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Abstract

Recent work has demonstrated how formal specifications
can guide reinforcement learning (RL) agents to successfully
solve long-horizon tasks. However, existing approaches re-
quire high-quality human-designed specifications. Our main
insight is that vision-language foundation models (VLMs) can
help guide specification design. We propose an algorithm that
starts from an initial user-provided specification and leverages
a VLM to iteratively refine it to improve the performance of
the RL agent. A key challenge is that the VLM has limited
understanding of how refinements affect the RL agent’s suc-
cess. Thus, we incorporate symbolic refinements that “tune”
the VLM-proposed refinements to significantly improve their
efficacy. In experiments on navigation tasks, we demonstrate
that our framework produces substantially better specifica-
tions compared to both the initial human specification and a
one-shot VLM refinement. In particular, our method scales
well to long-horizon tasks, significantly outperforming the
VLM and symbolic baselines.

1 Introduction

A key challenge in reinforcement learning is the specification
problem—i.e., how the user describes the task to the agent. A
promising approach is to specify tasks using rask graphs, of-
ten expressible in a temporal logic (Jothimurugan, Alur, and
Bastani 2019). This approach encodes high-level user intent
transparently and interpretably (compared to reward func-
tions), is unambiguous (compared to natural language), and
can be formally analyzed for correctness guarantees (Rozier
2011). Further, task graphs decompose naturally into sub-
problems which can be solved modularly. This aligns with
conventional notions of good software design, and has so
far been helpful when using deep learning methods to solve
long-horizon tasks (Jothimurugan et al. 2021).
Additionally, prior work has proposed leveraging the struc-
ture of the specification to improve learning (Jothimurugan
et al. 2021). Their algorithm trains separate policies to solve
each sub-goal, and then composes these policies together to
solve the overall task. To ensure efficiency, they use Dijk-
stra’s algorithm to guide high-level decisions about which
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sub-goals to solve next, and then use off-the-shelf reinforce-
ment learning algorithms to solve each one.

Notably, in this paradigm the task graph embodies two
disparate roles: it is a specification of the requirements for
achieving the task, while also being an implementation of the
structure of a compositional policy which aims to solve the
task. These two functionalities are not necessarily aligned;
for instance, a particular valid specification might not suffi-
ciently decompose the task into primitive subtasks that can
be solved efficiently by reinforcement learning. On the other
hand, a more restrictive specification might generate a high-
quality compositional RL controller, but an overly restrictive
specification may also be difficult to satisfy, and might not
adequately express the user’s intent. Therefore, when speci-
fying a task graph, a designer benefits from considering not
only the true task specification but also the lower-level de-
tails of the environment. This gives users more control over
the learning algorithm, enabling them to improve its perfor-
mance by modifying the specification. However, due to the
indirect nature of the task graph’s influence on the learning
algorithm, non-experts may not be aware of how to realize
these gains.

One solution is to automatically refine an initial user spec-
ification to make it more amenable to learning (Ambadkar,
Zikeli¢, and Verma 2025); for instance, decompose long-term
goals by adding intermediate subgoals, or improve the preci-
sion of a goal to help the agent avoid low-quality states. With
automatic refinement, the user gets the benefits of a refined
specification without the expert knowledge required to create
one themselves. However, existing specification refinement
algorithms rely purely on classical algorithms, which have
limited ability to reason about complex environment dynam-
ics, so may produce refinements that are not achievable by
the agent or not useful for completing the task.

Alternatively, foundation models have recently demon-
strate advanced abilities at code comprehension, code writ-
ing, and complex reasoning. Large language models (LLMs)
and vision-language models (VLMs) have been used to gen-
erate waypoints, formal task specifications, and reward func-
tions from natural language and/or source code (Yu et al.
2023; Maet al. 2023; Wang et al. 2024b,a; Liang et al. 2024).
However, in our experiments, we find that these approaches
alone are unable to produce effective specification refine-
ments. Intuitively, effective specification refinements require



not only high-level task structure (which can be expressed to
the VLM), but also low-level understanding of the dynamics
model (which is difficult to express to the VLM).

