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Abstract

Temporal alignment in stateful generative artificial intelli-
gence (Al) systems remains an underexplored area, partic-
ularly beyond goal-driven approaches in planning. Stateful
refers to maintaining a persistent memory or “state” across
runs or sessions. This helps with referencing past infor-
mation to make system outputs more contextual and rele-
vant. This position paper proposes a framework for tempo-
ral alignment with several configurable toggles. We present
four alignment mechanisms: knowledge graph path-based,
neural score-based, vector similarity-based, and sequential
process-guided alignment. By offering these interchangeable
approaches, we aim to provide a flexible solution adapt-
able to complex and real-world applications. This paper dis-
cusses the potential benefits and challenges of each alignment
method and positions the importance of a configurable system
in advancing progress in stateful generative Al systems.

Background and Motivation
Stateful Generative AI Systems

Stateful generative Al refers to generative Al systems that
maintain a persistent memory or “’state” across a sequence
of interactions with the user. Alignment refers to ensuring
that the Al system’s outputs meet the user’s expectations.
Consequently, the state in stateful systems encapsulates the
interaction sequence necessary for maintaining user-aligned
outputs. We refer to maintaining persistent alignment across
interactions as the temporal alignment (Chu et al. 2024).

Example Scenario In a healthcare scenario focused on
helping students with behavioral issues, school staff col-
laborate within budget constraints and legal regulations to
determine the best approach. Figure 1 illustrates this (Roy
2024). A stateful Al that optimizes temporal alignment can
improve the efficiency and effectiveness of these discussions
by providing decision-support assistance. While not directly
related to robot control, the rise of virtual health assistants
suggests that healthcare systems may increasingly integrate
Al potentially involving robotic elements for data collection
and action execution (Roy et al. 2023).
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Figure 1: Example Scenario

Progress Towards Temporal Alignment in Stateful
Generative Al

Stateful generative Al systems have made significant strides
towards achieving temporal alignment through integration
with planners that work by leveraging well-defined align-
ment criteria specified using planning formalisms such as
PDDL (Pallagani et al. 2024). Furthermore, Rao et al.
demonstrate “LLM-Modulo” approaches to endow plan-
ners with LLM-related functions for improving planner effi-
ciency and flexibility (Kambhampati 2024). However, much
of this work has been demonstrated in benchmark settings



characterized by formally rigorous decision-making that re-
quires neurosymbolic solutions for traceability and robust
reasoning. For example, this might involve two steps: (i)
Prespecifying a planning formalism, axiomatization of the
formalism, and symbolic planning (reasoning from precon-
ditions to effects) using the axioms to arrive at an answer.
(i1) Incorporating generative Al systems for their feature-
mapping flexibility and parametric knowledge while execut-
ing symbolic planning, ensuring robust yet flexible and effi-
cient reasoning (Yu 2024).

Existing Gaps and Proposed Method

However, there is a notable gap in pragmatic solutions for
temporal alignment in real-world scenarios, such as the one
shown in Figure 1. These scenarios require a combination
of data-driven decision support, domain knowledge, and hu-
man expertise to effectively ground the system’s state in
manageable ways. The goal is to achieve temporal align-
ment with user expectations, providing reasonable but not
necessarily formal guarantees, such as within engineering
tolerances. This paper proposes a framework emphasizing
flexibility and adaptability to such scenarios through config-
urable toggles that aim to gainfully leverage recent advances
in generative Al technology. Specifically, we propose five
configurable toggles. Each toggle represents a distinct align-
ment mechanism, which can be activated individually or in
combination to suit specific requirements. The proposed sys-
tem architecture includes:

* Knowledge Graph Path-based Alignment: This approach
leverages structured knowledge representations to ensure
temporal consistency. By traversing paths in a knowledge
graph, the system can validate the logical and temporal
relationships between generated elements. This method
is particularly useful for maintaining factual consistency
and integrity of relationships over time (Edge et al.
2024).

e Neural Score-based Alignment: Utilizing neural net-
works, this toggle computes alignment scores between
current and previous states or outputs. The system can
be trained on domain-specific data to learn temporal
patterns and dependencies, allowing for more nuanced
alignment in complex scenarios (Kane et al. 2020).

e Vector Similarity-based Alignment. This method em-
ploys vector representations of states or outputs to mea-
sure similarity across time steps. By comparing vector
embeddings, the system can ensure consistency in the
semantic space, which is especially valuable for main-
taining thematic coherence in natural language genera-
tion tasks (Reimers and Gurevych 2019).

» Sequential Process-guided Alignment: This toggle im-
plements a sequential process model to guide the align-
ment of generated content. By defining a sequence of
steps or stages, the system can ensure that outputs fol-
low a logical progression over time, making it particu-
larly suited for task-oriented or narrative-driven applica-
tions (Sheth et al. 2022).

The proposed system allows for the activation of one or more
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of these toggles, depending on the specific requirements of
the application.

Plausible Implementation Approaches

The proposed configurable temporal alignment system
can be implemented using neurosymbolic frameworks, in-
cluding formal logic-based systems and flexible natural
language-based specifications (Sheth, Pallagani, and Roy
2024). Temporal logic formalisms, such as Linear Tempo-
ral Logic (LTL) or Computation Tree Logic (CTL), offer
a rigorous framework for specifying and verifying tempo-
ral properties. These could be particularly effective for the
knowledge graph path-based alignment toggles, allowing for
precise definitions of temporal constraints and relationships
(Attie et al. 1996). On the other hand, natural language-
based instruction or prompt-based temporal specifications
provide a more intuitive and flexible approach, especially
suitable for the neural score-based and vector similarity-
based alignment methods. These could be implemented us-
ing large language models fine-tuned on temporal reason-
ing tasks, allowing for more nuanced and context-dependent
alignment (Pallagani et al. 2023).

Cognitive architectures such as ACT-R and SOAR can
be used to implement sequential process-guided alignment
toggles, as they model cognitive processes and decision-
making over time (Oltramari 2023). Neurosymbolic ap-
proaches, which combine symbolic reasoning with neural
networks, offer a promising method for integrating multi-
ple alignment toggles (Sheth, Roy, and Gaur 2023). For ex-
ample, symbolic rules can manage high-level temporal con-
straints, while neural networks learn fine-grained temporal
patterns (Hamilton et al. 2022). A practical implementation
could use temporal graph neural networks to integrate sym-
bolic and neural temporal dependencies across interactions,
capturing the evolving state of the system (Fan et al. 2022).

Conclusion

Temporal alignment in stateful generative Al is a critical
challenge requiring innovative solutions. Our configurable
system offers a promising approach by providing multiple
alignment mechanisms as toggles, allowing for nuanced and
adaptable temporal coherence in complex real-world scenar-
ios. This flexibility paves the way for new research and prac-
tical applications. Future work should empirically evaluate
different toggle combinations across domains and explore
hybrid approaches. As Al systems advance, the importance
of temporal alignment will increase, making our framework
a significant step toward more robust and coherent genera-
tive Al, with potential impacts ranging from conversational
Al to high-stakes applications like medical decision support
(Sheth and Roy 2024).
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