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Abstract

The Abstraction and Reasoning Corpus (ARC) has become a prominent bench-
mark for assessing whether AI systems can perform human-like reasoning. Recent
efforts on ARC have increasingly adopted program synthesis paradigms based
on domain-specific languages (DSL). To tackle the combinatorial challenges of
program synthesis, leading methods employ pretrained models to produce DSL
program sequences and apply efficient search algorithms during inference. Monte
Carlo Tree Search (MCTS) stands out among these, as it enables effective navi-
gation of vast search spaces while maintaining a principled equilibrium between
exploration and exploitation. In this work, we introduce a neural MCTS algo-
rithm customized for ARC-AGI, which amplifies exploration by directing the
search toward promising solutions via learned neural guidance, yielding robust
performance on demanding ARC tasks. However, pretrained models frequently
underperform on certain tasks owing to insufficient exposure to particular DSL
tokens or structures during pretraining. To mitigate this, we additionally pro-
pose an LLM-guided technique, in which an LLM recommends pertinent tokens
to prune the search space, thereby allowing the solver to prioritize previously
overlooked DSL elements. Integrating the o4-mini model with our approach, we
successfully solve nearly all DSL-solvable tasks in the ARC-AGI-1 evaluation
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benchmark, highlighting the effectiveness of our neural MCTS framework guided
by LLM-based token recommendations.

Keywords: Program Synthesis, Abstraction and Reasoning Corpus, Neural Search

1 Introduction

Human-like reasoning represents one of the most challenging frontiers in artificial
intelligence research. The Abstract Reasoning Corpus (ARC; Chollet 1) benchmark
addresses this challenge by providing a systematic framework for evaluating machine
reasoning capabilities that mirror human cognitive processes. The ARC-AGI-1 dataset
contains 1,000 tasks that challenge systems to infer abstract transformation rules from
a few demonstrated input-output pairs, then apply these rules to previously unseen
test instances. Figure 1 presents examples of ARC reasoning tasks, each showing the
input-output training pairs and test cases. The computational constraints inherent in
ARC—where solutions must be found within strict time and memory limits—highlight
the need for efficient representation and search methods. This combinatorial chal-
lenge has motivated the development of Domain-Specific Languages (DSL) that can
systematically explore the space of possible transformation rules.

Early work on synthesis of DSL-based programs for ARC relied mainly on heuristic
search methods [2, 3]. These methods focus on applying the DSL to object-centric tasks
and use various constraints during the search to reduce the search space. However,
they exhibit significant performance degradation on ARC-evaluation tasks that require
beyond the limited scope of object-centric training tasks [4]. Recently, neural network
are trained to genearte DSL program sequences, and find correct solutions by using
efficient search methods [4, 5]. However, these methods are heavily dependent on
neural DSL generators, which excel at solving tasks akin to those encountered during
training but typically falter on markedly distinct, novel tasks [5].

To address the limitations of prior work, we propose a neural Monte Carlo Tree
Search (MCTS) algorithm, which allows effective exploration in the vast space of
DSL programs. Our approach is specifically designed for the ARC-AGI benchmark.
Concretely, we incorporate a lightweight value network to enhance search efficiency.
During the search, partial programs are evaluated, their returns computed, and the
resulting pairs stored in a replay buffer. The value network is trained on these par-
tial program-return pairs via expectile regression, enabling efficient off-policy value
function estimation with implicit policy improvement over diverse partial programs.
Although our method is applicable only to environments with deterministic transi-
tions, such as ARC-AGI, it enables robust value function training, providing direct
supervision to all partial programs and effective credit assignment in sparse-reward
settings. Empirically, our approach achieves a 70% relative improvement compared
to a baseline that assigns value of the programs based on the pixel-level similarity
between their output grid and target grid, instead of estimating with value network.
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Fig. 1: The ARC benchmark furnishes a small set of training examples to infer
an underlying transformation rule, which is then evaluated on a test example. This
figure depicts three tasks from an ARC-AGI-1 evaluation set, all unsolved by prior
approaches, yet correctly resolved by our method.

To further enhance search efficiency, we leverage large language models (LLMs)
such as GPT-4.1 and o4-mini to guide DSL token selections within MCTS. Con-
cretely, we prompt these LLMs to generate solutions directly for ARC tasks based
on input/output grids and extract plausible DSL candidate tokens from their rea-
soning chains. While the generated solutions are frequently incomplete or erroneous,
the underlying high-level reasoning often suffices to identify appropriate DSL tokens.
These LLM-suggested tokens are subsequently merged with candidates derived from
neural MCTS without LLM assistance, and the aggregated pool is further refined
through subsequent MCTS iterations. This hybrid methodology demonstrates strong
generalization to novel tasks that diverge from those seen during the DSL sampler’s
pre-training, all without requiring additional training. In summary, our contributions
are threefold:

• We introduce a neural MCTS algorithm that is highly effective in deterministic
environments, specifically tailored for the ARC-AGI benchmark.

• We propose an LLM-based DSL recommendation technique that substantially
boosts MCTS performance.

• We attain 95% near-perfect results, solving DSL-solvable tasks on the ARC-AGI-1
evaluation set, using our method with o4-mini.

2 Related Work

2.1 Heuristic based program synthesis

ARGA [2] adopts an object-centric perspective, representing input images as abstract
graphs and searching for valid programs within a DSL specifically tailored for these
graph representations. The challenge of combinatorial search complexity is addressed
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by applying constraint acquisition, state hashing, and Tabu search. GPAR [3] addresses
the challenges of the ARC benchmark by formulating each task as a generalized
planning problem in Planning Domain Definition Language(PDDL), enhanced with
object-centric functions and ARC-specific constraints. However, this approach is inher-
ently limited to object-centric tasks. ARGA solves 49 problems in the ARC-AGI-1
training set, but only 10 problems in the more challenging ARC-AGI-1 evaluation set,
highlighting a significant performance gap.

2.2 Neural networks for program synthesis

As an alternative, recent studies have explored search methods that leverage neural
network models trained to learn DSLs. Bidir-Synth [6] initially trains the model on
randomly generated programs and subsequently fine-tunes it during the search phase
using the REINFORCE [7] algorithm. To further reduce search time, the method
incorporates bidirectional search. Bober-Irizar and Banerjee [4] accelerate program
search on ARC by adapting DreamCoder [8] with a wake-sleep cycle, where the wake
phase searches for candidate programs and the sleep phase refines the DSL and search
strategy using a convolutional GrammarNet. GridCoder [5], the current state-of-the-
art approach, notes that relying solely on randomly generated tasks for training can
result in incoherent and unnatural tasks. Accordingly, instead of relying on random
tasks, this method employs purposefully designed tasks with explicit objectives—such
as tiling or split-merge operations—to provide structured supervision for the model.
During inference, it employs transformer-based probability prediction over DSL tokens
and utilizes bootstrapping to obtain robust distributions for program enumeration.

2.3 LLM based method

Xu et al. [9] explored prompt design strategies for large language models (LLMs) on
ARC tasks, and found that using object representation solvers such as ARGA yields
substantial gains in LLM performance. Bober-Irizar and Banerjee [4] demonstrated
that ensembling their approach with GPT-4.0 results in substantial performance gains,
noting that the set of problems solvable by the LLM and their own model are com-
plementary. ConceptSearch [10] samples candidate programs using closed source LLM
API and selects the best one based on scores from Hamming distance, CNN features, or
LLM-based evaluation. Recently, methods have been introduced that apply test-time
training (TTT) [11–13], which temporarily fine-tunes LLMs during inference using
losses derived from input data. On the ARC-AGI-1 benchmark, TTT significantly
improves accuracy, However, this approach comes with significant computational costs,
due to the need for massive data augmentation and the overhead of finetuning the
model itself.

