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Abstract

Large Language Models (LLMs) often falter at complex plan-
ning tasks that require exploration and self-correction, as their
linear reasoning process struggles to recover from early mis-
takes. While search algorithms like Monte Carlo Tree Search
(MCTS) can explore alternatives, they are often ineffective
when guided by sparse rewards and fail to leverage the rich
semantic capabilities of LLMs. We introduce SPIRAL (Sym-
bolic LLM Planning via Grounded and Reflective Search),
a novel framework that embeds a cognitive architecture of
three specialized LLM agents into an MCTS loop. SPIRAL’s
key contribution is its integrated planning pipeline where a
Planner proposes creative next steps, a Simulator grounds
the search by predicting realistic outcomes, and a Critic pro-
vides dense reward signals through reflection. This synergy
transforms MCTS from a brute-force search into a guided,
self-correcting reasoning process. On the DailyLife APIs and
HuggingFace datasets, SPIRAL consistently outperforms the
default Chain-of-Thought planning method and other state-
of-the-art agents. More importantly, it substantially surpasses
other state-of-the-art agents; for example, SPIRAL achieves
83.6% overall accuracy on DailyLifeAPIs, an improvement
of over 16 percentage points against the next-best search
framework, while also demonstrating superior token effi-
ciency. Our work demonstrates that structuring LLM reason-
ing as a guided, reflective, and grounded search process yields
more robust and efficient autonomous planners. The source
code, full appendices, and all experimental data are available
for reproducibility at the official project repository.

Code — https://github.com/IBM/SPIRAL

Introduction

The recent evolution of Large Language Models (LLMs) has
marked a paradigm shift from pure text generation towards
the development of autonomous agents capable of complex,
goal-oriented behavior (Zhao et al. 2023). A key capability
of these agents is their ability to formulate symbolic plans
and interact with external tools to accomplish tasks (Schick
et al. 2023). Foundational approaches for this planning pro-
cess often rely on prompting the LLLM to interleave reason-
ing “thoughts” with “actions” in a linear sequence (Wei et al.
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2022; Yao et al. 2023b). However, the reliability of this auto-
regressive generation is a critical bottleneck; the plans pro-
duced are often brittle, where a single logical error can de-
rail the entire process without a mechanism for structured
deliberation or backtracking. Consequently, enhancing the
robustness of LLM agents necessitates a move beyond sim-
ple linear prompting towards more sophisticated planning
paradigms.

To address this challenge, integrating tree search frame-
works has shown potential for adding structured exploration
to the planning process (Yao et al. 2023a; Zhou et al. 2024).
While MCTS (Silver et al. 2017) is a particularly com-
pelling choice, applying it effectively presents significant
challenges. Standard implementations often treat the LLM
as a black-box policy with sparse rewards, leading to ineffi-
cient exploration (Zhang et al. 2024). Furthermore, without
a grounding world model, agents may explore syntactically
valid but practically nonsensical paths (Hao et al. 2023).
This highlights a critical gap for a framework that synergizes
MCTS’s exploratory power with LLM semantics, guided by
dense, semantic-aware feedback.

To overcome these limitations, we propose SPIRAL
(Symbolic LLM Planning via Grounded and Reflective
Search), a framework designed to address the strategic fail-
ures of linear planners. The motivation for our approach
is illustrated in Figure 1. Faced with a simple conditional
planning task, a standard “vanilla” agent follows a plausible
but incorrect plan, failing to respect the user’s constraints.
In contrast, SPIRAL successfully navigates the task by em-
ploying a more deliberative process. It reframes LLM-driven
MCTS by introducing a cognitive architecture of three spe-
cialized LLM agents that work in concert: a Planner to pro-
pose actions, a Critic to reflect on their strategic soundness,
and a Simulator to ground the plan in plausible outcomes.
The synergy between these agents transforms the search pro-
cess, allowing SPIRAL to intelligently prune flawed reason-
ing paths and converge on robust solutions.