Contributions. We propose a novel strategy that combines
vision-language models (VLMs) with symbolic reasoning to
perform more effective specification refinement. Intuitively,
the VLM proposes high-level refinements that are subse-
quently tuned by symbolic reasoning to ensure their efficacy.
In more detail, our method combines symbolic search over
the task graph with VLM-proposed refinements, producing
a specification that is much more effective at guiding the
agent to its goal. We evaluate our proposed method against
3 benchmarks on 2D navigation tasks with the MuJoCo Ant,
demonstrating that our method consistently outperforms un-
scaffolded VLM task graph refinement, with performance
gains of at least 2 across tasks with multiple rooms.

2 Overview

Consider the RL environment represented in Figure 1. In
this task, an agent (Towers et al. (2024)’s MuJoCo Ant) is
initialized in the initial state set (the cyan region) at a uni-
form random point, and must complete a reach-avoid task by
navigating to the goal state set (green region) while avoiding
the walls (black regions). The observation space is continu-
ous with 29 dimensions (e.g., joint positions and velocities);
here, we render only 2 of the position dimensions to represent
the navigation task.

Formally, this RL problem is defined over a Markov deci-
sion process (MDP) M = (S, A, P, R). Here, S is the state
space, A is the action space, P : S x A x S — [0,1] is the
state transition function, and R : S x A x S — R is the re-
ward function. A learned stochastic policy 7 : Sx A — [0, 1]
maps states to distributions over the action space.

A pure RL solution could apply a learning algorithm, such
as Proximal Policy Optimization (PPO), to learn an end-to-
end neural network policy that completes the task. Under
this approach, the neural net must encode both the low-level
dynamics of the ant environment and the higher-level task
of navigating this specific maze. This has a major drawback:
given a different maze for the same agent, a new RL policy
would need to be learned.

Our solution separates these concerns. We represent the
high-level navigation challenge in a task graph. Separately,
we use RL to pretrain a goal-conditioned neural policy that
is responsible for learning the low-level environment dynam-
ics. Importantly, the task graph can be arbitrarily modified
without requiring any retraining or finetuning of the neu-
ral network policy. This also simplifies the RL problem to
just environment dynamics, allowing the neural policy to be
learned more quickly and with fewer parameters. The task
graph and subtask policies are combined to form a composi-
tional policy that solves the task.

In general, a task graph G = (V, E) represents a control
task abstractly. G is directed and acyclic, with vertex set V/
and edge set I2. Each vertex v € V corresponds to a subset
I(v) C S of member states in the base problem. vy € V
denotes the initial vertex, and F' C V denotes the final ver-
tices. Each edge e = (u,v) € E corresponds to a subset

O(e) of unsafe states in the base problem. Thus, a trajec-
tory of the agent in the environment is said to successfully
complete the subtask e if it starts in I(u) and reaches I(v)

while avoiding O(e). The weight of edge u — v is equal
to the negative log-probability that the agent accomplishes
subtask, conditional on starting in I (u). Many formal specifi-
cation languages exist for the expression of task graphs, such
as SpectRL (Jothimurugan, Alur, and Bastani 2019), which
expresses sequential reach-avoid tasks. The application of
task graphs to RL problems is compositional reinforcement
learning (Andreas, Klein, and Levine 2017).

Worked example. The initial task graph for the problem
in Figure 1 consists of a single directed edge, which encodes
the reach-avoid task specification. The initial state set is rep-
resented by the source vertex v, while the goal region is sink
vertex v;. The first 3 steps of our procedure are:

First, the end-to-end task is evaluated in simulation. The
low success rate (p = 0.5) of the trajectories demonstrates
that the goal-conditioned RL policy cannot effectively satisfy
the specification.

Second, this evaluation data is provided to a VLM, which
returns a sample of candidate refinements for the edge (this
step is detailed in Algorithm 1). Each candidate refinement
is a path meant to replace the existing edge. For instance,
Figure 1 (c) proposes to break the task into a sequence of 3
subtasks: the reach-avoid task vg — vs, followed by vo — v3
and finally v3 — v1.

Third, each of these two candidate refinements is evalu-
ated in simulation, and the probability of successfully sat-
isfying the refined specification is measured. The candidate
refinement in Figure 1 (c) performs better, with success rate
55.9% > 41.8%, so it is integrated into the task graph.

At 55.9%, this new compositional controller still does not
achieve a satisfactory rate of success for the original reach-
avoid task. Therefore the procedure continues to iterate over
further refinements before finally returning a solution.

