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Abstract

In order to resolve the challenges of reduced adaptability and generalization stemming from complicated user behavior and sparse feedback in service robot interactions, this paper presents a reinforcement learning-based approach to user behavior pattern mining and policy optimization. This approach integrates Bayesian belief updates and automata learning with counterexamples to unify intent modeling and policy iteration: dynamic intent reasoning promotes multi-scale exploration under sparse rewards; and counterexample reasoning reconstructs the rewards function to bolster policy generalization. Experiments revealed that the method led to mean latency standard deviation of 0.031, a task completion rate was 78.14%, and behavior recognition accuracy 0.9, which can contribute to more capable policies and improve user satisfaction, while providing a reference for the design of complex interaction strategies.
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1 Introduction
Robots that provide services are slowly being incorporated into everyday life, and their interactive ability will directly influence how efficient a task can be accomplished and the resulting user experience [1,2]. Nevertheless, user behavior incorporates a high level of uncertainty in its execution, the feedback from the human user is potentially sparse and slow, and the intent can change from moment to moment with the scene in which the robot is present. This makes the use of traditional rules or static strategies hard to adapt to for another scene parameter, making it difficult to transfer to scene parameters, or for a task to be performed over time. Therefore, an interactive modeling mechanism that can adaptively optimize in uncertain environments is needed to allow robots to make adjustments dynamically based on the interactions they have experienced previously, maintain stability and safety. Recently, behavioral modeling [3,4] has combined data-driven with reinforcement learning to extract user preferences and intent evolution from an interactive experience. Policy gradient [5,6], inverse reinforcement learning [7], and self-supervised learning [8,9] can enhance personalization for policy, although they are typically reliant upon a considerable amount of labeling or reward design, making it difficult to cope with diverse unstructured behaviors. In the case that interactions continue over time, policies can be prone to match or mismatch and there remains a challenge to balance safety and performance.
In this paper, we provide an interactive policy optimization framework that combines reinforcement learning with structural reasoning to offer a unified model of changing user intent, sparse feedback, and complex behavioral structures. The framework develops a dynamic belief space using Bayesian inference to capture changes in user goals while minimizing the chances of a failure policy based on fixed intent assumptions. In sparse feedback scenarios, a multi-timescale value estimation network is employed to balance short-term adjustments with long-term benefits, while a counterexample-based automatic reasoning module is presented to learn the user preference structure by using failure samples from the environment, achieving unsupervised modeling of the potential reward function. The experiments verify the benefits of this approach in terms of accuracy of user intent modeling, adaptability of the behavior policy, and task performance.
2 Related work
In recent years, service robots have been widely utilized in healthcare [10,11], tour guidance [12,13], and intelligent companion-like services [14,15] by changing from prescribed interaction strategies to data-driven modeling techniques. Previous research is largely focused on task-related human-robot interactions [16,17], natural language understanding [18,19], and multimodal fusion [20,21], but they largely failed to deal with dynamic change in user state, often lacking generalization and adaptation capacity. Modeling methodologies such as Hidden Markov Models [22,23], Graph Neural Networks [24,25], and attention mechanisms [26] are capable of capturing temporal dependencies, but these methods suffer from response time lag and modelling mismatch in real unstructured human interactions. Reinforcement Learning remains an ideal solution for optimizing decisions and has been applied in personalized interaction and task planning [27–30] however, it suffers from challenges related to sparse feedback or dynamic changes in intent: fixed policy assumptions are often subject to exploitation and performance degradation [31,32].Though inverse reinforcement learning or potential reward design could address the sparsity issue, they depend on human experience and are unable to generalize well. Some research work has attempted to model agent's rewards or anticipate dynamically changing intentions, but they have not linked to Bayesian uncertainty quantification or dynamic model updating, which can cause quick error accumulation. In this paper, we propose policy-enhanced behavior pattern mining method, using Bayesian inference and counterexample automata, to improve dynamic modeling and adaptability.
3 Reinforcement learning driven user behavior modeling and interaction strategy optimization
3.1 Problem definition and framework design
The optimization of the service robot interaction strategy is formalized as a Markov decision process, defined as a five-tuple (S, A, T, R, γ), where S represents the state space, A represents the action space, T is the state transition function, R is the immediate reward function, and γ is the discount factor.
The state space S comprises heterogeneous multi-source observation information, including three types of feature vectors: user behavior representations, robot internal state encodings, and contextual interaction histories. The user behavior part consists of voice emotion embedding, facial action units, and current semantic input embedding. The robot state includes the previous round of action execution identification, system confidence, physical posture sensor information, and other relevant data. The interaction history uses a sliding window mechanism to construct a time-series representation with a window length of 10. A GRU (Gated Recurrent Unit) encoder is employed to compress it into a fixed-dimensional state summary.
The action space A includes a set of multimodal output actions, covering language generation, body movements, interface feedback, and combined strategy actions. Each action is mapped to a unique hot vector in the strategy representation and is uniformly processed and mapped to a vector representation by the embedding layer:
[image: Mathematical equation](1)
Wa is the learnable action embedding matrix.
The state transition function T is not explicitly modeled; rather, it is generated by the dynamic evolution of the interactive environment, and the strategy-learning stage is indirectly reflected in the experience interaction trajectory. The reward function is designed based on indirect feedback signals and does not rely on the user's explicit rating label:
[image: Mathematical equation](2)
The calculation of instant rewards relies on three-dimensional signals: the task success indicator 1succ, the emotional positivity score femo(t) in voice response, and the system operation load change ΔLoad(t). Multi-source feedback signals are linearly combined and weighted to form a sparse reward value. Sparsity enhancement strategies include state-matching triggers (a non-zero reward is triggered when the state vector enters a specific interaction key area) and behavior-efficiency rewards (the penalty weight accumulates and increases when the user does not operate continuously).
In this paper, the emotional positivity score femo(t) is derived through multimodal fusion. First, rhythm and timbre features (such as fundamental frequency/pitch, energy, speaking rate, and MFCC energy envelope) are extracted from speech, and a pre-trained emotion classifier outputs the speech emotion confidence score. Simultaneously, action unit intensities and expression category probabilities are extracted from facial videos. In the semantic channel, a semantic encoder generates a probability estimate of the text's emotional tendency (positive/negative/neutral). These three confidence scores are first normalized and calibrated (by removing the individual neutral baseline and mapping them to the 0–1 range). Then, they are weighted and fused according to the modal confidence scores (the default recommended empirical weighting is speech:face: semantic = 0.5:0.3:0.2, or a dynamic confidence adjustment based on signal-to-noise ratio/occlusion ratio can be used). Finally, the fused score is subjected to short-term smoothing and baseline drift correction (using a sliding window of 3–5 frames or equivalent exponential smoothing) to reduce the impact of transient noise. When a modality is missing, the weights are renormalized based on the remaining modalities. Before system deployment, offline calibration is performed using an annotated sentiment dataset, and a small amount of user-level fine-tuning is optionally performed to ensure the consistency and interpretability of femo(t) across different populations and environments.
