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Fig. 1. Unsupervised Discovery of Task Structures. ENAP successfully recovers task-specific logic, including cyclic dependencies (Top-Left), logical
branching for multi-modal goals (Bottom), and crucially, autonomous failure recovery (Top-Right, dashed line), where the automaton learns to transition
back to a previous state (q2 → q1) to retry insertion upon error. Semantic meanings (e.g., ‘Hold’) are generated by GPT based on cluster representatives.

Abstract—Scaling robot learning to long-horizon tasks remains
a formidable challenge. While end-to-end policies often lack
the structural priors needed for effective long-term reason-
ing, traditional neuro-symbolic methods rely heavily on hand-
crafted symbolic priors. To address the issue, we introduce
ENAP (Emergent Neural Automaton Policy), a framework that
allows a bi-level neuro-symbolic policy adaptively emerge from
visuomotor demonstrations. Specifically, we first employ adaptive
clustering and an extension of the L∗ algorithm to infer a
Mealy state machine from visuomotor data, which serves as
an interpretable high-level planner capturing latent task modes.
Then, this discrete structure guides a low-level reactive residual
network to learn precise continuous control via behavior cloning
(BC). By explicitly modeling the task structure with discrete
transitions and continuous residuals, ENAP achieves high sample
efficiency and interpretability without requiring task-specific
labels. Extensive experiments on complex manipulation and long-
horizon tasks demonstrate that ENAP outperforms state-of-the-
art (SoTA) end-to-end VLA policies by up to 27% in low-data

regimes, while offering a structured representation of robotic
intent (Fig. 1). Webpage: https://intelligent-control-lab.github.io/
ENAP-project-webpage

I. INTRODUCTION

Developing long-horizon execution capabilities is a crit-
ical step toward generalist robotic agents [53]. Such tasks
inherently demand a synergy between high-level discrete
planning and low-level continuous control, a challenge tra-
ditionally formulated within the realm of Task and Motion
Planning (TAMP) [19, 66]. While recent end-to-end learning
approaches, such as Vision-Language-Action (VLA) models,
have demonstrated efficacy in short-horizon tasks, scaling
these methods to multi-stage and long-horizon problems re-
mains challenging [34, 21, 47].

This limitation stems from a fundamental misalignment
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with the cognitive structure of intelligent decision-making.
In psychology, decision-making processes in both humans
and ideal robotic agents are naturally hierarchical: System 2
governs symbolic reasoning and long-term planning, while
System 1 handles intuitive reactivity and sensorimotor control
[4, 35]. This hierarchical architecture not only facilitates
learning by introducing structural priors but also improves in-
terpretability compared to unstructured baselines. In contrast,
end-to-end learning attempts to approximate the non-convex
optimization landscape of long-horizon tasks using a single,
monolithic network, resulting in a black-box policy that is
semantically opaque and highly data-intensive [21, 46, 45].
Conversely, while existing neuro-symbolic TAMP frameworks
successfully leverage bi-level planning for both performance
and interpretability enhancement, they often rely on rigid,
hand-crafted symbolic priors (e.g., temporal logic predicates)
[58, 56], failing to adaptively reveal the intrinsic structural
manifold from data.

Therefore, this work seeks to answer a pivotal question:

How can the logical structure of System 2 naturally
emerge from the perceptual flow of System 1?

Hybrid system theory offers a profound insight: complex
dynamics can be decomposed into sequences of continuous
local behaviors governed by discrete modes [31, 50]. Inspired
by this, we argue that one appropriate policy representation
for long-horizon tasks is neither monolithic network poli-
cies nor rigid symbolic policies, but a “Neural Automaton
Policies”. In this representation, a state machine encapsulates
the global task phases (System 2), while continuous network
functions model the local control within each phase (System
1). More importantly, this hybrid structure acts as a policy
representation that is both kinematically feasible for robots
and semantically interpretable for humans [41].

To this end, we introduce ENAP (Emergent Neural
Automaton Policy), a framework that unsupervisedly recon-
structs a task-level state machine planner from demonstrations
(Fig. 2). ENAP seamlessly integrates this discrete topological
planner with a downstream residual compensation network
within a unified framework. This bi-level architecture unifies
discrete reasoning (where humans excel) and continuous con-
trol (where robots excel), aiming for both high interpretability
and strong compositionality. Specifically, we first employ
adaptive clustering and an extended L∗ algorithm to recon-
struct the state machine from trajectory sets. Then, we com-
bine this automaton-based planner with a residual network,
learning the full policy via behavior cloning. Empirical results
demonstrate that ENAP achieves at least an 8% absolute
improvement over VLA models while using significantly 39%
fewer parameters and offering superior interpretability.

In summary, our contributions are threefold:
• We propose ENAP, which learns a structured task ab-

straction and low-level reactive network in an emergent
manner, offering a viable path for evolving from end-to-
end reasoning to hierarchical cognitive architectures.

• We design a label-free neuro-symbolic framework that
eliminates the reliance on expert priors. We incentivize
structure discovery through an adaptive symbolic abstrac-
tion, improving both interpretability and compositionality.

