Collaborative Dialogue (CCD) is proposed to address tasks characterized by high exploration,
professional expertise, and personalization [6]. Unlike conventional TOD systems that provide prede-
termined answers or mechanically execute “slot-filling” queries, CCD necessitates multi-turn progressive
interactions between agents and users to co-construct shared understanding of underspecified problems [13].

Formally, a CCD task with N turns is defined as: Dy = {go,Co, T, Hn> Ctinal }» Where gy is the user’s
preliminary goal, Cy is the initial cognitive state set representing the user’s initial understanding (e.g.,
background context, constraints, preferences). T is a serialized collaborative blueprint, defined in [6] as a
“cognitive trajectory”, which outlines potential directions and constructs pathways for deeper exploration
in subsequent dialogues. Hy = {uo, 70, U1, 71, ..., UN—1, Tfinal ; Tepresents the dialogue history, and Cing is the
final evolved state of C,.

However, a notable challenge exists in basic CCD task settings: users’ internal trust states and
cognitive evolution are implicit and unobservable. As a result, existing frameworks tend to advance tasks
in a mechanical manner, lacking mechanisms to perceive and resolve implicit cognitive conflicts. More
importantly, most existing evaluation environments rely on static user simulators that may exhibit a tendency
toward “over-cooperation” [15], further obscuring the trust crises that could arise in real HAC.

Therefore, to authentically assess and address these issues, it is imperative to first model real user
behaviors dynamically within the CCD context (see Section 3.2), and subsequently design agent frameworks
capable of operating effectively in such complex and dynamic environments (see Section 3.3). The Overview
of the trust-aware human-AI collaborative dialogue framework is shown in Fig. 1.

3.2 Trust-Aware User Behavior Modeling

Effective collaboration relies on the co-evolution of cognitive states between dialogue participants
and the establishment of trust in this process. [10,46]. However, conventional user modeling approaches
often oversimplify user behavior by employing static persona templates or random information disclosure
strategies, neglecting the reality that user actions in real interactions are dynamic manifestations of evolving
internal trust and cognitive states [7,13,14].

In highly exploratory collaboration scenarios, “trust” is not a static value but a complex cognitive process
that dynamically evolves through multidimensional interactions [47]. Based on Trajectory Epistemic Net-
work Analysis (T-ENA) conducted on real human subjects interacting with conversational agents' [48], Li
et al. demonstrated that human trust manifests interdependently through analytic processes (e.g., systematic
evaluation and scrutiny) and affective processes (e.g., emotional experiences).

Drawing on these theoretical and empirical foundations, we propose a trust-aware user behavior
modeling approach (Fig. 1-Left) that formalizes the user’s “cognition-trust-behavior” process dur-
ing multi-turn collaboration as an LLM-parameterized Hidden Markov Model (HMM), denoted by
Auser = (S, Oyser»> T, A, B). This framework provides a rigorous operational definition for collaborative trust.

UThe study recruited 24 participants and collected 1981 lines of dialogue text during the completion of 12 decision-making tasks with a conversa-
tional agent.
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Notably, distinct from trustworthiness as an intrinsic property of Al models [49], collaborative trust
in this study is defined as the operator’s dynamic, latent cognitive-affective state. This state reflects their
willingness to rely on the Al agent, disclose task-relevant information to it, and follow its guidance during
multi-turn collaborative problem-solving in industrial scenarios. Collaborative trust is a relational construct
that co-evolves through the interaction process. Formally, it is defined as a discrete hidden state variable S; €
S ={s1,$m, sy}, corresponding to Low, Medium, and High trust levels, respectively. This trust state remains
unobservable to the agent during each dialogue turn and can only be indirectly inferred through the user’s
explicit behavior. The observable variable O; € Oyser = {07, 0% 0"} denotes the user’s explicit interaction
behavior at ¢-th turn, categorized into three behavioral modes [48]:

«  Negative Collaboration (07): characterized by high cognitive vigilance and rigorous system scrutiny,
with linguistic features such as defensive questioning, topic shifting, and minimal information disclo-
sure, accompanied by negative valence and high arousal emotional expressions;

«  Neutral Collaboration (0°): routine interaction with moderate information sharing and emotionally
neutral stance;

« Positive Collaboration (0*): exhibiting low cognitive vigilance and high willingness to collaborate, with
proactive information sharing, constructive feedback, and focused engagement with the agent.

While the classic HMM assumes a time-invariant state transition matrix (A), the evolution of user trust
is in fact highly dependent upon the agent’s response quality, dialogue context, and the user’s initial goals.
A static matrix cannot capture the rich contextual dependencies inherent in natural dialogue. Therefore,
inspired by modeling techniques in [50], we model the state transition as an LLM-driven dynamic transition
function. The trust state at turn t (S;) depends on the previous trust state S;_;, the user’s goal gy, initial private
cognitive status set Cy, and the current dialogue history H,_,, i.e.,

St ~ PLLM (St | St—l: gO) CO)Ht—l) (1)

This conditional transition function is approximated deterministically by the LLM according to the
following criteria:

o  Trust Increase: The agent accurately uncovers implicit elements within C, or explores new task factors
closely related to gy, or provides logically sound clarifications to user doubts, thereby facilitating
cognitive development and alignment.

o  Trust Decrease: The agent exhibits forgetfulness (e.g., repeatedly asking for information already provided),
logical inconsistencies, or makes suggestions that conflict with previously established user preferences.

»  Trust Maintenance: Routine transitional exchanges or stable information sharing.

The LLM infers the value S; according to the above criteria. Within this method, the LLM effectively
serves as a parameterized, context-dependent transition function approximator. It leverages pretrained
semantic knowledge to empirically approximate the state transition process and the conditional distribution
P(S: | St-1, 80, Co> H-1). This mechanism overcomes the limitations of fixed transition matrices in capturing
the semantic dynamics of conversations.

