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Abstract

We present Flow-Reasoner, a Deliberate-
When-Needed neuro-symbolic model that in-
tegrates continuous latent cognition with se-
lective symbolic reasoning. The mental mod-
ule is a latent state vector evolving smoothly
under a first-order ordinary differential equa-
tion (ODE), capturing continuous thought
that drifts and decays between interven-
tions. The action module is a temporal
point process whose intensities are modu-
lated by symbolic rules. Crucially, reason-
ing is not constant: it is triggered only
at irregular instants—when an observed ac-
tion arrives or when a latent state crosses a
threshold—at which point a bounded differ-
entiable forward-chaining procedure updates
beliefs and adjusts event likelihoods. Be-
tween these triggers, cognition evolves au-
tonomously under the ODE without sym-
bolic intervention.  This design yields a
model that (i) unifies continuous-time dy-
namics with selective logical reasoning, (ii)
predicts both the type and timing of future
actions, and (iii) produces concise rule traces
that explain predictions. Empirical stud-
ies on synthetic benchmarks and real-world
behavioral datasets demonstrate that Flow-
Reasoner consistently outperforms strong
temporal point process baselines, while pro-
viding interpretable, cognitively inspired ex-
planations of decision dynamics. The code is
publicly available at https://github.com/
shennnnwj/flow-reasoner.
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1 INTRODUCTION

Human behavior unfolds as a continuous stream in
which mental states and actions co-evolve (Gallagher]
2020)). Latent mental states—such as urgency or at-
tention—change gradually over time, while observable
actions occur at irregular moments. For example, frus-
tration may build before an abrupt outburst, or a de-
cision may slowly form before surfacing as a discrete
action (Binz et al., 2025)). Capturing such patterns re-
quires models that represent both the continuous evo-
lution of latent mental states and the discrete events
through which they shape behavior.

Existing approaches to modeling human behavior cap-
ture only fragments of this picture. Neural temporal
point process models achieve strong predictive perfor-
mance for event types and timing, but rely on largely
black-box hidden states that are typically updated
only at observed event times (Du et al.l [2016; |Mei and
Eisner}, [2017; |Zuo et al., 2020). Neural ODE-based
models naturally represent continuous latent trajecto-
ries, yet lack explicit mechanisms for explaining how
latent-state dynamics influence future events (Chen
et al., [2018| [2020; Han et al.| [2024). Neuro-symbolic
models introduce structured reasoning that can make
such influences more explicit, but are often formu-
lated in discrete time or assume reasoning is continu-
ously active rather than episodic (Serafini and Garcez|
2016; [Yang et al., [2024)). As a result, prior work does
not jointly capture continuously evolving latent men-
tal states, irregular action events, and sparse, event- or
state-triggered reasoning within a unified framework.
More broadly, while much of the literature focuses on
how to incorporate reasoning, it pays far less attention
to when reasoning should occur.

We address this gap with Flow-Reasoner, a
deliberate-when-needed neuro-symbolic framework for
continuous-time action prediction. The key idea is
to decouple continuous latent-state evolution from
discrete symbolic reasoning while explicitly model-
ing how the former triggers the latter and shapes fu-
ture actions. Instead of performing symbolic inference
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throughout the entire trajectory, Flow-Reasoner main-
tains continuously evolving latent mental states and
invokes reasoning at discrete instants—such as when a
new action is observed or when the latent state crosses
a trigger threshold. This reasoning step updates the
model’s internal state and directly influences both the
type and timing of the next action event. In this
view, continuous thought refers to the evolution of la-
tent mental states, while symbolic reasoning occurs
sparsely but plays a causal role in shaping irregular
action events.

A key novelty of Flow-Reasoner is modeling both when
and how to reason. At each reasoning step, the model
performs a bounded differentiable multi-step forward-
chaining update over softly matched rule templates.
The resulting rule activations propagate across time,
modulating latent-state evolution and influencing fu-
ture event likelihoods. This event- and state-triggered
mechanism treats reasoning as an intermittent update
to continuous dynamics, rather than a static prior or
always-on constraint. The result is a unified integra-
tion of continuous-time latent dynamics, structured
rule-based reasoning, and asynchronous event predic-
tion.

This design yields three benefits. First, it unifies la-
tent dynamics, event modeling, and multi-step rea-
soning in a single end-to-end framework. Second, it
enables sparse, state-aware reasoning concentrated at
behaviorally meaningful moments. Third, it preserves
interpretability via rule-level traces while remaining
computationally efficient. Rules act as learned struc-
tural biases whose matching and influence are refined
through training, rather than as fixed symbolic pro-
grams.

Empirically, Flow-Reasoner improves both event-time
and event-type prediction on synthetic and real-world
behavioral datasets. Gains arise from the interac-
tion between continuous dynamics, triggered reason-
ing, and multi-step inference. The model also provides
concise rule-level explanations, and supplementary ex-
periments show that triggered reasoning substantially
reduces the cost of always-on reasoning while remain-
ing robust to incomplete rule sets.

This paper makes three contributions:

(i) We introduce Flow-Reasoner, a continuous-time
neuro-symbolic framework that couples latent mental-
state evolution with event prediction and triggers rea-
soning only at event or state-dependent instants.

(i) We propose an end-to-end model integrating con-
tinuous dynamics with differentiable multi-step rule
reasoning via bounded forward chaining over soft rule
templates.

(#43) We provide extensive empirical evidence on syn-
thetic and real-world behavioral datasets showing im-
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Figure 1: Latent mental states (e.g., speed urgency,
driver mood) evolve continuously and trigger reason-
ing at threshold crossings or driving events (e.g., decel-
erate). Reasoning updates rule activations, producing
sharp changes in mental states and action intensities
(e.g., accelerate, fast), which persist until the next trig-
ger.

proved predictive accuracy, concise rule-level inter-
pretability, substantial computational savings over
always-on reasoning, and robustness to imperfect rule
sets.

2 RELATED WORK

Human behavior modeling with latent inter-
nal states A central problem in human behavior
modeling is to explain observable actions in terms of
latent internal variables such as intention, urgency,
attention, or task state. Prior work has introduced
latent-variable models for human activity generation
and intention inference, including variational and se-
quential models that infer hidden behavioral factors
from action trajectories (Mehrasa et all [2019} [Jeong
et al., [2021; Zolotas and Demiris| [2022)). A related line
of work seeks more interpretable accounts of behav-
ior through symbolic or structured models, including
logic-based models for human action explanation (Cao

2023) and recent efforts to discover symbolic
cognitive models directly from behavioral data

. These works highlight the importance
of latent internal structure, but they typically operate
in discrete time, assume stepwise latent updates, or do
not model irregular action timing in continuous time.

Continuous-time models for irregular behav-
ioral events When human behavior is observed as
asynchronously timed actions, temporal point pro-
cesses (TPPs) provide a natural modeling frame-
work (Hawkes, 1971} [Daley and Vere-Jones|, [2008}
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Rasmussen| [2018]). Neural TPPs such as RMTPP,
Neural Hawkes, SAHP, THP, and related attention-
based variants achieve strong predictive performance
for event type and timing by learning expressive
continuous-time representations from event histories
(Du et al., |2016; [Mei and Eisner}, |2017; [Zhang et al.|
2020; [Zuo et all 2020; [Yang et al.; 2021). In paral-
lel, Neural ODEs and related continuous-time latent-
variable models provide flexible tools for modeling
smoothly evolving hidden states under irregular ob-
servations (Chen et al., [2018; Rubanova et al. 2019;
De Brouwer et al.| |2019; |Jia and Benson, 2019; |Kidger
et al.,|2020; |Chen et al.,[2020; |[Han et al.| [2024)). These
approaches are well suited to continuous-time predic-
tion, but their latent dynamics are typically learned
as black-box representations and are not coupled to
explicit symbolic reasoning about human behavior.

Logic-informed temporal reasoning for behav-
ioral sequences Another line of work incorpo-
rates symbolic structure into temporal event model-
ing. Temporal Logic Point Processes, interpretable
logic-rule learning for TPPs, Weighted Clock Logic
Point Processes, knowledge-informed TPPs, and la-
tent causal rule models introduce logic into event in-
tensities or temporal dependencies to improve inter-
pretability and inject domain structure (Li et al., {2020}
2021} [Yan et al. |2023; |Zhang et al. 2021; Kuang
et al., |2024). Neural Datalog Through Time fur-
ther shows how logical specifications can be com-
piled into continuous-time temporal models with time-
varying facts (Mei et al., [2020)). More recently, Neuro-
Symbolic Temporal Point Processes learns compact
temporal rules and their weights end-to-end within
a TPP framework (Yang et al.l 2024), while Evolv-
ing Minds performs logic-informed inference over tem-
poral action patterns to recover latent mental events
from observed behavior (Yang et al.| [2025). These
works are closely related to ours, but they generally
attach logic directly to event prediction or latent fact
inference. They do not maintain a separately evolv-
ing latent mental-state process together with sparse
multi-step reasoning updates that shape both subse-
quent latent evolution and future actions.