The overall strategy optimization structure is based on the Actor-Critic architecture design. The strategy representation network accepts state inputs and outputs an action probability distribution. Strategy function:
[image: Mathematical equation](3)
embed(It) is the embedding vector of the intent variable.
In equation (3), we concatenate the intent embedding vector embed(It) with the state vector st to produce a joint representation of [st; embed(It)] that is fed into the policy network fθ. This allows the policy to perceive both the environment and the user's intent simultaneously, ultimately leading to more personalized and accurate decision-making. The value function module is used to assess the expected reward of the state-action pair:
[image: Mathematical equation](4)
The state input module integrates information from multimodal observations and normalizes them before processing them using a three layer fully connected policy network which outputs action probabilities that have been normalized using softmax. The network includes a type of learning called Bayesian belief update, which employs particle filtering to quantify the posterior distribution of discrete user intentions (or hypothesis) to model uncertainty.
[image: Mathematical equation](5)
[image: Mathematical equation] indicates the set of particles where each particle represents an intent hypothesis. After resampling and updating the particles based on the likelihood function, the overall user intent posterior embedding is combined into the state encoding and provided as additional input to the policy network to accomplish the dynamic adjustment from state to policy.
Within this framework, the observation likelihood P(Ot | It) is learned using a parameterized neural network. The system concatenates multimodal observations into a high-dimensional vector and uses the neural network to output scores indicating the confidence of particle matching, representing the likelihood via softmax. The likelihood network and policy network use a shared encoder architecture, but the weights are independent. Furthermore, using end-to-end training through maximizing the log-likelihood, it captures multimodal intent patterns adaptively, thus providing greater flexibility and accuracy compared to prior distributions. The system is broken into three modules, state fusion, policy mapping, and intent inference, to create a joint decision-making structure that enhances adaptability to dynamically change tasks.
3.2 Bayesian dynamic belief update mechanism for user intention
User intent modeling uses a hidden state framework and dynamic Bayesian inference via particle filtering. Each particle signifies a possible user intent, and the weight of that particle is updated over time to reflect the posterior probability. In the initial state of the system, particles are distributed uniformly in the state space with equal weights, and a moderate number of particles is established to reach an acceptable balance between computational efficiency and accuracy. The Bayesian update is structured in a recursive fashion.
[image: Mathematical equation](6)
It is the hidden state of the user’s intention at the current moment; Ot is the current multimodal observation information; P(It|It-1) is the intention state transition model; and P(Ot|It) is the observation likelihood model.
At each interaction, the system receives observation information from voice input, facial expressions, behavioral history, and voice emotions. Voice input is vectorized through a pre-trained semantic coding model; facial expressions are feature-extracted using an expression recognition module based on key point detection; action history uses a bidirectional recurrent neural network to model the time-dependent structure; and voice emotion information is parameterized through rhythmic features and Mel-frequency cepstral coefficient extraction modules. The multi-source observation information is uniformly spliced and fed into a two-layer fully connected neural network to score the degree of match between the intention represented by each particle, and the output is a normalized probability value used to update the particle weight.
After the particle weight is updated, if the particle set's entropy falls below the threshold, the system triggers resampling. The system resampling algorithm is used during the resampling stage to retain high-weight particles, remove low-weight particles, and add new particles to maintain the total number unchanged. After resampling, the particle state is generated based on the high-frequency intention-transfer trajectory in the interaction history, thereby keeping the continuity and rationality of the reasoning. The state transfer trajectory is obtained by statistics of large-scale user interaction data, forming a Markov transition structure between intention states.
The intent distribution results generated during the particle inference process are combined into a continuous intent context representation vector using a weighted average. Each discrete intent state is pre-mapped to an embedding vector space, and the embedding vectors corresponding to all particles are weighted and summed according to the current particle weight to form an intent context representation. This representation serves as a supplementary dimension for user-state estimation and is jointly input to the policy network with the multimodal state observation at the current time step. The policy network structure is consistent with the previous section, except that the intent context branch is applied in the input layer, which is then merged with the backbone network for action distribution generation after being processed by an independent encoding layer. The fusion structure of user intent reasoning and policy network based on particle filtering is shown in Figure 1.
The action generation module's policy network combines the state with the intent context to produce action distributions, and the same input structure is utilized for the value function to ensure consistency throughout the robot. The particle filter updates recent observations using a dynamically adaptive sliding window (by default 10 times, or anywhere from 5 to up to around 50 times), balancing real-time performance and computational overhead. The window is automatically adjusted based on interaction frequency and intent changes, and it includes a time-based cooldown to assist in avoiding fluctuations. Intent inference and main policy training is decoupled: particle evolution and embedding are made to be optimized offline, and then updated online in real-time to improve robustness. The policy input consists of user behavior, the robot state, summaries of the historical context, and intent embeddings, and is also normalized; missing modalities are filled in some way according to rules. The number of particles is adaptively adjusted based on the effective sample size and possible latency constraints: if the effective sample size is below a threshold of βN (where β = 0.4–0.6), then new particles are added with the likely goal of moving around the action model; if the environment was constrained, then the robot will be able to update particle count by a moderate scale either around x10–x50, depending on environment and cost factor; a normal scope is between 50–200 particles (by default 128) and is used to allow for maneuvers calculated for the outcome, and the particle number is briefly expanded if an uncertain condition is associated with either the fuzzy search space or the environment (or both). The guiding policy considers the trade space between real-time performance, cost function efficiency, and accuracy of inference.
	[image: Thumbnail: Fig. 1 Refer to the following caption and surrounding text.]	Fig. 1 User intention reasoning and policy network fusion structure based on particle filtering.



