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Abstract

Recent advances in Vision-Language Models (VLMs) have
enabled video-instructed robotic programming, allowing
agents to interpret video demonstrations and generate exe-
cutable control code. We formulate video-instructed robotic
programming as a cross-domain adaptation problem, where
perceptual and physical differences between demonstra-
tion and deployment induce procedural mismatches. How-
ever, current VLMs lack the procedural understanding
needed to reformulate causal dependencies and achieve
task-compatible behavior under such domain shifts. We
introduce NESYCR, a neurosymbolic counterfactual rea-
soning framework that enables verifiable adaptation of task
procedures, providing a reliable synthesis of code policies.
NESYCR abstracts video demonstrations into symbolic tra-
jectories that capture the underlying task procedure. Given
deployment observations, it derives counterfactual states
that reveal cross-domain incompatibilities. By exploring
the symbolic state space with verifiable checks, NESYCR
proposes procedural revisions that restore compatibility
with the demonstrated procedure. NESYCR achieves a
31.14% improvement in task success over the strongest
baseline Statler, showing robust cross-domain adaptation
across both simulated and real-world manipulation tasks.

1. Introduction

Advances in foundation models have accelerated progress
toward general-purpose embodied intelligence, enabling
robots to interpret human instructions and execute complex
tasks as autonomous control policies [7, 15, 25, 51]. In par-
ticular, Large Language Models (LLMs) with code-writing
capabilities have inspired the Code-as-Policies paradigm, in
which executable control code is synthesized from language
instructions using predefined APIs [24, 26, 36, 54]. Further-
more, Vision-Language Models (VLMs) have extended this
paradigm toward a general form of video-instructed robotic
programming, where robotic programs are generated from
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instructional video demonstrations by translating observed
task sequences into structured task specifications that can
be compiled into control code [56, 58, 61, 65]. By captur-
ing richer perceptual context and task intent from demon-
strations, these methods enable more grounded robotic pro-
gramming than text instructions alone.

In video-instructed robotic programming, domain gaps
between the demonstration and deployment are inevitable
due to inherent differences in environmental layouts, object
properties, and morphological constraints [11, 16, 45, 46].
While sensory observations can reveal physical discrepan-
cies between the demonstration and the deployment envi-
ronment, these observations alone do not explain how struc-
tural differences disrupt the underlying task procedure or
how actions will causally unfold under altered conditions.
To address this limitation, we present NESYCR, a neu-
rosymbolic framework that formulates cross-domain adap-
tation from demonstrations as counterfactual reasoning. At
its core, NESYCR infers how task outcomes would change
under altered domain factors and proposes alternative ac-
tions that revise the demonstrated behavior to restore task-
oriented behavioral compatibility. Given a demonstration,
NESYCR constructs a symbolic world model that encodes
the task procedure as a symbolic abstraction of the trajec-
tory. Leveraging this model, NESYCR performs neurosym-
bolic counterfactual adaptation to revise the procedure for
the deployment domain, enabling verifiable adaptation of
the demonstrated procedure across domains.

As shown in Figure 1, the demonstration domain in-
volves a human performing a drawer-organizing task with
objects such as a magnetic hook and a box of screws placed
on the table. In the deployment domain, however, the hu-
man hand is replaced by a robotic gripper, the magnetic
hook is already arranged inside the drawer, and the screws
are scattered across the surface. These differences create a
procedural incompatibility: direct grasping becomes infea-
sible, requiring the magnetic hook to be repurposed as an
auxiliary tool for gathering the screws. Furthermore, this
modification introduces a cascading incompatibility: ob-
jects to be organized later in the procedure can obstruct the
magnet, rendering it inaccessible. Resolving these coupled
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Figure 1. Overview of NESYCR in a drawer-organizing task scenario. (Left) Illustration of the domain gap between the demonstration
and deployment. (Middle) Overview of NESYCR framework, which generates an adapted procedure via neurosymbolic counterfactual
reasoning. (Right) Outcome of the adapted procedure, showing that NESYCR successfully executes the task via a grounded code policy.

incompatibilities requires reordering the procedure so that
the magnet is retrieved and used to aggregate the screws be-
fore the target objects are placed. However, a direct demo-
to-code approach using VLM-based prompting would still
attempt to grasp the scattered screws with the gripper, which
fails due to their small size and dispersion. In contrast,
NESYCR identifies these incompatibilities through VLM-
based symbolic translation and symbolic forward simula-
tion. By combining the VLM’s commonsense reasoning
with symbolic verification, it produces an adapted and co-
herent procedure that completes the task. Further details are
illustrated in Figure 5.