3 BACKGROUND

We briefly review the mathematical components un-
derlying our framework: first-order ODEs for latent
mental states, temporal point processes (TPPs) for ob-
servable actions, and rule-based reasoning via forward
chaining.

3.1 Latent Dynamics via ODEs

We represent latent mental states as a continuous vec-
tor M(t) € R Tts evolution is governed by a first-

order ordinary differential equation (ODE):
M
L o n0), (1)
where f is a parameterized drift function. Between
reasoning instants, M (t) evolves smoothly under this
dynamics, capturing gradual accumulation and decay
of mental activations.

3.2 Temporal Point Processes (TPPs)

Observable actions are modeled as marked temporal
point processes & = {(t;,a;)}Y , with ¢, € R the
event time and a; € A the action type. Let H; =
{(tj,a;) | t; <t} denote the event history up to time
t. The conditional intensity for action type a is
Prleven A

Mba | Hy) :Aliglo [event € [tA,;H— t) | ’;'-lt]7 2)
with total intensity defined as A(t | H;) =
Y acaMt,a | Hi). A generative view is given by sam-
pling the next event time from the survival function,

Pr[T > 7 | Hi,] = exp ( - /tT A(s | Hs) ds), (3)

and then sampling the action type conditional on that
time,

At k| He)

VAT TRARE (4)
At | He)

This framework naturally captures irregularly spaced

human actions in continuous time.

Pria =k |t,Hs) =

3.3 Rules and Forward Chaining

We represent symbolic knowledge as a set of rules de-
fined over predicates. A predicate is a Boolean func-
tion P : X — {0,1}, where X is the space of trajecto-
ries. Each rule f € F' is expressed as a definite Horn
clause:

fi Py(z) « Pi(z) APo(z) N--- A Pp(z), z€X,
where Py is the head and Py, ..., P, form the body.

Forward chaining is a rule-based inference procedure
that starts from known predicates and iteratively ap-
plies rules whose bodies are satisfied to derive new
predicates. The newly inferred predicates are then fed
back into the process, enabling multi-step reasoning
until no further updates occur (i.e., closure is reached).
Intuitively, this process resembles step-by-step reason-
ing. For example, observing that “the road is wet”
and “it is raining” may lead to the inference “driving
is risky,” which can further support “slow down.” Each
conclusion becomes a new piece of evidence for subse-
quent reasoning, forming a chain of inferences rather
than a single-step decision.

These elements provide the foundation for Flow-
Reasoner: latent mental states evolve continuously un-
der ODE dynamics, action events are governed by a
TPP, and forward-chaining rules link the two through
intermittent reasoning updates.



Deliberate-When-Needed: Flow-Reasoner for Neuro-Symbolic Continuous Thought

4 METHOD

Flow-Reasoner combines two coupled components: (i)
a marked temporal point process for irregular human
actions, and (ii) a continuous latent process for mental
states evolving over time. The first captures discrete
actions and their timing, while the second represents
gradually changing internal conditions that are not di-
rectly observed. Figure [I] illustrates this interplay in
a car-following scenario, where irregular actions are
interleaved with continuously evolving latent mental
states.

To connect these components, we introduce struc-
tured reasoning as the mechanism linking latent men-
tal states and observations to future actions. Reason-
ing is performed only at discrete reasoning instants,
triggered either by new observations (e.g., an action
arrival) or when latent mental states cross predefined
thresholds indicating a need for update. Between rea-
soning instants, no further symbolic inference is per-
formed; instead, latent mental states evolve continu-
ously according to the ODE dynamics, and their influ-
ence on actions remains fixed until the next reasoning
update.

Figure [2] provides an overview of the Flow-Reasoner
architecture. We next describe each component and
their interactions in detail.

4.1 Actions and Latent Mental States

Rule system We consider a rule set R, partitioned
into three rule families: (i) A— M (actions influence
mental states), (ii) M — A (mental states influence ac-
tions), and (iii) M — M (interactions among mental
states). These families capture complementary depen-
dencies: actions provide evidence for updating latent
mental states, mental states guide future actions, and
mental states refine each other through internal inter-
actions. Together, they define a unified rule system for
modeling the bidirectional coupling between actions
and latent mental dynamics in Flow-Reasoner.

Each rule f € R has an activation score g¢(p) € [0, 1],
computed by Flow-Reasoner at reasoning instant p via
differentiable forward chaining (see Sec. [4.2)).

Latent mental dynamics (ODE). Between two
consecutive reasoning instants p < p’, each mental
state follows:

M; (P

o =~y M+ (1 M) S5,
where a; is a learnable decay rate and

S = 3" yirgr(p)

fERAM,;

aj > 0, (5)

Here, S ém is the total logic-induced excitation for men-
tal dimension j, computed once at p and held constant
until the next reasoning instant. Nonnegative weights
v, = 0 encode the strength of rule f’s influence on

mental dimension j.
Since S;.p) is constant on (p, p'], Eq. admits the
solution:

M (6) = M, (p) e @S0

(p)

Sj
(o)

a; + Sjp
This ensures bounded trajectories and monotonic re-
laxation toward a logic-dependent equilibrium.

4 (1 _ 6—(ay+5§-”><t—p)).

Observed action events (TPP) We model each
action type k € {1,..., K} with a conditional inten-
sity:

Mot | He) = b+ B, b >0, (6)

where b;, is a learnable baseline rate.
The logic-induced boost is defined by:

B = > wrar(p)

fERM Ak

where nonnegative weights 7,y > 0 encode the
strength of rule f’s influence on action intensity of di-
mension k.

Flow-Reasoner evaluates all rules R only at reason-
ing instants. The resulting activations gf(p) act as
piecewise-constant covariates, which modulate both
(i) mental evolution via S;-p ) and (ii) event intensi-

ties via B,ip ' Between instants, the system evolves
continuously with frozen logic context, yielding a hy-
brid dynamical system with piecewise-constant sur-
vival terms.

Predicate Values (actions and mental states)
To enable symbolic reasoning over both observed ac-
tions and latent mental states, we represent them using
a unified notion of predicate values, while preserving
their different temporal nature.

Mental predicates correspond to latent dimensions of
M(t). For a mental predicate K = Mj, its value is
given directly by
VAL(K,t) = M;(t).

Action predicates represent discrete events and are
converted into continuous signals via a decaying mem-
ory of the most recent occurrence. Let 7x(¢) denote
the most recent time action K occurred (or —oo if it
has never occurred). Its predicate value is

VAL(K,t) = {eXp(_)‘<t —7x(t))), if T (t) > —o0,

0, otherwise,
where A > 0. This construction yields continuous-
valued representations of both mental states and ac-
tions, enabling them to be used jointly as inputs for
multi-step symbolic reasoning.
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Figure 2: Overview of Flow-Reasoner. Observed actions and latent mental states define predicate values, which
are matched to rule templates through learned embeddings. Forward chaining is executed only at reasoning
instants, and the resulting rule scores are cached into S’ for the latent ODE and B{) for action intensities

until the next reasoning instant.

4.2 Neural-Symbolic Forward Chaining at
Reasoning Instants

At each reasoning instant, Flow-Reasoner performs
neural-symbolic forward chaining over a set of learn-
able logic rules. Unlike fixed symbolic programs, the
rule structure is parameterized and can be learned or
refined during training, allowing the model to adapt
its reasoning patterns from data while preserving an
interpretable rule form.

Predicate dictionary and representations We
maintain a predicate dictionary K = K4 U Ky, where
K 4 contains action predicates and Kp; contains men-
tal predicates. This dictionary indexes the same predi-
cates whose time-varying values VAL(K, t) were defined
in Sec. Thus, each predicate has two complemen-
tary representations: (i) a dynamic value VAL(Kt)
capturing its current activation over time, and (ii) a
fixed (anchored) embedding used only for semantic
identification.