3.3 Multi-time scale strategy exploration and learning mechanism
The short-term strategy adjustment uses a behavior deviation penalty structure that is updated in real time. Deviation signals are captured by multimodal sensors, including behavioral indicators such as changes in speech ([image: Mathematical equation]), facial expression ([image: Mathematical equation]), and operational interruptions ([image: Mathematical equation]). After standardization, they are input into the linear transformation and gating unit to generate deviation signals:
[image: Mathematical equation](7)
To normalize the deviation signal in formula (7), this paper adopts the sub-modal normalization and cross-modal unified scaling strategy. First, the mean and standard deviation of each behavioral indicator, such as voice change [image: Mathematical equation], facial expression fluctuation [image: Mathematical equation], and operation interruption [image: Mathematical equation], are calculated within the sliding time window, and Z-score normalization is performed. Then, the three standardized signals are normalized to the range [−1, 1] based on the maximum absolute value and mapped to a unified scale via a learnable linear transformation Wδ and bias bδ. Finally, they are compressed into a deviation intensity score δt in the range of [0, 1] through the Sigmoid activation function to ensure that the deviations of different modalities are comparable and numerically stable before fusion.
Applying an auxiliary loss term [image: Mathematical equation] in the policy gradient optimization, adjust the policy output to avoid the action distribution associated with recent unsatisfactory behavior:
[image: Mathematical equation](8)
[image: Mathematical equation](9)
πθ is the current policy output distribution; πsafe is the distribution estimate aligned with the safe behavior space; αt is the dynamic weighting coefficient. The weight of this auxiliary item changes dynamically with the strength of the deviation signal and is used to limit behavioral deviation.
The construction of the safe policy distribution πθ is based on a set of action trajectories marked as “safe” or “no negative feedback” in historical interactions. These positive samples are obtained through supervised learning using the behavioral cloning method. First, interaction clips in which the user did not trigger interruptions, had stable emotions, and successfully progressed on the task are screened from the experience replay buffer, and their corresponding state-action pairs are extracted. Then, a lightweight neural network (a two-layer MLP) is trained, taking state st as input and outputting a probability distribution [image: Mathematical equation] aligned with the safe action space. This distribution serves as a conservative prior, guiding the current policy in the auxiliary loss term to avoid deviating from the verified safe behavior area.
The policy parameters are updated using an exponential sliding average, and the current parameters are merged with the historical parameters in proportion. The rate of change of the particle set confidence in the Bayesian intention update module adjusts the sliding coefficient. The update frequency decreases when the intention is stable, and the adjustment rate increases when the intention fluctuates significantly. This mechanism improves the policy's ability to respond to dynamic changes in intentions and suppresses behavioral oscillations caused by high-frequency noise.
Long-term behavior modeling is based on a nested time window trajectory structure. Each user interaction trajectory is divided into fixed-length sub-trajectories and cached hierarchically. Each layer of the cache input shares the structure of a bidirectional gated recurrent unit network to extract temporal features:
[image: Mathematical equation](10)
The attention weight is:
[image: Mathematical equation](11)
And the long-term behavior preference embedding elong is generated by the weighted attention mechanism:
[image: Mathematical equation](12)
elong is input into the value network to form a time scale adjustment term:
[image: Mathematical equation](13)
Vshort is the short-term state value function. The preference estimation result is combined with the short-term value function output through the residual structure to form the final strategy objective function, thereby enhancing the strategy's sensitivity to historical behavior.
Formula (13) introduces a residual structure to integrate the immediate feedback of short-term value Vshort(st) with the historical features of long-term preference embedding elong, achieving complementary synergy. This design injects long-term preferences while maintaining short-term stability, improving sensitivity and training stability across time scales. The long-term value estimation adaptively adjusts the reward discount based on the intent consistency index: when consistency is high, the discount is increased to strengthen stable memory; when consistency is low, the discount is decreased to prevent overfitting.
The formula for the intention consistency index is shown in equation (14).
[image: Mathematical equation](14)
In formula (14), COt represents the intention consistency index, M represents the total number of particles, and [image: Mathematical equation] represents the normalized weight of the particle at the current time t.
Strategy exploration employs an asynchronous time-scale noise injection mechanism. The short-term strategy output layer perturbations are built based on the parameter noise, and the perturbation signals are related to behavior embedding injected at the long-term strategy input end. The perturbation amplitude is also negatively correlated with strategy stability. This structure allows for a greater variety of strategy explorations and improves generalization ability towards unknown intent structures.
The overall structure uses asynchronous training of short-term and long-term modules, with frequent short-term updates and long-term modules updated only when the strategy is stable. The two modules share the state-observation encoder and the intent embedding representation. The encoder consists of convolution and Transformer modules to extract local patterns and long-range dependency information. The fused state-intent representation is sent to the policy branch and value estimation network to generate the action distribution and state value function.
The strategy output distribution employs an entropy regulation mechanism to dynamically adjust the exploration intensity and gradually shrink the distribution range during the strategy convergence phase, thereby improving action certainty. The long-term preference output is combined with the immediate reward as a delayed signal to calculate the generalized advantage estimate and participate in the strategy gradient optimization. The training uses the proximal strategy optimization algorithm, and the clipping range is adaptively set based on the strategy history's variance to suppress behavior deviation caused by excessive strategy changes.
In the entropy regulation mechanism, the policy entropy at time t is shown in formula (15).
[image: Mathematical equation](15)
In formula (15), ϱθ(a|s) represents the probability of the policy selecting an action in a state, and D represents the set of states used to estimate entropy.
The entropy regularized policy objective is shown in formula (16).
[image: Mathematical equation](16)
The first term in formula (16) is the common PPO proxy objective; [image: Mathematical equation] represents the generalized advantage estimate; ς represents the PPO clipping parameter; and [image: Mathematical equation] represents the entropy penalty coefficient.