3 Problem Settings

In this study, we address ARC-AGI-1 problems, represented as a collection of tasks,
each comprising a few-shot training set and a test pair. Each problem’s training data
is denoted by T = {(xi, yi)}ni=1, where xi is an input grid, yi is its corresponding

4



Training examples

Phase 1: Selection & Expansion Phase 2: Evaluation Phase 3: Backpropagation

if not solved

with MCTS

Prompt

Pre-trained LLM

Solution Found!

Candidate

Token Set

MCTS

Eq. (3) Update     to 
minimize         

Phase 4: Test Program

?

not solved solved

apply

Fig. 2: Overview of our method. The neural MCTS iteratively expands the search
tree through selection, expansion, evaluation, and backpropagation phases to identify
a program that precisely maps training inputs to their outputs. If no solution is found,
the DSL tokens from the highest-reward synthesized program are merged with those
from the LLM-generated solution, and MCTS is re-executed over this consolidated,
reduced DSL set.

output grid, and n represents the number of training examples. For a given test input
xtest, the objective is to generate a program that accurately predicts the output ytest.

We define the DSL as a set of statements {si}. We adopt the DSL introduced by
Ouellette [5], which adapts ARC-DSL [14] to be expressed as a syntax tree that can
be represented as a linear sequence. This DSL comprises 99 standard tokens and two
special tokens: <NEW LEVEL> and <EOS>. The <NEW LEVEL> token denotes the start of
a new level within the DSL syntax tree, while <EOS> signifies the end of a sequence.
A valid sequence of tokens [s1, . . . , sK ], concluded with <EOS>, forms a program that
transforms an input grid according to predefined rules. A problem instance is deemed
solved if this program accurately transforms xtest into ytest.

4 Method

4.1 Neural MCTS for ARC-AGI

We implement Monte-Carlo Tree Search (MCTS) using the practical techniques
from MuZero [15], comprising four key phases: selection, expansion, evaluation, and
backpropagation. The search is guided by two neural models: a pretrained DSL sam-
pling prior P , which remains fixed during training, and a value network Vθ, which
is updated during the search to assess partial programs. During the selection phase,
the algorithm navigates internal nodes, selecting the next DSL token (child node) to
extend the current program until an <eos> token is encountered. If a leaf node is
reached without program completion, the expansion phase adds valid DSL tokens as
new child nodes. These phases alternate until a valid program is formed. Upon program
completion, the evaluation phase updates the value network. In the backpropagation
phase, value estimates are propagated up the tree to improve future selections. Our
approach is outlined in Figure 2 and Algorithm 1, with details provided below.
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4.2 Selection

In the selection phase, the algorithm chooses the child node sk+1 with the highest
selection score to extend the current partial program Pk = [s1, . . . , sk]. The selection
score Usk+1

for each child node sk+1 is calculated as:

Usk+1
=


Psk+1

(
1−

Nsk+1

Nsk

)
with prob. ϵ

Vsk+1
with prob. 1− ϵ

(1)

where Psk+1
= P (sk+1 | Pk, xi, yi) is the probability of selecting node sk+1 given its

ancestors, estimated by a pretrained model and stored during the expansion phase.
Here, Nsk+1

and Nsk denote the visit counts of the child node and its parent, respec-
tively, while Vsk+1

represents the value estimate of the partial program Pk, updated
and stored during the backpropagation phase.

To balance exploration and exploitation, we utilize two distinct selection strategies
in an ϵ-greedy manner. With probability ϵ, the algorithm selects a node exploratively;
otherwise, it selects exploitatively. In the exploratory case, the selection prioritizes
nodes with high model probabilities Psk+1

that have been visited less frequently, guid-
ing the algorithm toward promising yet under-explored regions of the search space. In
the exploitative case, the algorithm chooses the child node with the highest current
value estimate Vsk+1

, focusing on regions previously identified as valuable based on
prior evaluations.

4.3 Expansion

Through iterative child node selection, we obtain a partial program sequence Pk =
[s1, . . . , sk], where sk is a leaf node. We then calculate the probability distribution for
the next token, P (sk+1 | Pk, xi, yi), to transform xi toward yi. For each syntactically
valid DSL statement sk+1 that continues the sequence, a new child node is created.
The probability of each new node, Psk+1

, is stored for use in the selection phase. This
selection–expansion cycle continues until a terminal node is reached or a predefined
maximum depth is achieved.

4.4 Evaluation

Upon completing the iterative selection-expansion process, yielding a full program
sequence PK = [s1, . . . , sK ], we compute the reward for the program as:

r(PK , T ) = 1

n

n∑
i=1

sim(ŷi, yi), (2)

where ŷi is the output grid produced by applying the full program sequence to xi,
and sim(·, ·) represents pixel-wise similarity. Thus, the reward reflects how closely the
output grid matches the target grid. Since the reward is only received upon program
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completion, the discounted return for each partial program is calculated as:

Rk = γK−kr(PK , T ), (3)

where γ ∈ (0, 1] is a discount factor. Afterwards, all partial program sequences and
their corresponding returns are stored in a replay buffer B:

B ← B ∪ { (Pk, Rk) }Kk=1.

A mini-batch of M program-return pairs is then randomly sampled from B to update
the value function by minimizing the expectile loss:

LV = E(Pk,Rk)∼B [Lτ
2 (Vθ(Pk)−Rk)] , (4)

where Lτ
2(u) = |τ − I(u < 0)|u2. With τ > 0.5, this asymmetric loss function reduces

the influence of smaller returns Rk, enabling Vθ to better approximate larger returns,
corresponding to promising program extensions [16, 17].

Importantly, this efficient off-policy approach to training the value function is fea-
sible solely under deterministic transitions; in stochastic environments, values could
be overestimated owing to the optimistic choice of transition samples. This attribute
of the return-based expectile loss renders it especially appropriate for DSL search
problems, which inherently involve deterministic transitions.

4.5 Backpropagation.

After updating the value network, each node n along the path is updated as follows:

Nsk ← Nsk + 1, Vsk ← Vθ(Pk), (5)

for k = K, . . . , 1. If the complete program sequence PK = [s1, . . . , sK ] successfully
transforms xi into yi for i = 1, . . . , n, it is accepted as a solution; otherwise, the process
is repeated.

4.6 LLM Guidance to Reduce Search Space

While neural guidance using a pretrained DSL sampler and a value network enables
effective exploration, the search space remains vast, and these small models may favor
incorrect DSL tokens for complex tasks. In contrast, Large Language Models (LLMs)
are recognized for their robust reasoning capabilities, making them a key approach for
ARC tasks [4, 9, 11].