Soft grounding of rule slots Each rule f is param-
eterized by slot embeddings ©f = [61,...,0], which
are grounded into the predicate dictionary K.
Instead of hard symbolic binding, each slot induces a
soft alignment over predicates based on cosine similar-
ity:

7;(K) = softmax, ({cos(6;, K')} krex)-
This defines a differentiable distribution over predicate
identities for each slot. We write:

Kj* ~ ﬂ-j(')a

to denote that slot j is softly associated with predicates
in IC.

The corresponding predicate value used in forward
chaining is computed as a soft retrieval over predicate
states:
VAL(K},t) = Y m;(K) vaL(K, t).
KeK

This formulation preserves discrete predicate structure
while enabling differentiable grounding of rule slots,
allowing smooth matching between rule templates and
predicate symbols during learning and reasoning.

Differentiable forward chaining We introduce a
differentiable relaxation of classical forward chaining,
where discrete rule firing is replaced by continuous ac-
tivations computed at each reasoning instant.

(I) One-hop inference via rule evaluation A
single forward-chaining hop computes how strongly
each rule fires and how its head predicates are up-
dated.

AND: rule body evaluation For each rule f with
h slots, we compute its body satisfaction using a soft-
min aggregation:

g;\ND(t) = softmin, ({VAL(K}, ) ?:1),

where

1 1
softmin, (x) = ——log 7| | E exp(—w;/7).
T x| &

This measures whether all predicates in the rule body
are simultaneously satisfied.
OR: rule aggregation If a head predicate @ is sup-
ported by multiple rules f1, ..., fr, their contributions
are aggregated via a soft-OR:
R
go(t) = % log > exp(B g P(1).
r=1



Deliberate-When-Needed: Flow-Reasoner for Neuro-Symbolic Continuous Thought

One-hop update. The aggregated score gg(t) is used
to update the predicate value:

vaL®M(Q, 1) + max(vaL?(Q, 1), go(t)).
This defines a single forward-chaining hop, where rules
are applied once to propagate evidence and update
predicate values.

(IT) Multi-hop forward chaining at a reasoning
instant At each reasoning instant p, Flow-Reasoner
performs multi-hop inference by iteratively applying
the one-hop update for L steps, where each hop refines
predicate values based on the previous one.

We initialize VAL(®) (K, p) for all predicates K, using
last-hit kernels for action predicates and the left-limit
state M (p~) for mental predicates.

After L iterations, we obtain refined activations
{99 (p)}L, and final predicate values VAL()(, p)
(Alg. , yielding a bounded fixed-point approxima-
tion of forward chaining.

These outputs update both action-level intensity con-
tributions and mental-state driving signals, producing
the post-reasoning state M (p*). This state serves as
the initial condition for ODE evolution until the next
reasoning instant.

4.3 When and how Flow-Reasoner reasons:
intermittent reasoning instants

In Flow-Reasoner, mental states evolve continuously
via an ODE, while symbolic reasoning is executed only
at discrete reasoning instants. This separates smooth
temporal evolution from discrete logical inference.
We define reasoning instants Tg = {po < p1 < -+ },
at which the multi-hop forward-chaining procedure
(Sec. updates predicate values.

Triggering mechanisms Reasoning is triggered by:

(i) Events: each action time t; € Tr introduces
new evidence.

(ii) State changes: a new instant is triggered when
any M;(t) crosses the hysteresis band [h;, hj],
indicating a qualitative regime shift.

Table 1: Intermittent reasoning cycle in Flow-

Reasoner.

Phase Instant Description

1 p Trigger by event or state change.

2 P Run multi-hop forward chaining to
compute VAL(-, p).

3 ot Update M(p™) and cache reasoning
outputs.

4 (p,p) Continuous ODE evolution with fixed
signals.

Algorithm 1 Multi-hop ForwardChaining(p, L)

Require: initial values VAL(?) (-, p), rule set R, slot
embeddings {O}, temperatures (7, 3), max hops
L, tolerance €
L+ 1, A+ 40
while / < L and A > ¢ do

(1) Rule body evaluation (AND):

for f € R do

¢ . — N h
9" (p) + softmin ({varL=D (i}, )}, )
5: end for
(2) Head aggregation (OR):
7 for each head predicate @ do

2

1
Gg) (p) « 3 log Z exp(ﬁggp (p))
feF(Q)
8: end for

9: (3) One-hop update:
10: for each predicate @ do

vaL(Q, p) maX(VAL(z_l)(Q’P)a Gg)(P))

11: end for
12: (4) Convergence check:

A «— mQaX ‘VAL(Z)(Q7 p) — VAL(E_l)(Qa P)‘

13: {041
14: end while
15: Return vAL*(-, p) and rule scores gs(p)

As summarized in Tab. [, at each p € Tr, Flow-
Reasoner runs multi-hop forward chaining to compute
VAL(+, p). The resulting outputs update action intensi-
ties and mental-state driving signals, yielding the post-
reasoning state M (pT). This state initializes the ODE
evolution until the next reasoning instant. Between
instants, no symbolic reasoning is performed and the
system evolves continuously under fixed reasoning out-
puts.

5 MODEL LEARNING

5.1 Parameter learning

Flow-Reasoner learns parameters across three compo-
nents: (i) rule structure parameters O = [01,...,04],
[ € R, (ii) rule weights {v; f, v ¢}, (iii) baseline in-
tensity and decaying rate of ODEs {c;, by }.
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Marked point process likelihood We optimize
the standard marked temporal point process objective:

N
L== logAq,(ti| Ht,) +/

i=1 0

T |Kal

Z Ae(T | Hyp)dr.
k=1

Between reasoning instants p € Tg, intensities are con-
stant: A\, (1) = by, + B,im for 7 € (p, p], which yields:

T
| w@dr = 3 e+ B - o).
0 (p.p']
This reduces training to a covariate-driven Poisson
process with piecewise-constant parameters updated
only at reasoning instants.

Stochastic training with intermittent reasoning
To estimate parameters we maximize the marked-TPP
log-likelihood under the piecewise-constant intensities.
Because reasoning is invoked only at discrete instants,
training proceeds segment by segment: at each instant
we (1) run forward chaining (Alg. [1)) to refresh rule
activations, (ii) cache inputs for the latent ODE (5))
and intensity @, (iii) propagate the mental state con-
tinuously until the next instant, and (iv) accumulate
both survival loss and event likelihood. This cycle is
repeated over mini-batches of subsequences, with gra-
dients backpropagated end-to-end through both the
reasoning and ODE modules.

5.2 Hyperparameter selection

Number of reasoning hops The number of
forward-chaining iterations L is a hyperparameter con-
trolling the depth of logical refinement at each reason-
ing instant. Larger L improves logical completeness
but increases computational cost and may introduce
optimization instability. In practice, we use a small
fixed L for efficiency, and select its value via cross-
validation based on predictive performance.

Hysteresis thresholds The state-triggered reason-
ing thresholds [h;, h;] operate on the bounded mental-
state variables, where each M;(t) € [0,1] represents a
predicate-like activation. To avoid overly frequent trig-
gering early in training, we first disable state-triggered
reasoning and rely only on event-triggered instants.
We then gradually introduce hysteresis-based trigger-
ing by tuning [ﬁj,ﬁj] on a validation set, balancing
reasoning frequency and predictive performance. This
allows the model to progressively discover stable inter-
nal regime changes.

6 EXPERIMENT
6.1 Experiment Setup

Datasets. We evaluate Flow-Reasoner on one syn-
thetic dataset and two real-world behavioral datasets.
The synthetic dataset provides a controlled setting in
which the symbolic structure used for data generation

is known, while training is performed with a separate
candidate rule pool. Specifically, the synthetic dataset
contains 2,000 sequences, a fixed time horizon of 15
seconds, and a fixed set of predicates and logic rules;
the candidate rule pool used in training is constructed
by perturbing the data-generation rules, so the model
must learn which rules are useful and how strongly
they should influence the dynamics.

For real-world data, we consider two behavior-centric
corpora that are plausibly driven by latent mental
states: Hand-Me-That (Wan et all 2022)), where we
use the change-state episodes and obtain 500 sequences
with an average action-trajectory length of 30.5, and
Car-Following (Li et al., [2023)), from which we extract
5,000 sequences, each containing on average 3.6 action
events and a mean time horizon of 7.20 seconds. In
all experiments, only action trajectories are observed
during training and mental states are treated as la-
tent variables that serve only as intermediate repre-
sentations for action prediction; in the synthetic set-
ting, ground-truth data-generation rules are masked.
Accordingly, all evaluations are reported in terms of
action-type and event-time prediction. For fairness,
all baselines are given the same event sequences, but
none of them includes a symbolic rule layer.