Furthermore, existing research [48,51,52] indicates a systematic decoupling between latent trust states
and explicit behavioral manifestations due to the influence of cognitive load, emotion regulation, or habitual
communication patterns. Therefore, we introduce a parametric noise model for the emission process linking
the user’s intrinsic trust states to their overt behaviors. With probability 1 — 2 ¢, the user’s explicit behavior
aligns with their latent trust state, while each of the two mismatched behaviors occurs with probability e.
We establish a natural ordinal correspondence between trust states and behavioral modes by indexing:
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SI=S] <> 01=0, $3=5, < 0,=0", s3=5, < 03=0". Formally, the emission probability matrix B is
defined as:

1-2¢ ifj=i

6 otherwise

B,’j:P(OtZO]'|St:Si)={ (2)

where €€ (0,0.5) is a hyperparameter controlling the degree of behavioral noise; its specific value is
determined empirically (see Section 4.1).

In summary, the complete dialogue process with N turns for user modeling can be formalized as follows:

N-1

P(S1:n-1,O1n-1) = P(S1) - P(O1 | 1) - H Prim(Se | Si-15 80> Cos Hi-1) - P(O¢ | St) (3)

t=2

This generative process yields a complete user utterance sequence Uy = {ug,(S1, O1, t1), ..., (Sn-1,
On-1,un-1)}, where S; denotes the latent trust state, O, denotes the sampled behavior category, and u;
is the user utterance generated by the LLM conditioned on the corresponding prompt instruction. The
specific algorithm can be represented as Algorithm 1, where LLM(°") in line 10 refers to instruction templates
corresponding to different behavioral mode. isTerminal(r;) = True indicates that the agent outputs the final
solution and terminates the dialogue.

Algorithm 1: Trust-aware user utterance generation

Require: Initial goal gy, cognitive states Cy, prior 7, noise &, max turns Np,x
Ensure: User Utterance Collection U

1: Generate uy < LLM(go,Co)

2: Obtain agent response ro = Agent(u)

3: Dialogue history Ho < {ug,10}; U < {uo}

4: Sample S; ~

5: fort =1t0 Np.x —1do

6 if t > 2 then > (Eq. (1))
7: St < Prim(Se | Se-1> 80> Co> Hio1)
8: end if
9: Sample O; ~ Categorical(Bs,) > (Eq. (2))
10: u; < LLM(9) (g, Co, Hin)
. U< UU{(S,0nu)}
12: Obtain agent response r; = Agent(H,_y, u;)
13: H: <—Ht_1U{ut,rt}
14: if IsTerminal(r;) then
15: break
16: end if
17: end for
18: return U

3.3 TATA Agent Framework

In the aforementioned complex, dynamic real-world user environments, the asymmetry between
“task progression” and “user state” poses significant challenges for conventional agents to perceive and
handle cognitive conflicts during interactions, which can easily lead to a breakdown in trust and failure of
collaboration. To address this issue, we propose the TATA agent framework. This framework is grounded
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in the dynamic evolution of user trust observed in authentic human-Al interactions and aims to enable deep
collaborative dialogues through mechanisms for bidirectional cognitive alignment and trust maintenance.

TATA comprises three core modules (Fig. 1-Right): the Trajectory Planner, the Dual-track State
Monitor, and the Adaptive Interaction Coordinator. Among these, the Trajectory Planner is responsible
for establishing the high-level task orientation. In this work, we adopt the construction methodology
proposed in [6]. Specifically, given the user’s initial goal (go) and initial cognitive state (Cy), the planner
generates a serialized cognitive trajectory 7= {o0; | 0; = (i, topic, desc, action, detail, tip)}fil. This trajectory
encapsulates potential future discussion points and the available interaction policy space, thereby providing
a foundational blueprint for subsequent dialogue exploration. Among this, each element o; represents
an interaction task associated with a specific dialogue stage, including fields such as turn order, topic,
description, actions, key details, and tips. These structured elements are stored in JSON format and used to
guide the direction of subsequent collaboration. This process can be formally represented as follows:

To = le(uo) @
7;+1 _ PRegulation(ut’ Mt) (5)

Here, 7; represents the planned trajectory at ¢-th turn, and P(-) denotes the prompt template. M, is
the working memory.

On the other hand, the Cognitive Monitor and Interaction Coordinator operate in tandem, utilizing
a real-time dual-track “cognitive & affective” monitoring mechanism and adaptive policy regulation. This
enables the agent to dynamically adjust the dialogue trajectory and select appropriate interaction policies,
thereby facilitating effective task completion and fostering deep collaboration.

3.3.1 Dual-Track State Monitor

In exploratory cognitive collaboration, a user’s internal trust state and cognitive evolution are inherently
unobservable. As discussed in Section 3.2, the user’s true trust level is modeled as a latent variable, while
observable behaviors constitute only noisy and indirect manifestations of this state. If the agent generates
responses solely based on the surface semantics of user utterances, it becomes difficult to detect cognitive
shifts and trust fluctuations that have already occurred but have not yet been explicitly expressed.