• We demonstrate that ENAP consistently outperforms
VLA models by at least 8% in low-data settings, and
provide a rigorous Partially Observable Markov Decision
Process-based theoretical justification for the framework.

II. BACKGROUND

A. Problem Setup

We formulate the robotic task as a Partially Observable
Markov Decision Process (POMDP) [7], defined by the tuple
P = (S,O, A, T ,Ω, R, γ). Here, S represents the state space
of the environment, O denotes the high-dimensional observa-
tion space (e.g., RGB-D images, proprioception), and A ⊆ Rd
is the continuous action space. The transition dynamics are
given by T (s′|s, a), and the observation model by Ω(o|s, a).

We operate in the Learning from Demonstration (LfD)
setting. We assume access to a dataset of expert trajecto-
ries D = {τi}Ni=1, collected from expert demonstrations or
rollouts of a policy. Each trajectory is a sequence τi =
(o0, a0, . . . , oTi , aTi), where the observation at time t is ex-
plicitly defined as a tuple ot := (It, pt), comprising high-
dimensional visual input It (e.g., RGB images) and proprio-
ceptive state pt (e.g., joint pose). The objective is to learn a
structured policy that mimics the expert’s behavior.

B. Preliminaries

1) Mealy Machine: Finite State Machines (FSMs) are
mathematical models of computation used to design logic for
sequential systems. In the context of robotic planning and
control [26, 32], FSMs’ nodes represent discrete operational
modes and edges define transitions triggered by perceptual
events. The two primary machines are Moore machines [17],
where outputs are determined solely by the current state, and
Mealy machines, where outputs depend on both the current
state and the current input [55].

In this work, we adopt the Probabilistic Mealy Machine
(PMM) as our structural backbone. While Moore machines are
intuitive, Mealy machines offer greater reactivity and compact-
ness [29]. Moreover, this structure mirrors the fundamental
dynamics of a POMDP, where the agent’s action and state
evolution are jointly determined by the current latent state and
observation [1]. Formally, a PMM is defined as follows:

Definition 2.1 (Probabilistic Mealy Machine): The Proba-
bilistic Mealy Machine is M = (Q,Σ,Γ, δ, λ, q0), where:

• Q is a finite set of states.
• Σ is a finite input alphabet.
• Γ is a finite output alphabet.
• δ(q′|q, σ), the probabilistic transition function represent-

ing the probability of moving to state q′ given current
state q and input σ;

• λ(γ|q, σ), the probabilistic output function representing
the probability of emitting output γ ∈ Γ given q and σ;



TABLE I
COMPARISON OF SYMBOLIC STRUCTURE DISCOVERY APPROACHES.

Method Continuous Probabilistic Label-Free
- PDDL / Rule-Based
Bilevel Learning [6] ✓
Neuro-Symbolic IL [10] ✓
- Automata Extraction (NLP/Theory)
RNN Extraction [2,3] ✓
WFA Extraction [5] ✓ ✓
Transformer Extr. [4] ✓
- Robotic Automata Learning
PDFA Learning [7] ✓ ✓
LATMOS [8] ✓
Serialized FSM [9] ✓

ENAP (Ours) ✓ ✓ ✓

• q0 ∈ Q is the initial state.

To bridge this automata-based definition with the POMDP
formulation (P) in our paper, we establish the following con-
ceptual mapping: alphabet Σ corresponds to a discretization of
the continuous observation space O (see Fig. 1 for example);
nodes Q serve as discrete phases inferred from the POMDP
history; output alphabet Γ represents the action space A.
Crucially, the transition function δ(q′|q, σ) models the high-
level task progression (transitioning between phases), while
the output function λ(γ|q, σ) acts as a state-conditioned policy.

2) Automata learning and L∗ algorithm: Automata learn-
ing aims to infer an FSM that explains a given set of observed
sequences. Traditional algorithm is Angluin’s L∗ Algorithm
[2]. Its core principle rests on the Myhill-Nerode theorem [15],
which provides a rigorous definition of “node” (state) in FSMs:
two history sequences are equivalent (i.e., belong to the same
node) if and only if they yield identical future behaviors for all
possible subsequent inputs. L∗ leverages this to actively query
the system to cluster history sequences into discrete states.

Specifically, L∗ algorithm maintains an Observation Table
(U , E , T ) to infer the automaton. Let Σ∗ := {σ1 · · ·σk | k ∈
N, σi ∈ Σ} denote the set of finite input sequences, and U·Σ =
{u · σ | u ∈ U , σ ∈ Σ} denote concatenation operation. Then,
U ⊂ Σ∗ is a set of Prefixes, which can be viewed as candidate
history sequences leading to distinct states; E ⊂ Σ∗ is a set of
Suffixes, representing future test sequences used to distinguish
between two prefix sequences ui, uj ∈ U . The table entries
T : U · E → Γ∗ record the queried system’s output (“what
happens if we execute history u ∈ U followed by test e ∈ E”)
for a prefix followed by a suffix. The learning proceeds via
interactions with a Minimally Adequate Teacher (MAT) [11]:

1) Membership Query (MQ): the learner asks for the
system output of a specific sequence u · e, filling the
table entries in T .