SPIRAL is built on the key insight that LLM-based plan-
ning can be made more robust by structuring it as a grounded
and reflective search process. We achieve this by embedding
three core principles within the MMCTS framework: 1) De-
composition, treating planning as a cognitive task fulfilled
by specialized agentic roles; 2) Grounding, where a learned
world model grounds exploration in plausible consequences;



T need to plan a one-day bus trip from Las Vegas to
the Grand Canyon for tomorrow. Find a tour, check
tomorrow's weather forecast, and only book a spot
for one person if it's not going to rain." @
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"Okay, first I need a bus tour."
"Great, I found a tour. Now booking."
"The tour is booked. I'm done." @

Vanilla Agent

0
=)

SPIRAL Agent

"My Planner is searching for a tour."
"The Planner now suggests booking, but
my Critic says that's a bad move."
"Great, the Simulator reports ‘sunny"'."
"Proceeding to book... Tour booked." o

Figure 1: A comparison of a Vanilla Agent and the SPI-
RAL Agent on a conditional planning task. The Vanilla
Agent follows a linear but flawed plan, while SPIRAL uses
its grounded and reflective search to correctly handle the
weather-based constraint before acting.

and 3) Reflection, using a dense reward signal that evaluates
strategic merit to replace sparse terminal rewards. To our
knowledge, SPIRAL is the first framework to holistically in-
tegrate these principles within a formal search algorithm for
LLM agents. Our approach substantially outperforms other
state-of-the-art agents; on the DailyLife APIs of TaskBench,
SPIRAL achieves 83.6% accuracy, surpassing the next-best
search framework by over 16 percentage points.

Our main contributions are fourfold: 1) We propose SPI-
RAL, a novel framework that integrates a synergistic tri-
agent cognitive architecture into Monte Carlo Tree Search to
enable structured and dynamic planning. 2) We introduce its
core mechanisms: a Planner to generate actions, a Critic to
provide dense reflective feedback, and a Simulator to ground
the search. Together, these components address the com-
mon MCTS challenges of sparse rewards and ungrounded
exploration. 3) We evaluate SPIRAL on complex tool-use
benchmarks, showing that it substantially outperforms both
default planners and state-of-the-art frameworks like ReAct
and LATS. 4) Finally, we demonstrate SPIRAL’s superior
resource efficiency and validate our architecture through ab-
lation studies that confirm the critical role of each compo-
nent.

Preliminaries

SPIRAL’s core idea is to frame the complex task of LLM-
based planning as a search process that is both grounded
and reflective. To achieve this, the paper defines tool-use
planning as a sequential decision-making problem within a
Markov Decision Process (MDP) framework. The approach
then uses the Monte Carlo Tree Search (MCTS) algorithm
as its foundational search method.
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LLM-based Planning as a Search Problem

We model the task of generating a multi-step tool-use
plan as a search problem through a state space, formally
defined as a sequential decision-making process by the
tuple (S, A, T, R). The state space S consists of states
s¢ € &, where each state is the history of actions and
observations generated so far, often called a chain: s;
(ag,01,...,a1—1,0¢). The action space A is the union of
available tool calls, Ao, and a terminal action, Aem =
{finish}. The transition function T : S x A — S maps
a state-action pair to a new state. Given a state s; and an
action a; from a policy 7(a|s¢), we approximate this tran-
sition with a world model, W(0¢41]s¢, at), which gener-
ates a plausible observation o;y1. The subsequent state is
then s;11 = s¢ @ (at, 0141). Finally, the reward function
R:S x A — R provides feedback. A key challenge in this
domain is that the reward signal is sparse; it is zero for all in-
termediate steps and non-zero only upon termination, where
R(st, ar) evaluates the final plan’s success.

The overall objective is to find an optimal policy, 7*,

which generates a sequence of actions (ag, a1, ...,ar) that
maximizes the expected cumulative reward:
T
7 = argmaxE ZR(St’at)l (1)
T t=0

Monte Carlo Tree Search

MCTS is a heuristic search algorithm particularly well-
suited for navigating the large decision spaces inherent in
planning problems. The algorithm iteratively builds a search
tree to balance the exploration of new paths with the ex-
ploitation of known promising ones. Each node 7 in the tree
represents a state s, and stores two key statistics: its total
accumulated reward, or value v,,, and its visit count c,,.

A canonical MCTS iteration consists of four steps. The
process begins with a selection phase, where the algorithm
traverses the tree from the root by recursively selecting the
child node 7 of a parent node p that maximizes the Upper
Confidence Bound for Trees (UCT) score:

In(cp)

uct, = % 4 ¢
. .