To address this limitation, we design a “dual-track state monitor” that simultaneously extracts signals
from real-time working memory and the user utterance at each turn along two dimensions: cognitive
development (A;) and affective vigilance (E;). These signals provide structured observational inputs
from both task-oriented and relational perspectives, enabling the downstream adaptive coordinator to
make more informed adjustments. Specifically, A; represents the cognitive alignment with respect to the
user’s goal, evaluating only the objective informational relationship between the user’s current utterance
and the historical facts and logic. We define the cognitive development of the current dialogue as: A; €

{6C0ns/Evola 6Altera 8C0nf}a where:

«  Consistency or Evolution (0cons/Evo): The user fully endorses the agent’s understanding or provides
more specific details on existing discussion elements, demonstrating coherent logic and smooth
information progression.

o  Alteration (Jayer): The user’s preferences or ideas undergo substantive changes or overturn previ-
ous assumptions.

o  Conflict (dconf): The user expresses confusion, skepticism, or resistance toward the agent’s recommen-
dations, facts, or reasoning.
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Concurrently, the emotional vigilance state E; evaluates the user’s latent emotional experience and cog-
nitive alertness, represented as E; € {e;, e, e, }, corresponding respectively to a relaxed interaction with low
vigilance and positive affect, a task-oriented state with moderate vigilance and neutral emotion, and a highly
vigilant state characterized by negative affect, such as irritation, defensiveness, or disengaged responses.

These two states jointly provide a real-time assessment of the current task status and the interpersonal
relationship within the dialogue. The above process can be formally expressed as:

(A Ey) = PMommr(go, up, Mi_q) (6)

where PM™" denotes the prompt template, go is the user’s initial goal, u, is the current user utterance,
and M,_, is the working memory, which contains a summary of the current history and cognitive elements
related to the task details, specifically defined in [6].

3.3.2 Adaptive Interaction Coordinator

Based on the external observations and perceptions of the user’s true trust state and dialogue state
provided by the Monitor module, the interaction coordinator’s policy decision can be essentially formulated
as a sequential decision-making problem under uncertainty. To achieve optimal interaction control, we
adopt the theoretical perspective of the Partially Observable Markov Decision Process (POMDP) to structure
this process. Specifically, we employ the POMDP tuple Acoor = (S, A, T, R, Z, Q) as a conceptual modeling
framework to structure the coordinator’s decision-making. This formulation provides a principled structural
basis that specifies what the agent must track, which actions are available, and why belief-based reasoning
is necessitated.

Here, the hidden state space S = {s;, s, s, } represents the set of latent user trust states (Section 3.2). The
observation space (Z) corresponds to the cognitive and affective features perceived by the Monitor, denoted
as z; = (A4, E;) (6). The action space (A) consists of the interaction policies available to the agent. T and
Q denote the state transition function and observation function, respectively. The reward function (R) is
implicitly designed to balance task progression efficiency with the maintenance of collaborative trust.

Since the agent cannot directly access the true hidden state, the Coordinator maintains a belief state
distribution b, at each dialogue turn t. b;(s;) represents the posterior probability that the user is in a
particular trust state s; € S, conditioned on the historical interaction. After executing the previous action a;_;
and receiving a new observation z;, the belief state is, in principle, theoretically updated through a recursive
application of Bayes’ rule [53]:

bi(s') o< Q(ze | s"sai1) D T(s" | s, ai-1) b (s) (7)
seS

Given that TATA operates within an open-ended natural language space where computing high-
dimensional integrals is computationally intractable, we employ the powerful contextual reasoning
capabilities of LLMs to perform a parametric approximation of this process. Specifically, the LLM takes as
input the dialogue history #,_,, the current dual-track observation z;, and the previous belief distribution
b1, and outputs an updated belief distribution b, through structured prompting. Next, the coordinator
selects an action a; € A from the policy space to maximize the expected long-term collaborative reward

In the TATA framework, the reward R should comprehensively consider the dynamic utility balance
between “task completion” and “maintenance of collaborative trust’, therefore, we have predefined the
following four interaction policies (a; € A = {Gtask> @emp> Gtrans> Abreak § ):
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o  Task Advancement (a,): Advances the collaborative task Smoothly along the cognitive trajectory 7.
This policy is suitable for routine situations characterized by stable trust and cognitive alignment.

«  Emotional Empathy (@cmp): Prioritizes emotional responses, soothing and stabilizing the user’s emo-
tional state through empathetic expressions and acknowledgments of concern.

o Intent Transparency (dirans): When explicit cognitive conflicts or disagreements arise, the agent
proactively introduces external evidence or explains the underlying reasoning logic to rebuild a
shared understanding.

o  Global Breakdown (apreak): When the collaborative state approaches a potential trust breakdown, the
agent temporarily suspends the current task process, acknowledges the issue, and renegotiates the
direction of collaboration.

Furthermore, the coordinator dynamically selects the most appropriate interaction policy a, according
to the current collaborative context via a policy selection instruction Pseject. The selected policy then guides
the generation of the system’s response, which can be formulated as:

a; = Pselea (bt> zi, T, Ht—l) (8)

Notably, the proposed framework does not aim to compute an exact solution to the POMDP. Rather,
it serves as a structural constraint that guides the coordinator’s adaptive decision-making process. It clearly
defines the state space the agent needs to track, the boundaries of available policies, and the theoretical
foundation for decision optimization. Under these guidance, the coordinator leverages the reasoning
capabilities of the LLM as an approximate solver to perform trust maintenance and policy selection.

Through this mechanism, the dialogue agent treats the user as a collaborative partner with complex
internal states, enabling dynamic calibration of interaction policies during the conversation and thereby
supporting real bidirectional cognitive collaboration.

4 Experiments
4.1 Scenario & User Simulator

Building upon prior research on complex task-oriented dialogue [6,54], this study adopts a dialogue
generation method for comparative evaluation and incorporates several competitive baseline methods to
address such scenarios. We adapt the scenario selection and user profiling methodologies from CCD
to industrial intelligence applications. Drawing upon established researches, we select six representative
experimental environments, including: (1) intelligent logistics route planning, (2) equipment fault diagnosis,
(3) production resource allocation, (4) energy management and scheduling, (5) quality control and defect
detection, and (6) supply chain risk assessment [28,55,56]. Each scenario exhibits high exploratory complexity,
domain-specific, and dynamic constraint satisfaction, which require operators and agents to construct
mutual understanding through multi-turn dialogue rather than single-turn instruction execution. For each
domain, we develop 15 industrial operator profiles representing varying experience levels and cognitive
states, yielding 90 instances in total. These profiles are designed to reflect authentic role characteristics and
cognitive diversity observed in real-world industrial settings (see Appendix A for the example profile).