2) Equivalence Query (EQ): The learner proposes a hy-
pothesis automaton based on the current table. The
teacher either confirms it or provides a counter-example
trajectory that reveals an undiscovered behavior.

With queries, the algorithm can ensure two key properties
of the table: Closedness and Consistency. Closedness ensures
that for every discovered state, its transition to any next state

is also covered by the known set U . Consistency ensures that if
two histories appear identical under current tests E , they must
remain identical after any one-step extension. If either property
is violated, L∗ expands U or E accordingly. We provide an
illustrative example of L∗ Algorithm in Appendix B-A.

However, applying classical L∗ directly to robotic learning
presents a significant gap: standard L∗ assumes discrete sym-
bolic inputs and access to an omniscient oracle. Moreover, it
is originally designed for deterministic automata. Therefore,
we extend the L∗ algorithm to enable learning of PMM.

3) Symbolic Structure Discovery: Symbolic structure dis-
covery in robotics has explored a broad range of mechanisms
for connecting learned sensorimotor representations with sym-
bolic planning, including learned predicates, action abstrac-
tions, symbolic dynamics, and automata-based task models;
we provide a more comprehensive review in Appendix. As
summarized in Table I, existing approaches remain limited in
their ability to jointly handle continuous/probabilistic robot
dynamics and label-free symbolic abstraction.

III. METHODOLOGY

Method Overview. Given the demonstration dataset D,
our objective is to learn a structured policy πENAP compris-
ing a high-level PMM controller M and a low-level and
compensatory residual network. Firstly, we perform symbol
abstraction to discretize the continuous observation space O
into an alphabet Σ, and compress sequences of symbols into
task phases (nodes) using a Recurrent Neural Network (RNN).
Second, we introduce an extension of the L∗ algorithm for
continuous trajectory data. Finally, we train a residual policy
network ψ via behavior cloning to ensure precise control,
which takes the coarse action prior λ(·|q, σ) from the learned
PMM and predicts a continuous action. (Fig. 2).

In what follows, we try to answer two questions: (i) How to
unsupervisedly construct an interpretable state machine from
noisy demonstrations? (Sections III-A and III-B) and (ii) How
to leverage such learned structure to guide the learning of
hierarchical control policy? (Sections III-C and III-D)

A. Adaptive Symbol Abstraction

In the ENAP framework, we follow Definition 2.1 and
instantiate the PMM. Specifically, the node set Q represents
the discrete latent task modes (e.g., Reach, Grasp, Align),
while the edges encode the transitions between these nodes.

Given the continuous trajectory data, the first step of ENAP
is to map observations ot := (It, pt) to a semantic feature
vector zt = ϕθ(ot) ∈ Rz via an encoder. Following this,
we employ HDBSCAN [37], an adaptive clustering algorithm,
to unsupervisedly discover the alphabet Σ within the feature
space. Each cluster leads to one symbol. This step augments
the trajectory data at each time step from (ot, at) to a tuple
(ot, at, ct), where ct = HDBSCAN(zt) ∈ Σ is the assigned
cluster label. The choice of encoder depends on whether
the trajectory data are obtained from demonstrations or from
rollouts of the learned policy.



Fig. 2. Overview of the ENAP Framework. Our approach unifies structure discovery and hierarchical control through a three-stage pipeline: (i) Symbol
Abstraction: Continuous trajectories from demonstrations are encoded and clustered via HDBSCAN [37] to discover a discrete alphabet Σ, mapping
sensorimotor streams to symbolic sequences. (ii) Structure Extraction via Extended L∗: We introduce an extended L∗ algorithm that iteratively constructs
a PMM by querying the dataset. The process maintains an observation table and enforces closedness (expanding nodes) and consistency (refining edge)
constraints using an RNN-based history encoder. (iii) Bi-level Control Pipeline: The learned PMM serves as a high-level planner, providing a coarse action
prior atbase. This is combined with a learned residual term ∆at ∼ πψ(·|qt, ot) to synthesize the final precise action ât = atbase +∆at.

1) Scenario 1 (Policy Enhancement): The trajectory data
are obtained from policy rollouts. In this setting, our
objective is to extract a PMM to enhance interpretabil-
ity or to construct a structured policy with improved
performance. The encoder learned within the policy is
directly reused.

2) Scenario 2 (Policy Discovery): The trajectory data are
obtained from demonstrations. Our objective is to learn
a policy from scratch using the provided demonstrations
(e.g., teleoperation data). In this setting, we fine-tune a
raw visual encoder (e.g., DINO [44]) using our proposed
algorithm (see Algorithm 2).