Baselines We compare against baselines from three
categories: neural temporal point process models,
logic-based models, and generative models. The neural
TPP baselines include RMTPP (Du et al., 2016|), THP
(Zuo et al.; 2020), PromptTPP (Xue et al.,[2023)), and
HYPRO (Xue et all [2022)); the logic-based baselines
include TELLER (Li et al.l |2021), CLNN (Yan et al.|
2023)), and STLR (Cao et al., |2023); and the gener-
ative baselines include AVAE (Mehrasa et al.| [2019),
GNTPP (Lin et al. [2022)), VEPP (Pan et al., [2020),
and STVAE (Wang et al.;[2023). For PromptTPP and
HYPRO, we use AttNHP (Yang et all [2021) as the
base model. For GNTPP, we adopt the revised atten-
tive history encoder and VAE probabilistic decoder.

Comparison Metrics. We follow the common
next-event prediction setting in TPPs (Du et al., 2016;
Zuo et al,2020; Yang et al.,|2023) and predict the next
event from history. In particular, we evaluate pre-
diction along two complementary dimensions: which
action happens next and when it happens. For event-
type prediction, we report Top-3 Error Rate (ER%),
i.e., the error form of Top-3 accuracy; for event-time
prediction, we report Mean Absolute Error (MAE).
We also consider autoregressive prediction of multiple
future events.

6.2 Experiment on Synthetic Dataset

As shown in Table [2| Flow-Reasoner achieves the best
Top-3 ER% on the synthetic dataset while maintain-



Deliberate-When-Needed: Flow-Reasoner for Neuro-Symbolic Continuous Thought

Table 2: Performance comparison of different models on various datasets (Top-3).

Category Model Syn Data-1 Car-Following Hand-Me-That

ER% | MAE | ER% | MAE | ER% | MAE |
RMTPP 1655+ 1.33 2.69+0.09 15.83+1.28 2.6440.08 45744217 2.13+0.10
Neural THP 1420+ 1.16 2.334+0.08 13.4841.57 2.31+0.08 43.88+1.89 2.08=+0.12
TPP PromptTPP 14.1740.75 2.24+0.07 12.45+0.85 2.11+0.05 42.8342.09 1.68=+0.08
HYPRO  13.044+1.40 2174009 12.92+1.66 2.03+0.10 41.06+2.24 1.70=+0.08
Rulebaseq TELLER 1794166 3.48+0.17 17.04£2.12 3414022 4430294 186+0.14
M“ dG'lase CLNN  18.06+1.29 3.30+0.14 17.11+2.12 3.25+0.18 43.52+1.97 1.82+0.07
ode STLR  12.96+1.53 28140.15 12.76+1.89 2.7440.12 44.25+1.84 1.80+ 0.09
AVAE  16.3740.72 3.09+0.08 1583+ 1.46 2.95-+0.13 46.13+1.79 2.10 4 0.12
Generative ~GNTPP 2097 +1.61 3.9240.19 20204159 3.89+0.06 50.36+3.17 2.69+0.12
Model VEPP  21.33+1.39 3.85+0.05 20.25+2.14 3.78+0.16 49.74+250 2.51+0.11
STVAE  18.11+1.45 3.2640.08 17.24+1.68 3.1840.17 46.12+2.58 2.17 4 0.09
- Ours* 12.47+1.49 2.17+0.04 11.84+1.01 2.02+0.07 38.79+2.19 1.22+0.11

‘:w {i:t!/.) ‘ MAE iml.{ésmm :: IER(‘/-)I IMAEI ILmsI InmeI :: ER(%) MAE Loss Time : !('/.) IAE Il.ou !mc

Figure 3: Ablation study on Synthetic Dataset (ER and Loss are divided by 10, and Time is divided by 100 for
visualization, so that all metrics remain on a similar scale.)

Table 3: Candidate rule families for the Car-Following
dataset, linking action predicates and mental predi-
cates.

A—M Rules

Rule-1: Accelerate — Driver Mood

Rule-2: Decelerate A Cruise — Safety Distance
Rule-3: Decelerate A Follow — Conservative
Tendency

Rule-4: Accelerate A Fast — Speed Urgency
M—M Rules

Rule-1: Driver Mood — Speed Urgency

Rule-2: Conservative Tendency — Safety
Distance

M—A Rules

Rule-1: Driver Mood — Accelerate

Rule-2: Driver Mood — Fast

Rule-3: Safety Distance — Follow

Rule-4: Conservative Tendency — Decelerate
Rule-5: Safety Distance A Speed Urgency —
Cruise

ing MAE comparable to the strongest neural base-
line. This indicates that explicit rules together with
selectively triggered reasoning improve which action
happens next, while the continuous latent ODE dy-
namics preserve accurate modeling of when it hap-
pens. In this controlled setting, the simultaneous gains
in action-type and event-time prediction support the
effectiveness of coupling continuous latent dynamics
with deliberate-when-needed symbolic reasoning.

6.3 Experiment on Real-World Datasets

For real-world datasets, we first define a small set of
interpretable latent dimensions to organize the contin-
uous mental state. Candidate symbolic rules are then
proposed from observed action patterns together with
brief domain descriptions, and are treated as weak
symbolic candidates rather than fixed oracle logic.
Their actual influence is fully determined by learned
rule weights during training, so ineffective rules can be
down-weighted or effectively removed. As an exam-
ple, in the Car-Following dataset we identify five ac-
tion predicates and introduce four latent mental-state
predicates as shown in Table [3] Figure [I] illustrates
how these latent dimensions evolve together with ob-
served actions, while Table[3]summarizes the three rule
families (A—M, M—M, and M—A) used to connect
action states and latent mental states.
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Table 4: Ablation study on the Synthetic dataset. We vary four modules: (i) ODE Dynamic: Non-ODE
(simple time variation with learnable parameters) vs. ODE (closed-form ODE dynamics, our default). (ii)
Neuro-Symbolic Reasoning: 0-step (no forward chaining), 1-step, and 3-step forward chaining (our default).
(iii) Logic Boost: No Boost (disable logic-strength enhancement) vs. Boost (enable logic-strength enhancement,
our default). (iv) Event Thresholding (upper trigger threshold): Low, Mid (our default), and High. We report

ER% (lower is better), MAE (lower is better), training loss, and average training time per epoch.

Ablation Settings

Metrics

ODE Dynamic Neuro-Symbolic Logic Event ER% | MAE | Loss| Time |
Reasoning Boost Thresholding
Non-ODE 0-step No Boost Mid 13.24 2.24 11.80 97.05
ODE 0-step No Boost Mid 12.96 2.19 10.13 90.97
ODE 0-step Boost Mid 12.68 2.14 10.75 108.54
ODE 1-step Boost Mid 12.56 2.11 10.30 120.40
ODE 3-step Boost Mid 10.32 2.03 9.29 122.03
Non-ODE 0-step No Boost Low 11.83 2.13 11.46 105.43
Non-ODE 0-step No Boost High 12.69 2.11 11.40 105.79

The results in TablePlshow that Flow-Reasoner consis-
tently improves both action-type prediction and event-
time prediction over strong baselines on the real-world
datasets. The gains are especially pronounced on
Hand-Me-That, suggesting that the combination of
continuous latent mental states and selective symbolic
reasoning is particularly helpful when behavioral se-
quences are longer and latent cognitive factors are
more complex. The consistent gains on Car-Following
further indicate that the framework generalizes beyond
the controlled synthetic setting to real behavioral data.
Taken together, these results show that the proposed
coupling of continuous latent dynamics and selectively
triggered symbolic reasoning generalizes beyond the
synthetic setting.

6.4 Ablation Study

To quantify the contribution of each design choice, we
perform ablation experiments on the synthetic dataset.
Our default configuration corresponds to ODE + 3-
step + Boost + Mid. Table {4 reports the predictive
performance and training cost of representative config-
urations, while Figure |3| provides a visual comparison
of the same ablation trends.

The ablation results show that all four design choices
contribute to the final performance. Replacing the
Non-ODE variant with ODE dynamics improves both
predictive accuracy and training efficiency; increas-
ing the reasoning depth consistently improves perfor-
mance, with 3-step reasoning performing best under
the full configuration; Logic Boost further reduces
ER% and loss in the multi-step reasoning setting;
and the medium threshold (Mid) provides a better
trade-off between prediction quality and triggering fre-
quency. Overall, the best configuration, ODE + 3-step

+ Boost + Mid, suggests a clear synergy among contin-
uous latent dynamics, multi-step symbolic reasoning,
and moderate triggering.