To realistically simulate the psychological dynamics of human operators engaged in HAC at the network
edge, and to mitigate the widely observed “over-cooperation” bias associated with using standard LLMs
as user simulators, we implement the proposed trust-aware user (operator) behavior model, as detailed
in Section 3.2. The specific parameter settings and execution logic are summarized as follows:

Initial Distribution and Emission Probability: During the dialogue initialization phase, we establish
the user’s prior trust state distribution as @ = {P(s;) = 0.2, P(s,,) = 0.6, P(s,) = 0.2}, indicating that the
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majority of users initially exhibit a neutral-to-cautious psychological disposition. The behavioral noise
parameter in the emission matrix B is set to €= 0.1, implying that the simulated user’s explicit behav-
ior perfectly reflects their underlying trust state with probability 0.8, thereby accommodating authentic
communication noise.

Behavior Sampling and Dialogue Generation: In each dialogue turn ¢, the user simulator operates
through the following procedure: (1) The LLM evaluates the current dialogue context according to Eq. (1) to
determine the updated latent trust state S;; (2) The observable behavior O; is sampled stochastically from
the emission distribution Bg,; (3) O, is mapped to the corresponding behavior instruction template, guiding
the LLM to generate a user utterance u, with the appropriate response characteristics.

To further enhance the authenticity and exploratory capacity of the interaction, we introduce additional
“alteration noise” during dialogues. Specifically, when the user’s trust state S; € {Sy, Sn}, the simulator
triggers an exploratory shift event with a probability 0.2. In such events, the user proactively overturns
previous task details or introduces new preference shifts (e.g., “Actually, the priority of the logistics fleet has
just changed; we need to reroute through Zone B”), thereby assessing the dialogue agent’s adaptive capacity
and strategic modulation within dynamic cognitive environments. The maximum number of dialogue turns
is set to 30 to reflect the typical strict latency and interaction constraints found in industrial settings.

4.2 Baselines

We compare our method against five representative baselines: (1) ReAct [57], an agent design paradigm
enabling autonomous “think-act-observe” cycles that integrate logical reasoning with tool utilization to
accomplish complex tasks; (2) Proactive [26], an agent framework employing proactive methodologies that
affords two alternative actions—seeking clarification or maintaining inaction; (3) ProCoT [26], a strategy
enhancing LLM proactivity by incorporating reasoning and planning steps into prompts, thereby generating
descriptive deliberations requisite for decision-making and response generation; (4) Direct-Prompting [6],
a robust baseline wherein the LLM is directly prompted to engage in collaborative dialogue; and (5)
CoCo-Agent [6], an advanced cognitive collaboration framework featuring trajectory planning, interaction
coordination, and monitoring regulation capabilities.

In the experiments, all aforementioned methods are evaluated through interactions with the proposed
trust-aware user simulator. Furthermore, to assess the performance of TATA under conventional user
modeling settings, we additionally employed the “hybrid user simulator” introduced in [6]. In each dialogue
turn, this simulator randomly selects either an proactive or passive behavior mode with equal probability to
generate responses, thereby serving as a robustness stress test to emulate highly dynamic and unpredictable
conversational environments. Consequently, this simulator is also employed as a comparative baseline.

4.3 Implementation Details

In this study, we strictly follow the setup of [6] for both the user simulator and the evaluation judge,
employing GPT-4.1 as the backbone model in each case (temperature = 0). This choice intentionally aligns
with the original CCD experimental protocol to control confounding factors, ensuring that any performance
gains observed are attributable to the proposed framework rather than differences in the underlying LLMs.

Although using the same backbone model for simulation and evaluation may theoretically introduce
self-preference bias, we mitigate this potential dependency and ensure generalization through three mech-
anisms: (1) Multi-variant evaluation: We evaluate all methods using Qwen-2.5-72B [58] and GPT-4.1 [59]
as backbone models with temperature set to 0.6; (2) Human verification: We manually audit a randomly
5% subset of GPT-4.1 evaluation outputs that pass validity checks to ensure scoring reliability; (3) Statistical
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robustness: Dialogues are generated following the procedure in Algorithm 1 and §4.1. Specifically, a user
profile is randomly sampled from the 90 available user profiles and input to the user simulator, which then
interacts with the agent until the agent produces a final solution or the dialogue reaches 30 turns. Using this
procedure, we generate 200 dialogues, from which 100 are randomly sampled, and all metrics are averaged
over three iterations. This generation process is consistent with the settings in [6].

Notably, the trust state (S;) inside the user simulator is strictly invisible to all methods. Each method
receives only the natural language utterance u; generated by the simulator. This design ensures that all
compared methods operate under identical observation conditions, thereby providing a controlled and
consistent basis for comparative evaluation.

4.4 Evaluation Metrics

To comprehensively evaluate the performance of agents in dynamic cognitive collaboration, we adopt
the integrated evaluation framework of CCD tasks, which assesses both the quality of cognitive collaboration
and task completion capability. Additionally, to capture the dynamic evolution of user trust and cognitive
states in real-world interactions, we introduce a new set of joint trust and efficiency metrics. Specifically, our
evaluation encompasses the following aspects:

o Cognitive Collaboration Quality:

- Cognition Coverage Index (CCI): Proportion of the user’s initial cognitive states accurately
identified by the agent.

- Cognition Gain Index (CGI): Degree of new cognitive elements discovered or existing elements
enhanced during interaction.