However, despite their strength in high-level reasoning, LLMs often err in low-level
decisions, frequently leading to incorrect solutions unless a prohibitively large LLM
is applied. To address this, we propose leveraging LLMs to recommend suitable DSL
tokens for the current task based on their high-level reasoning. LLMs can identify
DSL tokens overlooked by the pretrained model. Although LLM-generated programs
are frequently incorrect, the tokens they use are often plausible for a correct program.
Incorporating these tokens into MCTS can significantly reduce the search space.
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Algorithm 1 LLM-guided neural MCTS

Input: train examples {(xi, yi)}ni=1; test pair (xtest, ytest)
Output: sequence of DSL tokens PK = [s1, . . . , sK ]

1: Set the candidate token set to the complete token set A ← D
2: Set best program so far: P∗ ← [ ]
3: Initialize search tree
4: Pick training example (xi, yi) to build tree
5: for MCTS iterations t = 1 to Tmax do
6: P0 ← [ ]
7: for k = 0 to Kmax do
8: if sk = <EOS> then break
9: if sk is a leaf then

10: Expansion : add valid next tokens sk+1 ∈ A
with P (sk+1 | Pk, xi, yi) > 0 to tree

11: end if
12: Selection : set the next node maximizing Eq. (1),

sk+1 = argmaxUsk+1

13: Pk+1 ← [Pk; sk+1]
14: end for
15: K ← k
16: Evaluation : compute the reward r(PK , T ) and returns {Rk}Kk=1 according to Eq. (2-

3)
17: B ← B ∪ {(Pk, Rk)}Kk=1
18: if r(PK , T ) > r(P∗, T ) then P∗ ← PK
19: Update value function minimizing Eq. (4)
20: Backpropagation : update visited count and value (Eq. (5))
21: if PK yields yi from xi for i = 1, . . . n then
22: return PK
23: end if
24: end for
25: if A = D then
26: # Not solved, reduce search space with LLM.
27: Suggest a new program using LLM:

PLLM = LLM(P∗, T ,D)

28: Update the candidate token set:

A = set(P∗) ∪ set(PLLM)

29: goto line 3
30: end if
31: return P∗

Specifically, if no valid solution is found after a predefined number of MCTS iter-
ations, we create a new candidate DSL set for MCTS by combining the DSL tokens
from the program with the highest return so far, set(P∗) ⊆ D, and the DSL tokens
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Method Accuracy

DreamCoder [4] 5/49
GridCoder [5] 33/49
Ours (neural MCTS) 34/49

GPT-4.1 5/49
DreamCoder + GPT-4.1 9/49
Conceptsearch [10] 17/49
GridCoder + GPT-4.1 36/49
Ours + GPT-4.1 (LLM-guided) 39/49

o4-mini 42/49
DreamCoder + o4-mini 42/49
GridCoder + o4-mini 44/49
Ours + o4-mini (LLM-guided) 47/49

Discount
factor (γ)

Accuracy

0.0 28/49
0.50 31/49
0.70 34/49
0.90 34/49

Table 1: (Left) Comparison of our method with baselines, grouped by the LLM used
in each algorithm. (Right) Accuracy for different discount factors.

from the LLM-generated solution, set(PLLM) ⊆ D, forming A = set(P∗)∪ set(PLLM).
We then rerun MCTS using the reduced candidate set A, which is much smaller than
the full DSL set D.

5 Experiment

To evaluate the effectiveness of our method, we perform experiments guided by key
research questions: RQ1. How does our method’s performance compare to other base-
lines? RQ2. What is the contribution of each component in our proposed method to
its overall performance? RQ3. How does using an LLM to reduce the search space
impact MCTS performance across iterations? RQ4. How cost-efficient is the LLM-
guided Neural MCTS compared to existing baselines? RQ5. How robust is our value
learning framework under stochastic execution dynamics?

5.1 Experiment Settings

As a baseline for neural network-based program synthesis, we use DreamCoder [4]
and GridCoder [5], recent state-of-the-art models designed for ARC-AGI-1 tasks. We
additionally selected conceptsearch [10], a state-of-the-art code generation method
based on API call for LLM guidance baseline.

We evaluate all methods on a set of 49 ARC-AGI-1 evaluation tasks. These bench-
mark tasks were selected to ensure methodological comparability rather than based
on specific task-level characteristics.

Our approach relies on a DSL-pretrained model released by GridCoder, which
currently represents the state of the art in DSL-based ARC program synthesis. Accord-
ingly, we adopt the same set of 49 evaluation tasks used in the GridCoder preprint,
enabling a direct and fair comparison under identical DSL and evaluation conditions.

Although the number of tasks is smaller than the full ARC-AGI-1 benchmark, this
subset constitutes a meaningful and controlled evaluation setting for assessing neural
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program synthesis methods, as all tasks are fully solvable within the shared DSL used
by both the baselines and our method.1

For the neural networks in our neural MCTS, we adapt the vision-language model
(VLM) from Ouellette [5], which takes the input grid, output grid, and current program
sequence as inputs, and autoregressively predicts the next DSL token. The value net-
work, a lightweight transformer encoder, processes embedded DSL program sequences
independently of the pretrained model. We apply mean pooling to the outputs and
generate a scalar value in (0, 1) using a linear output head with sigmoid activation.

For LLM guidance, we employed GPT-4.1 and o4-mini to assess the impact of
LLMs with varying reasoning capabilities. As baselines, we first evaluated each LLM
using a text-based grid format, adhering to the prompt template from the official
ARC AGI Benchmarking repository.2 We also created additional baselines by ensem-
bling each LLM with program synthesis baselines, reporting results to ensure a fair
comparison with our proposed LLM-guided approach. For each task, only one LLM
API call was made. In the case of conceptsearch, the original implementation used the
Gemini 1.5 API; however, we employed GPT-4.1 instead to ensure consistency across
all baselines. In the original ConceptSearch implementation, evaluation is primarily
conducted on a set of 50 ARC training tasks followed by [9]. our focus is instead on
the ARC-AGI-1 evaluation split. Accordingly, we evaluate all methods on a set of
49 ARC-AGI-1 evaluation tasks, which provides a more meaningful and standardized
benchmark for assessing generalization and comparative performance across methods.

We assessed accuracy three times, adhering to the protocol outlined by Bober-Irizar
and Banerjee [4]. For ensembling with LLMs and baselines, we assigned lower weights
to the three candidate solutions generated solely by the LLM and higher weights to
those from baselines, as the latter only submit solutions when a program correctly
solves all training instances. Solutions were placed into a priority queue based on their
weights, and the top three candidates were selected. A task was deemed solved if at
least one of these three candidates provided the correct answers.

For detailed training settings, hyperparameter configurations, and the prompt
template used for LLM guidance, please see the Appendix B.

5.2 How does our method’s performance compare to other
baselines?

Table 1 (left) presents the performance of our method and baselines on the 49 selected
tasks. When evaluated using neural MCTS alone, our approach slightly surpasses Grid-
Coder. Specifically, we found that our model solves all tasks handled by GridCoder
and additionally resolves the object-selector task (2c0b0aff), which involves counting
4-connected objects within each rectangular object. GridCoder generates candidate
programs through bootstrapping, selecting the sequence with the highest joint token
probability. As a result, DSL tokens with low probabilities (e.g., <count> with a prob-
ability of 0.05), though critical, are often omitted. In contrast, our explicit exploration
strategy identifies solutions that incorporate these essential but low-probability tokens
(See Figure 3).

1The list of selected tasks is available at https://github.com/SimonOuellette35/GridCoder2024.
2https://github.com/arcprize/arc-agi-benchmarking
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Fig. 3: Neural MCTS achieves successful resolution of task 2c0b0aff, which remains
unsolved by GridCoder due to the absence of essential DSL primitives such as count
and get object2.