The adaptive entropy coefficient scheduling is shown in formula (17).
[image: Mathematical equation](17)
In formula (17), [image: Mathematical equation] represents the corresponding exponential moving average (smoothed estimate), HStarget represents the target entropy (exploration intensity expected to be retained), and χ represents the sensitivity coefficient (controls the steepness of the coefficient when changing from high entropy to low entropy). Bmax and βmin represent the upper/lower bounds of the entropy coefficient, respectively.
To ensure that the dynamic weighting coefficients respond promptly to behavioral deviation signals without introducing high-frequency oscillations, this paper employs an engineering strategy that combines noise suppression and confidence adjustment to update the coefficients. First, the raw deviation signal is smoothed over a short period (a recommended window length of five interactions, or an equivalent exponentially weighted average), with a default smoothing strength of approximately 0.2, to obtain a normalized deviation score. Next, the deviation score is gradually integrated with the intent confidence (measured by the number of valid samples in the particle filter or particle entropy). When intent confidence is low, the penalty weight is preferentially increased to favor conservative/safe actions. Conversely, when confidence is high, the weight is allowed to decrease to increase adaptability. To prevent sudden weight changes, a maximum change rate is capped at each step (no more than ±10% of the previous value), and a short cool-down period is implemented after significant increases to allow the weights to fall back smoothly. Finally, Bayesian optimization is performed on an offline validation dataset using minimum and maximum weight bounds (e.g., 0.1–2.0) and a small number of hyperparameters (smoothing window, confidence threshold, and change rate cap) to obtain a default parameter combination that improves the reproducibility of the method across different deployment resources and tasks.
3.4 Counterexample-guided automaton reward structure reasoning
The collection of strategy failure samples is based on explicit task-interruption signals and implicit stagnation states during the interaction process, combined with behavior-state sequences and sparse reward features. A gated recurrent unit is used to build a state fallback network that extracts key failure fragments. The heuristic rules for collecting and annotating counterexamples are presented in Table 1.
In Table 1, the default trigger conditions for “Invalid Sample Removal” were adjusted during offline verification. When a counterexample sample's multimodal confidence score is below 0.20 (indicating extremely low confidence in any or most of the speech, vision, or semantic modalities), or its particle/sample weight is consistently below 0.01 (approximately insignificant), or its support in the buffer is less than five independent observations (too sparse to be statistically significant), or the sample is more than 1000 interaction steps away from the current sliding window (too old), or its modality-missing ratio exceeds 50% (incomplete data). Suppose the sample's action distribution differs minimally from the average distribution in the most recent sliding window (KL divergence below 0.02). In that case, it is considered not an actual fault and can be safely removed. These thresholds are conservative in online deployments, and metadata about removed samples is recorded for subsequent review and rollback.
The change rate of the action distribution and the state transition confidence are used to determine the counterexample boundary index, and the dynamically adjusted decision threshold is based on the KL (Kullback-Leibler) divergence to eliminate invalid samples.
The failure trajectory is encoded, and the multimodal Transformer is used to extract the semantic embedding of the state, while bidirectional temporal convolution captures the action pattern characteristics. The attention mechanism is integrated to achieve clustering and to obtain subtask candidate units that contain state transition labels and failure indication information, serving as input for automaton construction.
The automaton structure is designed based on a finite state machine with counterexample constraints. The state set is composed of embedded cluster centers, and the transition edge is constructed by combining action frequency and failure weight. The concatenated features of state differences and action embeddings are used to define the transition function, which is split into valid and failure paths. The latter is used for reverse-engineering rewards. The strategy optimization applies a structural matching loss to measure path deviation and adjust strategy behavior.
State merging is based on the consistency of embedding vectors and the overlap of action confidences, and redundant transfers are removed using invalid-edge detection mechanisms. The automaton structure has path interpretability and dynamic transition probabilities, enabling it to accurately characterize the implicit reward structure driven by user preferences.
The automaton is embedded in the policy network to restrict the execution of illegal transfer paths, and the policy entropy term constrains the actions that violate the automaton's structure. The automaton state mapping enhances the value function's long-term target estimation and improves learning efficiency in sparse feedback environments.
The structure update uses a sliding window to manage failed samples and screens incremental new states based on confidence gain. The automaton structure and strategy are updated alternately. After the strategy is stable, the automaton structure is frozen for behavior guidance in the generalization stage. This method enhances the modeling capability of the reward function and the stability of the strategy, improving the adaptability and response speed of service robots to complex user behavior patterns in human-computer interaction.
This paper provides clear criteria and merging operators for merging candidate states in automata. Let the two states to be merged be embedded as si and sj; their respective sample support numbers be ni and nj; the corresponding outbound transition distributions be [image: Mathematical equation]; and the corresponding action confidence sets be Ai and Aj. The merge is performed if and only if the following three conditions are met simultaneously: (1) the embedding similarity is high, that is, the distance metric d(si,sj) (cosine distance is used) is less than the threshold ε; (2) the transition distributions are similar, using the total variation distance, with the requirement TV(Pi, Pj) < p; (3) the action confidence overlap is high, defined as [image: Mathematical equation] and the support number ni + nj after merging is not less than the minimum support suppotmin. The merged state embedding takes the support-weighted center [image: Mathematical equation]; the merged transition distribution is weighted by the support [image: Mathematical equation]; the action confidence sets are taken as the union, and their confidence scores are updated with weights. To ensure stability, the merge operation is performed in batches within the sliding window or structure update cycle, and the merge history is recorded for rollback and interpretability checking. The thresholds ε, ρ, η, and supportmin are determined by Bayesian optimization on the offline validation set and are conservatively set in the online deployment to prevent over-merging.
Table 1 
Heuristic rules for counterexample sample collection and annotation.

