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Abstract

Large Language Models (LLMs) suffer from
reliability issues on complex tasks, as exist-
ing decomposition methods are heuristic and
rely on agent or manual decomposition. This
work introduces a novel, systematic decompo-
sition framework that we call Analysis of
CONstraint-Induced Complexity (ACONIC),
which models the task as a constraint problem
and leverages formal complexity measures to
guide decomposition. On combinatorial (SAT-
Bench) and LLM database querying tasks (Spi-
der), we find that by decomposing the tasks
following the measure of complexity, agent can
perform considerably better.

1 Introduction

Large Language Models (LLMs) have demon-
strated impressive competence across a wide range
of reasoning, programming, and problem-solving
tasks. Yet, when faced with complex tasks that re-
quire deep multi-step reasoning or combinatorial
search, even state-of-the-art models often fail to
produce correct results in a single forward pass.

A growing body of work addresses this limita-
tion through fask decomposition. Instead of solving
a task monolithically, these methods break it into
smaller, more tractable subtasks. One popular line
of work, starting from chain-of-thought (Wei et al.,
2022), is to use LLMs for decomposition (Yao et al.,
2023; Khot et al., 2023; Pourreza and Rafiei, 2023;
Chen et al., 2024). Other methods rely on domain
experts to decompose the task into workflows and
provide access to tools that shoulder parts of the
task (Wang et al., 2024; Singh et al., 2024). We
summarize these methods as the grey path in Fig-
ure 1.

While decomposition seeks to break more com-
plex tasks into workflows of simpler subtasks, ex-
isting approaches are largely heuristic. When is a
task “complex”? How should it be decomposed?
A principled measure of task complexity would
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Figure 1: Given a scheduling task, existing approaches
use heuristic LLM or manual task decomposition meth-
ods (top row). Our framework reduces the task into a
constraint satisfaction problem that allows for a system-
atic decomposition that minimizes the problem com-
plexity (bottom row).

enable systematic decomposition strategies and the
ability to study tasks of comparable difficulty, and
provide guidance on when tools are needed.

In this paper, we introduce a formal complexity
framework for LLM tasks by reducing them into
constraint satisfaction problems (specifically, 3-
SAT). We use properties of the induced constraint
graph (graph size and treewidth) as measures of
task complexity. Building on these measures, we
propose a decomposition method based on (Bod-
laender, 1998) that minimizes subtask complexity
under this formalization, yielding decompositions
that preserve global satisfiability while maximizing
local solvability. Along the purple path in Figure 1,
we first reduce the task—modeled as a context that
describes a set of constraints and a query that must
reason over the constraints—into a formal con-
straint satisfiability problem. We then decompose
the constraint problem and construct a workflow
over the subtasks defined for each subproblem.

We use SAT-BENCH (Wei et al., 2025) and the
NL2SQL SPIDER (Yu et al., 2019) benchmark to
study this framework. We find that the task mea-
sures define frontiers of difficulty that separate
tasks easily solvable by LLMs from those that



are nearly impossible without structural assistance.
In addition, complexity-guided decomposition im-
proves completion on SATBench and outperforms
Tree-of-Thoughts on Spider by 3-8 accuracy points
across difficulty levels.

2 Method

At a high level, we find that a class of agent tasks
that admit constraint formulations can be reduced
to constraint satisfaction problems (CSPs), such
that solving the CSP is equivalent to solving the
original task. This formulation makes explicit the
dependency structure among task variables, which
allows us to leverage tree decomposition from con-
straint processing theory to decompose complex
tasks into smaller, weakly coupled subproblems
that can be reasoned about locally and composed
consistently.

2.1 Reduction to Constraint Satisfaction

We model a class of agent tasks as instances of
constraint satisfaction problems (CSPs). A CSP
is defined by a tuple C = (X, D, R), where X is
a finite set of variables, D assigns each variable
a finite domain, and R is a set of constraints over
subsets of variables.

Within this framework, the state of the agent is
a (partial) assignment to variables in X, and an
action corresponds to proposing or updating values
for a subset of variables, or acquiring information
that refines the constraints. The agent’s objective
is to construct a complete assignment that satisfies
all constraints in R.

We illustrate this abstraction using a simple meet-
ing scheduling example.