To construct the symbolic world model, the VLM ab-
stracts the demonstration into a symbolic trajectory that
captures objects and their spatial and temporal relations,
while the symbolic tool verifies these representations for
logical consistency. In a deployment domain, NESYCR
identifies structural variations through this symbolic world
model, detecting where the demonstrated procedure fails
to reach the goal state under counterfactual states derived
from target-domain observations. The VLM then proposes
alternative action operators for the incompatible steps, and
the symbolic tool verifies their causal validity, yielding re-
vised procedural steps that restore compatibility. This rea-
soning process produces an adapted task specification that
remains logically valid while preserving the task intent of
the demonstration. The adapted specification is then com-
piled into a reliable, deployment-grounded code policy.

We evaluate NESYCR on a diverse set of video-
instructed robotic programming scenarios, deploying
robotic agents in both simulated and real-world environ-
ments. The cross-domain setting between demonstration

and deployment is characterized by domain factors that cap-
ture variations in environmental and embodiment configura-
tions. The scenarios consist of long-horizon manipulations
involving multiple subtask types and requiring up to 116
visual-motor API calls, yielding compositional and proce-
durally complex tasks. NESYCR outperforms the strongest
baseline, Statler [66], achieving an average improvement of
31.14% in task success rate, as reported in Tables 1 and 2.

Our contributions are summarized as follows: (1) We
present the NESYCR framework that casts cross-domain
adaptation from demonstrations as counterfactual reason-
ing for video-instructed robotic programming. (2) We im-
plement a VLM–symbolic tool pipeline that proposes and
verifies alternative action steps, ensuring procedural com-
patibility across domains. (3) We evaluate NESYCR across
simulated and real-world robotic manipulation tasks using
an experimental design that provides high granularity over
domain factors and task complexity, enabling precise anal-
ysis of its cross-domain procedural adaptation.

2. Problem formulation

We formulate the embodied domain as a tuple M =
(S,A,T ,g), where S denotes the state space, A the action
space, T :S×A→S the transition function, and g ∈G the
goal state. Under partial observability [52], the agent re-
ceives observations ot∈O at each timestep t via an observa-
tion function Ω:S×A→O, which maps the underlying state
to perceptual observations (e.g., RGB images). In cross-
domain settings, a demonstration D=({ot}Nt=1, ℓ) specifies
a domain MS = (SS,AS,TS,g) performed under specific
environmental and embodiment configurations, optionally
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with a language description ℓ. The agent must achieve the
same goal in a deployment domainMT = (ST,AT,TT,g),
where SS ̸=ST, AS ̸=AT, or TS ̸= TT. Our objective is to
optimize a policy πθ from a single demonstration to maxi-
mize task success in the deployment domain:

π∗
θ = argmax

πθ

Eτ∼p(·|πθ,MT)

[
SR(τ, g)− λD(τ,D)

]
(1)

where τ = {o1, a1, . . . , oN , aN} denotes a trajectory sam-
pled from p(τ |πθ,MT), induced by executing πθ inMT.
Here, SR(τ, g) measures task success, D(τ,D) measures
the deviation between τ and D, and λ is a weighting factor.
Thus, the policy π∗

θ aims to maximize task success in the
deployment domain while maintaining alignment with the
demonstration. Each timestep t corresponds to a semanti-
cally coherent interval, where the observation ot reflects the
causal effect of action at [22, 27]. We represent πθ as exe-
cutable control code such that τ corresponds to its execution
trace during deployment [36, 58].

3. Neurosymbolic Counterfactual Reasoning
We formulate video-instructed robotic programming as a
cross-domain adaptation problem, in which the agent must
transform an instructional video demonstration recorded
into a logically verified and deployable task specification
for execution in deployment domains with diverse environ-
mental or embodiment conditions. Such domain gaps alter
how the agent interacts with its environment, thereby in-
ducing procedural discrepancies between the demonstrated
and deployable behaviors. Rather than directly imitating
the demonstrated behavior, the agent must reason about
whether and how the demonstrated procedure should be re-
vised under structural variations, thereby adjusting its ac-
tions to preserve task-level consistency.