3.5 Joint strategy optimization and convergence guarantee mechanism
The policy model and reward model are updated alternately within a dual optimization framework. The policy network adjusts its parameters using gradient ascent based on the current reward signal to improve adaptability, while the reward model reconstructs the latent reward function using behavioral data. Both are synchronized using a time-slicing mechanism to ensure information consistency and parameter stability. The joint optimization architecture is shown in Figure 2.
A soft update mechanism is adopted, updating only a portion of the policy network weights each time to smoothly synchronize the target and the online network, reducing volatility and improving training stability. The reward model is constrained by the automaton state transition rules to ensure logical consistency and interpretability. To ensure policy safety, an action space constraint module is designed to filter unsafe outputs based on historical safe behaviors and a rule base, and a safety loss term is introduced to penalize out-of-bounds behavior, promoting robust policy convergence.
Convergence in the joint optimization process is achieved through the monitoring of multiple indicators. The strategy performance change curve and the reward model’s loss function are tracked simultaneously, and an early stopping mechanism prevents overfitting. Smooth strategy evaluation indicators are used to reduce the interference of noise on convergence judgment. In addition, a strategy diversity maintenance mechanism is applied to prevent the strategy from falling into local optimality, and the adaptability to unknown user behavior patterns is maintained by dynamically adjusting the exploration rate. The overall framework combines gradient-based optimization with structured model constraints to ensure the synchronous evolution of the strategy and reward model.
To ensure stability and reproducibility during alternating updates of the policy network and reward model, this paper adopts a time-sliced alternating update strategy. The policy network is updated frequently in short cycles to maintain immediate adaptation to the environment. Rolling sampling is used to perform proximal policy optimization in several small batches. By default, each rolling sampling cycle collects approximately 512 time steps of data. After conducting several rounds (4 rounds) of PPO-style updates in small batches (64 samples), the new parameters are soft-updated to the target network and submitted to performance monitoring metrics. The reward model (including the parameterized portion of the counterexample automaton) is updated over longer cycles based on aggregated data to avoid misleading adjustments caused by short-term noise. By default, offline retraining of the reward model is triggered after 50 short-cycle policy network updates. Each reward model update uses batched historical trajectories as input and is validated after the update. If the validation loss does not improve, early stopping is used, and the model is rolled back to the previous stable version. Additionally, structural components (such as the automaton's topology/merging operations) undergo less frequent structural updates (every 50 policy iterations) and implement a short freeze period after structural changes to give the policy time to adapt to the new reward signal.
To avoid the strategy taking a homogeneous pattern or relying too heavily on high-frequency actions, we introduce a mechanism for maintaining strategy diversity. This mechanism tracks action distribution and iterative variability. If the distribution becomes overly concentrated, the mechanism will expand the exploration range through slight perturbation and resampling. The mechanism also builds a memory pool using past interactions to reinforce low-frequency, high-value actions. This mechanism maintains exploratory activity while ensuring convergence and is intended to enhance the generalizability and robustness of the strategy.
	[image: Thumbnail: Fig. 2 Refer to the following caption and surrounding text.]	Fig. 2 Joint strategy and reward model optimization architecture.