7 CONCLUSION

We present Flow-Reasoner, a differentiable framework
for event prediction that couples continuous-time la-
tent mental states with intermittent symbolic reason-
ing. Mental states evolve continuously via a neural
ODE, while bounded multi-hop forward chaining is
triggered only at discrete reasoning instants by event
arrivals or internal state changes. Across synthetic and
real-world behavioral datasets, Flow-Reasoner consis-
tently improves predictive performance. Its key nov-
elty lies in coupling continuously evolving latent dy-
namics with event/state-triggered symbolic reasoning,
rather than applying symbolic reasoning continuously
or updating latent dynamics only at event times.
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A Algorithms
In Alg. [2| we provide the pseudocodes for thinning algorithm.

Algorithm 2 Sampling the Next Event under Threshold-Triggered Reasoning

Require: Event history H;, = {(t:,a;)}7-1, current time tp, maximum time horizon 7', current latent mental
state M (tp), current reasoning instant p, cached ODE drive 5S¢ cached action boosts B¢, rule set R
Ensure: Next event (t*,a*) where t* € (to,T], a* € A, or & if no event occurs
1: t+ 1o
2: while t < T do
3: for k € Ado

4; A < by + B
5: end for
6: A Zke.A Ak
7 s ~ Exp(})
8: t'«—t+s
9: if ¢’ > T then
10: return g
11: end if
12: if any latent mental state crosses the threshold in (¢,¢") then
13: pe  first threshold-crossing time in (¢,¢")
14: evolve M (p. ) from M (t) using Eq. (6) with S
15: run multi-hop forward chaining at p. to obtain rule scores {gs(pc)}rer
16: update S¢<) and B{*<) from {g(p.)}
17: compute post-reasoning state M (p.)
18: t < Pe, P Pe
19: continue
20: else
21: pr < A\p/A for all k € A
22: a* ~ Categorical({pk }rea)
23: return (¢, a*) > A new reasoning instant is triggered at ¢’
24: end if
25: end while
26: return &

B Experimental Details
B.1 Dataset Descriptions

We evaluate our approach on both synthetic and real-world datasets:
o Synthetic Dataset: Generated event sequences with known ground-truth logic rules to evaluate rule recovery
capability.
o Car-Following: Real-world driving behavior sequences capturing cognitive decision-making processes.

e Hand-Me-That: Human-robot interaction sequences for household manipulation tasks.
The defined predicates and logic rules for each dataset are shown in Tables Table |9 summarizes the key
statistics. For all datasets, we use a fixed random seed to shuffle all sequences and then select the specified
number of training, validation, and test sequences in order from the shuffled set. In rule design, when a rule’s
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body contains multiple predicates, the rule type (A—M, M—M, or M—A) is determined by the type of the first
predicate in the body.

Table 5: Comprehensive statistics of all datasets used in experiments.

Category Statistics Dataset
Syn Data-1 Car-Following Hand-Me-That
Sequences 2,000 5000 500
Avg. Sequence Length 7.0 3.6 30.5
Seq. Length Std. 3.15 0.92 15.68
Data Scale Seq. Length Range (1, 54] [3, 5] 4, 83]
Avg. Time Horizon (s 15.00 7.20 29.53
Time Horizon Std. (s) 2.78 4.90 15.68
Time Horizon Range (s) [0.04, 14.52] [0.10, 37.70] [3.00, 82.00]
Action Types 4 5 11
Mental States 5 4 5
Total Rules 11 19 22
Predicates & Rules A—M Rules 5 7 5
M—M Rules 2 2 6
M—A Rules 4 10 11
Train/Val/Test Split  1600/200/200  4000,/500/500 400/50/50

B.1.1 Synthetic Dataset (Syn Data-1)

Dataset. We construct a synthetic benchmark to assess learning in a controlled setting where the underlying
symbolic structure is known. The dataset contains 2,000 event sequences within a fixed time horizon of 15
seconds. Each sequence consists of action events only, with an average length of 7.0 actions (range: [1, 54]).

Predicates. We use a small set of mental predicates {m;} and action predicates {ax} (Table [6). Mental
predicates represent latent continuous states, while action predicates correspond to observable event types.

Table 6: Defined predicates and explanations for the Synthetic dataset.

Category Predicates Explanation
mi Mental State 1
mo Mental State 2
Mental State ms Mental State 3
my Mental State 4
mg Mental State 9
as Action 5
. ag Action 6
Action ar Action 7
as Action 8

Symbolic rules. Sequence generation uses a ground-truth rule set with explicit temporal relations (Table @
During training, the model is provided with a separate candidate rule pool (Table [§)) that removes temporal
operators and includes additional rules, reflecting imperfect symbolic knowledge. The model learns rule weights
from data and can down-weight or prune ineffective candidates.

Data generation. We generate sequences by simulating a temporal point process whose action intensities
are modulated by latent mental states and rule-induced boosts. Mental states evolve according to the ODE
dynamics in Eq. [5| with positive decay rates, and are updated at reasoning instants. At each reasoning instant
(action arrival or when a mental state crosses the trigger threshold), forward chaining is applied to update rule
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Table 7: Ground-truth rules used to generate the Synthetic dataset. Temporal relations are expressed over
predicate timestamps ¢(-). These oracle rules are used only for data generation.

Rule ID Rule Content Temporal constraint
Action-to-Mental (A—M) rules

GT-1 my < as N\ ar t(as) = t(ay)
GT-2 mo <— a7 N\ My t(a7) < t(m4)
GT-3 my < ag N\ ag -

GT-4 ms3 < a5 N\ ag t(a5) > t(a(;)
Mental-to-Mental (M— M) rules

GT-5 ma <= m1 A ae -
Mental-to-Action (M—A) rules

GT-6 as <— my A\ mg t(ml) < t(m2)
GT-7 ag <— mo A M3 t(mg) > t(mg)
GT-8 ar + mi1 Ams t(my) > t(ms)
GT-9 ag < m3z N\ my B

Table 8: Training candidate rule pool for the Synthetic dataset. These rules are provided to the model during
training (without temporal operators) and may differ from the oracle data-generation rules.

Rule ID Rule Content
Action-to-Mental (A— M) candidates

C-1 my < as Aary
C-2 Mo — a7 Ay
C-3 mi < ag N\ ag
C-4 ms < as N\ ag
C-5 mg < Qg
Mental-to-Mental (M— M) candidates

C-6 mo < m1 N ag
C-7 mg <— Mo
Mental-to-Action (M—A) candidates

C-8 as <— mi A\ mo
C-9 ag < Mg Ams
C-10 ar < mi Ams
C-11 ag < mq

activations, refresh the cached drives for the ODE, and compute piecewise-constant action intensities for the
next interval.

Training and evaluation protocol. During training and evaluation, only the action event stream (types and
timestamps) is observed; mental states are treated as latent and are not provided as supervision. The model is
trained by maximizing the marked-TPP likelihood using the analytic survival decomposition under piecewise-
constant intensities. This setting evaluates whether the model can infer latent mental dynamics from actions
and leverage candidate symbolic rules to improve next-event type and time prediction.

B.1.2 Car-Following Dataset

Dataset Overview. The Car-Following dataset (Li et al., |2023) captures real-world driving behavior se-
quences. After preprocessing, we obtain 10,042 car-following episodes in total. For all experiments in this paper,
we use a fixed subset of 5,000 sequences, which is split into 4,000/500/500 for training, validation, and testing,
respectively. Unless otherwise noted, the statistics and experimental results reported in the main text correspond
to this 5,000-sequence subset.
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Sources of symbolic rules. Rules are not hand-crafted; they are proposed by an LLM from the action
sequences and brief domain descriptions, yielding interpretable A—M, M—M, and M—A clauses. These are
treated as candidates whose influence is fully learned; unhelpful rules are automatically down-weighted. For
example, in the car-following case, given the observed actions and the domain description ”drivers may become
aggressive after acceleration”, the LLM may propose a candidate rule such as Accelerate—DriverMood; this rule
only becomes influential if its learned weight remains large after training.

Table 9: Defined predicates and explanations for Car-Following Dataset.