We address this challenge through neurosymbolic coun-
terfactual reasoning (NESYCR), which bridges the domain
gaps between demonstrations and target observations by en-
abling procedure adaptation. NESYCR translates a demon-
stration into a symbolic representation of preconditions, ac-
tions, and effects, thereby constructing a symbolic world
model. Given a target observation, the framework identi-
fies its corresponding counterfactual situation by verifying
which preconditions in the procedure are satisfied or vio-
lated. Based on this, NESYCR adapts the demonstrated
procedure by adding or removing actions so that the result-
ing procedure aligns the counterfactual state with the de-
sired preconditions and effects. Specifically, NESYCR in-
tegrates VLM-based procedural alternative generation with
symbolic verification and operates in two phases: (i) sym-
bolic world model construction and (ii) neurosymbolic
counterfactual adaptation. In phase (i), the demonstration
is abstracted into a compact symbolic state sequence, from
which a symbolic world model is constructed. In phase (ii),
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Figure 2. Symbolic world model construction

the framework contrasts this symbolic world model with
target-domain observations to derive counterfactual states.
The symbolic tool identifies where the demonstrated pro-
cedure fails, the VLM proposes alternatives to repair these
steps, and the symbolic tool verifies their causal validity.
Through this neurosymbolic loop, NESYCR produces a
causally coherent, deployment-grounded task specification
that is compiled into an executable code policy.

3.1. Symbolic world model construction
NESYCR translates the demonstration into a symbolic
world model that encodes the causal structure of the demon-
strated behavior, ensuring its reproducibility within a sym-
bolic state space. As shown in Figure 2, rather than treat-
ing the demonstration as a raw sequence of observations,
the VLM abstracts it into symbolic transitions. Consecu-
tive observations are parsed into scene graphs representing
symbolic states, from which the VLM predicts a symbolic
operator that specifies the preconditions and effects of the
executed action. The symbolic tool then verifies the consis-
tency of these transitions and integrates them into a unified
world model that is logically coherent and reconstructable
with respect to the demonstrated behavior. This symbolic
world model W serves as a plan verification model and
is expressed in a STRIPS-style formalism [17], supporting
forward execution and logical validation.

W = (Q,P,A,Φ), Φ : (s, a) 7→ s′ (2)

Here, Q denotes the set of objects identified in the scene,
P the set of predicates representing object affordances and

18850



spatial relations, and A the set of symbolic actions, each
defined by preconditions and effects over P . Φ denotes the
symbolic tool (e.g., VAL [18, 23]) responsible for forward
simulation and consistency verification. Given a current
symbolic state s ∈ 2P and an action a ∈ A whose pre-
conditions are satisfied in s, Φ applies the effects of a to
produce the next symbolic state s′.

Symbolic state translation. To obtain a symbolic state
sequence from the demonstration, NESYCR prompts the
VLM Ψ to generate grounded scene graphs for key
frames [34, 60]. At each timestep t, Ψ extracts object enti-
ties and spatial relations from the image observation ot and
language description ℓ, forming a symbolic state st:

Ψ({o1, . . . , oN}; ℓ) = {s1, . . . , sN},

Q =

N⋃
t=1

Object(st), P =

N⋃
t=1

Predicate(st)
(3)

where Object(st) and Predicate(st) denote the objects and
predicates grounded in st, respectively. The resulting se-
quence {s1,. . . ,sN} represents a dynamic scene graph as
a sequence of symbolic states derived from the demonstra-
tion, grounded in the object set Q and predicate set P .

Symbolic dynamics reconstruction. Given the symbolic
state sequence {s1,. . . ,sN}, NESYCR abduces a set of
symbolic action operators A that capture the causal tran-
sitions between consecutive states. For each state pair
(st, st+1), the VLM Ψ predicts an action operator at =
Ψ(st, st+1) whose effects correspond to the state difference
st+1\st, and whose preconditions hold in st. Each at is rep-
resented as a tuple (name, pre, eff) and appended to A. To
verify thatA is consistent with the symbolic state sequence,
the symbolic tool Φ performs forward simulation by apply-
ing each at to st and ensuring that the resulting symbolic
state satisfies st+1 at every step.(
∀t ∈ [1, N−1], Φ(st, at) |= st+1

)
⇒ Verified(W) (4)

If this condition holds over the entire trajectory, W is con-
structed and verified, and the predicted action sequence is
adopted as demonstrated procedure π = {a1,. . . ,aN−1}.