- CoCo-FI: Harmonic mean of CCI and CGI, reflecting overall collaborative effectiveness.

See Appendix B.1 for detailed formulation.
o Task Completion Capability:

- Inform*: Similarity between the agent’s final solution and the user’s initial goal (normalized to [0,
1]).

- Success*: Proportion of cognitive elements successfully addressed in the final solution.
See Appendix B.2 for detailed formulation.

» Trust Maintenance Capability: To quantitatively evaluate the agent’s ability to maintain and repair trust,
we map the latent trust state S; to a numerical value via a mapping function: v(s;) = -1, v(s,,) = 0, and
v(sp) = 1). Furthermore, to capture the cumulative nature of trust dynamics, where successive negative

(or positive) experiences generate a “snowball effect [60]”, we define an inertia-based trust momentum
(Vi)™

Vi=v(S1), Vi=yp-Vig+v(S;), t>2 )

where y € [0,1) denotes the trust inertia coefficient. Based on this formulation, we introduce three
evaluation metrics.

- Average Trust Momentum (ATM): Measure the mean accumulated trust momentum over the entire
dialogue:

1 N-1
ATM = —— Vi (10)
N_1°
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A higher ATM indicates more persistent and stable collaborative trust. The exponential accumu-
lation mechanism ensures that sustained deterioration in trust is penalized far more heavily than
occasional fluctuations.

- Trust Recovery Rate (TRR): The proportion of low-trust events after which the agent achieves a
significant recovery in trust momentum within the subsequent K turns. Let £ = {¢: S; = 5;} denote the
set of low-trust events, we define:

1
TRRK) = — ]1[ - ] 11
g ; max (Vi = Vi) > 1 (1)
where w is the recovery observation window and # > 0 is the minimum recovery magnitude threshold
- Trust Collapse Rate (TCR): The probability of low-trust states during the dialogue:

1 N-1
TCR=—— I|S; = 12
N—l; [t Sl] (12)

where [[-] is the indicator function that equals 1 when the condition holds and 0 otherwise.

4.5 Results and Analysis

For the aforementioned metrics of collaborative quality and task completion, we adopt a hybrid
evaluation framework that integrates LLM-assisted processing with direct numerical computation [61-63].

Specifically, for the cognitive collaboration metrics, following the approach of Li et al. [6], we treat the
user’s initial utterance u, as the initial goal gy and employ GPT-4.1 to extract task-relevant details C; from
the dialogue history #; to compute the metrics regarding CCI, CGI, CoCo-FI and Success*. For the task
completion metric Inform*, we utilize the GPT-4.1 model to evaluate the relevance of the final response on a
scale from 1 to 10, and then normalize the resulting score.

In addition, for the three trust-related collaboration metrics proposed in this work, we compute them
by directly tracking the state of S; within the user simulator and applying Eqs. (9)-(12). In our experiments,
the parameters are setto y = 0.5and 7 = 1.

4.5.1 Analysis of Collaboration Quality and Task Completion

Table 1 compares the performance of different methods under both hybrid user simulators and trust-
aware user simulators, covering multiple evaluation metrics, including average dialogue turns, collaboration
quality (CCI, CGI, CoCo-F1), and task completion rate (Inform*, Success™).

As shown in Table 1, for both user types, traditional baseline models (e.g., ReAct, Proactive, ProCoT
and Direct) exhibit minimal capacity for sustaining multi-turn interactions, with an average turn count
(Avg. Turn) ranging merely from 1.98 to 2.98. Although these methods demonstrate acceptable performance
in fulfilling the user’s initial task goals, their collaboration quality remains limited, as reflected by consistently
low cognitive gain and overall collaboration scores (typically CoCo-F1 < 0.40). The tendency to prematurely
conclude dialogue without sufficient interactions may result in solutions that address only superficial user
requirements, failing to facilitate deep, bidirectional collaboration.
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Table 1: Evaluation results of collaborative quality and task completion (Sample = 100, iteration = 3). The standard
deviations for collaborative quality and task completion metrics are consistently small (<0.025), indicating the high
stability of evaluation results.

Methods Avg. Turn Collaborative Quality Task Completion
CCI CGI CoCo-F1 Inform* Success*
Hybrid User Simulator [6]
ReAct (GPT-4.1) [57] 2.72 0.847 0.255 0.392 0.962 0.783
Proactive (GPT-4.1) [26] 1.93 0.601 0.112 0.189 0.915 0.650
ProCoT (GPT-4.1) [26] 2.20 0.778 0.098 0.174 0.975 0.787
Direct (GPT-4.1) [6] 2.97 0.860 0.260 0.399 0.967 0.761
CoCoAgent
(Qwen2.5-72B-Instruct) [6] 10.28 0.881 0.372 0.523 0.984 0.832
CoCoAgent (GPT-4.1) [6] 18.05 0.890 0.481 0.624 0.981 0.712
TATA (Qwen2.5-72B-Instruct) 5.75 0.901 0.326 0.478 0.979 0.787
TATA (GPT-4.1) 5.82 0.888 0.372 0.525 0.988 0.902

Trust-Aware User Simulator (Ours)

ReAct (GPT-4.1) [57] 2.79 0.856 0.203 0.328 0.899 0.592
Proactive (GPT-4.1) [26] 1.98 0.728 0.135 0.228 0.884 0.585
ProCoT (GPT-4.1) [26] 2.14 0.817 0.114 0.200 0.912 0.522
Direct (GPT-4.1) [6] 2.98 0.884 0.206 0.334 0.957 0.711

CoCoAgent
(Qwen2.5-72B-Instruct) [6] 23.78 0.950 0.496 0.651 0.949 0.657
CoCoAgent (GPT-4.1) [6] 29.66 0.948 0.478 0.635 0.971 0.683
TATA (Qwen2.5-72B-Instruct) 9.39 0.954 0.411 0.574 0.977 0.805
TATA (GPT-4.1) 10.66 0.940 0.419 0.580 0.985 0.838

Note: The * indicates that these metrics differ from the traditional Inform and Success metrics as defined in [64].