For LLM-only baselines, GPT-4.1 solves 5 of the 49 tasks, while o4-mini successfully
solves 42, demonstrating superior performance. Ensembling our LLM-guided approach
with GPT-4.1 results in solving 39 tasks, compared to 36 tasks when ensembling
GPT-4.1 with GridCoder. Notably, our ensemble approach solves five additional tasks
beyond the 34 achieved by the value-guided method. Of these, three tasks are solved
exclusively by GPT-4.1, while our LLM-guided method uniquely solves two challenging
tasks (25094a63, 0a1d4ef5). Although o4-mini performs strongly, it leaves seven tasks
unsolved. Our method addresses five of these: two tasks (1a6449f1, 1c56ad9f) via
neural MCTS, and three tasks (25094a63, 0a1d4ef5, d56f2372) exclusively through
LLM guidance. In total, our approach solves 47 out of 49 tasks, achieving near-perfect
performance on the benchmark.

While we acknowledge that reasoning-oriented LLMs already achieve strong
performance—o4-mini with simple prompting solves 42 out of 49 tasks as shown in
Table 1. Our Neural MCTS–only search nevertheless solves 34 out of 49 tasks without
invoking any LLM API calls, already marginally outperforming GridCoder.

When combined with LLM guidance, Neural MCTS enables the system to solve
three additional tasks(25094a63, 0a1d4ef5, d56f2372) that remain unsolved by o4-
mini prompting alone, demonstrating a clear synergistic effect. These results show
that Neural MCTS plays a complementary and essential role in program synthesis.

5.3 What is the contribution of each component in our
proposed method to its overall performance?

Table 2 illustrates the impact of using a value function and its training approach
on overall performance. Without value network training, relying solely on pixel-wise
similarity, the model solves only 20 out of 49 tasks due to limited utilization of accumu-
lated information from prior MCTS iterations not utilizing replay buffer. Training the
value network on full program sequences increases performance to 28 tasks, but limits
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Method Accuracy

Train value on partial programs (proposed) 34/49
Train value on complete programs only 28/49
Use pixel-wise similarity directly (w/o value) 20/49

Table 2: Ablation analysis of removing each method.
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Fig. 4: (Left) Effect of iteration count on solved tasks in our method. Integrating
GPT-4.1 or o4-mini guidance with neural MCTS enables a greater number of tasks to
be solved within a fixed iteration budget, compared to neural MCTS alone. (Right)
Comparison of performance versus average API calls. Our method attains the best
performance with the low API cost.

effective value updates for partial sequences. Allowing the value network to leverage
partial rewards further improves performance to 34 tasks, demonstrating that partial
supervision enhances performance.

Table 1 (right) illustrates the impact of various discount factors γ on performance.
Generally, smaller values of γ lead to reduced performance, as they overly prioritize
shorter programs and largely disregard the similarity between outer grids and the
target grid.

5.4 How does using an LLM to reduce the search space
impact MCTS performance across iterations?

Figure 4 (left) presents the performance of our approach as a function of the number of
search iterations, which is capped at a maximum of 5,000. The results compare neural
MCTS, Ensemble method of MCTS with GPT-4.1 guidance, and MCTS with o4-mini
guidance. Notably, increasing the maximum number of iterations for neural MCTS
beyond 5,000 does not yield further improvements in performance. This saturation
suggests that the limitation lies in the ability of the pretrained model itself, rather
than the efficiency of the search. Consequently, these results highlight the need to
incorporate LLM guidance to overcome this limitation. The performance progressively
improves from neural MCTS to GPT-4.1 and further to o4-mini. This trend indicates
that LLM-guided recommendations can enhance the efficiency of the search: tasks that
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Method p = 0.1 p = 0.2 p = 0.3

Random rollout sampling 30/49 27/49 23/49
Mean return over rollouts (proposed) 32/49 30/49 28/49

Table 3: Robustness comparison under stochastic transition.
We report the number of solved tasks out of 49.

could not be solved by neural MCTS within 5,000 iterations become tractable when
leveraging LLM suggestions. Consequently, the search space is reduced, enabling a
greater number of tasks to be solved within the search budget.

5.5 How much performance can be achieved per unit cost?

Figure 4 (right) represents illustrates how many tasks are solved as the average number
of API calls increases using GPT-4.1 API guidance. Although GPT-4.1 and Dream-
Coder + GPT-4.1 have lower API costs, their performance is poor, whereas Our
method achieve strong results with comparably low API calls. ConceptSearch shows
competitive performance among baselines but requires substantially more API calls,
implying higher computational cost and revealing a limitation of existing state of the
art code generation models.

5.6 Robustness under stochastic transition

We evaluate the robustness of our value learning framework under stochastic execu-
tion dynamics by introducing probabilistic failures into the DSL interpreter. At each
primitive execution step, the transition fails with probability p and the state remains
unchanged, while with probability 1−p the transition executes deterministically. Under
such stochastic execution, we estimate program values using multiple rollouts. We
compare two strategies for value target construction: (i) using a single randomly sam-
pled rollout outcome, and (ii) using the mean return across multiple rollouts as the
regression target. As shown in Table 3, using mean returns consistently outperforms
random sampling and exhibits significantly more graceful degradation as the level of
stochasticity increases. These results suggest that relying on a single rollout introduces
stochastic bias and high-variance targets in value estimation. In contrast, averaging
returns across multiple rollouts effectively mitigates this stochastic bias, leading to
more stable and reliable training signals. Although stochastic transitions inherently
introduce bias, our use of mean returns over multiple rollouts effectively mitigates its
impact.

6 Case Study

We examine both the successful examples (25094a63, d56f2372) and the failure cases
(1c0d0a4b, 73ccf9c2) among the ARC tasks attempted with our method under the
guidance of o4-mini.
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[get_objects1, , <NEW LEVEL>, for_each, <NEW LEVEL>, apply_to_grid, <EOS>]set_fg_color4[get_objects1, , <NEW LEVEL>, for_each, <NEW LEVEL>, apply_to_grid, <EOS>]set_fg_color4[get_objects1, , <NEW LEVEL>, for_each, <NEW LEVEL>, apply_to_grid, <EOS>]set_fg_color4

Solved Final Sequence

[get_objects1, , <NEW LEVEL>, for_each, <NEW LEVEL>, apply_to_grid, <EOS>]vmirror

     MCTS sequenceNot solved

[get_objects2, filter_largest, , apply_to_grid]set_fg_color4

LLM sequence

apply_to_grid

for_each

vmirrorget_objects1

apply_to_grid

for_each

set_fg_color4get_objects1

(a) Task 25094a63

['get_objects3', 'get_objects3', ' , '<NEW LEVEL>', 'for_each', '<NEW 
LEVEL>', 'keep_largest', '<EOS>']

is_v_symmetrical'['get_objects3', 'get_objects3', ' , '<NEW LEVEL>', 'for_each', '<NEW 
LEVEL>', 'keep_largest', '<EOS>']

is_v_symmetrical'

Solved Final Sequence

(['get_objects3', 'get_objects3', , '<NEW LEVEL>', 
'<IDENTITY>', 'for_each', '<NEW LEVEL>', 'keep_largest', '<EOS>'])

'get_object_size'

     MCTS sequenceNot solved

(['get_objects3', ‘for_each’, , ‘keep_boolean’])‘is_v_symmetrical’

LLM sequence

for_each

keep_largest

get_object_sizeget_objects3 get_objects3

for_each

keep_largest

‘is_v_symmetrical’get_objects3 get_objects3

(b) Task d56f2372

Fig. 5: Examples of tasks solved using the LLM-guided method. (a) is successfully
solved by leveraging the set fg color4 primitive to modify the foreground color yel-
low, while (b) makes use of is v symmetrical to reason about the vertical symmetry
present in the input grid.