3.2. Neurosymbolic counterfactual adaptation
Based on the symbolic world model, NESYCR performs
counterfactual adaptation in a neurosymbolic manner, iden-
tifying causal inconsistencies induced by target-domain
constraints and revising the demonstrated procedure to re-
store causal consistency. As shown in Figure 3, given an ob-
servation from the deployment domain, the VLM generates
a target symbolic state that serves as a counterfactual con-
figuration by intervening on variables reflecting the target-
domain conditions. Using this counterfactual state, the sym-
bolic tool performs forward simulation along the demon-
strated procedure to identify actions whose preconditions
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Figure 3. Neurosymbolic counterfactual adaptation

are inconsistent with the counterfactual setting, thereby re-
vealing cross-domain inconsistencies that hinder execution.
To resolve these conflicts, the VLM abduces alternative pro-
cedure steps through the insertion or removal of actions,
while the symbolic tool iteratively verifies their logical con-
sistency. By iterating this exploration, the adapted proce-
dure is refined into a deployment-grounded task specifica-
tion, from which an executable code policy is synthesized.

Counterfactuals identification. As the first step of neu-
rosymbolic counterfactual adaptation, NESYCR identi-
fies causal inconsistencies in the demonstrated procedure
through forward simulation under counterfactual condi-
tions. The VLM Ψ generates a counterfactual state ŝ1 that
reflects the target observation, while the symbolic tool Φ
simulates each action at in the demonstrated procedure to
estimate its outcome in the deployment domain.

ŝt+1 = Φ(ŝt, at), t = 1, . . . , N−1 (5)

An action is regarded as inconsistent when its preconditions
are not satisfied in the current counterfactual state or when
its effects fail to reproduce the expected predicates in the
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corresponding next state st+1.

Inconsistent(at)⇔
(
pre(at)⊈ ŝt

)
∨
(
eff(at)⊈st+1

)
(6)

Such inconsistencies in the procedure must be resolved to
restore entire causal consistency in the deployment domain.

Counterfactual exploration. To resolve these incon-
sistencies, NESYCR performs counterfactual exploration
within the symbolic state space, grounding the task proce-
dure through additive and subtractive modifications. For
each inconsistent action identified, the VLM Ψ proposes
alternative actions whose effects restore the violated pre-
conditions of the subsequent valid action at+1. If no such
alternative is applicable or the action becomes redundant to
the task objective, it is removed from the procedure. Let the
action revised through counterfactual exploration be

ãt =

{
Ψ(ŝt, at; st+1), if Inconsistent(at),
at, otherwise.

(7)

The adapted procedure π̃, derived from Eq. (7), restores pro-
cedural compatibility in deployment domain by satisfying

∀t ∈ [1, N−1], Φ(ŝt, ãt) = ŝt+1, until ŝt+1 |= sN .
(8)

Once π̃ reaches the goal condition specified by sN , Ψ trans-
lates π̃ into a code policy πθ = Ψ(π̃), ensuring that it re-
mains grounded in the deployment domain. Algorithm 1
summarizes the overall process of NESYCR.

4. Evaluation
We evaluate NESYCR through experiments designed to ad-
dress the following questions: (Q1) How does NESYCR
perform compared to existing baselines in cross-domain
demo-to-code settings? (Q2) How robust is NESYCR to
increasing domain gaps between the demonstration and de-
ployment? (Q3) How does NESYCR respond as the com-
plexity gap between the demonstration and deployment
tasks grows? (Q4) What is the contribution of each com-
ponent of NESYCR?

4.1. Experiment setting
Cross-domain settings. Our cross-domain settings are
defined by domain factors that introduce perceptual and
physical variations between the demonstration and deploy-
ment domains. We consider five such factors that induce
procedural differences in task execution: (1) Obstruction
introduces interfering objects that require additional resolv-
ing steps. (2) Object affordance alters object states and
inter-object relations, yielding new affordances and rela-
tional dependencies. (3) Kinematic configuration changes
the robot’s joint structure, affecting its reachable workspace

Algorithm 1 NESYCR Framework
Demonstration D = ({ot}Nt=1, ℓ), Target Observation ô
VLM Ψ, Symbolic Tool Φ, Symbolic Action Set A = {}

1: /* Symbolic world model construction */
2: Get Q,P and {st}Nt=1 via Eq. (3)
3: for t = 1, . . . , N−1 do
4: Get grounded action at = Ψ(st, st+1)
5: Verify at using Φ; otherwise repredict at cf. Eq. (4)
6: A ← A∪ {at}
7: end for
8: Get verified symbolic world modelW = (Q,P,A,Φ)
9: /* Neurosymbolic counterfactual adaptation */