Refinement procedure. We propose a specification re-
finement procedure that performs an A* search over the task
graph. The overall search-and-refinement loop is illustrated
in Figure 2. Within this loop, graph elements in the open
set of the search are subject to mutation using two refine-
ment strategies. Edge refinements, as demonstrated in the
illustrative worked example above (and in Algorithm 1), re-
place an edge with a sequence of smaller subtasks. Vertex
refinements (Algorithm 2, Figure 3), replace the member-
ship set I(v) of a vertex v with a strict subset of its states.
In other words, edge refinement introduces subtasks to break
up a monolithic task, while vertex refinement makes a goal
more precise to improve learning. On top of this, the graph
structure captures branching decisions that must be made
based on the complex dynamics of the task (e.g., the two
doorways in Figure 1). A* search efficiently schedules sub-
tasks to be evaluated and refined, and ensures that the final
compositional policy is optimal for the generated task graph.

Experiments. We focus on 2D navigation tasks, where an
agent must navigate a maze to reach its final goal. This do-
main is well-suited to reach-avoid task graph specifications.
For VLMs to generate high-quality candidate edge refine-
ments, we must construct a prompt that includes all relevant
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(a) Original input task graph (single edge),
with 0 of 32 successful trajectories. Initial
vertex is centered at (10, 15) in cyan. Final
vertex is at (70, 15) in green. Avoid regions
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(b) Candidate edge refinement with
VLM-proposed subgoals in orange. The
agent’s empirical probability of success-
fully traversing the path is 41.8%.

(c) Alternative edge refinement. The
agent’s empirical probability of success-
fully traversing the path is 55.9%.

(walls) are black.

Figure 1: Split doorway task in the MuJoCo Ant environment using a pretrained neural network policy to evaluate each subtask.
Successful trajectories are rendered in green, while unsuccessful ones are red. Experiment setup is detailed in Section 5.
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Figure 2: Our algorithm for task graph refinement iterates
between A*-based iterative evaluation of subtasks (left) and
local mutations of graph components (right).

information needed to select effective refinements. While
generalizable, these contexts must be tailored to the specific
domain. In the 2D navigation domain, information can be vi-
sualized by rendering the initial position, goal location, and
trajectory attempts onto a 2D map of the environment. This
way, the VLM observes useful information about how the
dynamics prevents the agent from achieving its goal.

We experimentally evaluate our approach at specification
refinement on a 2D navigation task where the agent (a Mu-
JoCo ant) must traverse a maze to reach a goal. Our iterative
refinement strategy successfully generates sparse task graphs
whose induced compositional policies exhibit consistently
higher success rates than VLM refinement alone.

3 Related Work

Specification-guided RL. In specification-guided RL, the
task is given in the form of a logical specification, where the
logical primitives represent the abstract actions (Jothimuru-
gan, Alur, and Bastani 2019; Icarte et al. 2022; Vaezipoor
etal. 2021; Zhang et al. 2024; Jackermeier and Abate 2024).
The abstract decision problem induced by the task graph in
the higher-level abstraction space is typically assumed to be
Markov. However, this assumption is not upheld in many

examples to which we would like to apply these methods
(Jothimurugan, Bastani, and Alur 2021). This causes a dis-
connect between the high- and low-level policies, preventing
the agent from learning a consistently high-performing hier-
archical policy. The divided doorway task is one example of
this, shown in Figure 1.

LLM-guided control. LLMs have impressive code gener-
ation capabilities. Ma et al. (2023) presented Eureka, which
generated shaped reward functions for RL policies on ma-
nipulation tasks. The framework used evolutionary LLM
prompting, interleaved with RL training to evaluate each
generation of candidate rewards. However, this was limited
to short-horizon fine motor tasks. Reasoning in long-horizon,
complex tasks remains a challenge for LLMs and VLMs.

Foundation models including LLLMs and VLMs have been
used for robotic path planning in the navigation domain (Cao
et al. 2024; Shah et al. 2023). However, these methods often
rely on domain-specific data or training, and do not produce
interpretable policies that can be rigorously checked. These
limitations mean that they cannot be applied in new, safety-
critical domains.

Hierarchical RL. The field of hierarchical reinforcement
learning (HRL) aims to scaffold RL problems by learning
hierarchies of policies over abstract actions. For example,
to solve the task of navigating through a maze of rooms,
the agent might learn RL policies for opening doors and
navigating each room as independent subtasks, or options
(Sutton, Precup, and Singh 1999), over the primitive actions,
and then a higher-level RL policy over these abstract actions.
The joint hierarchical policy then solves the task.