Ci

2

where C' is an exploration constant. Once a leaf node is
reached, the expansion phase adds a new child node by tak-
ing a valid, unexplored action. From this new node, a simu-
lation (or rollout) is performed, typically using random ac-
tions until a terminal state is reached, to produce an esti-
mated value v. Finally, in the backpropagation phase, this
value is propagated up the tree to the root. For each ancestor
node n; on the path, the statistics are updated as ¢; < ¢; +1
and v; < v; +9. This update process ensures that the knowl-
edge gained from the rollout is distributed to all relevant
parent nodes in the search path. Over many iterations, this
allows the UCT selection policy to become more accurate,
effectively guiding the search towards the most promising
regions of the decision space. Our work adapts this tradi-
tional MCTS framework by replacing its core components
with specialized LLM agents, as detailed in the next section.
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Figure 2: An overview of the SPIRAL framework, where a tri-LLM symbolic architecture drives the MCTS loop. (1) Expan-
sion: The Planner proposes a new action (as) to expand the search from the current state (s2). (2) Simulation & Reflection:
The Simulator provides a grounded observation (o03) for the action, while the Critic generates a strategic reflection score (pref)
evaluating the action’s merit. (3) Backpropagation: A composite reward, calculated using the Critic’s score, is then propagated
up the tree to update node values and intelligently guide future selections.

The SPIRAL Framework

To overcome the limitations of sparse rewards and unguided
exploration, we introduce the SPIRAL framework (Fig-
ure 2). Our approach integrates a multi-agent cognitive ar-
chitecture into MCTS, decomposing planning into special-
ized roles for proposing, grounding, and evaluating actions.
We detail this architecture, the reward shaping mechanism,
and the search algorithm below.

SPIRAL’s Cognitive Architecture

SPIRAL’s design decomposes planning into specialized cog-
nitive roles, efficiently instantiating a Planner, Simulator,
and Critic within a single LLM (Figure 2). This creates a ro-
bust, self-correcting process that leverages in-context learn-
ing, allowing SPIRAL to adapt to new problems without
fine-tuning.

Agent Roles and Functionality

Each agent in SPIRAL’s cognitive architecture is responsible
for a specific function within the MCTS search, correspond-
ing to the roles and prompts outlined in Figure 2.

The Planner (mjjanper). The Planner drives the Expan-
sion phase of the search and acts as the creative strate-
gist. Given the current problem description and the action-
observation history, the Planner’s function is to generate the
next candidate action to expand the search tree. As the ex-
ploration policy of the framework, it is designed to propose
diverse and contextually relevant next steps, providing the
raw material for the search process.

The Simulator (Wgp,). The Simulator functions as a
learned world model to ground the search process during
the Simulation & Reflection phase. When the Planner pro-
poses an action, the Simulator’s role is to predict a plausible,
natural language observation that would result from execut-
ing that action. This grounds the search in realistic conse-
quences, allowing the agent to plan based on the likely out-
comes of its actions rather than operating in a vacuum of
pure reason.

The Critic (Ceritic). The Critic serves as the logical eval-
vator during the Simulation & Reflection phase, provid-
ing dense, strategic feedback. It assesses the strategic merit
of the Planner’s action, producing a quantitative reflection
score, prr. This score is combined with a foundational
heuristic, Rpase, to form a composite reward, ;. This re-
ward is used during backpropagation to guide the search
toward strategically sound plans, directly addressing the
MCTS challenge of sparse rewards. This use of a dense, se-
mantic score for backpropagation aligns with recent work on
using semantic feedback to guide reasoning, e.g., TextGrad
and CodeGrad (Yuksekgonul et al. 2024; Zhang et al. 2025).

Reflection-Driven Reward Shaping

To address sparse rewards, SPIRAL introduces Reflection-
Driven Reward Shaping, generating a dense, semantic-
aware signal R, for use during Backpropagation. Unlike
outcome-based rewards, R; is calculated immediately for
each expanded node as R; = aRpyse(at)+ (1— ) prer, blend-
ing a validity heuristic Rp,s With the Critic’s strategic score
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Table 1: Comparison of agent frameworks. Columns: Tool
Use (TU), Multi-path Exploration (ME), Step-wise Feed-
back (SF), Strategic Reflection (SR), and Dynamic Policy
Update (DU). SPIRAL unifies these capabilities.

Pref Via hyperparameter « € [0, 1]. Crucially, this formula-
tion converts qualitative semantic evaluations into a numer-
ical scalar, allowing the algorithm to directly apply standard
MCTS backpropagation updates to the value (v) and visit
count (c) statistics of ancestor nodes. This guides the search
toward paths that are both valid and strategically sound, sig-
nificantly improving efficiency.