Given the clustered symbols, standard L∗ algorithms rely on
exact matching of sequences to distinguish nodes. In robotics,
a sequence refers to a trajectory of historical actions and
symbols (a0:t, c0:t). To handle the variable-length nature of
robotic trajectories where different temporal spans may map
to the same task phase, we train an RNN to map the history
(a0:t, c0:t) to a fixed-size embedding ht ∈ H. Intuitively,
ht serves as a continuous surrogate for discrete state nodes,
summarizing variable-length past experiences into a consis-
tent Markovian representation of the current task phase. (the
number of h equals the total number of time steps across all
trajectories). Specifically, we attach auxiliary prediction heads
to the RNN during training and discard them afterward in
order to optimize a multi-objective loss:

LRNN := Lpred + λLcontrast = (Lact + Lstate) + λLcontrast (1)

where the loss terms Lact (MSE) and Lstate (cross-entropy) are
employed to predict the subsequent action at+1 and symbolic
state ct+1, respectively. Phase-aware contrastive loss Lcontrast

to separate latent representations across different phases: it
minimizes the cosine distance between ht and ht+1 during
periods of constant cluster assignment (self-loops, ct = ct+1)
while maximizing it during phase transitions (ct ̸= ct+1).

This architectural choice of RNN is theoretically motivated:
the trained RNN induces clustering of continuous hidden states
around saturated centers, in which each component is driven
toward ±1 under tanh activations. As a result, cosine similarity
becomes a reliable metric for distinguishing automaton states
(see Appendix C for the formal proposition).

B. Structure Extraction via Extended L∗ Algorithm

To bridge classical L∗ with continuous robot learning,
we translate its discrete logical properties into spatial geo-
metric constraints. Intuitively, closedness (traditionally requir-
ing a new string to match a known state) now means any
newly observed history embedding must fall within the τsim-
neighborhood of an existing centroid. Similarly, consistency
(requiring identical states to yield identical futures) is relaxed
to ensure that trajectories within the same current node,
given the same input c, consistently transition into the same
destination region.

Leveraging the abstracted alphabet Σ and the phase em-
beddings H, we propose an extension of the L∗ algorithm.
Due to the absence of an oracle, our algorithm queries the
static demonstration database D to infer system behavior.
We formulate this as an iterative process, driven by two
redefined query mechanisms: a Self-Supervised Membership
Query (MQ) that is used to construct a hypothetical state
machine, and a Non-deterministic Equivalence Query (EQ)
that validates the hypothesis (Algorithm 1).



Algorithm 1 Extended L∗ Algorithm
1: Input: Demonstration D, RNN hκ, Thresholds τsim, ϵerr
2: Output: Probabilistic Mealy Machine Mfinal
3: Construct Database H.
4: Initialize prefix set U ← {h10}.
5: while Hypothesis doesn’t pass EQ do
6: Phase 1: Self-Supervised MQ
7: repeat
8: Closed ← True
9: // Check if all transitions land in known states

10: Construct transition destinations {hnext} reachable
from U via database H.

11: if maxu′∈U sim(hnext, u
′) < τsim then

12: U ← U ∪ {hnext}; Closed← False
13: end if
14: until Closed is True
15: Construct hypothesis M from H supported by U .

16: Phase 2: Non-deterministic EQ
17: for all test trajectory τ ∈ Dtest do
18: Track all paths in M consistent with τ ’s symbols.
19: // Validity requires topology and action match
20: if no valid path survives at step t then
21: U ← U ∪ {h(τ [: j]),∀j ≤ t}; break // Add

Counterexample
22: end if
23: end for
24: end while
25: Phase 3: Stable Phase Pruning
26: Mfinal ← Prune(M)

27: return Mfinal

1) Self-Supervised MQ (Phase 1): In our framework, the
prefix set U serves as the collection of representative history
embeddings, where each u ∈ U is a centroid summarizing
a cluster of similar trajectory embeddings ht that correspond
to a unique latent task node q. Two embeddings hit and hjt′
from i-th and j-th trajectories at different time steps may
correspond to the same u ∈ U , that is, task phase. The
core challenge is to identify the PMM from the non-Oracle
dataset D. To this end, we define the Generalized MQ function
MQD(u), which retrieves the immediate action at and next-
step embeddings ht+1 from all trajectory segments in D that
are τsim-cosine similar to the representative history u, thereby
obtaining transitions for the candidate state,

MQD(u) = {(ait, hit+1) |
∃ t s.t. cos

(
h(τi[: t]), u

)
≥ τsim}.