On the other hand, CoCoAgent, which is specifically designed for collaborative dialogue, achieves
the highest cognitive collaboration scores under both user settings (with CoCo-FI = 0.651 on the 72B
variant under the trust-aware user setting), indicating exceptional exploratory capabilities. However, these
impressive collaboration metrics come at the expense of conversation efficiency and task focus. Under the
hybrid user setting, the average dialogue length increases substantially, while under the trust-aware user
setting, the number of turns approaches the predefined upper limit (23.78 in 72B variant and 29.66 in GPT-4.1
variant). Meanwhile, the core task completion metric (Success™) shows a noticeable decline (only 0.657 and
0.683, respectively).

Considering the “trust-aware user modeling” and “alteration noise” mechanisms introduced in this
work, CoCo-Agent lacks effective task state awareness. When confronted with potential user ideas shifts
or cognitive conflicts, it exhibits an overly compliant, appeasing behavior by continuously adjusting the
dialogue trajectory to accommodate the user’s divergent thinking and expand the scope of discussion,
ultimately resulting in topic drift and solution non-convergence. In industrial environments where safety
and latency constraints are stringent, such uncontrolled exploration without effective convergence control
may introduce substantial operational risks. Furthermore, the performance discrepancy observed between
the two user settings provides additional evidence that conventional static simulators, lacking psychological
state modeling, can mask trust-related breakdowns and collaboration barriers that may arise in real HAC,
thereby artificially inflating evaluation outcomes.
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By comparison, the proposed TATA demonstrates consistently balanced and robust performance across
all experimental settings. Under the trust-aware user scenario, The TATA (GPT-4.1) variant maintains high-
quality cognitive collaboration (CoCo-FI = 0.580) while attaining excellent initial goal alignment and task
completion (Inform* = 0.985, Success* = 0.838). Under the hybrid user simulator, TATA (GPT-4.1) achieves
the highest Inform™ (0.988) and Success* (0.902) among all methods with an average dialogue length of
5.82 turns, while still preserving solid collaboration quality (CoCo-F1 = 0.525).

This demonstrates that TATA’s adaptive interaction coordinator effectively determines when to engage
in divergent cognitive exploration (using arans Or dp,eqk policies) and when to converge topics for task
advancement (a,,x), thereby effectively solving users’ practical problems while ensuring the depth of
collaboration. This mechanism further explains TATA’s superior dialogue efficiency, with a collaboration
efficiency ratio (CoCo-Fl/turns) that is 1.6-2.6 times higher than that of CoCo-Agent. Such efficiency
advantages are particularly critical in industrial edge computing environments, where computational and
communication resources are severely constrained.

4.5.2 Analysis of Dynamic Trust Maintenance

For the evaluation of trust maintenance capability, we computed the relevant metrics for 200 dialogue
samples under each method according to Eqs. (9)-(12). Table 2 and Fig. 2-left show the average trust
momentum (ATM), trust collapse rate (TCR), and trust recovery rate (TRR, window size = [1, 5] turns)
recorded by the user simulator for all comparison methods.

Table 2: Trust metric comparison across methods.

TRR(*=?) TRR("™=3) TRR™=%) TRR("=%

Methods ATM (1) TCR({)

1 1 (1 )
ReAct (GPT-4.1) 0.398 0.096 0.267 0.333 0.333 0.333
Proactive (GPT-4.1) 0.350 0.081 0.180 0.222 0.222 0.222
ProCoT (GPT-4.1) 0.192 0.167 0.000 0.000 0.000 0.000
Direct (GPT-4.1) 0.249 0.156 0.425 0.512 0.512 0.512
CoCoAgent (Qwen2.5-72B) 1171 0.048 0.472 0.655 0.775 0.864
CoCoAgent (GPT-4.1) 1.627 0.035 0.465 0.689 0.851 0.900
TATA (Qwen2.5-72B) 1.335 0.051 0.521 0.631 0.751 0.772
TATA (GPT-4.1) 1.015 0.040 0.614 0.767 0.800 0.800

As shown in the table, traditional baseline models exhibit extremely low average trust scores
(ATM < 0.4), with trust collapse rates (TCR) are mostly around 10%. ProCoT (GPT-4.1) even reaches as
high as 16.7%. The absence of trust-aware mechanisms renders these approaches incapable of addressing
cognitive conflicts and emotional fluctuations during task execution, resulting in rapid trust deterioration
and limited recovery. Conversely, collaborative-capable methods, benefiting from extended dialogue turns,
afford greater opportunities for cognitive collaboration and build trust. In terms of ATM and TCR metrics,
CoCo-Agent (GPT-4.1) achieved optimal performance (ATM = 1.627, TCR = 3.5%), while our proposed
TATA also demonstrates strong competitiveness, maintaining high trust momentum and a low collapse rate
(ATM > 1.0, TCR is around 5%), far outperforming standard baselines.

Furthermore, as shown in Fig. 2-left, when trust drops to a low level, methods with collaborative
capabilities demonstrate a significant improvement in recovery performance over the subsequent 1-5 turns
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as the window size increases, whereas the recovery rates of other methods are mostly below 0.6 or even 0.
Notably, at the minimal window size (w = 2), TATA (GPT-4.1) achieved the peak TRR of 0.614, surpassing
CoCo-Agent (GPT-4.1) (TRR(sz) = 0.465) by 32.0%. This outcome directly validates the efficacy of TATA's
dual-track monitoring and adaptive policy coordination. By simultaneously detecting cognitive conflict and
emotional vigilance, the agent can rapidly adjust targeted recovery policies to contain the situation before
trust degradation escalates. Although CoCo-Agent eventually narrows the performance gap over extended
windows via trajectory adjustment, it does so at the expense of conversational efficiency. The introduction of
significant informational redundancy ultimately compromises overall task completion (as shown in Table 1).