Much of this work assumes that the abstract actions are
given and fixed (Pateria et al. 2021). This is partly because
it enables all of the reward functions in the problem to be
hand-designed. Automatically generated or universal reward
functions that are also well-shaped (not sparse, thus suitable
for learning) using classical methods is challenging. Without



them, it is impossible to construct new sub-problems on
the fly in the training loop, which means that automatically
constructing and modifying RL problem decompositions has
only been successful in limited cases (Stolle and Precup
2002; Ramesh, Tomar, and Ravindran 2019; Kim, Park, and
Kim 2021).

4 Neurosymbolic Task Graph Refinement

Our method takes as input a directed acyclic task graph
G = (V, E). Each edge defines a reach-avoid subtask. Sub-
task policies can take any form: model-predictive controller,
pretrained neural network policy, or RL policy trained or
fine-tuned in-the-loop. Edge weights are equal to the neg-
ative log-probability of the chosen subtask policy satisfy-
ing the subtask. Given this structure, learning an optimal
compositional policy is equivalent to solving a single-source
shortest path (SSSP) problem.

We execute an A* search (Hart, Nilsson, and Raphael
1968) over the task DAG. Edge weights (and thus, simula-
tions) are evaluated lazily to reduce computation costs. We
iteratively modify the DAG in-place by interleaving graph
refinements with the progression of the A* algorithm. These
refinements consist of traditional symbolic logic programs
(Algorithm 2) and external queries to off-the-shelf pretrained
foundation models (Algorithm 1), and mutate localized sub-
graphs in the DAG. They increase the structural information
contained in the task graph, simplifying subtasks and thus
decreasing distances between vertices.

This procedure discovers the refined graph’s shortest path,
which corresponds to a composite policy comprising a se-
quence of consecutive subtasks guaranteed to satisfy the orig-
inal task specification.

4.1 Graph Refinements

Our procedure applies two types of localized graph refine-
ment: edge and vertex refinements.

Edge split refinements, described in Algorithm 1, require
query access to a Vision-Language Model (VLM), referred
to as variable M. They are also parameterized by a number
of iterations d and number of samples w per iteration. Given
input edge e € E, the VLM is queried for w candidate refine-
ments. Results from in-simulation evaluations of edge e are
provided: the empirical probability of successfully complet-
ing the subtask, and a 2D image rendering of the evaluated
trajectories. Also included in the context are source code for
the simulator environment analogous to Ma et al. (2023), and
the specification language API. Each proposed refinement,
le;_1.x,] for j = 1,...,w, decomposes the edge into a

sequence of subtasks. Thus, if u 2 v, we have:

e’ el 1 .
1 2 3 5
U— T .. T, — U

Each of the w such sequences is evaluated in the environ-
ment to estimate the probability of successfully completing
it; the same numerical and rendering feedback are included
in the next iterative prompt. Finally, the best-performing re-
finement of the d x w candidates is selected. The illustrative
example presented in Section 2 and Figure 1 depicts an edge

refinement according to this procedure. Details of the VLM
prompts are provided in our Supplemental Materials.

Algorithm 1: Generate Edge Refinement

: Input: Edge u N integers w, d; foundation model M
: Output: Candidate partition of edge e into [e;—1 .. 1]

: Output: Subtask policy and success prob of e;

S + M.query(e, samples = w)

9 oE e

T 4= Hpolicy 7 for e in é’j} for €; = [egzl_”kj} in S}
P {(Hfil success probability of ﬂf) for €; in S}

© Dbests Ebest> Thest < max(ﬁ), arg max(ﬁ), ﬁ[gbesl]
cfort=1...d—1do

S + M.query(e, S, 7, samples = w)

Apply Algorithm 2 to each path in S

7 <« [[policy m] for e! in &;] for €; = [egzl___kj] in 5]

1
1

TeYe a

12: p+ [(Hf;l success probability of wf) for €; in S}
13: DPhest e_’best <~ max(pbest;ﬁ)v arg max(gbest;ﬁ)

14: Thest W[ebesl]

15: end for

output Subtasks épey and policies Thes

Vertex subset refinements are applicable to any chain of
vertices v1, . . ., vg such that deg; , (v;) = deg,,;(v;) = 1Vi.
We present the special case ¢ = 1 in Algorithm 2. Internally,
O(2k) subtasks are evaluated.