(2)

We initialize U using the initial state of the first trajectory at
t = 0, that is, U = {h10} and use MQD(u) to expand U . The
growth of U continues until the hypothesis PMM satisfies both
closedness (every reachable next-step embedding is similar to
some u ∈ U ), at which point the construction early-stops.
Specifically, for every prefix u in current U , we query MQD(u)
to obtain all reachable next-step embeddings {hnext}. If a

Algorithm 2 Iterative Residual Learning
1: Input: Dataset D, Initial Encoder ϕθ(0) , Iterations K
2: Output: Trained Policy πENAP = (M, πψ, ϕθ)
3: for k = 0 to K − 1 do
4: E-Step: Structure Extraction
5: Extract features ϕθ(k)(ot) for all τ ∈ D.
6: Discretize features to Σ(k) via HDBSCAN.
7: Train RNN on (Σ(k),D) to get hkκ.
8: M(k) ← Extended L∗(D, hkκ, . . . ) // See Algorithm 1

9: M-Step: Policy Optimization
10: Freeze PMM M(k), initialize Residual Net πψ(k) .
11: repeat
12: Sample batch (ot, at, qt) from D.
13: Compute loss J ← Eq. (5).
14: Update θ(k), ψ(k) via gradient descent.
15: until Convergence
16: end for
17: return (M(K), πψ(K) , ϕθ(K))

reachable hnext satisfies maxu′∈U cos(hnext, u
′) < τsim, which

means the hnext is dissimilar to every recorded history, we add
the hnext into U as a new centroid, expanding the automaton’s
nodes until closedness is satisfied. Once U is closed, each
u ∈ U corresponds to a node q. To this end, we derive the
finite set of states Q of the PMM.

Given constructed closed Q, the next step is to construct the
set of outgoing transitions that satisfy consistency. Specifically,
in the sequel, we discuss how we build edge from node q
under input symbol c ∈ Σ, and associate them with two
critical pieces of information: (1) An action prior distribution
λ(·|q, c), represented practically as the empirical mean abase
of all continuous action vectors observed transitioning along
this edge; and (2) A next-input set NIS(q) ⊂ Σ, which records
all the valid input symbols accepted by node q.

Specifically, for a discrete state q (represented by a centroid
u) and an input symbol c, the generalized query scans the
demonstration dataset to retrieve all continuous next-step em-
beddings {ht+1} from time steps t where the history is similar
to u and the input is c. We then map each continuous hnext to a
discrete destination state q′ by finding its nearest representative
u′ ∈ U . Next, we estimate the discrete transition probability
δ(q′|q, c) based on the normalized frequency of reaching each
q′. Finally, the continuous action prior λ(·|q, c) is modeled as
the empirical distribution (the mean value mentioned earlier)
of all continuous actions at executed during these specific
q

c−→ q′ transitions. In our cases, the consistency property is
satisfied by default, as the different instances h within the
same node will transit to the same next node under the same
input symbol.

In classical L∗, the algorithm constructs a complete transi-
tion table by actively querying an oracle for the outcome of
every state prefix u extended by every possible input symbol
σ ∈ Σ. However, in our offline imitation learning setting, we
lack an interactive oracle, and the static demonstration dataset



Fig. 3. Iterative Structure-Policy Co-Evolution. The training process
alternates between augmenting dataset via clustering with learned encoder
(Left) and policy learning under the given dataset (Right). A residual
network refines the action prior from PMM and generate updated encoder
for subsequent iterations.

naturally suffers from transition sparsity, meaning many (u, σ)
combinations are physically unobserved. To overcome this
limitation, our Generalized MQ redefines the query process:
instead of exhaustively testing all hypothetical extensions, it
acts as a data-mining operation, retrieving only the empirically
observed next-step embeddings hnext that actually follow the
current state in the dataset.

2) Non-deterministic EQ (Phase 2): For robotic tasks,
we relax the deterministic verification to a non-deterministic
path search. Given a test trajectory τ = (o0, a0, . . . ), we
track all possible transition sequences in the PMM induced
by its cluster-index sequence. If there exists at least one valid
transition sequence τPMM = (c0, a

0
base, . . . ) (i.e., at every time

step the test action at lies close to the action mean atbase of the
edge under a given tolerance threshold), then the EQ is passed.
Otherwise, the shortest prefix of the trajectory τ that causes
the failure is returned as a counterexample and added to U ,
forcing the learner to split states or introduce new transitions
to resolve the ambiguity.

3) Stable Phase Pruning (Phase 3): To recover a compact
structure from the initial temporal expansion, we merge a
destination node q′ into its source node q when the transition
from q to q′ is triggered by c and q contains a self-loop on c,
which mirrors a stable phase.

C. PMM as a Reactive Controller

After obtaining a PMM from data, the inference logic of this
controller operates through a deterministic predict-act-update
cycle. At time step t, with current state qt and grounded input
ct, the PMM first generates a coarse action prior atbase. Then,
given the global guidance atbase, the fine-grained control is

realized by the residual policy πψ and the encoder ϕθ.

atbase = E[λ(·|qt, ct)], (3a)
ct = HDBSCAN(ϕθ(ot)) , (3b)

ât = atbase︸︷︷︸
Fixed

+πψ
(
qt, ϕθ(ot), a

t
base

)
. (3c)

Upon execution, the controller updates its internal state to
qt+1. In our formulation, the transition may remain ambiguous
due to the probabilistic λ function. To alleviate, we exploit the
observed next symbol ct+1. Specifically, after executing the
action, the controller observes ct+1 and selects the successor
state whose outgoing edge signature contains this observation.
Formally, the next state is determined as follows, where I(·)
prioritizes transitions whose next-input includes ct+1, and
P (q′ | qt, ct) is used to select the most probable transition
when multiple nodes q′ are reachable from q under input ct+1:

qt+1 = argmax
q′∈δ(·|qt,ct)