Motivation Example — Meeting Scheduling.

Alice needs to meet with Bob and Charlie separately
and asks an agent to schedule both meetings. The
system records show:

e Alice: ["Alice is available at morning in
office r", "Alice is available in the
afternoon at office t"]

e Bob: ["Bob is available in the afternoon
at office t"]

e Charlie: ["Charlie is available at morning
in office r", "Charlie is available in the
afternoon at office t"]

Task. How should the agent compose the invitation
emails to Alice-Bob and Alice—Charlie?

In this example, resolving conflicts is non-trivial
because assignments for one meeting constrain the
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Figure 2: CSP graph (and its tree decomposition) for
Meeting Scheduling example. Constructed based on
CSP representation in appendix E

feasible choices for the other. For instance, choos-
ing a time for Alice and Charlie may invalidate the
only feasible option for Alice and Bob.
We introduce Boolean variables a:l(,t’e) indicating
whether person p attends location £ at time ¢. Let
‘P denote the set of participants, 7 time slots, and
L locations. For each person p, let A, C T x L
denote feasible slots, and for each pair (p, p) let
Fpp = Ap N .Ap/.

The goal is to select exactly one feasible meeting
slot for each desired pair 4 g and F4 ¢, and to
ensure that no one attend two meetings simultane-
ously. This leads to a set of constraints over the
variables {Q:g’é)} (As demonstrated in appendix E).

The agent must produce a valid initiation of the
variables X that satisfies all the constraints. Our
objective is to find a problem decomposition strat-
egy that provide the agent with observations over a
subset of the problem.

2.2 Tree Decomposition for Agent Tasks

As illustrated in 2, the CSP induces a constraint
graph G = (X, E), where variables are nodes and
an edge connects two variables if they co-occur in
some constraint. It provides a structural abstrac-
tion of the task, capturing which task variables are
mutually dependent through constraints. This rep-
resentation allows us to reason about task structure
independently of concrete values, and motivates
decomposition strategies that group tightly coupled
variables into localized subproblems. We there-
fore explore how tree decomposition (Bodlaender,



1998) of this graph can be used to organize and
simplify agent reasoning.

Tree decomposition maps G into a tree of bags
D = (T,{B;}), where each bag B; C X satisfies:

 Every constraint is contained in some bag.

* For any variable z, the set of bags containing
x forms a connected subtree.

Following these properties, tree decomposition
ensures that if each bag enforces local consistency
on its induced constraints, then these local solutions
can be merged into a global satisfying assignment
as long as shared variables agree along the tree.

Among all tree decompositions D = (T, {B;})
of G, there exists an optimal decomposition D* &
argminp max; |B;|. The corresponding mini-
mum possible maximum bag size, b*(G) :=
minp max; | B;|, induces the treewidth of G as
tw(G) = b*(G) — 1. We use this quantity to char-
acterize the intrinsic structural complexity of the
underlying constraint problem: smaller tw(G) im-
plies that the task can be decomposed into smaller,
more weakly-coupled subproblems.

We exploit this structure to decompose reasoning
into minimal, locally consistent subtasks. Each bag
corresponds to a subproblem over a small variable
set. The agent observes and reasons following the
subproblems, while keeping consistency over in-
tersections and ensuring global satisfiability. This
leads to a principled decomposition strategy whose
complexity is governed by the intrinsic treewidth
of the task.

3 Experiments

We now evaluate our framework against chain-of-
thought decomposition (Wei et al., 2022) and Tree
of Thoughts (Yao et al., 2023) on two datasets:
SAT-based story problems (SAT-bench) and natural
language to SQL (Spider).

3.1 SAT-Bench

SAT-Bench (Wei et al., 2025) uses (i) an underlying
SAT problem to construct (ii) a natural-language
story describing the same constraints, and (iii) an
alignment from story entities to their SAT represen-
tations. Instead of asking the LLM for an immedi-
ate satisfiability judgment, we prompt it to produce
value assignments step-by-step to ensure a com-
plete understanding of the assignment process. In
this process, the agent’s state is a partial assignment
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Figure 3: Our complexity measures define frontiers of
difficulty. SOTA models like Claude shifts the bound-
aries towards the right, while ACONIC’s decomposition
consistently pushes the frontiers towards more complex
problems.

to SAT variables, and progress corresponds to ex-
tending this assignment while maintaining consis-
tency with the underlying constraints. Concretely,
we treat the SAT-Bench CNF as a Boolean CSP,
where the goal is to find an assignment that satis-
fies all clauses.