Algorithm 2: Generate Vertex Refinement

1: Input: Vertex v such that deg;, (v) = deg,, (v) =1, so
we have neighboring edges v — v = w; integer k
Output: Candidate subset I’ (v) of I(v)

Output: Subtask policy and success prob of ¢} and e},

where I(u) < I'(v) < I(w)
Sample k sets of states s1,...,s, C I(v) = s
fori=0...kdo
Evaluate policies for I(u) ~ s; and s; ~ I(w)
pi — Prfs; | I(u)] - Pr[I(w) | 5,
8: end for
output State set s;, policies, and weights for i = arg min; p;

AN A

The approach also extends from the single input vertex
to a sequence of vertices xy,...,2; produced in the edge
refinement module. For such inputs, the vertex refinement
evaluates O(2k + k?(¢t — 1)) subtasks in order to optimize
over O(k'*1) possible paths from u to w, using dynamic
programming to iterate over the layers of the sequence.

Generalizability. While our evaluation implements these
two refinement procedures, in principle, any mutation rule
that replaces a task subgraph with a refined subgraph could be
integrated into the strategy we propose. A new task domain
might motivate the implementation of a different library of
graph refinements. The primary requirement for such arule is
that the replacement subgraph equals a formal specification
that implies the original.
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Figure 3: Task defined by composing two U Maze rooms.
The input task graph is a single edge, with initial vertex
in cyan (leftmost) and final vertex in green (rightmost). A
candidate Edge Refinement is first produced by the VLM
(upper image). The new edges’ success probabilities are
(0.812, 0.312, 0.875, 0.406), so the overall task proba-
bility is 9%. Next, we apply vertex refinement (Algorithm
2) along the path, producing the lower image with success
probabilities (1.0, 1.0, 0.969, 1.0) for a total of 96.9%.

4.2 Iterative Exploration

Throughout its runtime, the procedure maintains a prior-
ity ranking of candidate graph refinements as generated by
Algorithms 1 and 2. Allowing any graph component to be
mutable at any point in the procedure would lead to un-
bounded graph complexity and runtime; instead, our pro-
cedure considers a restricted set of refinements (the data
structure refinements in Algorithm 3). This set evolves
as the graph is explored, guaranteeing that the procedure
makes continual progress through the graph, and is naturally
induced by the state of the A* search. The closed set of
the A* search defines a gradually expanding subgraph which
is considered finalized and not eligible for further graph mu-
tation. The frontier, or open set, contains the graph compo-
nents over which the refinements priority queue is built
(Algorithm 3, line 10) and maintained (line 21).

Concretely, the open set consists of vertices v € V for
which a current-best path from the source is maintained,
but not yet known to be minimal. This is exactly the set of
vertices for which vertex refinements via Algorithm 2 are
considered. Every such vertex (except for the source itself,
at the beginning of the procedure) has an associated pre-
ceding edge along its current-best path. This is exactly the

set of edges for which edge refinements via Algorithm 1 are
considered. All refinements can apply, recursively, to new
graph components constructed by previous refinements. Al-
gorithm 3 shows the overall procedure, which interleaves A*
search with graph refinement.

Algorithm 3: Evaluate and Refine

1: Input: Task graph G = (V, E)

2: Input: Initial vertex vy € V/, final vertices F' C V, and
initial distribution g : I(vg) — [0, 1]

3: Input: Rollout access to the task MDP, givenedge e € E

4: Imput: 7 > 0, integers w, d, k, and foundation model M

5: Output: Task graph G' = (V' E') > G
6: Output: Inclusion map I’ over V', refined from I on V
7: Output: Family of policies 7 : B/ x S — A

8: closed + 0
9: Priority queue open <« {(vg, 0.0)}
10: Build priority queue refinements

11: while open is nonempty do

12: {A* progress}
13:  Move lowest-cost open vertex u to closed

14:  if u € F then Break

15:  for edge u = v do

16: Evaluate subtask policy

17: If no better path is already known, add v to open
with priority cost(u) + weight(e)

18:  end for

19: {Refine}

20:  repeat

21: Update refinements

22: Cprogress < cost(open.peek())

23: Crefine < cost(refinements.peek())

24: if Crefine < Cprogress — 7 then

25: Incorporate refinements.pop() into G

26: Update open

27: end if

28: until Cprogress < Crefine T T

29: end while

30:

output Refined task graph G’, subtask policies 7

4.3 Validity and Optimality Guarantees

Theorem 4.1 (Task graph validity). For input task graph G
and refined task graph G’ output by our procedure, for any
trajectory 7, if T satisfies the specification given by G’ then
it must also satisfy the specification given by G.