10: Initialize adapted procedure π̃ = [ ], t← 0
11: repeat
12: t← t+1; Get counterfactual state ŝt = Ψ(st; ô)
13: Do forward simulation using Eq. (5)
14: if Inconsistent(at) then
15: Get interpolated action ãt = Ψ(ŝt, at; st+1)
16: else
17: ãt = at
18: end if cf. Eq. (6) & Eq. (7)
19: Verify ãt using Φ and get ŝt+1 via Eq. (8)
20: Append ãt to π̃
21: until ŝt+1 |= sN
22: Synthesize code policy πθ = Ψ(π̃)

and motion constraints. (4) Gripper type modifies the end-
effector design, altering feasible grasp actions and contact
affordances. (5) Combination jointly applies multiple do-
main factors, ranging from environmental factors (i.e., (1)-
(2)) to embodiment factors (i.e., (3)-(4)), to create diverse
and complex cross-domain scenarios. For demonstrations,
we use data collected directly from both simulated and
real environments, including robot executions and human-
performed instructional videos. For deployment, simulated
experiments are conducted in Genesis [70], a physics-based
general-purpose robotics platform, while real-world evalu-
ations are performed on a 7-DoF Franka Emika Research 3.

Benchmark tasks. The deployment setting comprises
long-horizon manipulation scenarios (up to 116 API calls
per scenario) focused on table organization and object rear-
rangement [31, 59]. Each scenario is composed of primitive
subtasks (e.g., pick&place, sweep, rotate, slide), forming
procedurally compositional manipulation sequences. This
compositional structure allows systematic control over task
complexity. For evaluation, scenarios are categorized into
3 complexity levels—Low, Medium, and High—according
to the number, diversity, and dependency depth of sub-
tasks. Higher levels correspond to longer action horizons
and stronger inter-subtask dependencies. A total of 440 sce-
narios are categorized into three complexity levels: 160 for
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Method
Low-Complexity Medium-Complexity High-Complexity

SR GC PD SR GC PD SR GC PD

Cross-domain factor: Obstruction and Object affordance

Demo2Code 26.67±5.76 55.00±4.24 5.00±3.42 25.00±5.64 51.11±4.37 10.67±5.11 22.50±6.69 61.25±4.38 6.94±2.20
GPT4V-Robotics 71.67±5.87 82.50±3.91 29.15±5.34 41.67±6.42 68.89±4.11 43.18±5.09 20.00±6.41 57.50±4.49 35.94±10.68
Critic-V 45.00±6.48 65.83±4.52 10.37±4.58 35.00±6.21 64.44±4.18 24.97±4.95 15.00±5.72 58.75±3.96 45.83±9.50
MoReVQA 53.33±6.49 71.67±4.35 32.29±5.17 43.33±6.45 75.00±3.23 25.17±6.07 27.50±7.15 73.75±3.22 40.91±8.10
Statler 61.67±6.33 75.83±4.37 38.92±4.86 41.67±6.42 71.67±3.62 49.07±5.95 5.00±3.49 60.62±3.09 84.38±15.62
LLM-DM 51.67±6.51 67.50±4.87 66.02±4.19 20.00±5.21 47.78±4.37 77.13±3.21 12.50±5.30 53.12±4.49 91.25±5.45
NESYCR 86.67±4.43 92.50±2.61 1.92±1.35 75.00±5.64 90.56±2.25 10.57±2.22 60.00±7.84 83.12±3.94 12.50±2.91

Cross-domain factor: Kinematic configuration and Gripper type

Demo2Code 33.33±6.14 36.67±6.04 0.00±0.00 25.00±5.64 28.33±5.70 0.00±0.00 20.00±6.41 20.00±6.41 7.81±2.29
GPT4V-Robotics 60.00±6.38 68.33±5.44 17.22±4.91 56.67±6.45 81.67±3.01 38.86±4.38 30.00±7.34 76.88±3.40 41.15±9.50
Critic-V 36.67±6.27 54.17±5.22 0.00±0.00 25.00±5.64 59.44±3.81 8.00±5.45 22.50±6.69 66.25±3.96 8.33±2.08
MoReVQA 48.33±6.51 63.33±5.16 13.10±5.70 31.67±6.06 70.56±3.08 46.43±6.43 25.00±6.93 69.38±3.52 20.00±7.95
Statler 68.33±6.06 74.17±5.25 29.43±5.14 50.00±6.51 70.56±4.35 53.35±4.31 42.50±7.92 74.38±4.24 50.00±5.60
LLM-DM 53.33±6.49 69.17±4.77 58.33±5.32 35.00±6.21 62.22±4.15 81.69±3.70 27.50±7.15 67.50±4.12 76.14±9.79
NESYCR 93.33±3.25 96.67±1.62 0.00±0.00 78.33±5.36 85.00±4.15 5.11±2.47 52.50±8.00 78.12±4.22 10.12±3.18