[
Ict+1∈NIS(q′) + ϵ · P (q′ | qt, ct)

]
, (4)

D. Iterative Residual Learning and Refinement

To identify an effective feature space that maximizes per-
formance, we propose an iterative Expectation–Maximization
(EM) training paradigm (see Algorithm 2 and Fig. 3) to
jointly train the encoder ϕ(θ) and the residual network π(ψ).
Intuitively, because discrete clustering operations block gradi-
ent backpropagation, the encoder’s features and the resulting
state machine structure cannot be optimized end-to-end. Thus,
instead of a static one-shot pipeline, we use the EM-style
algorithm to process alternates between refining the structural
hypothesis (E-step) and optimizing the control policy (M-step),
driven by the following joint objective:

J (θ, ψ) = Eτ∼D

[∥∥at − ât∥∥2 + λreg Lcenter

]
. (5)

where Lcenter is a regularization term pulling features towards
cluster centers to maintain separability, formally defined as
Lcenter =

1
2∥ft − µct∥

2, where ft is the encoded feature and
µct is the centroid of its assigned cluster ct.

1) E-Step (Structure Extraction): Given the current en-
coder parameters θ(k), we freeze the feature space and perform
the structure discovery pipeline. This yields updated cluster
assignments Σ(k+1) and a refined PMM M(k+1). Crucially,
this step re-segments the task based on the feature space
learned from the previous control iteration.

2) M-Step (Policy Optimization): Fixing M(k+1), we op-
timize the residual policy πψ and fine-tune the encoder ϕθ via
behavior cloning. The gradient descent update is:

θ(k+1), ψ(k+1) ← Optimizer
(
∇θ,ψJ (θ(k), ψ(k))

)
(6)

This EM-style training procedure ensures that the encoder
learns a task-relevant manifold where “states” are both struc-
turally consistent (for PMM) and control-effective (for resid-
uals), avoiding trivial solutions such as collapsing to a single
node or overfitting to every time step.



Fig. 4. Experiments in Both Simulation and Real-World. (Left) Complex manipulation; (Middle) TAMP; (Right) Real-world scenarios.

IV. EXPERIMENTS

In this section, we present extensive experimental results to
address the following questions:

• Q1: Can ENAP achieve improved control efficacy with
extracted System 2?

• Q2: Can ENAP extract semantically meaningful struc-
tures from unlabeled demonstrations?

• Q3: Can ENAP exhibit the unique advantages of state
machines over other symbolic structures?

A. Experiment Setup

We evaluate across three domains, as demonstrated in Fig. 4;
detailed specifications are in the Appendix D. In the sequel,
we denote our method as ENAP (·), where · specifies the
policy from which the state machine is extracted. We use
ENAP∗ (DINO) to indicate we train DINO from scratch using
Algorithm 2. All tasks are evaluated with a success rate metric.

1) Complex Manipulation: PegInsert: focus on preci-
sion insertion; DualStackCube: stack blocks (green, red)
in variable orders; MultiGoalPushT: push a Tee to the
either of diverse goals. In the settings, we compare with
classic behavior cloning models [38, 59] and recent large-
scale / generative policies [8, 21, 6]. Moreover, to approx-
imate an ideal extracted state machine, we obtain an Oracle
policy, which reliably captures the task structure, using reward-
shaping training or motion planning. All models are trained
on identical demonstration sets on Maniskill [43] simulator.

2) Long-Horizon TAMP: CALVIN [40] is a widely used
benchmark for long-horizon task and motion planning, requir-
ing the robot to complete multi-stage manipulation sequences.
We evaluate on two tasks with up to five stages. Sequential
(Seq.): rotate block → push block → move slider → toggle
switch → light bulb, where skills follow a fixed linear order.
Hierarchical (Hier.): open drawer→ lift block→ place
in drawer → lift second block → stack, where later actions
depend on intermediate subgoals (e.g., robot must open the
drawer before placing the cube into it). In the settings, we
evaluate against multiple VLA baselines [39, 64, 51, 52], with
their best-reported checkpoints.

3) Real-World Manipulation: StackLego: Precise Lego
block assembly; MultiPickPlace: color-matched object
sorting; Hanger: hang the hanger on a rack. In the settings,
we benchmark against the fine-tuned π0.5 model [20].

B. Control Efficacy & Efficiency (Q1)

The quantitative results (Table II) demonstrate ENAP’s
ability to efficiently distill expert behavior. When using Or-

TABLE II
COMPARISON ON COMPLEX MANIPULATION TASKS.