Proof. It suffices to observe that each local task graph re-
finement (Algorithms 1 and 2) obeys this implication. For
vertex_subset(v) with v € V', we have that I'(v) C
I(v) per the definition of the refinement. Therefore wher-
ever 7 reaches v in G’ via I’(v), it also reaches v in G via
I(v). For (e — -+ — e;) = edge_split(ey—w, w, d,
M) with u,v € V' and e,_,,, € E’, the new edges inherit



the avoid region O(e,,,) of the original edge. Therefore
for any contiguous subsequence of states in 7 that satisfies
e; — --- — e, the initial state must satisfy u (as e; starts
at u), the final state must satisfy v (as e; ends at v) and
the intermediate states must all avoid O(ey,—, ). Thus the
subsequence satisfies e.

Theorem 4.2 (Compositional policy optimality). The output
compositional policy is optimal for the output task graph G.

Proof. In Algorithm 3, the compositional policy is defined
by tracing back source vertices from the final open vertex
u. This corresponds to the shortest path result in a standard
SSSP A* search. Observe that the search progress component
of Algorithm 3 matches the logic of the A* algorithm with an
inadmissible heuristic function. The search algorithm only
accesses graph components and weights as they are reached
by the open set, while refinements may only decrease dis-
tances in the graph, and may only affect graph components
outside of the subgraph induced by the closed set. Thus
if the algorithm’s termination in finite time is assumed, then
by correctness of the A* search, the claim holds. O

5 Experiments

Environment. We evaluate our method using a custom ver-
sion of the Gymnasium-Robotics (de Lazcano et al. 2024)
AntMaze environment, implemented on top of the MuJoCo
Ant (Towers et al. 2024; Todorov, Erez, and Tassa 2012).
The environment supports 29-dimensional observations and
8-dimensional actions, both continuous spaces. 2D image
rendering depicts the (x,y) coordinates of agents and maze
walls. For subtask learning, the state space is goal-augmented
using a representative waypoint randomly sampled from the
inclusion set of the subtask’s goal vertex. For rendered eval-
uations of example tasks, see Figures 1 and 3.

Tasks. Our suite of benchmark tasks is based on the eval-
uation reported in Jothimurugan et al. (2021). We start with
a core set of one-room mazes, including the Doorway task
shown in Figure 1.

To assess performance under scaling task complexity, we
define compositional rooms by chaining together copies of
the “X Maze” and “U Maze,” respectively. An example is the
2-room U Maze, rendered in Figure 3. Notably, we consider
two types of task graphs for the compositional U Maze en-
vironments. Under one paradigm, the inital task graph stays
constant with one edge describing the start-to-finish task (“no
subgoals”). Under the second paradigm, the size of the task
graph grows linearly with the number of rooms in the com-
positional task: subgoals are placed at the doorways between
rooms, so the initial task graph is a path that scales with task
complexity (“with subgoals™). This structure provided by the
initial task graph means that the residual difficulty of the task
should remain relatively constant, even as complexity of the
start-to-finish task increases.

Hyperparameters. We implement Edge Refinement (Al-
gorithm 1) with w = 3 candidate refinements sampled per
iteration and d = 2 iterations per call to the module. We
implement Vertex Refinement (Algorithm 2) with k = 5

subsets evaluated for a given vertex. We evaluate 32 roll-
outs to estimate the success rate of a subtask. The tolerance
parameter 7 is on a simple linear scaler, starting at 0.02
and capped at 0.1. Foundation model queries use OpenAl’s
GPT 5.6 Terra (OpenAl 2025) or Google’s Gemini 3.5 Flash
(Team et al. 2023), with hyperparameters (thinking, temper-
ature, etc) at their defaults. All VLM prompts are provided
in Suppelementary Materials.

Subtask control policy. The subtask policy is a neural
network policy of 2 x 256 weights, pretrained by Proximal
Policy Optimization (PPO, Schulman et al. (2017)) on a goal-
conditioned reach task in the Ant environment.