At each round of variable assignment, the agent
is provided with the story, the variable to SAT map-
ping rules, and a set of observations. We tested
agent with two different configurations of observa-
tions. In the chain-of-thought baseline, the agent
observes all condition observations. In the tree-
decomposition setup, the agent instead observes
all conditions belonging to the same subproblem
induced by the decomposition.

We evaluated Llama-3-70B on all tasks and
Claude3.5-Sonnet on half the tasks (randomly sam-
pled). Figure 3 plots the success/failure of each
task by its complexity measures, and exhibits fron-
tiers of difficulty beyond which tasks are too dif-
ficult or too simple. For the baseline, there ap-
pears to be a fixed “total task complexity” evi-
denced by the trade-off between problem treewidth
and number of bags (left column). In contrast,
ACONIC decomposition pushes the frontier outward
and is able to successfully complete more complex
tasks. Overall, ACONIC increases the task comple-
tion rate from 49.3% — 58.1% using Claude, and
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Figure 4: Instead of giving the full database schema and
NL query g to an agent, ACONIC decomposes the NL task
into two subtasks, each given a subset of the database
schema, ¢, and the output of the previous subtask if any.

21.5% — 36.5% using LLaMA—a 9 — 15% im-
provement on both models.

3.2 Natural Language to SQL

Natural language to SQL (NL2SQL) tasks translate
a natural language query over a database into a de-
sired SQL query. A major challenge is constructing
the join condition to connect tables referenced in
the query. For example, the schema in Figure 4 con-
tains 4 tables about singers and concerts. Although
the NL query only refers to singers and concerts,
the LLM needs to infer that singer_in_concert
is needed for a valid join path.

The complexities of both the query (the num-
ber of tables referenced) and the database schema
(number of tables and their foreign key graph) af-
fect the agent’s ability to construct queries with the
appropriate join graphs. In addition, database the-
ory (Gottlob et al., 2001) already models a database
as a constraint graph (tables are nodes, and foreign
keys are edges) and a query as a subgraph; this
representation has also been used for NL2SQL
approaches (Wang et al., 2019). Thus, we use
NL2SQL to study decomposition.

We use the popular Spider NL2SQL benchmark
dataset (Yu et al., 2019). It contains hundreds
of databases, each containing up to 37 tables, 90
foreign keys, and potentially over 100 columns.
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Figure 5: Accuracy performance of Tree of Thought
(ToT) and ACONIC (Ours) on Spider EASY, MEDIUM,
HARD, and EXTRA tasks

Each task consists of a database schema S, the
natural language (NL) query ¢, and a ground-truth
SQL query ¢*. The original benchmark submits
(S, q) to the LLM, which can result in incorrect
or invalid join conditions. Given the tables refer-
enced in ¢, ACONIC decomposes the schema into
subgraphs with minimized maximal complexities
and constructs a workflow (grey arrows). For in-
stance, the first subtask gives the agent ¢ and the
schemas for subgraph singer-singer_concert
(red arrow), and asks it to construct the appropriate
WITH clause. The next subtask does the same with
the second subgraph ( ), but is also
provided the output from the previous subtask. A
verification agent cleans up minor errors to build
the final SQL query.

4 Conclusions

ACONIC is a principled framework for decompos-
ing complex LLM tasks by reducing them to con-
straint satisfaction problems and quantifying com-
plexity via treewidth. Unlike heuristic methods,
ACONIC minimizes local complexity while preserv-
ing global satisfiability. Across SATBench and
Spider, this yielded frontiers of task difficulty
that define LLM reasoning limits. Complexity-
based decomposition improved completion rates
by up to 15% on SAT-bench. On Spider datasets,
the accuracy was increased over ToT by up to 7.5
points (and +5.4 points overall). These results sug-
gest a path towards theoretically grounded, reliable
multi-step LLM systems. Figure 5 reports Spider
accuracy for ACONIC and Tree-of-Thoughts (ToT).
Across different difficulty levels, ACONIC consis-
tently outperforms ToT by 3.6-7.5 accuracy points,
with an overall gain of +5.4 points (50.68% —
56.09%).