4 Experimental design
The experimental setup consisted of a mid-range desktop machine (Intel i7-12700F, 16 GB RAM, no dedicated GPU, running Ubuntu 22.04). The simulation environment was CoppeliaSim EDU and Python 3.10 was used for the main program language. The model training was conducted using PyTorch 2.0.1 on a CPU. The robot performed motion, visual, and audio tasks - each process utilized a USB rocket, MediaPipe, and librosa respectively. The robot was meant for navigation and voice interactions, and its actions were run via an API. The experimental conditions represented a simulated Home Assistant task to validate the overall interactive performance of the system on limited hardware. User behavior data was collected from the TASTE-Rob, DROID, and RLDS Ecosystem datasets, and was merged into intermediate behavior vectors for input to the model, following sliding window alignment and interpolation repair. For behavior simulation, HMM and GANs were used to produce high-dimensional trajectories to represent changes in intent. Performance feedback was collected during interaction as explicitly and indirectly, and then formed into sequences of the sparse reward trajectory with outliers filtered based off of an experience buffer.
The experimental procedure includes simulation startup, model initialization, loading of behavior sequences, simulated interaction, recording rewards, and updating the model. Policy training is based on the policy gradient method, belief updates are performed every 5 rounds of interaction, and the automaton reward structure is adjusted every 50 rounds. The behavior encoding dimension is 128, and the hidden states follow a Gaussian distribution. The policy and belief networks are trained independently with learning rates of 1e-4 and 0.01, respectively. The states are normalized by z-scores, the action space is [−1,1], and the sampling step size is 0.2. The convergence criteria are: policy reward fluctuation <0.5%, stability ≥20 rounds, and no new nodes added to the automaton within 100 steps. Abnormal actions are pruned for safety constraints, and the error detection threshold is 0.9. During the deployment phase, frame rate, latency, and error are recorded, and the results are analyzed offline and used for model retraining.
The paper’s method is compared with MDARQN (Multimodal Deep Attention Recurrent Q-Network), LLM-DRL (large language model-deep reinforcement learning), and CRI (Crowd-Robot Interaction).
To ensure the consistency and repeatability of the long-term preference embedding with the dimensions of other modules in this paper, this paper uses a single-layer bidirectional GRU in all long-term layers, with a hidden layer size of 64 units in each direction (a 128-dimensional temporal representation is obtained after bidirectional splicing, which is consistent with the 128-dimensional behavior encoding dimension in the experiment); in resource-constrained real-time deployments, the number of hidden layers in each direction is reduced to 32 to minimize latency (64 dimensions after splicing), and in offline training or high-performance deployments with sufficient computing power, each direction can be expanded to 128 to improve representation capabilities (256 dimensions after splicing); at the same time, a small dropout (about 0.1–0.3) is used.
5 Service robot interaction strategy performance and user behavior insights
5.1 Response efficiency to changes in user intentions
In human-computer interaction, the efficiency of the system's response to changes in user intentions and the stability of its policy output are key indicators of its actual usability and intelligence level. To systematically evaluate the responsiveness of this method under multiple types of interaction conditions, the experiment compared and analyzed the delay performance of different policy models in responding to changes in user intentions from three dimensions, including intention category, interaction scenario, and feedback form, to explore the sensitivity and adaptability of the model to different types of changes. The results of the analysis of changes in user intention and the stability of policy output are shown in Figures 3 and 4.
Figure 3 shows the average response delay for each method across three dimensions: intent category, interaction scenario, and feedback type. The horizontal axis is the specific category, and the vertical axis is the response time delay. In the intent category subgraph, the response time delay of the proposed method under navigation instruction changes, information request changes, and action behavior changes is 1.38 s, 1.56 s, and 1.17 s, respectively, which are better than those of other methods, especially in action behavior changes. In the interactive scene subgraph, the delays of this method across the indoor navigation, object operation, and question-answering interaction scenes are 1.49, 1.52, and 1.42 s, respectively, which are also lower than those of other methods, indicating that this strategy is more adaptable to scene switching. The feedback type sub-graph shows that in the two human-computer feedback modes of explicit feedback and implicit feedback, the response time delay of this method is 1.41 s and 1.36 s, which is still the shortest, and the leading advantage is more evident under the implicit feedback condition, highlighting its perception ability of weak supervision signals.
Figure 4 illustrates the policy output score changes of the four methods in continuous interaction. The horizontal axis represents time, and the vertical axis represents the policy score, reflecting the decision confidence. Ideally, the output should be stable, with small fluctuations representing high consistency and robustness. The curve of the method presented in this paper is the most stable, with a standard deviation σ = 0.031, significantly lower than LLM-DRL (0.126), MDARQN (0.074), and CRI (0.05).
	[image: Thumbnail: Fig. 3 Refer to the following caption and surrounding text.]	Fig. 3 Comparison of response delays in different dimensions.