Predicates Explanation

SafetyDistance Driver’s concern for maintaining safe following distance
SpeedUrgency Driver’s desire to increase or maintain high speed
DriverMood Driver’s affective state (aggressive vs. calm)
ConservativeTendency Driver’s inclination toward cautious behavior
Following Maintaining consistent distance behind leading vehicle
Cruise Maintaining constant speed without significant changes
Accelerate Increasing vehicle speed

Decelerate Reducing vehicle speed

Fast Driving at high speed relative to traffic flow

Data Preprocessing. Raw trajectory data is segmented into car-following episodes using threshold-based
detection. Each episode is defined as a continuous period where the ego vehicle maintains a following relationship
with a leading vehicle. Timestamps are normalized relative to episode start time. After preprocessing, 10,042
episodes are obtained in total; from these, we select a fixed subset of 5,000 sequences for all experiments and
split them into 4,000/500/500 for training, validation, and testing.

Table 10: Logic rules for Car-Following Dataset.

Rule ID Rule Content
Action-to-Mental (A—M) Rules
Rule-1 SafetyDistance < Decelerate
Rule-2 SpeedUrgency <+ Accelerate
Rule-3 SpeedUrgency <+ Fast
Rule-4 DriverMood < Accelerate
Rule-5 DriverMood < Fast
Rule-6 ConservativeTendency < Decelerate
Rule-7 ConservativeTendency < Cruise
Mental-to-Mental (M—M) Rules
Rule-8 ConservativeTendency < SafetyDistance
Rule-9 DriverMood < SpeedUrgency
Mental-to-Action (M—A) Rules
Rule-10 Following < SafetyDistance
Rule-11 Decelerate < SafetyDistance
Rule-12 Accelerate < SpeedUrgency
Rule-13 Fast < SpeedUrgency
Rule-14 Accelerate < DriverMood
Rule-15 Fast <— DriverMood
Rule-16 Decelerate <~ ConservativeTendency
Rule-17 Cruise < ConservativeTendency

Rule-18 Following <— ConservativeTendency
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B.1.3 Hand-Me-That Dataset

Dataset Overview. The Hand-Me-That dataset (Wan et al., |2022)) contains human-robot interaction se-
quences for household manipulation tasks. We focus on change-state episodes with dynamic transitions between
task states. After preprocessing, we obtain 503 sequences in total. For all experiments in this paper, we use
a fixed subset of 500 sequences, which is split into 400/50/50 for training, validation, and testing, respectively.
Unless otherwise noted, the statistics and experimental results reported in the main text correspond to this
500-sequence subset.

Table 11: Defined predicates and explanations for Hand-Me-That Dataset.

Predicates Explanation

TaskAwareness Agent’s awareness of needing to complete a task
ObjectInterest Agent’s interest in a particular object
SpatialPlanning Agent’s planning of movement paths in space
ToolSelection Agent’s selection of appropriate tools
CompletionUrgency Agent’s sense of urgency to complete the task
MoveTo Moving to a location or near an object

PickUp Picking up an object from a location

Put Placing an object at a location or into a container
ToggleOn Turning on an electronic device

Soak Soaking an object in water

Open Opening a container

Clean Cleaning an object or location

Cool Cooling food in a refrigerator

Slice Slicing an object using a knife

Heat Heating food using a heating device

Close Closing a container

Data Preprocessing. From the original dataset, we extract change-state episodes by identifying segments
where the task state undergoes transitions. Sequences shorter than 5 actions or longer than 100 actions are
filtered out to ensure quality. Timestamps are normalized relative to episode start time. After preprocessing,
503 sequences are obtained in total; from these, we select a fixed subset of 500 sequences for all experiments and
split them into 400/50/50 for training, validation, and testing.

B.2 Baseline Descriptions

In this paper, we primarily focus on baselines from three different fields: neural temporal point process model,
logic-based model, and generative model. Below, we provide a detailed introduction to these baselines.

Neural Temporal Point Process Model

e RMTPP (Du et al., 2016)): This model represents the intensity function as a nonlinear function of the event
history. It uses a recurrent neural network to learn a representation of historical influences—including past
events and intervals—to model the intensity.

e THP (Zuo et al.;[2020): The model employs self-attention to encode event history into hidden representations
for discrete timestamps, which parameterize a continuous-time intensity function. This approach efficiently
captures long-term dependencies and admits structural knowledge, outperforming RNN-based methods in
both computational efficiency and predictive accuracy.

o PromptTPP (Xue et al.[[2023): This approach integrates a continuous-time retrieval prompt pool with a base
TPP to enable sequential learning from event streams without buffering past examples. The architecture
comprises the base model, the prompt pool, and a prompt-event interaction layer, collectively improving
performance on streaming event sequence modeling.

e HYPRO (Xue et al.l 2022)): This model decouples long-horizon forecasting into two steps: proposal gener-
ation by an autoregressive TPP and likelihood-based refinement via an energy function. By selecting the
most realistic predictions, it reduces cascading errors, thereby achieving superior long-term accuracy.
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Table 12: Logic rules for Hand-Me-That Dataset.

Rule ID Rule Content

Mental-to-Mental (M—M) Rules
Rule-1 ObjectInterest < TaskAwareness
Rule-2 SpatialPlanning <— ObjectInterest
Rule-3 ToolSelection < SpatialPlanning
Rule-4 CompletionUrgency < ToolSelection
Rule-5 SpatialPlanning < TaskAwareness A ObjectInterest
Rule-6 CompletionUrgency < SpatialPlanning A ToolSelection

Action-to-Mental (A—M) Rules

Rule-7 TaskAwareness <— MoveTo

Rule-8 ObjectInterest <— PickUp

Rule-9 SpatialPlanning < Put

Rule-10 ToolSelection < ToggleOn

Rule-11 CompletionUrgency <+ Soak

Mental-to-Action (M—A) Rules

Rule-12 MoveTo + TaskAwareness

Rule-13 PickUp < ObjectInterest

Rule-14 Put « SpatialPlanning

Rule-15 ToggleOn < ToolSelection

Rule-16 Soak <+ CompletionUrgency

Rule-17 Open «+ TaskAwareness

Rule-18 Clean < SpatialPlanning

Rule-19 Cool + CompletionUrgency

Rule-20 Slice < ToolSelection

Rule-21 Heat + CompletionUrgency

Rule-22 Close < SpatialPlanning

Logic-Based Model

e TELLER (Li et al.,|2021): The model discovers temporal logic rules from noisy event sequences by formulat-
ing rule learning as a maximum likelihood problem. To address the combinatorial search space, it employs
a tractable branch-and-price algorithm that alternates between generating candidate rules and evaluating
their significance, efficiently identifying a concise set of predictive rules within a time budget.

e CLNN (Yan et al., [2023): This model learns interpretable Weighted Clock Logic (wCL) formulas to model
how events promote or inhibit each other over time. Unlike conventional methods that rely on combinatorial
optimization, CLNN introduces a continuous relaxation of the discrete rule space using smooth activation
functions. This enables efficient gradient-based learning of highly expressive temporal relations.

e STLR (Cao et al., [2023): This approach explains human actions by learning spatiotemporal logic rules via
a transformer-based generator and a reasoning evaluator.

Generative Model

e AVAE (Mehrasa et al., 2019): The model addresses the modeling of asynchronous action sequences by
integrating a recurrent VAE with a dynamic prior network. The encoder processes the history of actions
and timings into a latent distribution, from which a sample is decoded to jointly predict the next action and
its inter-arrival time, moving beyond the limitations of a fixed prior.

e GNTPP (Lin et al.l2022): The model presents a modular framework for neural temporal point processes. It
flexibly combines encoders (RNN- or attention-based) with a broad family of generative decoders—including
diffusion, VAE, GAN, and score-based models—to approximate event time distributions. This composability
makes GNTPP a highly versatile and expressive generative model for continuous-time sequences

e VEPP (Pan et al.| 2020)): This model introduces a VAE framework for probabilistic event sequence modeling.
By encoding event histories with an LSTM and learning the latent distribution, it effectively captures
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complex dependencies in inter-arrival times and event types.

e STVAE (Wang et al.|[2023)): The model addresses the challenge of modeling human trajectories with contin-
uous time, variable length, and multi-faceted context. It achieves this by unifying classical temporal point
processes with modern neural variational inference.

B.3 More Experiments
B.3.1 Scalability and Time Efficiency

This section provides comprehensive experimental analysis to validate the effectiveness and efficiency of our
proposed Flow-Reasoner model. We examine how model performance and training characteristics scale with
varying training set sizes on the synthetic dataset.
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Figure 4: Comprehensive analysis of convergence behavior, model performance, and training efficiency across
different training set sizes (400-1600 samples) on the synthetic dataset.