5 Limitations

ACONIC provides a principled framework to ana-
lyze and reduce task complexity, but it does not
yet constitute a fully autonomous decomposition
or reasoning system. It is also not intended to be a
complete solution for general task decomposition,
but rather as a theoretical and empirical examina-
tion of how constraint-induced complexity affects
the problem-solving ability of LLMs.

Our focus has been on evaluating how
complexity-guided decomposition impacts perfor-
mance relative to heuristic baselines such as chain-
of-thought prompting, rather than on direct compar-
ison with other theoretically grounded or learning-
based decomposition frameworks. For this rea-
son, we also do not claim that our final decompo-
sition system is superior to existing solutions to
the benchmark tasks. For instance, SAT-bench can
be directly solved using a constraint solver. Simi-
larly, the NL2SQL tasks can be readily solved using
simple path-finding algorithms over the database
schema.

The tasks that we evaluated can be conveniently
modeled as constraint satisfiability problems. Al-
though many other practical problems, such as
deadlock detection in databases, resource schedul-
ing in operating systems, task placement in dis-
tributed systems, and control/data-flow construc-
tion in agentic programming, can be formulated as
constraint satisfiability problems, they often can-
not be logically represented completely, either due
to question ambiguity, lack of transparency of the
agent actions, or fuzzy contextual information. In
these cases, future work might study hybrid decom-
position approaches that mix logical and common-
sense constraints in a task.
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A Appendix: SAT-Bench Transformation
Details

In this appendix, we provide a detailed explana-
tion of how we perform the formal reduction and
experimental setup for the SAT-Bench benchmark.

A.1 Notation and Inputs
A SAT-Bench instance provides:

e A CNF over Boolean variables V =
{v1,...,v,} with clauses ® = {C1,...,Cp},

where each clause with variable vars(C;) =

{ij1,. - yijk; ) and Cj = (\/fsz1 ¢;,) and each

literal 4; , € {v;, v;}.

* A natural-language story () and an alignment
map ¢ from story entities/conditions to SAT lit-
erals or short CNF fragments (as specified by
SAT-Bench).

A.2 CSP Encoding of SAT Clauses

We build a CSP instance R = (X, D, C) as fol-
lows. X = {x1,...,2,} (one variable per SAT
variable v;) with domain of each variable being
D,, ={0,1}

For each clause C; = (V¥ 4;,), let
vars(Cj) = {i;1,. .-, } be the indices of vari-
ables appearing in C; (ignoring polarity). De-
fine the literal evaluation map for an assignment
t; of all possible combinations in the domain D
(t; € D"ars(cf)) to be with all local assignments
to variables vars(Cj) so that clause Cj is satis-
fied. Therefore the constraint over the variables
would be T'; with all valid t;. Each T thus de-
fines an |vars(C})|-ary constraint relation over the
variables appearing in C}.

We encode the variable V' to CSP variables
with initiation of 0 (False) and the clauses C; =

(\/kJ:1 Ejyr) with literal £;,. € {v,, ~v,} as clause-

T
wise constraint T'; including all the literals in C;.

A.3 Tree Decomposition on the Induced CSP
Graph

We represent each CSP variable as a node in the
graph. For every constraint (clause) C; defined
over the variable set vars(C}), we connect all vari-
ables in vars(C}) with edges, thereby forming a
clique of size |vars(C})|. The resulting undirected
graph captures the variable—constraint dependen-
cies of the SAT instance.

To analyze structural complexity, we perform
tree decomposition on this graph, which partitions

the variable set into overlapping subgraphs (bags)
while minimizing the size of the largest bag. The
minimum achievable largest bag size minus one
corresponds to the graph’s treewidth, which we
use as a key measure of problem complexity and
locality in constraint reasoning (Bodlaender, 1998)
in chart 6a, 6b, 6¢, 3d

In our implementation, we compute the tree de-
composition using SageMath, which provides ef-
ficient heuristics (e.g., minimum fill-in) and exact
solvers for treewidth minimization.