	[image: Thumbnail: Fig. 4 Refer to the following caption and surrounding text.]	Fig. 4 Strategy output stability comparison.



5.2 Task completion statistics in sparse reward environment
In order to test the resilience of the strategy with limited feedback, a combined scenario was developed consisting of three task types (navigation, delivery, and question answering) and three levels of sparsity (light, moderate, and heavy) to create a test of multi-turn interactions with missing information. The stability and adaptability of each method were demonstrated using task completion rates for each participant, which can be viewed in Figure 5.
In general, the suggested method has a high completion rate with minimal variation across all reported test conditions: 87.27%–90.08% in mildly sparse navigation tasks, 84% on average in moderately sparse tasks, and 78.14% in heavily sparse tasks. Its benefit stems from a combination of contextual dynamic Modeling and optimization of policy stability, which allows accurate estimation and capability of robust decision making with missing information. In contrast, LLM-DRL relies on complete context, demonstrating a sharp decline in performance when feedback is absent. CRI has a historical memory mechanism for feedback, yet shows considerable fluctuation in highly semantically dependent scenarios (e.g., heavily sparse question-answering tasks).
	[image: Thumbnail: Fig. 5 Refer to the following caption and surrounding text.]	Fig. 5 Comparison of multiple rounds of interactions under different sparse reward environments.



5.3 Quantitative evaluation of user satisfaction and experience
To assess the user experience of various behavior recognition methods, a subjective evaluation experiment was carried out. Thirty users aged 18–50 from different backgrounds participated and performed a pre-defined interaction task that was rated across five dimensions using a 5-point Likert scale: usability, response time, accuracy of comprehension, comfort level, and overall satisfaction. The results are presented in Table 2.
The suggested approach outperforms MDARQN, LLM-DRL, and CRI on all dimensions (usability 4.35, response speed 4.20, understanding accuracy 4.30, comfort 4.10, overall satisfaction 4.25), particularly in response speed and understanding accuracy. This is likely due to deep modeling of user behavior and responsiveness in real-time to optimize responses, allowing for rapid intent recognition and enhanced fluency in interactions. Other methods lag in performance because of limitations in feature extraction and policy learning.
Table 2 
Quantitative evaluation results of user satisfaction and interactive experience indicators.