[ ,   ,<NEW LEVEL>,for_each, <NEW LEVEL>, apply_to_grid,<EOS>]'get_objects5' ‘invert_colors’

Not Solved Final Sequence

[ ,<NEW LEVEL>, ]‘set_fg_color2’ ’rot180’, ‘<EOS>’

     MCTS sequenceNot solved

[ , ‘for_each', , apply_to_grid]'get_objects5’ 'invert_colors'

LLM sequence

apply_to_grid

set_fg_color2

apply_to_grid

for_each

invert_colorget_objects5

(a) Task 1c0d0a4b

Not Solved Final Sequence

(['get_objects3', 'get_objects3', , '<NEW LEVEL>', 
'<IDENTITY>', 'for_each', '<NEW LEVEL>', 'keep_smallest', '<EOS>'])

'get_object_size'(['get_objects3', 'get_objects3', , '<NEW LEVEL>', 
'<IDENTITY>', 'for_each', '<NEW LEVEL>', 'keep_smallest', '<EOS>'])

'get_object_size'

(['get_objects3', 'get_objects3', , '<NEW LEVEL>', 
'<IDENTITY>', 'for_each', '<NEW LEVEL>', 'keep_smallest', '<EOS>'])

'get_object_size'

     MCTS sequenceNot solved

LLM sequence

for_each

keep_smallest

get_object_sizeget_objects3 get_objects3

for_each

keep_smallest

get_object_sizeget_objects3 get_objects3

(['get_objects3', , ‘for_each’,‘keep_largest'])'get_object_size'

(b) Task 73ccf9c2

Fig. 6: Examples of tasks unsolved using the LLM-guided method. (a) fails due
to the absence of DSL primitive both set fg color2 and get object6, while (b)
is v symmetrical is not included.

6.1 Task 25094a63

Figure 5a depicts our method’s successful execution for task 25094a63, where all rect-
angular objects are detected within the grid and colored yellow. Analysis of the neural
MCTS-predicted program reveals that it executes a sequence involving rectangular
object extraction (get object1), vertical reflection (vmirror), and iterative applica-
tion across the grid (for each, apply to grid). However, this program falls short of
solving the task because it omits the essential color-setting operation, set fg color4,
which is required to color all affected objects yellow. The pretrained model’s inability
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to sample this specific token led to this incomplete solution. Leveraging LLM guidance
for DSL programs, we successfully incorporated the necessary set fg color4 token.
Subsequent re-execution of MCTS with this correction enabled the model to generate
the precise correct output sequence for the task.

6.2 Task d56f2372

Figure 5b illustrates task d56f2372. The target solution requires identifying all 8-
connected objects of a uniform color (allowing diagonal connectivity) and selecting
the sole object that possesses vertical symmetry. The neural MCTS program initially
identifies all same-color, 8-connected objects using get object3, measures their sizes
via get object size, and then selects the largest object from those matching the
retrieved size list using keep largest. Critically, the pretrained model fails to incorpo-
rate the vertical symmetry verification step, a crucial component of the target solution.
Leveraging the LLM to provide the is v symmetrical DSL token and integrating it
into the program sequence successfully addressed this limitation. The corrected pro-
gram filters the 8-connected objects to retain only those exhibiting vertical symmetry
(indicated by a Boolean value of 1), subsequently selecting the largest among these.
As only one such object exists in the grid, this refined sequence accurately returns the
unique symmetric object.

6.3 Task 1c0d0a4b

Figure 6a presents the tasks corresponding to failure cases. The correct program for
this task finds all objects that are 3×3 in size (i.e., objects containing colors other than
the background color), simply inverts the colors and then changes the resulting color
to red.3 An analysis of the MCTS results reveals its limitations in accurately solv-
ing the task. Specifically, the algorithm struggles with precise object detection and,
although it attempts to change the color to red, it fails to correctly modify the relevant
pixels at the intended locations.The LLM fails to suggest the correct get objects6

DSL for detecting 3× 3 windows, instead recommending get object5, which leads to
an incorrect solution. While it did suggest useful tokens like invert color, the failure
to detect the correct objects ultimately prevented task success. One possible explana-
tion for incorrect reasoning in this case may be that the object detection DSLs were
introduced solely through textual descriptions in the prompt. Furthermore, In the case
of the first training instance, correct outputs are obtained by detecting 8-connected
non-background objects using get object5, which may lead to false confidence in its
reasoning.

6.4 Task 73ccf9c2

Figure 6b presents the result for this task. In contrast to the previously successful
task d56f2372, this example requires identifying the 8-connected object of a single
color that is not vertically symmetric. Notably, there is only one such non-symmetric
object in the grid. The MCTS-generated program identifies all 8-connected objects of

3See the full grid pairs at https://o2arc.com/task/1c0d0a4b
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the same color, measure their sizes, and returns the smallest one. Obtaining the cor-
rect solution requires using the is v symmetrical DSL in place of get object size.
However, the LLM fails to suggest this DSL token. It does not incorporate symmetry
detection. Unlike task d56f2372, the our method fails on this task primarily because
LLM are known to struggle with identifying the absence of recognizing when an object
does not satisfy a given condition-such as being non-symmetric. Prior research has
shown that LLM perform well when detecting the presence of features, but consistently
underperform in reasoning about their negation [18].

7 Conclusion

In this work, we introduce a neural MCTS framework for program synthesis, combin-
ing a pretrained DSL sequence model with a value network to guide the search process.
Although the pretrained model alone exhibits limited generalization capabilities when
faced with novel tasks, incorporating of a learned value function significantly enhances
exploration efficiency and facilitates more informed search strategies. By propagating
value estimates across partial sequences, the solver effectively leverages accumulated
experience, enabling successful handling of previously unseen task. Moreover, we fur-
ther improved search effectiveness by employing LLM-based recommendations for
generating promising DSL token sequences. This targeted LLM guidance substan-
tially reduces the search space complexity, allowing the framework to efficiently solve
tasks that are individually intractable for either neural MCTS or standalone LLM-
based methods. Our comprehensive experimental results demonstrate that the fully
integrated method, incorporating guidance from o4-mini, achieves near-complete task
coverage by successfully solving 47 out of the 49 tasks expressible in the DSL. These
findings highlight the synergy between neural-guided search and LLM-generated DSL
recommendations, enabling robust and scalable program synthesis.