Method Param DualStack Peg
(M) Cube (%) Insert (%)

- Oracle
Oracle 2.98 98.3±0.4 86.7±0.8

- Traditional Imitation Learning
Transformer [59] 63.81 38.7±6.0 51.8±5.5

GMM [38] 46.11 73.6±2.3 53.1±2.6

- Generative & VLA Policies
Diffusion Policy [8] 114.39 41.2±7.2 31.1±6.8

OpenVLA [21] 7652.10 69.8±2.0 42.3±2.8

π0 [6] 3288.52 73.4±1.2 51.6±1.4

- State-Machine-Based
ENAP (Oracle) 2.66 98.8±0.3 85.6±0.6

ENAP∗ (DINO) 22.94 76.0±2.0 63.2±2.4

Fig. 5. Data-scaling comparison on DualStackCube. ENAP remains
robust in low-data regimes, while other methods degrade significantly.

acle’s encoder (ENAP (Oracle)), our method fully achieves
comparable success rate while reducing the parameter count.
This confirms that the extracted PMM serves as a compact,
structured representation that captures the task’s essence with-
out the overhead of massive monolithic networks.

Crucially, even without access to a task-specific encoder, our
framework remains effective (Table II, Table III). By employ-
ing our proposed Algorithm 2 with the DINOv2 backbone,
we achieve competitive success rates. This highlights ENAP’s
potential as a general-purpose algorithm capable of extracting
effective policies without reliance on expert priors.

To rule out the possibility that our advantage stems merely
from model size suitability, we evaluate performance across
varying data fractions on DualStackCube. As shown in
Fig. 5, ENAP maintains high efficacy even in extremely low-
data regimes (25% data). This efficiency validates that the
extracted PMM captures the true underlying task topology,
acting as a strong inductive bias that generalizes beyond the
training distribution.

For sequential reasoning tasks (Table IV; in the table, 3/5
and 5/5 denote completing the first 3 or 5 subtasks, respec-
tively.), we evaluate ENAP by distilling structure directly from



Fig. 6. Mechanism of Logical Branching at Decision Points. We visualize how ENAP handles multi-modal StackLego tasks. At the critical decision
node (q2), the extracted PMM identifies a branching structure based on distinct future outcomes (q3 vs. q6). By conditioning on the current observation, the
residual policy guides the transition into the correct logical mode. Here Iit and pit denote the image observation and pose at timestep t of trajectory i. The
predicted action ât follows Eq. (3c). The feature vector ft is obtained by encoding the observation ot = [It; pt] via the encoder ϕθ , i.e., ft = ϕθ(ot). For
the state machine involving more Lego start poses, please refer to Section E-B.

TABLE III
REAL-WORLD EVALUATION.

Method Param Speed Stack Pick Hanger
(M) (ms) Lego Place Task

π0.5 [20] 3403 6841 58.82 76.47 64.71
ENAP∗ (DINO) 23 281 88.24 94.12 94.12

TABLE IV
COMPARISON ON LONG-HORIZON TAMP TASKS.

Method/Param (M) Seq. (%) Hier. (%)
3/5 5/5 3/5 5/5

HULC (47) [39] 3.0±0.3 3.0±0.2 87.0±0.6 2.0±0.2

LCD (68) [64] 11.0±0.5 9.0±0.4 57.2±0.7 5.0±0.3

MDT (440) [51] 78.4±0.9 53.7±1.1 93.8±0.8 21.9±0.6

FLOWER (947) [52] 91.0±0.6 90.6±0.5 90.8±0.7 15.9±0.4

ENAP (FLOWER) (571) 97.0±0.4 96.8±0.3 95.5±0.5 28.2±0.6

the latent space of a pre-trained VLA. We use FLOWER
[52], an efficient flow-based vision–language–action policy
that generates robot actions from multimodal observations and
language goals. It demonstrates that our unsupervised structure
discovery is applicable even to the token-level representations
(i.e., the transformer token embeddings encoding visual and
language observations), thus offering a general enhancement
to the interpretability and performance of existing black-box
policies.

C. Emergent Structure Analysis (Q2)

For qualitative analysis, we refine the feature space by re-
clustering with K-Means, using the cluster count inferred by
HDBSCAN, to eliminate noise artifacts.

To validate the interpretability of our learned representation,
we visualize the execution of a simplified real-world task:
stacking Lego blocks with blue brick at two starting locations
(Fig. 6). The extracted PMM autonomously discovers a deci-
sion point at node q2 (the “Grasp” phase), where multiple valid
task branches exist due to the various task configurations (e.g.,
grasping the brick from multiple starting location). During

Fig. 7. Comparison of Learned Policies from PegInsert. (Left) Radar
chart of six structural metrics. (Right) Visualized PMMs for DINO and GMM
variants. For the PMM from Oracle, see Fig. 1.

inference, the specific path selection is implicitly guided by the
residual network: given the visual input, the network predicts
a precise action that leads to a next-step observation consistent
with only one of the valid transition signatures.