5.4 User behavior pattern recognition accuracy and error analysis
To verify the method's ability to distinguish between different types of user behavior, a balanced sample set containing 50 instances of each of the five categories was constructed. Typical service-oriented interaction scenarios were classified and predicted, and a normalized confusion matrix was generated to show the recognition accuracy and misjudgment of each category. The results are shown in Figure 6.
The classification performance of the four methods in the five user behavior categories is displayed in Figure 6. Our proposed method achieves an accuracy of 0.90 in the “Request Help” category, demonstrating the highest overall recognition rate in this context with low interference and excellent stability. MDARQN and LLM-DRL exhibit substantial drops in distinguishing between “idle” and “urgent” behaviors (i.e., in case of LLM-DRL, only 0.66 is achieved). Our benefit to these results originates from the multimodal fusion of context and modeling of dynamics priors, while literature-based studies are based on pre-configured templates inducing confusion between similar behaviors. As a result, our method demonstrates the highest overall recognition correct rate and robustness when compared to the others.
	[image: Thumbnail: Fig. 6 Refer to the following caption and surrounding text.]	Fig. 6 User behavior recognition confusion matrix.



5.5 Detection and response efficiency of changes in user behavior patterns
Experiments simulated 30 typical scenarios, recording the model's recognition latency and response accuracy after changes to comprehensively measure perception response performance. The results are shown in Figure 7.
In summary, the suggested approach has a latency that ranges between 1.325 s and 1.927 s with an accuracy extend from 85.03% to 92.24%, which shows a compact distribution and hence indicates low latency, strong robustness, and high accuracy. The approach that performed the worst was CRI, which had an average latency of 2.237 s, and an accuracy of 83.9%, which indicated a larger distribution, and showed slow response and large variance. Performance differences between approaches mainly arise from the mechanisms related to state awareness and policy generation, as the proposed approach uses dynamic modeling of change signals in behavior and a time-sensitive gating structure to offer fast switching policies and low latency; however, both LLM-DRL and CRI use static priors and cannot handle non-stationary changes in behavior. Finally, while MDARQN outperforms LLM-DRL and CRI, it is still significantly impacted by the delays in change detection and lack of stability.
	[image: Thumbnail: Fig. 7 Refer to the following caption and surrounding text.]	Fig. 7 Latency-accuracy distribution in the task of detecting and responding to changes in user behavior patterns.



5.6 Long-term stability test
The experiment simulated multiple samplings over 15 consecutive days to reflect the performance fluctuations and stability differences of each algorithm during long-term operation.
Figure 8 shows the distribution of response latency, memory usage, and accuracy fluctuations for the four methods in long-term stability tests. Our proposed method has a median latency of approximately 1.44 s, lower than LLM-DRL's 2 s; its accuracy fluctuation standard deviation is 1.4%, which is better than CRI's 2.55%, demonstrating the most stable performance. These differences mainly stem from the advantages of structural optimization and parallel computing, enabling our proposed method to achieve better practical performance, superior resource utilization, and stability than other methods.
	[image: Thumbnail: Fig. 8 Refer to the following caption and surrounding text.]	Fig. 8 Comparison of long-term stability test results.



6 Conclusion
This paper outlines a novel reinforcement learning-based approach for optimizing interaction policies to overcome the adaptive challenges of service robots in dealing with complex user behaviors, dynamic user intentions, and sparse rewards. Our method allows for continuous mining of user behavior patterns and guides policy optimization through a hybrid approach of dynamic belief updates and counterexample-driven automata learning. Evaluation results demonstrate that the system adapts well to intent variations and achieves low-latency responses (policy output standard deviation of 0.031) across various service scenarios. Overall, the system achieves a 78.14% task completion rate and a 4.25 user satisfaction score under sparse reward conditions, confirming its advantages in policy generalization, safety, and behavioral modeling capabilities.
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	Type of Trigger Signal
	Explicit task interruption, behavioral stagnation, user emotional fluctuation, etc.



	Feature Sources
	Action history sequences, sensor event logs, and semantic anomalies in speech



	Action Distribution Change Indicator
	KL divergence between the current distribution and the average over the recent sliding window



	Threshold Update Mechanism
	Dynamic adjustment based on sample density with adaptive shrinking



	Negative Sample Boundary Annotation
	Cross-detection using action change rate and state transition confidence



	Sample Buffering Strategy
	Sliding window-based caching; invalid samples removed after structural update trigger
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	Method
	Ours
	MDARQN
	LLM-DRL
	CRI





	Usability
	4.35
	3.72
	3.65
	3.48



	Responsiveness
	4.20
	3.69
	3.55
	3.39



	Comprehension Accuracy
	4.30
	3.75
	3.52
	3.45



	Comfort
	4.10
	3.72
	3.43
	3.37



	Overall Satisfaction
	4.25
	3.63
	3.55
	3.41
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