Convergence Analysis. Figure [4| shows the training convergence curves with a detailed inset focusing on
epochs 80-100. The results demonstrate that larger training sets lead to both faster convergence and lower final
loss values. Specifically, training with 400 samples converges to 20.45, while 1600 samples achieve the lowest
loss of 20.15. Interestingly, training with 800 samples (20.35) and 1200 samples (20.2) exhibit very similar
final loss values, both performing slightly worse than the 1600-sample configuration. This suggests that while
larger datasets generally improve performance, there may be diminishing returns beyond a certain dataset size
threshold. The convergence speed also improves significantly with larger datasets, with 1600-sample training
reaching near-optimal performance by epoch 20, compared to epoch 60 for 400-sample training.

Computational Scaling. The training time analysis (top-middle and top-right plots) reveals linear scaling
behavior. Total training time increases from 6,191s (400 samples) to 23,734s (1600 samples), while average
epoch time scales from 61.9s to 244.7s. This linear relationship indicates efficient and predictable computational
requirements, with no significant overhead penalties for larger datasets.

Performance Metrics. The accuracy analysis (bottom plots) demonstrates consistent performance improve-
ments with larger training sets. Top-3 Error Rate decreases from 14.60% (400 samples) to 11.20% (1600 samples),
with a slight fluctuation at 1,200 samples (12.10%). Mean Absolute Error shows monotonic improvement from
2.2263 to 2.0388, indicating that the model effectively leverages additional training data for enhanced predictive
accuracy.

Key Insights. The comprehensive analysis reveals four critical findings: (1) Faster Convergence: Larger
datasets accelerate both convergence speed and final performance. (2) Linear Computational Scaling: Training
time scales predictably with data size, indicating efficient implementation. (3) Monotonic Performance Gains:
Model accuracy consistently improves with more training data. (4) Cost-Benefit Trade-off: While computa-
tional cost increases linearly, the performance gains justify the additional resources, particularly for applications
requiring high accuracy.

B.3.2 Ablation Study

Experiment Setting We report an ablation study on the Synthetic dataset to quantify the contribution
of four design components: ODE dynamics (Non-ODE vs. ODE), symbolic reasoning depth (0-step / 1-step
/ 3-step forward chaining), logic boost (No Boost vs. Boost), and the event thresholding level (Low / Mid
/ High). Unless explicitly varied, each experiment uses the same training protocol and hyperparameters as
the main baseline comparisons (Table . To reduce computational cost, the ablation study is conducted on a
smaller training split than the main experiments; therefore, absolute metrics may differ from those in the baseline
comparison table, while the relative trends across configurations remain informative for assessing module effects.
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Table 13: Ablation study on the Synthetic dataset (Appendix: full configuration). We vary four modules: (i)
ODE Dynamic: Non-ODE (simple time variation with learnable parameters) vs. ODE (closed-form ODE
dynamics, our default). (ii) Neuro-Symbolic Reasoning: 0-step (no forward chaining), 1-step, and 3-step
forward chaining (our default). (iii) Logic Boost: No Boost (disable logic-strength enhancement) vs. Boost
(enable logic-strength enhancement, our default). (iv) Event Thresholding (upper trigger threshold): Low,
Mid (our default), and High. We report ER% (lower is better), MAE (lower is better), training loss, and average
training time per epoch.

D Ablation Settings Metrics

ODE Dynamic Reasoning Logic Boost Thresholding ER% | MAE | Loss | Time |
Exp-1 Non-ODE 0-step No Boost Mid 13.24 2.24 11.80  97.05
Exp-2 ODE 0-step No Boost Mid 12.96 2.19 10.13  90.97
Exp-3 ODE 0-step Boost Mid 12.68 2.14 10.75 108.54
Exp-4 ODE 1-step Boost Mid 12.56 2.11 10.30  120.40
Exp-5 ODE 3-step Boost Mid 10.32 2.03 9.29 122.03
Exp-6 Non-ODE 0-step No Boost Low 11.83 2.13 11.46  105.43
Exp-7 Non-ODE 0-step No Boost High 12.69 2.11 11.40 105.79
Exp-8 Non-ODE 1-step No Boost Mid 11.94 2.24 11.68 107.35
Exp-9 Non-ODE 0-step Boost Mid 13.06 2.21 11.25  94.07
Exp-10 Non-ODE 3-step Boost Mid 12.12 2.18 11.47 113.06
Exp-11 ODE 3-step Boost Low 10.32 2.08 10.24  125.78
Exp-12 ODE 3-step No Boost Mid 11.24 2.08 11.46  105.43

Ablation Analysis Table [13|summarizes 12 configurations (Exp-1 to Exp-12). We highlight the main effects
through controlled comparisons.

ODE dynamics. Comparing Exp-1 (Non-ODE, 0-step, No Boost, Mid) with Exp-2 (ODE, 0-step, No Boost,
Mid) shows that replacing simple time variation with closed-form ODE dynamics improves both accuracy and
efficiency: ER% decreases from 13.24 to 12.96, MAE decreases from 2.24 to 2.19, loss decreases from 11.80 to
10.13, and average epoch time reduces from 97.05s to 90.97s.

Reasoning steps. With ODE dynamics and logic boost enabled at a fixed threshold (Mid), increasing reasoning
depth yields consistent gains. Exp-3 (ODE, 0-step, Boost, Mid) — Exp-4 (ODE, 1-step, Boost, Mid) yields a
modest improvement (ER% 12.68 — 12.56, MAE 2.14 — 2.11). Further increasing to 3-step reasoning in Exp-5
(ODE, 3-step, Boost, Mid) brings a substantial gain (ER% 10.32, MAE 2.03), indicating that deeper forward
chaining is most beneficial when coupled with the full model components.

Logic boost. Comparing Exp-12 (ODE, 3-step, No Boost, Mid) with Exp-5 (ODE, 3-step, Boost, Mid) shows
that enabling logic boost is crucial under high-capacity reasoning: ER% improves from 11.24 to 10.32 and loss
drops from 11.46 to 9.29. This suggests logic boost stabilizes multi-step symbolic reasoning by strengthening
informative rule activations and mitigating overfitting to spurious chains.

Event thresholding. Threshold level affects both prediction quality and computation through the frequency
of triggered reasoning. Under a lighter configuration (Non-ODE, 0-step, No Boost), Exp-6 (Low) achieves lower
ER% than Exp-1 (Mid) and Exp-7 (High), implying that a lower trigger threshold can be advantageous when
reasoning depth is minimal. Under the full configuration, Exp-5 (Mid) and Exp-11 (Low) achieve comparable
ER% (both 10.32), while Exp-5 attains lower MAE (2.03 vs. 2.08) and lower loss (9.29 vs. 10.24), suggesting that
a medium threshold provides a favorable trade-off between timely reasoning and avoiding excessive triggering.
Overall. Exp-5 (ODE, 3-step, Boost, Mid) is the best-performing configuration in this study (ER%=10.32,
MAE=2.03, loss=9.29). Relative to Exp-1 (Non-ODE, 0-step, No Boost, Mid), it reduces ER% by 22.1% and
improves MAE by 9.4%, supporting the integrated design principle of combining continuous ODE dynamics with
multi-step symbolic reasoning and adaptive logic enhancement.

B.3.3 Efficiency of Deliberate-When-Needed Reasoning

We employ a deliberate-when-needed reasoning strategy, where forward chaining (FC) is executed only at rea-
soning instants triggered by action arrivals or when latent mental states cross the trigger thresholds, instead of
running symbolic inference continuously. To quantify the computational benefit of this design, we compare two
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Table 14: Time-cost and performance comparison between conditional (deliberate-when-needed) and always-on
reasoning on the synthetic dataset (train/val/test = 160/20/20).

Metric Conditional (ours) Always reasoning
Total FC Time (s) 6.55 £ 0.52 1229.27 £ 16.65
FC Calls 351 + 24 65,185 + 677
FC Steps 6,275 4+ 406 1,171,819 + 11,103
Top-1 ER% | 74.30 £+ 0.90 74.19 £ 0.91
Top-3 ER% | 19.46 £ 0.50 19.46 £ 0.50
MAE | 2.2139 £ 0.0788 2.2133 £ 0.0821

Table 15: Robustness to partial and noisy rule sets on the synthetic dataset. “Mask” randomly removes a
fraction of rules, while “Corrupt” perturbs rule bodies (e.g., by replacing body predicates).