Cross-domain factor: Combination (Obstruction, Object affordance, Kinematic configuration, and Gripper type)

Demo2Code 30.00±7.34 46.25±6.55 0.00±0.00 20.00±6.41 48.33±5.96 5.56±3.64 7.50±4.22 28.75±5.77 12.50±6.25
GPT4V-Robotics 55.00±7.97 70.00±5.88 15.76±5.80 35.00±7.64 69.17±4.53 32.38±7.25 15.00±5.72 63.12±3.80 36.46±13.35
Critic-V 40.00±7.84 60.00±5.99 5.00±3.42 37.50±7.75 69.17±4.68 5.93±3.41 27.50±7.15 66.25±4.44 16.48±4.15
MoReVQA 55.00±7.97 72.50±5.36 14.85±4.88 45.00±7.97 68.33±5.46 48.49±8.61 25.00±6.93 62.50±4.56 25.62±6.81
Statler 67.50±7.50 81.25±4.63 30.12±5.19 52.50±8.00 82.50±3.15 64.42±4.22 32.50±7.50 73.12±4.04 61.06±5.26
LLM-DM 32.50±7.50 56.25±5.71 82.05±3.80 22.50±6.69 60.00±4.65 80.56±2.65 10.00±4.80 46.88±4.92 81.25±3.61
NESYCR 80.00±6.41 88.75±3.79 2.81±1.97 65.00±7.64 83.33±4.30 6.60±2.53 47.50±8.00 75.00±4.48 17.11±3.16

Table 1. Performance on cross-domain demo-to-code tasks using simulation-based demonstration and deployment

Low, 160 for Medium, and 120 for High.

Baselines. We implement six state-of-the-art baselines for
video-instructed robotic programming, grouped into three:
(1) VLM-based code policy synthesis, which generates task
specifications from demonstrations and synthesizes code
policies from the generated specifications, represented by
Demo2Code [58], (2) VLM-based reasoning, which pro-
duces target-domain task specifications through the reason-
ing capabilities of VLMs, including GPT4V-Robotics [55],
Critic-V [69], and MoReVQA [41], and (3) World-model-
based approaches, which construct LLM-based or neu-
rosymbolic world models that support the generation of
target task specifications, including Statler [66] and LLM-
DM [21]. The baselines in (2) and (3) are not designed
for code policy synthesis; in our evaluation, we apply
their adaptation mechanisms in task specification genera-
tion, from which code policies are synthesized.

Evaluation metrics. To evaluate the objectives in Eq. (1),
we use several metrics. Success Rate (SR) is the per-
centage of tasks completed in full, with a task counted
as successful only when all subtasks are achieved. Goal
Condition (GC) measures the proportion of success con-
ditions achieved, reflecting the degree of subtask comple-
tion [49]. Procedure Deviation (PD) quantifies the align-
ment between the adapted and demonstrated procedures
using a success-weighted, length-normalized edit distance

over their subtask-achievement sequences [19, 28].

4.2. Main result

To address (Q1), we evaluate NESYCR in a simulated
cross-domain environment where domain gaps are system-
atically induced through controlled variations of our do-
main factors. This setting allows fine-grained and repro-
ducible analysis of code policy performance under differ-
ent environmental and embodiment changes. As shown
in Table 1, we compare NESYCR with six state-of-the-
art baselines across environmental, embodiment, and com-
bined cross-domain scenarios. NESYCR consistently out-
performs all baselines in both SR and GC across every do-
main factor. On average, it achieves a 27.73% higher SR
and 15.16% higher GC than GPT4V-Robotics, the strongest
VLM-based reasoning baseline. Similarly, NESYCR im-
proves SR by 24.77% and GC by 13.20% over Statler,
the strongest world-model-based baseline. These results
demonstrate that NESYCR provides substantially more ro-
bust cross-domain adaptation than existing methods.