Grounded and Reflective Tree Search

The SPIRAL framework culminates in the Grounded and
Reflective Tree Search algorithm, which integrates the cog-
nitive architecture and the reward shaping mechanism into
the four canonical stages of MCTS. The full process for each
iteration is detailed below.

Selection. The algorithm begins by traversing the existing
search tree from the root. At each level, it recursively selects
the child node that maximizes the Upper Confidence Bound
for Trees (UCT) score (Equation 2), balancing exploitation
of known high-value paths with exploration of less-visited
ones. This process continues until a leaf node ny, is reached,
identifying a promising frontier for expanding the search.

Expansion. Upon reaching a leaf node ny, the Planner
(Tplanner) leverages the accumulated interaction history to
generate a single candidate action ar,. This proposal creates
a new child node, extending the search frontier with a di-
verse and contextually relevant step that logically progresses
the plan.

Simulation & Reflection. This stage replaces the expen-
sive, noisy random rollout of MCTS with a deterministic
one-step lookahead that is grounded and semantically eval-
uated. First, the Simulator Wgm) grounds the action ay, by
generating a realistic observation oy, to form a new state
sr+1. Concurrently, the Critic (Ceiic) performs reflection,
evaluating the action’s strategic merit to produce the reflec-
tive SCore pref-

Backpropagation. This final phase uses Reflection-
Driven Reward Shaping to calculate a composite reward
(Ry) for the new node using the semantic formulation de-
fined earlier. This reward is then backpropagated up the path
to the root, updating the value (v) and visit count (c) of
each ancestor. Propagating a reward based on strategic merit,
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rather than a noisy outcome, makes the tree’s stored values
more reliable indicators of a plan’s intrinsic quality, leading
to a more intelligent and efficient search.

As summarized in Table 1, SPIRAL synthesizes capa-
bilities prior frameworks only partially address, integrating
multi-path exploration with tool use. It uniquely enriches
this search with two forms of dense, internal feedback: step-
wise grounding from the Simulator and strategic guidance
from the Critic. The backpropagation of this reflective feed-
back enables a dynamic policy update at each step, yielding
a more robust, deliberative, and adaptive planner. The com-
plete pseudocode is available in Appendix A.

Experimental Setup

We comprehensively evaluate SPIRAL’s performance, effi-
ciency, and robustness through three main analyses: com-
paring against standard Chain-of-Thought (CoT) baselines,
benchmarking against state-of-the-art agent frameworks,
and conducting a detailed ablation study to validate our de-
sign. Collectively, these experiments are designed to isolate
the impact of our grounded, reflective search mechanism on
both solution quality and computational cost.

Datasets and Tasks

Our evaluation uses two benchmarks for complex, multi-
step tool utilization from the TaskBench suite (Shen et al.
2024): ‘dailylifeapis and ‘huggingface‘. To ensure a robust
and reproducible evaluation, all experiments are conducted
using five fixed random seeds, and we report the mean and
standard deviation across these runs. Appendix C details the
data sampling and pre-processing methodology used in the
experiments.

Implementation and Evaluation

All agents are implemented using a suite of state-of-the-art
models: DeepSeek-V2.5, Llama 3.3 70B, Llama 4 Maver-
ick 17B, Phi 4 14B, and Qwen 2.5 72B. Model interac-
tions were conducted via a dedicated internal research clus-
ter (see Appendix D for details) and orchestrated using the
LangChain library. Our SPIRAL agent uses a Planner tem-
perature of 0.1, an MCTS budget of 50 iterations, an explo-
ration constant C' = 1.5, and a reward shaping hyperparam-
eter « = 0.5. We include a brief sensitivity analysis for key
hyperparameters, such as the MCTS budget and the reward
shaping coefficient «, in Appendix B, which confirms the
robustness of our chosen configuration. The baseline frame-
works, whose capabilities are compared in Table 1, are con-
figured for a strong and fair comparison, with full details
available in our experiment scripts.

Evaluation Metrics. Our primary evaluation metric is
Success Rate, which measures the percentage of tasks cor-
rectly solved. To provide a more nuanced analysis, we report
this metric across three categories: Overall Accuracy, Sim-
ple Task Accuracy on single-step plans, and Complex Task
Accuracy on multi-step plans. To analyze resource costs, we
also report two efficiency metrics: Token Efficiency, defined
as the success rate per 10,000 tokens consumed, and API
Call Efficiency, defined as the success rate per LLM call
made during the planning process.