8 Future Work

Our current method is primarily tailored to ARC-AGI-1 [1], where structured domain-
specific languages (DSLs), such as the Hodel DSL, are available and effective. In
contrast, ARC-AGI-2 [19] poses a greater challenge, in part because existing DSLs can,
in principle, represent ARC-AGI-2 tasks, but often at the cost of significantly longer
and more complex programs. A promising direction for future work is to leverage
frontier LLMs to induce, refine, or expand DSL primitives, followed by additional
pretraining on the resulting extended DSL. Our LLM-guided Neural MCTS framework
could then be naturally applied on top of this enriched program space to enable more
flexible and scalable program synthesis. We believe that combining LLM-driven DSL
expansion with search-based reasoning represents an important step toward addressing
the challenges posed by ARC-AGI-2.
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[8] Ellis, K., Wong, C., Nye, M., Sablé-Meyer, M., Morales, L., Hewitt, L., Cary,
L., Solar-Lezama, A., Tenenbaum, J.B.: Dreamcoder: Bootstrapping inductive
program synthesis with wake-sleep library learning. In: Proceedings of the 42nd
Acm Sigplan International Conference on Programming Language Design and
Implementation, pp. 835–850 (2021). https://doi.org/10.1145/3453483.3454080

[9] Xu, Y., Li, W., Vaezipoor, P., Sanner, S., Khalil, E.B.: Llms and the abstraction
and reasoning corpus: Successes, failures, and the importance of object-based
representations. arXiv preprint arXiv:2305.18354 (2023)

[10] Singhal, K., Shroff, G.: Conceptsearch: Towards efficient program search using
llms for abstraction and reasoning corpus (arc). In: Proceedings of the AAAI
Conference on Artificial Intelligence, vol. 39, pp. 20506–20513 (2025). https://
doi.org/10.1609/aaai.v39i19.34259
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Appendix A Appendix

A.1 Hyperparameter Settings and Templates

We optimized the value network using the AdamW [20] optimizer with a learning
rate of 3e-4, betas of (0.9, 0.999), and a weight decay of 1e-2. The number of MCTS
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the same architecture for all tasks, but was trained separately on each task.
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We present the full set of available DSL primitives, along with text-based represen-
tations of the input–output grid pairs. Subsequently, using the most similar program
sequence found by MCTS (which did not solve the task but yielded the highest sim-
ilarity score), we request the LLM to recommend a new sequence of DSL primitives
to solve the task. The LLM DSL recommendation full template used to reduce the
search space is as follows(this is example task of 25094a63):

∗∗ s e t f g c o l o r 1 ∗∗ (0 ) : s e t a l l foreground p i x e l s to 1
∗∗ s e t f g c o l o r 2 ∗∗ (1 ) : s e t a l l foreground p i x e l s to 2
∗∗ s e t f g c o l o r 3 ∗∗ (2 ) : s e t a l l foreground p i x e l s to 3
∗∗ s e t f g c o l o r 4 ∗∗ (4 ) : s e t a l l foreground p i x e l s to 4
∗∗ s e t f g c o l o r 5 ∗∗ (5 ) : s e t a l l foreground p i x e l s to 5
∗∗ s e t f g c o l o r 6 ∗∗ (5 ) : s e t a l l foreground p i x e l s to 6
∗∗ s e t f g c o l o r 7 ∗∗ (6 ) : s e t a l l foreground p i x e l s to 7
∗∗ s e t f g c o l o r 8 ∗∗ (7 ) : s e t a l l foreground p i x e l s to 8
∗∗ s e t f g c o l o r 9 ∗∗ (8 ) : s e t a l l foreground p i x e l s to 9
∗∗ s h i f t l e f t ∗∗ (9 ) : s h i f t e n t i r e g r id one c e l l l e f t
∗∗ s h i f t r i g h t ∗∗ (10) : s h i f t e n t i r e g r id one c e l l r i g h t
∗∗ s h i f t u p ∗∗ (11) : s h i f t e n t i r e g r id one c e l l up
∗∗ sh i f t down ∗∗ (12) : s h i f t e n t i r e g r id one c e l l down
∗∗ vmirror ∗∗ (13) : mirror g r id v e r t i c a l l y ( top <−> bottom )
∗∗ hmirror ∗∗ (14) : mirror g r id h o r i z o n t a l l y ( l e f t <−> r i g h t )
∗∗ rot90 ∗∗ (15) : r o t a t e g r id 90 deg c l o ckw i s e
∗∗ t opha l f ∗∗ (16) : e x t r a c t top ha l f o f the g r id
∗∗ bottomhal f ∗∗ (17) : e x t r a c t bottom ha l f o f the g r id
∗∗ l e f t h a l f ∗∗ (18) : ex t r a c t l e f t h a l f o f the g r id
∗∗ r i g h t h a l f ∗∗ (19) : ex t r a c t r i g h t h a l f o f the g r id
∗∗ s ymme t r i z e l e f t a r ound v e r t i c a l ∗∗ (20) : r e f l e c t l e f t h a l f

a c r o s s v e r t i c a l ax i s
∗∗ s ymmet r i z e r i gh t a r ound ve r t i c a l ∗∗ (21) : r e f l e c t r i g h t h a l f

a c r o s s v e r t i c a l ax i s
∗∗ symmetr i z e top around hor i zonta l ∗∗ (22) : r e f l e c t top ha l f

a c r o s s ho r i z on t a l ax i s
∗∗ symmetr i ze bottom around hor izonta l ∗∗ (23) : r e f l e c t bottom

ha l f a c r o s s ho r i z on t a l ax i s
∗∗ ups ca l e ho r i z on ta l by two ∗∗ (24) : double width by repea t ing

columns
∗∗ up s c a l e v e r t i c a l b y two ∗∗ (25) : double he ight by repea t ing

rows
∗∗ upsca le by two ∗∗ (26) : upsca l e both dimensions by f a c t o r 2
∗∗ g r a v i t a t e r i g h t ∗∗ (27) : move non−background p i x e l s to the

r i g h t edge
∗∗ g r a v i t a t e l e f t ∗∗ (28) : move non−background p i x e l s to the

l e f t edge
∗∗ g rav i t a t e up ∗∗ (29) : move non−background p i x e l s to the top

edge
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∗∗ grav i tate down ∗∗ (30) : move non−background p i x e l s to the
bottom edge

∗∗ g r a v i t a t e l e f t r i g h t ∗∗ (31) : s p l i t g r a v i t a t e in l e f t / r i g h t
ha lve s

∗∗ grav i tate top down ∗∗ (32) : s p l i t g r a v i t a t e in top/down
ha lve s

∗∗ topth i rd ∗∗ (33) : ex t r a c t top 1/3 o f the g r id
∗∗ vc en t e r th i rd ∗∗ (34) : ex t r a c t v e r t i c a l c en t e r th i rd
∗∗ bottomthird ∗∗ (35) : ex t r a c t bottom 1/3 o f the g r id
∗∗ l e f t t h i r d ∗∗ (36) : ex t r a c t l e f tmos t th i rd
∗∗ hcen t e r th i rd ∗∗ (37) : e x t r a c t ho r i z on t a l c en t e r th i rd
∗∗ r i g h t t h i r d ∗∗ (38) : e x t r a c t r ightmost th i rd
∗∗ ce l lwiseOR ∗∗ (39) : OR operat i on per c e l l a c r o s s two g r i d s
∗∗ cellwiseAND ∗∗ (40) : AND operat i on per c e l l a c r o s s two g r i d s
∗∗ cellwiseXOR ∗∗ (41) : XOR operat i on per c e l l a c r o s s two g r i d s
∗∗ c e l l w i s eD i f f e r e n c e ∗∗ (42) : d i f f e r e n c e per c e l l ( a & not b)
∗∗ cellwiseNOR ∗∗ (43) : NOR operat i on per c e l l a c r o s s two g r i d s
∗∗ vconcat ∗∗ (44) : concatenate two g r i d s v e r t i c a l l y
∗∗ hconcat ∗∗ (45) : concatenate two g r i d s h o r i z o n t a l l y
∗∗ co l o r change ∗∗ (46) : change a l l p i x e l s o f one c o l o r to