Trust Recovery Rate (TRR) - All Methods Trust Momentum Trajectory - All Methods
ReACt(GPT-4.1) -k Proactive(GPT-4.1) == ProCoT(GPT-4.1) ReAct(GPT-4.1) -+ - Proactive(GPT-4.1) -4-- ProCoT(GPT-4.1)
Direct(GPT-4.1) CoCo(72B) —e— CoCo(GPT-4.1) Direct(GPT-4.1) CoCo(728) —e= CoCo(GPT-4.1)
TATA(728) —o— TATA(GPT-4.1) TATA(728) —e— TATA(GPT-4.1)
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Figure 2: The trust recovery rate (TRR) across window size (left) and the trust momentum trajectory across the
dialogue (right) for all methods.

To visualize trust dynamics across multi-turn interactions, we tracked the average trust momentum
trajectories of each method throughout the entire dialogue (Fig. 2-right). The analysis further confirms
TATA’s mechanistic advantages in dynamic interactions:

(1) Traditional baseline methods typically end the dialogue prematurely within 3-5 turns, accompanied
by a sharp decline in trust momentum (e.g., ProCoT drops to —0.656 when turn = 3). This indicates that in
challenging dynamic trust simulation environments, simple, unperceptive interactions and task progression
easily trigger users’ defense mechanisms, leading to collaboration failure. (2) The trust momentum of the
two CoCo-Agent variants steadily rises to around 1.9 during the middle to late stages of the dialogue and
remains stable. However, considering the extremely long dialogue turns and low task success rates, it is
evident that CoCo-Agent tends to adopt a “compliant” and conservative interaction policy to avoid conflict.
While this maintains a high level of superficial trust with the user, it fails to achieve effective cognitive
fusion and collaboration. (3) In contrast, the trust trajectory of TATA (GPT-4.1) exhibits an evolution pattern
consistent with human cognitive processes. It rapidly establishes initial trust, maintains dynamic stability
with reasonable fluctuations during mid-dialogue substantive exploration, and efficiently converges upon
task completion. This pattern exemplifies robust, authentic scenarios rather than mere conflict avoidance,
showcasing more resilient collaborative capabilities.

4.6 Ablation Study

We employ Qwen2.5-72B as the backbone model and conduct a series of ablation studies to validate the
efficacy of the proposed method. Given the tight input-output dependencies among the Planner, Monitor,
and Coordinator, direct module removal would disrupt system operation. Therefore, we construct degraded
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variants by preserving the overall interaction skeleton while disabling only the core functionality of the target
module, and compare these against the full model.

Specifically, we evaluate: (1) Full TATA, retaining all modules; (2) TATA w/o Monitor, preserving the
working memory and task execution framework but disabling dual-track state monitor with fix cognitive
development A and emotional vigilance state E; to cognitively consistent (8¢, us/v01) and emotionally neutral
states e,,; and (3) TATA w/o Coordinator, retaining trajectory planning and monitoring but removing the
POMDP-based belief update and policy selection mechanisms, instead generating responses based on the
current subtask and proceeding sequentially. All models utilize the same trust-aware user simulators, test
domains, and evaluation protocols to ensure comparability.

Results in Tables 3 and 4 demonstrate that removing any core module precipitates significant perfor-
mance degradation. When dual-track state monitoring is ablated (w/o Monitor), the agent loses real-time
perception of implicit cognitive shifts and emotional fluctuations. This not only diminishes cognitive
collaboration quality (CoCo-F1) and task success rate (Success*), but also causes average trust momentum
(ATM) to plummet from 1.335 to 0.796 due to the inability to perceive user states, representing a 20.3%
decline in short-term trust repair capacity (TRR(*=2)).

Similarly, removing the adaptive Coordinator (w/o Coordinator) reduces the agent to a sequential
trajectory executor incapable of flexibly invoking strategies to advance collaboration depth or maintain
relationships (CoCo-F1 and Success* dropping to minimum values of 0.432 and 0.712, respectively). This
results in an almost doubled trust collapse rate (TCR: 0.094) and a 26.8% reduction in short-term trust repair
capacity (TRR("=2)) compared to the full version. These findings substantiate that the dynamic state obser-
vation provided by the Monitor and the interaction policy flexibility afforded by the Coordinator are highly
complementary, which together constituting the core mechanisms for sustaining dynamic collaborative trust
and enabling robust industrial HAC.

Table 3: Ablation experimental results of collaborative quality and task completion (Sample = 100, iteration = 3). The
standard deviations for collaborative quality and task completion metrics are <0.027.

Methods Avg. Turn Collaborative Quality Task Completion
CCI CGI CoCo-F1 Inform* Success*
TATA (Qwen2.5-72B) 9.39 0.954 0.411 0.574 0.977 0.805
TATA w/o Monitor 10.78 0.917 0.355 0.512 0.985 0.767
TATA w/o Coordinator 5.00 0.933 0.281 0.432 0.989 0.712

Note: The * indicates that these metrics differ from the traditional Inform and Success metrics as defined in [64].

Table 4: Ablation experimental results of trust metric comparison across methods.