DailyLifeAPIs HuggingFace
Model Method Simple Acc. (%) Complex Acc. (%) Overall Acc. (%) Simple Acc. (%) Complex Acc. (%) Overall Acc. (%)
DeepSeek-V2.5 CoT (k=1) 85.12 £6.42 59.22 +5.86 66.60 +4.90 93.84 +£0.97 67.92 £1.97 75.77 £1.57
CoT (k=3) 86.04 +£4.09 60.91 £3.83 67.90 £3.87 94.98 +1.35 71.94 +£3.06 79.34 +£2.42
CoT (k=5) 84.81 £2.06 62.41 £5.34 68.83 +4.19 94.44 +1.34 71.16 £1.46 78.61 £1.40
SPIRAL 94.33 +3.95 89.89 +£3.57 91.24 +2.65 98.89 +0.91 95.81 +1.23 96.84 +0.65
Llama 3.3 70B CoT (k=1) 94.97 £1.85 94.68 +2.67 94.87 +1.80 93.10 +0.71 92.18 £1.67 92.48 +1.29
CoT (k=3) 95.26 £1.73 94.82 +1.58 94.88 +1.36 93.85 +1.40 92.29 +1.41 92.79 +1.24
CoT (k=5) 95.54 +3.63 94.06 +2.08 94.38 +1.88 93.77 £0.97 93.75 £0.67 93.75 +0.68
SPIRAL 95.79 +2.44 98.82 +0.82 98.35 +0.83 99.08 +0.90 96.76 +1.25 97.44 +0.89
Llama 4 Maverick 17B  CoT (k=1) 84.43 £6.19 47.59 +4.73 57.95 +5.59 91.81 +£1.15 67.78 +£1.80 76.43 £0.97
CoT (k=3) 87.72 £5.09 50.21 £5.35 60.60 +4.16 91.67 £2.40 66.24 +£1.82 75.65 £1.31
CoT (k=5) 89.21 £3.95 48.86 +6.53 60.00 £5.31 90.88 +2.17 68.34 +0.83 77.09 +0.76
SPIRAL 93.64 +2.96 79.53 +4.44 83.31 +4.11 93.63 +£1.92 92.94 +0.56 93.04 £0.89
Phi 4 14B CoT (k=1) 89.51 £3.34 83.88 +£2.54 85.67 £2.67 95.27 +1.20 90.38 +0.75 92.08 +0.26
CoT (k=3) 89.81 +4.86 85.19 £4.00 86.24 £3.61 96.86 +1.55 90.72 +1.59 92.84 +0.95
CoT (k=5) 91.63 £1.65 84.27 £4.38 86.45 £3.44 97.49 +1.06 91.72 £2.10 93.71 £1.13
SPIRAL 95.48 +3.63 90.53 +2.25 91.57 +£2.44 96.67 +1.83 94.95 +0.82 95.48 +0.86
Qwen 2.5 72B CoT (k=1) 90.45 £4.30 89.25 +£2.10 89.70 £2.03 90.51 £2.33 85.05 £1.85 86.78 £1.58
CoT (k=3) 91.01 £3.33 89.02 £1.80 89.64 +1.14 91.45 +£3.79 86.57 £1.80 88.16 £1.11
CoT (k=5) 92.10 +3.39 88.47 £1.21 89.50 +£1.37 91.50 +2.61 87.09 £2.00 88.47 £1.65
SPIRAL 94.09 +3.94 100.00 +0.00 97.69 +1.23 97.73 +1.06 98.52 +0.49 97.08 +0.54

Table 2: Performance comparison of CoT and our proposed SPIRAL method. We report the mean + standard deviation over
5 runs with fixed seeds. The results for our SPIRAL method are highlighted unless a baseline performs better. Simple Acc.:
Simple Task Accuracy (%), Complex Acc.: Complex Task Accuracy (%), Overall Acc.: Overall Accuracy (%). For CoT, k
refers to the number of self-consistency levels used. Full hyperparameter details for all methods are listed in Appendix B.
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Figure 3: Comparison of average token usage per task across
different models and methods. Our SPIRAL method con-
sistently reduces token costs compared to CoT baselines on
both datasets.

Results and Analysis

This section empirically evaluates SPIRAL through compar-
isons against CoT baselines and state-of-the-art frameworks,
followed by an ablation study. Together, these analyses con-
firm SPIRAL’s robustness in complex planning and validate
the necessity of its cognitive architecture.