another
∗∗ i n v e r t c o l o r s ∗∗ (47) : swap major/minor foreground c o l o r s
∗∗ f i r s t q u ad r an t ∗∗ (48) : ex t r a c t top− l e f t quadrant
∗∗ second quadrant ∗∗ (49) : e x t r a c t top−r i g h t quadrant
∗∗ th i rd quadrant ∗∗ (50) : ex t r a c t bottom− l e f t quadrant
∗∗ f ourth quadrant ∗∗ (51) : ex t r a c t bottom−r i g h t quadrant
∗∗ h f i r s t f o u r t h ∗∗ (52) : ex t r a c t top ha l f o f l e f t h a l f
∗∗ hsecondfourth ∗∗ (53) : ex t r a c t top ha l f o f r i g h t h a l f
∗∗ hth i rd f ou r th ∗∗ (54) : e x t r a c t bottom ha l f o f l e f t h a l f
∗∗ h l a s t f o u r t h ∗∗ (55) : ex t r a c t bottom ha l f o f r i g h t h a l f
∗∗ v f i r s t f o u r t h ∗∗ (56) : e x t r a c t l e f t h a l f o f top ha l f
∗∗ vsecondfourth ∗∗ (57) : ex t r a c t r i g h t h a l f o f top ha l f
∗∗ v th i rd f ou r th ∗∗ (58) : e x t r a c t l e f t h a l f o f bottom ha l f
∗∗ v l a s t f o u r t h ∗∗ (59) : ex t r a c t r i g h t h a l f o f bottom ha l f
∗∗ rot180 ∗∗ (60) : r o t a t e g r id 180 deg
∗∗ rot270 ∗∗ (61) : r o t a t e g r id 270 deg c l o ckw i s e
∗∗ dup l i ca t e top row ∗∗ (62) : dup l i c a t e the f i r s t ( top ) row
∗∗ dupl i cate bottom row ∗∗ (63) : dup l i c a t e the l a s t ( bottom )

row
∗∗ dup l i c a t e l e f t c o l umn ∗∗ (64) : dup l i c a t e the f i r s t ( l e f t )

column
∗∗ dup l i c a t e r i gh t co lumn ∗∗ (65) : dup l i c a t e the l a s t ( r i g h t )

column
∗∗ g e t ob j e c t s 1 ∗∗ (67) : ex t r a c t r e c t angu l a r frame ob j e c t s
∗∗ g e t ob j e c t s 2 ∗∗ (68) : ex t r a c t 4−connected same−c o l o r ob j e c t s
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∗∗ g e t ob j e c t s 3 ∗∗ (69) : ex t r a c t 8−connected same−c o l o r ob j e c t s
∗∗ g e t ob j e c t s 4 ∗∗ (70) : ex t r a c t 4−connected non−bg ob j e c t s
∗∗ g e t ob j e c t s 5 ∗∗ (71) : ex t r a c t 8−connected non−bg ob j e c t s
∗∗ c omp r e s s o b j e c t s l i n e a r ∗∗ (72) : t h i s g ene ra t e s an output

g r id from a l i s t o f ob j e c t s by concatenat ing them to each
other in ho r i z on t a l or v e r t i c a l l y fash ion , automat i ca l l y
determined from th e i r r e l a t i v e p o s i t i o n s .

∗∗ compres s ob jec t s quad ∗∗ (73) : t h i s g ene ra t e s an output g r id
from a l i s t o f ob j e c t s by concatenat ing them to each

other in a r e c t angu l a r f a sh i on ( mostly 2x2 , 2x3 , 3x2 and 3
x3 pat t e rns ) , automat i ca l l y determined from th e i r r e l a t i v e
p o s i t i o n s .

∗∗ compress ob ject s quad pad ∗∗ (74) : s im i l a r to compress
ob j e c t s quad , but in t roduce s one row and column o f b lack
padding between the concatenated ob j e c t s .

∗∗ app l y t o g r i d ∗∗ (75) : paste ob j e c t s back in to o r i g i n a l g r id
∗∗ f o r e a ch ∗∗ (76) : apply a func t i on to each ob j e c t
∗∗ r emove out l ine ∗∗ (77) : removes the top row , bottom row ,

l e f t column , r i g h t column .
∗∗ s h e a r g r i d l e f t ∗∗ (78) : shear g r id l e f twa rd s
∗∗ s h e a r g r i d r i g h t ∗∗ (79) : shear g r id r ightwards
∗∗ s h e a r g r i d z i g z a g ∗∗ (80) : z i g zag shear e f f e c t
∗∗ g e t o b j e c t s i z e ∗∗ (81) : count p i x e l s in an ob j e c t
∗∗ count ∗∗ (82) : count number o f ob j e c t s
∗∗ f i l t e r l a r g e s t ∗∗ (83) : ze ro out a l l but l a r g e s t ob j e c t
∗∗ k e ep l a r g e s t ∗∗ (84) : s e l e c t l a r g e s t ob j e c t
∗∗ f i l t e r s m a l l e s t ∗∗ (85) : ze ro out a l l but sma l l e s t ob j e c t
∗∗ ke ep sma l l e s t ∗∗ (86) : s e l e c t sma l l e s t ob j e c t
∗∗ g e t p i x e l s ∗∗ (87) : l i s t a l l p i x e l c o l o r s
∗∗ i s h symmet r i c a l ∗∗ (88) : t e s t ho r i z on t a l symmetry
∗∗ i s v symmet r i c a l ∗∗ (89) : t e s t v e r t i c a l symmetry
∗∗ l o g i c a l n o t ∗∗ (90) : boolean negat ion
∗∗ keep boo lean ∗∗ (91) : keep ob j e c t s where cond i t i on True
∗∗ f i l t e r b o o l e a n ∗∗ (92) : ze ro out ob j e c t s where cond i t i on

True
∗∗ g e t ma j o r p i x e l ∗∗ (93) : get p i x e l o f major c o l o r
∗∗ g e t m ino r p i x e l ∗∗ (94) : get p i x e l o f minor c o l o r
∗∗ i n s e r t o u t l i n e ∗∗ (95) : add one−p i x e l border
∗∗ ups ca l e by th r e e ∗∗ (96) : upsca l e both dimensions by f a c t o r

3
∗∗ c e l lw i s eOR l i s t ∗∗ (97) : OR ac ro s s a l i s t o f g r i d s
∗∗ g e t ob j e c t s 6 ∗∗ (98) : ex t r a c t the ob j e c t square s t y l e
(3∗3 ,5∗5 , conta in ing not background co l o r )