The baselines in the VLM-based reasoning category, in-
cluding GPT4V-Robotics, Critic-V, and MoReVQA, strug-
gle to maintain consistent task specifications under do-
main shifts. In particular, erroneous feedback generation in
Critic-V and error propagation across multi-stage reasoning
in MoReVQA lead to substantial performance degradation,
causing 40.91% and 32.95% drops in SR, respectively. Al-
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though Statler leverages symbolic state representations and
supports VLM-guided simulative planning, its lack of sym-
bolic tool integration and dependence on replanning from
scratch result in substantial performance degradation, espe-
cially in high-complexity scenarios. LLM-DM, while em-
ploying symbolic tools, depends on constructing complete
domain knowledge from a single demonstration, which fre-
quently produces invalid or illogical plans, resulting in a
41.82% drop in SR. Demo2Code, which lacks a dedicated
adaptation mechanism, exhibits a 49.09% drop in SR com-
pared to NESYCR. In terms of PD, however, NESYCR
achieves a comparable score, with only a 1.73 average in-
crease across domain factors. This is because Demo2Code
tends to imitate the demonstration without accounting for
the deployment domain, yielding procedurally similar but
frequently unreliable code policies.

Method
Medium-Complexity

SR GC PD

Cross-domain factor: Combination

Demo2Code 0.00±0.00 25.00±3.57 −
GPT4V-Robotics 50.00±18.90 75.00±9.64 0.00±0.00
Statler 50.00±18.90 67.86±15.45 42.86±24.74
NESYCR 87.50±12.50 98.21±1.79 24.49±11.54

Table 2. Performance on cross-domain demo-to-code tasks using
real-world demonstrations and deployment

Furthermore, we evaluate NESYCR in real-world de-
ployment using a physical robot, with results presented in
Table 2. Using demonstrations captured from human video
recordings, we evaluate performance on the same task exe-
cuted under an obstructive domain gap using a Franka Re-
search 3 arm. In the demonstration, a human organizes
objects into two parallel drawers. In the deployment do-
main, these drawers sit at a perpendicular angle, creating a
mutual-interference constraint: one drawer cannot open un-
less the other is closed. Because the objects are arranged in
stacks requiring ordered handling, the agent must alternate
drawer operations, correctly inferring and maintaining the
interference constraint throughout the procedure. NESYCR
effectively adapts to domain changes, achieving an 87.50%
higher SR than Demo2Code and a 37.50% higher SR than
both Statler and GPT4V-Robotics. GPT4V-Robotics often
overlooks the constraints imposed by the perpendicular ori-
entation and the stacked-object setting, which require alter-
nating drawer operations; instead, it attempts to open both
drawers at once. Statler maintains a world state but, lacking
any explicit mechanism for enforcing this constraint, inter-
mittently attempts to open both drawers at once throughout
the procedure. In contrast, NESYCR explicitly encodes the
interference as a symbolic precondition and uses symbolic
tools to verify its satisfaction throughout the entire proce-
dure. This enables an algorithmic process for detecting and

resolving incompatible procedural steps regardless of hori-
zon length, supporting reliable real-world control.

4.3. Analysis and ablation

(a) Comparison of SR, PD across different levels of domain gap

(b) Comparison of SR, PD across different levels of task complexity gap

Figure 4. Analysis on (a) domain gap and (b) task complexity gap

Analysis on domain gap. To address (Q2), we exam-
ine the robustness of NESYCR as the domain gap between
demonstration and deployment increases in Figure 4a. We
amplify variations in environmental factors while keep-
ing task complexity fixed, creating increasingly challenging
cross-domain evaluation settings. As the gap widens, the
number of obstructing objects grows, requiring additional
alternative actions to maintain procedural compatibility. For
all gap levels, NESYCR explores and revises procedural
steps more accurately than the baselines, achieving higher
SR and lower PD. However, VLM-based baselines strug-
gle to infer verified alternative action operators required to
restore procedural compatibility, leading to a sharp perfor-
mance drop from the Moderate to the High gap level.

Analysis on task complexity gap. To address (Q3), we
evaluate the performance of NESYCR under increasing task
complexity gaps between the demonstration and deploy-
ment domains, as shown in Figure 4b. Task complexity
is controlled by increasing the number of subtasks and the
depth of their dependencies while fixing a domain factor
such as Obstruction. When the complexity gap is mod-
erate (e.g., up to 3 additional subtasks), NESYCR effec-
tively adapts the procedure. Yet, as the gap widens, the
deployment-domain task scenario diverges from the demon-
strated one, causing a pronounced performance drop as the
demonstration no longer provides sufficient guidance and a
fundamentally new demonstration becomes necessary.
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Method
Medium-Complexity