Methods ATM (1) TCR(}) TRR™=2) (1) TRR™=? (1) TRR™=Y (1) TRR™=% (1)
TATA (Qwen2.5—72B) 1.335 0.051 0.521 0.631 0.751 0.772
TATA w/o Monitor 0.796 0.084 0.415 0.518 0.600 0.633

TATA w/o Coordinator ~ 0.595 0.094 0.381 0.629 0.677 0.677




18 Comput Mater Contin. 2026;88(2):78

5 Conclusions

This study investigates the critical challenges of task-level cognitive alignment and relationship-level
trust maintenance within HAC systems operating in highly dynamic and complex industrial intelligence
scenarios.

To address the over-idealization of existing evaluation environments, we first develop a trust-aware
user behavior model grounded in theoretical and empirical research from cognitive science and trust
dynamics. By formalizing collaborative trust as a dynamic latent variable within a HMM, the proposed model
characterizes operators” psychological fluctuations and cognitive evolution across multi-turn interactions,
thereby providing a realistically grounded and reproducible testbed for evaluating the reliability of industrial
collaborative intelligence systems. Building upon this, we propose the TATA agent framework. Beyond
macro-level task planning, TATA introduces a dual-track cognitive/emotional state monitor and dynamically
calibrates the policy space under the guidance of an adaptive interaction coordinator. This enables AI agents
to conduct targeted interactions that enhance collaborative efficiency while reducing redundant interaction
turns. Furthermore, we introduce a novel set of process-oriented trust evaluation metrics and conduct
comparative experiments across six representative complex industrial decision-making scenarios. Extensive
experimental results demonstrate that TATA achieves an effective balance among task completion capability,
collaborative decision efficiency, and relationship stability in HAC scenarios.

We anticipate that this work will provide new insights into human-in-the-loop (HITL) intelligent
systems for industrial applications. Future research may further explore extending the TATA framework to
multi-agent or multi-user collaborative settings within cloud edge device coordinated architectures.

6 Limitations

Although the trust-aware user modeling approach and the proposed TATA agent framework demon-
strate significant improvements in collaborative efficiency across industrial task domains, several limitations
remain for further investigation: (1) Regarding user behavior simulation, although a structured HMM
framework and noise mechanisms were introduced based on empirical observations, the LLM-based
simulator still cannot fully replicate the authentic behavioral patterns of real industrial operators under
complex conditions, such as varying levels of professional expertise and psychological stress tolerance. (2)
In terms of mechanism design, while employing an LLM as an approximator for Bayesian belief updating
and POMDP policy selection circumvents the challenge of high-dimensional computation, it introduces
inherent uncontrollability of LLMs, such as sensitivity to prompt design and potential hallucination risks.
(3) The current framework lacks deep integration with structured industrial knowledge bases, which limits
the precision of agent recommendations in highly specialized scenarios. Furthermore, due to constraints
imposed by the current simulation-based validation environment, this study has not yet conducted bench-
marking of inference latency or computational overhead when deploying the system on real industrial edge
devices. Future work will focus on human-in-the-loop (HITL) dataset collection, the integration of domain
knowledge and sensor data, and the exploration of lightweight neural trust tracking methods combined
with model quantization techniques, aiming to achieve a balanced trade-off between computational cost and
collaboration depth.
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Appendix A Examples of Industrial Scenarios and User Profiles
The following is an example of a specific operator profile for the “Equipment Failure Diagnosis” domain:
- “user_id”: “equipment_23”
- “occupation” “Equipment maintenance engineer”
- “background”: “Mechanical engineering major”

- “experience”: “17 years of industrial field experience”

», o«

- “initial goal (gy)”: “Abnormal temperature fluctuations detected in the reactor, need to locate the
problem quickly to avoid production shutdown.”

- “initial cognitive state (Cy)”:

(1) “known symptoms”: “Temperature occasionally exceeds setpoint”

», o«

(2) “constraints™: “Cannot immediately shut down for comprehensive inspection”

> <

(3) “preferences” “Prefer to check common fault points first”

(4) “knowledge”: “Encountered a similar issue last month caused by a stuck cooling valve”

Appendix B Evaluation Metric Details
Appendix B.1 Cognitive Collaboration Quality Metric Details

o Initial Cognition Coverage Index (CCI): Evaluate the ability to elicit and identify the user’s cognitive
starting points during multi-turn interactions.

|IC() n IC|

CCI =
[ICol

(AD)
Here, K, is the predefined initial set of cognitive element keys and K denotes the set of cognitive element
keys extracted after the dialogue. [y N K| represents the number of common elements keys that the
agent’s success in eliciting from the existing ones. A higher CCI indicates more comprehensive coverage
of the user’s preliminary cognitive state.

« Cognition Gain Index (CGI): Evaluates the incremental cognitive gains achieved during the interac-
tion, including the discovery of new elements and the semantic evolution of existing ones.

IR\ o| + X kerconic (1 = BScorer (Co[k], C[K]))

CGI =
K]

(A2)

where k € Ky n K and |KC\Cy| denotes the newly identified cognitive element set. BScoreg; (Co[ k], C[k])
is the BERTScore F1 value measuring the semantic change between the initial state (Co[k]) and final
state (C[k]) of element k. A higher CGI indicates greater effectiveness in guiding users to discover new
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cognitive elements or deepen existing ones (For example, users may adjust their preliminary preferences
in case of agent recommendations and persuasion.).

Cognitive Collaboration F1 (CoCo-F1): The harmonic mean (F1-Score) of CCI and CGI as the core
composite metric:

CCI-CGI

CoCo-F1=2- ———
CCI+CGI

(A3)

Higher scores indicate a more in-depth and comprehensive collaboration, which quantitatively reflects
the process of understanding co-construction and evolution.

Appendix B.2 Task Completion Capability Metric Details

Success*: Calculates the proportion of collected cognitive elements that are successfully incorporated
into the agent’s final response.

‘]Cfinal N ,C‘
K

Success* = (A4)

where Cfing is the key set of cognitive state extracted in rfipg).
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