Baseline Performance Analysis

We begin by comparing SPIRAL against CoT baselines (Ta-
ble 2), which SPIRAL consistently outperforms, with the
performance gap most pronounced on complex tasks requir-
ing backtracking. For instance, on the DailyLife APIs bench-
mark with Llama 4 Maverick 17B, SPIRAL’s accuracy on
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Dataset: dailylifeapis Dataset: huggingface
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Figure 4: Comparison of average API call usage per task
across different models and methods. SPIRAL requires
more API calls, reflecting its more complex reasoning pro-
cess.

complex tasks (79.53%) is over 29 percentage points higher
than the best CoT variant (50.21% for k=3). This advantage
stems from SPIRAL’s MCTS-based exploration, which nav-
igates conditional logic and recovers from mistakes where
linear CoT plans fail.

Cost-Benefit Analysis. While superior in accuracy, we
also analyze SPIRAL’s operational cost (Figure 3 and Fig-
ure 4). As expected from its deliberative design, SPIRAL
uses more API (LLM) calls than CoT methods. However,
this increased interaction leads to a more focused search,
making it remarkably token-efficient; it consistently con-
sumes fewer total tokens than the more effective CoT base-
lines (k=3 and k=5). This highlights a key trade-off: SPI-
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DailyLifeAPIs HuggingFace
Model Method Simp. Acc. (%) Comp. Acc. (%) Overall Acc. (%) Simp. Acc. (%) Comp. Acc. (%) Overall Acc. (%)
Llama 4 Maverick 17B  ReAct (Yao et al. 2023b) 87.79 +£6.20 51.38 £6.20 61.60 £6.92 94.81 £0.86 70.95 £1.86 79.54 £1.15
RAFA (Liu et al. 2024b) 88.90 +6.76 53.83 £4.83 63.75 £6.24 96.32 £0.73 73.75 £1.88 81.86 +1.28
ReAct+RAFA 90.19 £4.13 54.94 £4.55 64.90 £5.32 97.47 £0.60 75.56 £1.90 83.43 +1.18
LATS (Zhou et al. 2024) 91.48 £5.08 57.93 £3.62 67.39 £4.74 98.28 £0.76 78.60 £1.30 85.67 £0.91
SPIRAL 95.77 £2.94 78.79 £3.50 83.61 +£3.10 99.06 +0.89 88.38 £8.76 92.18 £5.98
Phi 4 14B ReAct (Yao et al. 2023b) 90.13 £2.26 85.12 +2.64 86.67 +£2.58 96.40 +0.67 90.83 £1.07 92.77 £0.77
RAFA (Liu et al. 2024b) 90.13 £2.26 85.36 +2.63 86.84 +2.60 97.26 £1.43 91.81 £1.09 93.70 £0.87
ReAct+RAFA 91.36 £0.66 85.36 +2.63 87.17 +£2.20 97.38 £1.44 92.31 £1.11 94.07 £0.73
LATS (Zhou et al. 2024) 92.61 £2.44 85.82 +2.55 87.84 +2.19 98.74 £0.92 92.94 £1.04 94.96 +0.86
SPIRAL 97.81 £2.20 95.48 +1.98 96.17 £1.61 99.64 +0.33 99.00 £0.26 99.23 +0.09
Qwen 2.5 72B ReAct (Yao et al. 2023b) 94.34 +£4.15 94.86 +£1.49 94.77 £0.74 98.93 +1.03 96.94 +0.69 97.57 £0.55
RAFA (Liu et al. 2024b) 96.20 £3.03 95.57 £2.02 95.78 £1.35 99.60 +£0.61 97.84 £0.57 98.40 £0.51
ReAct+RAFA 96.96 £2.16 96.04 £2.21 96.29 +1.66 99.60 +0.61 98.34 £0.31 98.74 £0.28
LATS (Zhou et al. 2024) 96.96 £2.16 96.26 +1.88 96.46 £1.51 99.60 £0.61 98.59 £0.56 98.92 £0.31
SPIRAL 98.79 +£1.76 100.00 +0.00 99.67 +0.46 99.86 +0.31 99.81 +0.18 99.83 +0.18

Table 3: Cascaded accuracy comparison on Llama 4, Phi 4, and Qwen 2.5. Each method was applied to the failures of a
CoT (k=1) baseline. We report the mean * standard deviation over 5 runs with fixed seeds. The best result for each metric is
highlighted in bold. Simp. Acc.: Simple Task Acc. (%), Comp. Acc.: Complex Task Acc. (%), Overall Acc.: Overall Accuracy
(%). Full hyperparameter details for all methods are listed in Appendix B.
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Figure 5: Token Efficiency of SOTA methods. This plot
shows the final cascaded accuracy achieved per 10,000 to-
kens consumed. A higher value indicates greater efficiency.