Condition Level Top-3 ER% | MAE |
Full rules 0% 10.31 2.20
Mask (partial rules) 30% 14.60 2.04
Mask (partial rules) 60% 19.34 2.28
Corrupt (noisy rules) 10% 12.26 2.12
Corrupt (noisy rules) 20% 18.12 2.26

reasoning strategies on the synthetic dataset: (i) Conditional (ours), where FC is executed only at reasoning
instants; and (ii) Always reasoning, where FC is executed at every time point on a fixed discretized time
grid regardless of triggers, while keeping the rest of the training and evaluation pipeline unchanged. We use a
smaller synthetic split (train/val/test = 160/20/20) and report both efficiency metrics (total FC time, number
of FC calls, and FC steps) and prediction metrics (Top-1/Top-3 ER% and MAE). ER% is computed from Top-K
accuracy (ER% = 100x (1—Top-K accuracy)), and MAE is the mean absolute error of predicted event times.
As shown in Table [I4] conditional triggering reduces FC calls from ~65k to ~351 and FC steps from ~1.17M
to ~6.3k, yielding ~99.5% FC time savings (~190x speed-up), while keeping Top-K ER% and MAE essentially
unchanged. This indicates that the dominant cost of symbolic inference stems from unnecessary FC executions
in non-triggered regions, and that deliberate triggering removes this overhead with negligible impact on accuracy.

B.3.4 Robustness to Imperfect Rule Sets

In practical settings, symbolic rules are often imperfect: the available rule set may be incomplete (missing
relevant clauses) and/or noisy (containing inaccurate or irrelevant conditions). To evaluate robustness under
weak or unreliable symbolic knowledge, we conduct controlled perturbations of the rule set on the synthetic
dataset and measure how predictive performance changes. Starting from the (pruned) training rule set used in
the main synthetic experiment, we apply two perturbation types and re-train/evaluate under the same pipeline:
(i) Mask (incomplete rules), which randomly removes a fraction of rules to simulate missing knowledge; and
(ii) Corrupt (noisy rules), which perturbs the rule bodies (e.g., by replacing body predicates) for a fraction
of rules to simulate inaccurate knowledge. All other settings remain unchanged, and we report Top-3 ER% and
MAE. As summarized in Table performance degrades as symbolic structure is removed or corrupted, but
the degradation is gradual and the model remains functional. With incomplete rules, the full rule set yields
Top-3 ER% / MAE of 10.31 / 2.20, which becomes 14.60 / 2.04 when masking 30% of rules and 19.34 / 2.28
when masking 60%. With noisy rules, corrupting 10% and 20% of rules yields 12.26 / 2.12 and 18.12 / 2.26,
respectively. These results indicate that the model benefits from good symbolic structure, yet does not collapse
when rules are partial or moderately noisy; instead, it degrades gracefully by relying more on its continuous
ODE-TPP backbone when symbolic guidance weakens.

C Reproducibility Analysis
C.1 Computing Infrastructure

All the synthetic data and real-world data experiments, including the comparison experiments with baselines, are
performed on Ubuntu 20.04.3 LTS system with Intel(R) Xeon(R) Gold 6248R CPU @ 3.00GHz, 227 Gigabyte
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Table 16: Descriptions and values of hyper-parameters used for models trained on the synthetic and real-world
datasets.

Module Hyper Parameters Value Used
Syn Data-1 Car-Following Hand-Me-That
Predicate matching temp (7) 0.5 0.5 0.5
Soft-AND temp («) 0.01 0.5 0.5
Soft-OR, temp (5) 7.0 8.0 8.0
LogSumExp temp (d) 0.1 0.1 0.1
Architecture  Action predicate decay rate (\) 0.5 0.5 0.5
Forward-chaining passes (L) 3 3 3
Forward-chaining tolerance (e) 2.5 x 1074 5x 1074 5x 1074
Threshold upper bound 0.65 0.60 0.60
Threshold lower bound 0.05 0.05 0.05
Learning rate 5x 1073 3x 1073 3x 1073
Batch size 32 32 32
Training Number of epochs 100 100 50
Optimizer Adam Adam Adam
Regularization  Gradient clipping (max norm) 5.0 5.0 5.0
Early Stopping Patience 15 15 15
Early Stopping Threshold 1x1074 1x1074 1x1074
memory.

C.2 Hyper-Parameter Selection

We present the selected hyper-parameters for the synthetic dataset and the two real-world datasets in Tab.
The hyper-parameter selection metric is a trade-off between model performance and time efficiency.

D Rule Sources and Fairness of Comparison

A natural concern in neuro-symbolic modeling is whether performance gains come mainly from strong prior rules
rather than from the learned model itself. In this section, we clarify how candidate rules are constructed in
Flow-Reasoner and why the experimental comparisons remain fair.

D.1 Candidate Rules Rather than Oracle Logic

Flow-Reasoner does not assume access to oracle rules during training. In the synthetic setting, the ground-truth
rules are used only to generate event sequences in the simulator. The model is instead trained with a perturbed
candidate rule pool obtained by modifying the simulator rules, for example by dropping predicates, adding
distractor clauses, or simplifying temporal structures. As a result, the candidate rules available during training
differ from the true data-generation rules, and the model must learn which rules are useful and how strongly
they should influence prediction.

In the real-world setting, candidate rules are not manually specified as fixed logic. Instead, they are proposed by a
large language model (LLM) from observed action patterns together with brief domain descriptions. These rules
provide only coarse and potentially imperfect symbolic hypotheses rather than ground-truth knowledge. Their
influence is fully determined by learned rule weights, and unhelpful rules can be down-weighted or effectively
removed during training.

D.2 Fairness of Experimental Comparison

All compared methods are trained on the same observed event sequences. Baseline models do not include a
symbolic reasoning layer and therefore cannot directly use candidate rules without substantial architectural
modification. We therefore compare Flow-Reasoner against strong representatives of neural temporal point
process models, rule-based models, and generative baselines under the same prediction setting.

Importantly, none of the compared models, including Flow-Reasoner, has access to the true simulator rules
during training. Therefore, the observed gains cannot be attributed to oracle symbolic supervision. Instead, the
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results indicate that the improvements come from the learned interaction between weak symbolic candidates and
continuous latent dynamics, rather than from fixed prior knowledge.

E Limitation & Broader Impacts

Our approach has strong potential for human—Al collaboration by enabling timely and interpretable inference
of latent mental states and more accurate forecasting of human actions, with possible applications ranging from
assistive daily living to safer autonomous driving. However, it also has several limitations. First, the decoder
relies on candidate rule templates, which improve interpretability but may introduce bias and limit cross-domain
transfer when the available symbolic structure is incomplete or domain-specific. Future work should therefore
explore more scalable rule-mining and structure-learning methods to broaden coverage and reduce bias. Second,
timeline discretization may introduce noise when sampling latent mental events and may require extensive
tuning to select an appropriate resolution. This motivates future work on automated hyperparameter search
and adaptive or learned time grids to better balance fidelity and efficiency. Finally, because intention inference
can affect decision-making in sensitive settings, responsible deployment should include safeguards for privacy,
fairness, and transparency, such as data minimization, bias audits of learned rules, and interpretable rationales
for predictions.



	INTRODUCTION
	RELATED WORK
	BACKGROUND
	Latent Dynamics via ODEs
	Temporal Point Processes (TPPs)
	Rules and Forward Chaining

	METHOD
	Actions and Latent Mental States
	Neural-Symbolic Forward Chaining at Reasoning Instants
	When and how Flow-Reasoner reasons: intermittent reasoning instants

	MODEL LEARNING
	Parameter learning
	Hyperparameter selection

	EXPERIMENT
	Experiment Setup
	Experiment on Synthetic Dataset
	Experiment on Real-World Datasets
	Ablation Study

	CONCLUSION
	Algorithms
	Experimental Details
	Dataset Descriptions
	Synthetic Dataset (Syn Data-1)
	Car-Following Dataset
	Hand-Me-That Dataset

	Baseline Descriptions
	More Experiments
	Scalability and Time Efficiency
	Ablation Study
	Efficiency of Deliberate-When-Needed Reasoning
	Robustness to Imperfect Rule Sets


	Reproducibility Analysis
	Computing Infrastructure
	Hyper-Parameter Selection

	Rule Sources and Fairness of Comparison
	Candidate Rules Rather than Oracle Logic
	Fairness of Experimental Comparison

	Limitation & Broader Impacts