Example 1 Input :
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3 3 2 6 3 6 8 8 8 2 3 3 3 3 3 6 3 3 8 8 1 2 2 6 3 3 2 8 1 1
8 2 1 6 3 1 8 3 1 8 3 8 8 1 3 2 8 3 8 8 3 1 3 1 8 3 2 6 2 6
1 8 3 1 8 8 8 8 8 8 1 3 2 3 3 6 6 2 3 6 2 2 2 2 2 2 2 3 2 3
1 2 8 1 8 8 8 8 8 8 3 8 1 2 1 1 2 3 8 3 2 2 2 2 2 2 2 2 1 3
1 3 8 1 8 8 8 8 8 8 3 2 3 3 8 3 1 1 3 3 2 2 2 2 2 2 2 6 8 3
3 3 8 2 8 8 8 8 8 8 3 3 1 3 2 3 6 1 1 2 2 2 2 2 2 2 2 3 6 2
8 2 1 1 8 8 8 8 8 8 3 3 6 1 3 1 8 1 2 1 2 2 2 2 2 2 2 2 3 8
1 3 3 6 8 8 8 8 8 8 8 1 2 8 2 8 2 1 3 3 2 2 2 2 2 2 2 2 8 6
3 1 3 8 3 2 3 8 1 3 1 8 1 3 1 2 3 1 8 6 2 1 3 1 1 8 3 1 6 3
2 8 6 3 1 3 8 2 1 3 2 3 3 3 3 1 8 3 3 6 2 8 2 2 6 2 1 6 2 3
8 8 2 2 3 1 1 3 2 3 3 8 2 3 3 8 8 6 6 2 1 2 6 2 3 3 3 2 6 3
6 3 2 2 8 3 2 3 3 1 3 2 2 3 2 6 3 2 2 1 1 2 1 8 6 3 2 1 8 2
8 6 2 8 2 2 2 3 3 8 1 1 3 1 6 1 3 2 8 3 8 3 3 3 3 3 3 1 8 1
8 8 2 8 8 6 8 6 3 8 6 1 3 2 8 3 6 6 2 6 3 8 3 3 3 3 3 3 8 1
1 8 2 6 2 8 1 3 6 3 8 2 2 3 6 1 6 2 8 3 8 3 3 3 3 3 3 2 2 3
3 2 8 1 1 3 2 2 2 6 8 3 8 8 1 2 8 6 1 3 1 2 3 3 3 3 3 2 2 2
8 3 8 1 2 3 8 6 3 3 3 1 6 3 1 2 1 3 2 3 2 8 3 3 3 3 3 8 3 3
6 2 3 8 6 2 2 1 8 8 1 1 1 1 1 1 1 6 6 2 1 6 3 1 6 8 3 1 2 3
2 1 2 1 8 2 3 2 6 8 1 1 1 1 1 1 1 1 1 1 3 6 2 1 2 2 2 3 3 1
1 8 8 2 8 2 2 2 3 1 1 1 1 1 1 1 1 8 2 3 2 3 6 6 2 3 3 3 6 3
2 6 8 3 6 1 3 8 3 6 1 1 1 1 1 1 1 2 3 3 3 1 6 3 3 6 1 3 2 2
6 8 6 2 3 2 6 3 3 1 1 1 1 1 1 1 1 3 3 8 1 6 3 3 3 8 1 8 2 3
6 3 1 3 6 6 1 6 3 8 1 1 1 1 1 1 1 1 2 1 6 3 3 8 1 8 3 8 2 1
3 2 2 3 1 1 2 3 8 6 1 3 3 1 8 3 1 8 8 3 8 3 1 8 8 1 1 2 1 8
3 2 3 6 1 8 3 6 3 3 2 2 1 3 6 3 2 3 8 3 8 3 2 2 2 2 3 3 1 6
2 8 6 2 2 1 8 3 1 6 8 2 3 2 3 2 3 3 3 3 2 2 2 8 6 8 3 6 1 3
6 2 3 2 3 3 8 3 3 6 2 2 3 3 8 8 1 3 1 2 8 3 8 3 3 3 6 1 2 2
2 3 2 1 2 6 3 1 8 3 1 6 2 3 8 2 6 1 1 1 3 6 8 1 2 8 6 2 3 2
2 1 8 2 6 3 8 2 3 6 8 8 2 8 8 3 2 3 1 6 8 2 6 3 2 3 2 1 8 3
1 6 3 1 6 6 3 1 2 8 8 1 8 1 3 3 1 2 6 8 3 1 6 8 3 8 3 1 1 8

Example 1 output :
. . .

. . .
High S im i l a r i t y Program Sequence (NOT the c o r r e c t answer , but

c l o s e ) :
− Sequence 1 ( s im i l a r i t y 0 . 875 ) : g e t o b j e c t s 1 −> vmirror −> <

NEW LEVEL> −> f o r e a ch −> <NEW LEVEL> −> app l y t o g r i d −>
<EOS>

The above program sequence ( s ) are c l o s e to the c o r r e c t answer
, but not exac t l y c o r r e c t . P lease use them as a r e f e r enc e ,
ana lyze what i s miss ing or i n co r r e c t , and propose a new

program sequence that s o l v e s the task c o r r e c t l y .
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1 . Propose a program sequence ( a l i s t o f DSL p r im i t i v e s and
t h e i r arguments , in order ) that can trans form the g iven
input ( s ) to the output ( s ) . P lease use the minimal s e t o f
DSL p r im i t i v e s nece s sa ry to ach i eve the t rans fo rmat ion .

2 . For each p r im i t i v e in your proposed program sequence ,
prov ide a one−sentence r a t i o n a l e exp l a i n i ng why i t i s
r equ i r ed f o r the t rans fo rmat ion .

3 . For each example , check i f your proposed program sequence
can a c tua l l y trans form the input to the output . B r i e f l y
exp la in f o r each example whether the t rans fo rmat ion i s
co r r e c t , and i f not , what i s miss ing or i n c o r r e c t .

P lease re turn your answer as JSON with the f o l l ow i n g keys :
− program sequence : [ . . . ]
− j u s t i f i c a t i o n : { prim name : r a t i ona l e , . . . }
− e x amp l e v e r i f i c a t i o n : { example idx : v e r i f i c a t i o n r e s u l t ,

. . . }

A.2 Full Grid Pairs for Failure Cases

Ex.3 Input (9x9)Ex.2 Input (13x9)Ex.1 Input (13x5)

Ex.3 Output (9x9)Ex.2 Output (13x9)Ex.1 Output (13x5)

(a) Task 1c0d0a4b (b) Task 73ccf9c2

Test Input (13x13) Test Input (22x22)Test Input (20x20)Test Input (21x21)Test Input (23x23)

Test Input (4x4) Test Input (5x4) Test Input (7x5)

? ?

Fig. A1: (a) Extract the 3× 3 object tile containing blue pixels, invert its colors, and
then recolor it to red, (b) Select objects that are not vertically symmetric among all
8-connected objects.

We will provide examples of tasks that could not be solved using LLM guided of
using O4-mini. Figure A1 are the input-output grid pairs for task 1c0d0a4b and task
73ccf9c2.

For task 1c0d0a4b, as shown in the training pairs, This task involves extract-
ing a 3×3 object tile containing blue pixels (get objects6), inverting its col-
ors(invert colors), and then converting its color to red(set fg color2). For
task 73ccf9c2, the objective is to select the object among all 8-connected
objects(get objects3) that is not vertically symmetrical(is v symmetrical). In this
case, there is only one such object present in each example.
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A.3 Theoretical Perspective

Our approach is built upon the standard Monte Carlo Tree Search (MCTS) framework,
which iteratively refines search decisions through repeated simulation, evaluation,
and backpropagation. Under sufficient exploration and an increasing number of sim-
ulations, this process is commonly understood to lead to progressively more stable
and informed search behavior [21].Within this framework, the large language model
(LLM)-derived policy prior and the learned value function are incorporated as heuris-
tic guidance mechanisms. Their role is to improve search efficiency in large and sparse
program spaces by prioritizing plausible program continuations and focusing compu-
tation on promising regions of the search space. Importantly, these components do not
alter the underlying evaluation or backpropagation dynamics of MCTS, but instead
influence the order in which candidate nodes are explored. As a consequence, the
overall search process retains the iterative refinement characteristics of MCTS, while
benefiting from heuristic guidance that reduces the effective search space.
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