RAL’s higher number of targeted calls is a more resource-
effective strategy than generating fewer, but much longer
and often redundant, reasoning paths. While this delibera-
tive search incurs higher wall-clock latency (detailed in Ap-
pendix H), our analysis shows that each API call is used with
greater strategic purpose, leading to the highest accuracy per
interaction (Figure 4).

Comparison with State-of-the-Art Methods

We benchmark SPIRAL against state-of-the-art frameworks,
including ReAct, RAFA, LATS, and Tree of Thoughts
(ToT), on the challenging set of problems where a baseline
CoT agent fails. This cascaded setup rigorously tests each
framework’s advanced problem-solving capabilities. The re-
sults, detailed in Table 3 and Table 4, demonstrate SPIRAL’s
superior performance. For instance, on the DailyLife APIs
dataset using Llama 4 Maverick 17B, SPIRAL achieves an
overall cascaded accuracy of 83.61%, significantly outper-
forming the next-best method, LATS (67.39%), and substan-
tially surpassing ToT ( 61%).
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Figure 6: API Call Efficiency of SOTA methods. This plot
shows the final cascaded accuracy achieved per API call,
measuring the effectiveness of each interaction.

Resource Efficiency. Beyond raw accuracy, SPIRAL
demonstrates superior resource efficiency, achieving the
highest accuracy per token and API call (Figure 5 and Fig-
ure 6). Although SPIRAL uses more API calls than sim-
ple CoT, its guided search ensures each interaction serves a
greater strategic purpose than competing frameworks. This
confirms that SPIRAL’s performance stems from an efficient
cognitive architecture rather than brute force.

Method DailyLifeAPIs (%) HuggingFace (%)
ToT (S=4, B=3, C=2) 60.99 +4.11 82.50 £0.87
ToT (S=5, B=4, C=3) 60.99 +4.87 82.54 £0.58
ToT (S=6, B=5, C=4) 60.83 £4.12 82.21 £1.48
SPIRAL 80.83 £3.48 88.46 £10.03

Table 4: Cascaded accuracy on Llama 4 Maverick 17B us-
ing residual methods. For ToT, configurations are (S=steps,
B=breadth, C=candidates). Best results are in bold.



Model Method DailyLifeAPIs HuggingFace
MCTS (N=15) 87.60 £1.31 89.68 +£1.43
MCTS (N=30) 87.11 +£1.72 89.12 +£0.95
MCTS (N=50) 86.28 £1.71 89.44 +1.03

Llama 3.3 70B w/o Planner 94.71 £1.90 87.48 +£1.42
w/o Simulator 92.89 +1.11 69.48 +3.02
w/o Validator 87.27 +£2.38 90.08 +1.30
w/ Uniform Rewards ~ 88.27 £1.79 89.12 £1.06
SPIRAL 98.35 +0.83 97.44 +0.89
MCTS (N=15) 79.84 £4.66 73.80 £1.39
MCTS (N=30) 79.83 +4.77 73.64 +£1.51
MCTS (N=50) 80.16 £4.21  73.44 £2.85

Llama 4 Maverick 17B  w/o Planner 81.82 £2.41 91.08 +1.46
w/o Simulator 80.99 +4.89 55.28 +2.87
w/o Validator 80.00 +£4.31 75.16 £2.46
w/ Uniform Rewards ~ 79.01 £5.31 74.44 +2.06
SPIRAL 83.30 +4.11 93.04 +0.89

Table 5: Ablation study of SPIRAL components on Llama
3.3 70B and Llama 4. For MCTS baselines, ‘N‘=search iter-
ations. Best results are in bold. Full hyperparameter details
for all methods are listed in Appendix B.