SR GC PD

Cross-domain factor: Combination

NESYCR 68.42±7.64 84.21±4.49 6.60±2.53
NESYCR w/o Eq. (8) 50.00±8.22 78.07±4.03 14.65±3.20
NESYCR w/o Eq. (6) 47.37±8.21 77.19±4.00 8.55±2.61
NESYCR w/o Eq. (6) & Eq. (8) 39.47±8.04 74.56±4.25 9.63±3.90
NESYCR w/o Eq. (4) 34.21±7.80 67.54±4.79 6.84±3.89

Table 3. Ablation study of NESYCR

Ablation study. To address (Q4), we conduct an ablation
study to assess the contribution of each component within
NESYCR. As shown in Table 3, removing either the neu-
rosymbolic counterfactual adaptation or the symbolic world
model leads to a significant drop in SR and an increase in
PD, underscoring the importance of these components for
effective cross-domain demo-to-code performance. Specif-
ically, removing the verification of alternative actions (w/o
Eq. (8)) results in an 18.42% drop in SR, as the lack of veri-
fication allows the VLM to generate semantically plausible
but logically inconsistent actions. Removing the counter-
factual identification (Eq. (6)) prevents the framework from
obtaining feedback from the symbolic tool on which pro-
cedural steps require revision, leading to a 21.05% drop in
SR. When both components are removed (w/o Eq. (8) &
Eq. (6)), SR decreases by 28.95%. Removing the symbolic
world model (w/o Eq. (4)) causes the most severe degrada-
tion, as the framework can no longer perform symbolic tool-
based verification, resulting in the lowest SR of 34.21%.

Figure 5. Visualization of a cross-domain demo-to-code task

Visualization of adaptation. To elaborate on the example
in Figure 1, we visualize the demonstration and the adapted
procedure in the real-world deployment scenario. As shown
in Figure 5, the demonstration domain features a human
performing a drawer-organizing task with a magnetic hook
and a box of screws on the table. In the deployment do-
main, however, the human hand is replaced by a robotic
gripper, the magnetic hook is already inside the drawer, and
the screws are scattered across the surface. First, NESYCR

detects that the magnetic hook already occupies the target
position in the deployment domain and removes the redun-
dant steps related to placing it. The VLM then repurposes
the hook as an intermediate tool for aggregating the scat-
tered screws, introducing actions for retrieving the hook
and placing it over them. These alternative steps, however,
can be obstructed by objects that must also be placed in the
drawer. NESYCR resolves this potential failure by reorder-
ing the steps, performing the retrieval and aggregation steps
before the organizing steps and producing a final procedure
that restores compatibility with the deployment domain.

5. Related work

Foundation models provide commonsense knowledge and
reasoning capabilities that enable generalized embodied
control, leveraging pretrained language and vision knowl-
edge to generate executable control code from instruc-
tions or demonstrations [36, 54, 58, 61]. Learning from
demonstrations is common for embodied agents, but poli-
cies trained via behavioral cloning or inverse reinforcement
learning struggle to generalize under perceptual and physi-
cal changes [5, 30, 40, 47]. Prior work has explored feature
alignment, state-transition matching, and video-based im-
itation [10, 44, 67, 68]. Neurosymbolic approaches com-
bine neural adaptability with symbolic reasoning to im-
prove correctness and interpretability in embodied plan-
ning, with recent methods using LLMs or VLMs to de-
rive symbolic representations that are verified by symbolic
solvers [13, 37, 50, 53], whereas our work integrates such
neurosymbolic reasoning with counterfactual inference to
revise demonstrated procedures for cross-domain adapta-
tion. Further discussion of related work is in Appendix A.

6. Conclusion

In this work, we presented NESYCR, a neurosymbolic
framework for cross-domain code synthesis in video-
instructed robotic programming grounded in counterfactual
reasoning. By constructing a verifiable symbolic world
model and performing neurosymbolic counterfactual adap-
tation, NESYCR converts video demonstrations into exe-
cutable code policies that remain valid under perceptual
and physical variations. Extensive experiments in simu-
lation and real-world settings show that NESYCR consis-
tently outperforms existing baselines, maintaining higher
task success and procedural consistency even as domain
gaps and task complexity increase. As shown in Figure 4,
when the task complexity gap between the demonstration
and deployment domains becomes large, the target task can
no longer be solved via demonstration-based counterfactual
reasoning alone. Future work will extend this boundary
through causal re-grounding, enabling NESYCR to infer
new causal relations and remain robust in novel contexts.
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