To move beyond qualitative inspection, we conduct a rigor-
ous structural evaluation on the PegInsert task, comparing
policies derived from Oracle, DINO, and GMM encoders
(Fig. 7). We introduce six metrics:

1) Success Rate (SR↑);
2) Success Rate weighted by Node Count (SRN↑):

SR/|Q|, the efficiency of the state representation;
3) Action Prior Fidelity (APF): The MSE between the

PMM’s coarse prior abase and the ground truth (ex-
tremely low values may indicate overfitting to specific
trajectories);

4) Loop-Transition Ratio (LVR): The ratio of self-loops
to total edges;

5) Cluster Semantic Separability (CSS↑): The ratio of
intra-cluster to inter-cluster visual similarity. For each
cluster, we select the representative image closest to the
cluster center and compute its CLIP embedding; CSS is



TABLE V
MULTIGOALPUSHT PERFORMANCE COMPARISON.

Metric (%) DP [8] GMM [38] π0 [6] ENAP (Oracle)
Either 0.41±0.05 0.50±0.05 0.25±0.02 0.94±0.03

Nearest 0.38±0.07 0.38±0.03 0.13±0.04 0.84±0.02

then computed from the pairwise embedding similarities
between cluster representatives; higher values indicate
semantically distinct task phases;

6) Action Separation Distance (ASD↑): The average dis-
tance between mean actions of different edges. Higher
values confirm that the automaton effectively partitions
the control space into distinct primitives.

Among these metrics, SR, SRN, and ASD are performance-
oriented measures where higher values indicate better policies,
while APF, LVR, and CSS characterize structural properties
of the learned automaton and serve primarily for qualitative
structural analysis rather than direct optimization.

The radar chart reveals an insight: the best-performing
model does not simply maximize or minimize all structural
metrics. Firstly, ENAP (Oracle)’s LVR and CSS strike a
balance between phase stability and dynamic responsiveness,
indicating an optimal task structure is a resilient abstraction
that partitions the control space distinctly for the residual
policy to handle. The high prior uncertainty (APF) suggests
that the Oracle-derived PMM avoids overfitting to specific
trajectory noise, learning a generalized “coarse intent”.

D. State-Machine-Enabled Property (Q3)

1) Recovery via Structural Loops: A unique advantage of
the PMM controller is to perform autonomous failure recovery
through structural loops. In the StackLego task (Fig. 8),
where precise alignment is challenging without force feedback,
we observe that the agent frequently exploits the self-loop
on the “Align” node (Fig. 1). If the visual feedback does
not match the “Insert” signature, the controller repeatedly re-
attempts the adjustment. This behavior emerges naturally from
the learned topology, enhancing robustness against uncertain-
ties.

Fig. 8. Failure Recovery in StackLego.

2) Generalization via Policy Mixtures: We further investi-
gate ENAP’s capability to distill a generalist state machine
from mixtures of heterogeneous policies. The fundamental
advantage of policy mixture is skill transfer: by combin-
ing scarce demonstrations from similar tasks into a unified,
general dataset, the agent can leverage shared experiences
(e.g., universal pushing mechanics) to improve overall pro-
ficiency across all sub-tasks. To evaluate this, we employ the

Fig. 9. Ablation on Structure Discovery Parameters. Success rates across
varying similarity thresholds τsim and RNN loss configurations. Black dots
indicate measured data points, while the surface shows interpolated values.

MultiGoalPushT task, where the agent must push a T-
block to either a blue or green target. Instead of training
a monolithic policy, which is notoriously difficult on multi-
modal distributions due to divergent optimal trajectories av-
eraging out conflicting gradients, we generate our training
dataset by combining trajectories from two distinct specialist
policies (one for each target, sharing a frozen vision encoder).

As shown in Table V, ENAP outperforms all baselines in
both the “Either” Goal metric (reaching any target, reflecting
multi-modal competence) and the strict “Nearest” Goal metric
(pushing toward the target closest to the initial configuration,
requiring a higher spatial reasoning capability). This confirms
that ENAP avoids collapsing to a single dominant behavior,
successfully separating the conflicting data modes into distinct
topological paths while retaining the shared pushing skills.

E. Ablation Studies

We investigate two critical components governing structure
discovery: (1) the similarity threshold τsim, which determines
the granularity of the automaton; and (2) the training of the
RNN, which motivates state differentiation. As visualized in
Fig. 9, performance with an intermediate τsim and all RNN
training losses peaks, validating the efficacy of our design.
Additional ablations are provided in Section E-A.

V. CONCLUSION

Limitations. First, the quality of the emergent structure is
sensitive hyperparameters. Furthermore, scaling to cross-task
and cross-embodiment settings remains an open direction, for
instance, by extracting abstractions over the semantic token
spaces of generalist VLA models.

In this work, we presented ENAP, a framework for learning
emergent neural automaton policies from visuomotor trajec-
tories. By unifying active automata inference with residual
control, ENAP unsupervisedly discovers a bi-level structure
where a discrete Mealy machine governs high-level planning
and networks handle continuous execution. This representation
not only enables sample-efficient learning in long-horizon
tasks but also provides an explicit, interpretable map of the
agent’s latent decision logic, thus offering a viable path toward
generalizable and interpretable intelligence.
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