Ablation Study

To validate our design, we conducted an ablation study, sum-
marized in Table 5. The study confirms each component of
the cognitive architecture is critical, with performance de-
grading most when the Simulator and Critic are removed.
Disabling the Simulator (‘w/o Simulator) causes a catas-
trophic drop in accuracy (e.g., from 97.44% to 69.48% on
HuggingFace), underscoring the necessity of a grounded
world model. Similarly, disabling the Critic’s dense feed-
back (‘w/ Uniform Rewards®) significantly impairs perfor-
mance, validating our reflection-driven approach. Removing
the Planner and Validator also results in a noticeable perfor-
mance decrease. Crucially, the SPIRAL framework outper-
forms a well-budgeted standard MCTS baseline, confirming
the synergy between agents is the primary driver of success,
as illustrated by the case studies and failure analysis in Ap-
pendix G.

Related Works

Our work is situated at the confluence of research in LLM
reasoning and autonomous agent architectures. The rapid
growth of this field is captured in several comprehensive sur-
veys on LLMs and autonomous agents (Zhao et al. 2023;
WANG et al. 2024).

Reasoning and Planning with Search

Recent literature has focused on evolving LLM reasoning
from simple linear generation to more robust, structured
problem-solving. Initial breakthroughs in eliciting step-by-
step reasoning via prompting (Wei et al. 2022; Wang et al.
2023c) have been extended by advanced decomposition
strategies that separate planning from execution (Wang et al.
2023b; Zhou et al. 2022; Press et al. 2023). However, the
logical consistency and faithfulness of these generated plans
remains a key challenge (Lanham et al. 2023; Creswell
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and Shanahan 2022; Dhuliawala et al. 2024), motivating
a shift towards formal search algorithms. This is particu-
larly crucial as recent work continues to investigate the spe-
cific failure points of LLMs on long-horizon and classical
planning tasks (Kambhampati et al. 2024). While investi-
gations have highlighted the planning deficiencies of LLMs
(Valmeekam et al. 2023), a dominant theme has been the ap-
plication of tree search to navigate the vast space of possibil-
ities. Frameworks based on deliberate exploration, such as
Tree of Thoughts (Yao et al. 2023a), and specifically MCTS
(Swiechowski et al. 2023; Silver et al. 2017), have become
a cornerstone of modern agent planning (Zhang et al. 2024;
Zhou et al. 2024; Song et al. 2023), often contrasting with
classical formal planning methods (Li et al. 2024). This in-
forms SPIRAL’s choice of an MCTS-driven framework.

Architectures for Autonomous Agents

A major research thrust focuses on architecting LLMs into
autonomous agents. A foundational theme is the move from
static reasoning to dynamic interaction, where agents in-
terleave thought and action to engage with an environment
(Yao et al. 2023b), often specializing in domains like em-
bodied control (Huang et al. 2022; Wang et al. 2023a) or
web navigation (Nakano et al. 2021). The primary mech-
anism for this interaction is the use of external tools and
APIs, a rich ecosystem with foundational work on enabling
models to use tools (Schick et al. 2023; Patil et al. 2024),
the development of tool-specific models (Qin et al. 2023),
and findings that executable code actions improve reliabil-
ity (Wang et al. 2024). For these agents to operate reliably,
they require mechanisms to ground their plans in plausi-
ble reality, using the LLM as a world model (Hao et al.
2023) or employing specialized decoding strategies (Huang
et al. 2023). Furthermore, agents are increasingly designed
for self-correction through feedback, including verbal rein-
forcement (Shinn et al. 2023), iterative refinement (Madaan
et al. 2023), and interactive critiquing (Gou et al. 2023; Liu
et al. 2024b; Zhang and Leach 2025). The growing complex-
ity of these architectures, including multi-agent systems (Wu
et al. 2024; Zhang and Yang 2025; Qian et al. 2024; Cemri
et al. 2025), has also necessitated the creation of compre-
hensive benchmarks for standardized evaluation (Shen et al.
2024; Liu et al. 2024a; Zhou et al. 2023; Yang et al. 2025;
Li et al. 2023; Hendrycks et al. 2021; Jimenez et al. 2024).

Conclusion and Future Work

We introduced SPIRAL, embedding a tri-agent cognitive
architecture (Planner, Critic, Simulator) within MCTS to
unify grounded search with strategic reflection, addressing
the limitations of linear reasoning and sparse rewards. Our
evaluation demonstrates that this synergy of decomposition,
grounding, and reflection substantially outperforms CoT and
SOTA frameworks in accuracy and resource efficiency. Fu-
ture work includes improving search efficiency (e.g., via
pruning or distillation), enabling self-improvement, and ex-
tending the framework to complex domains like robotics. All
artifacts are available at the project repository.!

'https://github.com/TBM/SPIRAL
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