5.1 Baselines

We compare against 3 baseline methods. All use the same
subtask policy (a pretrained goal-conditioned neural net-
work) and hyperparameters, where applicable:

VLM baseline. While our approach refines individual
graph components iteratively, this baseline takes a one-shot
approach, using similar prompts to the VLM for a complete
refinement of the input task graph. Context includes a one-
shot example refinement with explained reasoning. Like our
Edge Refinements, there is a second iteration of feedback:
VLM-proposed are evaluated in the simulation, and results
are fed back to the VLM for a follow-up query. The best can-
didate of the 2 x 3 proposed task graphs is selected. Unlike
our method, there is no formal guarantee (akin to Theorem
4.1) that the task graph produced is a true refinement of the
original specification. However, the optimality of the com-
positional policy (Theorem 4.2) applies.

Symbolic refinements baseline. This is just our solution
without VLM access. The procedure executes an A* search
over the task graph, interleaved with vertex refinements (but
no edge refinements). The correctness and optimality guar-
antees both apply to this method.

DiRL (Jothimurugan et al. 2021). No refinements are
conducted; this method relies fully on the structure of the
input graph. The correctness guarantee is vacuous for this
method, and the optimality guarantee applies.

5.2 Results

For all metrics, we report the mean over 4 or 5 experiment
runs. Error bars denote the population standard deviation
(computed using np . std).

Comparison to baselines. Our method successfully pro-
duces high-quality compositional controllers for the core task
suite, consistently beating the main baseline method (VLM
task graph refinement), as shown in Figure 4. The gap is
most significant for the two rightmost tasks (“XX Mazes”).
These are also the longest-horizon of the set, as they are
compositional, consisting of two “X Maze” rooms.

Scaling to complex mazes and long-horizon tasks. We
evaluate how our method’s performance scales with task
complexity by chaining together copies (“rooms") of the stan-
dard U Maze environment. Results are presented in Figure 5.
Our method is unaffected by increasing task complexity, as
the mean success rate remains constant as the task length in-
creases. Notably, it also produces high-quality compositional
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Figure 4: Our method (rightmost, blue) outperforms all 3
baselines on every task, as measured by mean success prob-
ability of the output compositional policy. These results are
consistent for Gemini (upper) and OpenAl models (lower).

policies regardless of whether subgoals are provided. In con-
trast, the one-shot VLM baseline copes poorly with scaling
task complexity. Surprisingly, the VLM baseline does not
even benefit from being provided with denser initial specifi-
cations. This indicates that the VLM is unable to effectively
make use of the information provided in a verbose input task
graph. For tasks with multiple rooms, our method outper-
forms the baseline by > 2, regardless of the initial graph.

Drawbacks of the VLM baseline. Figure 5 demonstrates
the weaknesses of the unscaffolded VLM as task complexity
increases. When the number of rooms is still small (2-3), the
VLM does benefit from receiving structural information in
the form of a denser task graph, doubling or tripling the mean
success rates of its output compositional policies. However,
this behavior disappears when the task complexity increases
further (4-5 rooms). These results indicate that without scaf-
folding, the VLM is unable to realize the benefit of providing
an input task graph, even when this given information scales
with the complexity of the task.

Solution complexity. Because our method produces a task
graph as well as a compositional policy, the task graph should
ideally be informative as well: for example, it should express
the abstract solution strategy and may indicate bottlenecks in
the solution path. Further, we might hope that the produced
task graph is truly an abstract representation of the task, rather
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Figure 5: We compose the standard U Maze as a sequence
of rooms. The input task graph may be a single edge (“no
subgoals”), or a path with vertices positioned at the doorways
between rooms (“with subgoals”). Each point averages 4-
5 experiment runs using Gemini 3.5 Flash, and error bars
denote the population standard deviation.
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Figure 6: In each of these tasks, the input task graph is a
single edge, representing a reach-avoid task. Using Gemini
3.5 Flash, our method produces task graphs whose verbosity
is on a similar scale as the VLM baseline (but which induce
consistently better compositional policies).

than simply storing a chain of waypoints; in other words, that
itis concise enough to be interpretable. Figure 6 demonstrates
that this is indeed the case. In most tasks, our method does
not produce significantly more complex task graphs than
the VLM baseline. However, in the two tasks where it is
significantly more verbose (“Or” and “Doorway”), Figure
4 shows that its success probability is significantly higher,
indicating that the extra verbosity is necessary for the quality
of the compositional policy.

6 Conclusion

We present a procedure that produces interpretable compo-
sitional policies guaranteed to satisfy the input formal task
specification. The method consistently matches or outper-
forms the unscaffolded VLM baseline, and generates high-
quality solutions for long-horizon tasks where baselines fail.
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