A4 Experiment Workflow

Algorithm 1 SAT-Bench Workflow

1: Input: NL story , CNF clauses ¢, mapping
(0
Build CSP:
X < variables in ¢
for each clause C in ® do
Tco < all satisfying assignments of vari-
ables in C'
6: end for
7: Build constraint graph:
8
9

: for each clause C' in ¢ do

: connect variables in C' in graph
10: end for
11: Tree decomposition:

12: Bags < tree_decompose(graph)

13: Agent interaction:

14: State <— empty assignment

15: while not solved and budget not exceeded do
16:  if CoT /ToT / DaC then

17: Obs <« (current violation, all clauses
in ®)

18:  else if ACONIC then

19: Violated < clauses violated under
State

20: Bag < bag containing variables of
Violated

21: Obs < (current violation, clauses in-
side Bag)

22:  end if

23:  Action «+ LLM(State, @, v, Obs)
24:  State <— update assignment(Action)
25: end while

26: Return final assignment

We detail here the experimental setup for both
the baseline Chain-of-Thought (CoT) decompo-
sition and the proposed ACONIC method. The
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agent interacts with the environment over multi-
ple rounds, progressively constructing a variable
assignment.

At each round, the agent is provided with:

* the natural-language query @,
* the variable-to-literal mapping v,

* the current violation status (i.e., whether any
clause in ® is unsatisfied under the current partial
assignment), and

e a set of observations, which differ (and is
the only difference) between the baseline and
ACONIC configurations.

Baseline with full observation. In the Chain-of-
Thought baseline, the agent receives the complete
observation set, including all conditions (clauses)
in the instance. This corresponds to a global rea-
soning setup in which the agent has full visibility
of the constraint space.

ACONIC (Decomposed Observation). In the
ACONIC configuration, the agent receives only the
subset of conditions relevant to its current focus.
Specifically, when a clause is violated, the system
identifies the bag in the tree decomposition that
contains the variables of the violated clause, and
provides the agent with all conditions (clauses) as-
sociated with that bag.

Agents are required to provide a set of value
assignment to the variables according to the obser-
vations, violation status, query, and the mapping .
The process ends until all the variables are properly
set such that no violation is caused, or a maximum
interaction budget is reached.

A.5 Implementation

We implement SAT-Bench experiment as a
Terminal-Bench task (Team, 2025) to ensure re-
producibility and comparability between agents.

B Appendix: Spider database
decomposition details

B.1 Notation and Inputs

The Spider benchmark (Yu et al., 2019) provides
a large-scale collection of natural language (NL)
queries paired with their corresponding database
schemas, gold-standard SQL queries, and exam-
ple data. In our experiments, we use only the NL
query and the associated schema as inputs to the
framework, the gold SQL and data are reserved for
evaluation.

For queries involving multiple tables, we model
the join operations as a constraint satisfaction prob-
lem (CSP) defined over the Cartesian product of the
participating tables. Each attribute join condition
introduces a binary constraint between the respec-
tive table variables, and the feasible assignments
correspond to tuples that jointly satisfy all join and
filter predicates.

B.2 CSP Encoding of Tables and Joins

For the NL-to-SQL task, we model relational
queries as constraint satisfaction problems (CSPs)
defined over database tables. Each table in the
schema is represented as a CSP variable, and its
domain corresponds to the power set of all possible
tuple combinations within that table:

X; = Table;, D; = 2Tuples(Tablei).
Hence, a value assignment to X; specifies a subset
of rows (tuples) selected from that table under the
query conditions.

For a join operation between two tables T, and
T}, the feasible results can be expressed as a subset
of the Cartesian product of their tuple domains:

Da,b - Da X Db’

where each pair of tuples (¢, t;) is retained if and
only if it satisfies the join predicate (e.g., matching
primary—foreign key attributes, SQL defined join
rules).

In this formulation, the NL query is modeled
as a set of semantic pairwise constraints over ta-
bles and attributes. Each join, filter, or projection
condition introduces a logical constraint between
variable assignments. Unary constraints are applied
to represent filtering conditions on individual tables
(e.g., WHERE clauses). Thus, solving the CSP corre-
sponds to finding a consistent set of table subsets
that jointly satisfy all query semantics implied by
the NL input.

B.3 Tree Decomposition on the Induced CSP
Graph

As the core structural analysis step in ACONIC, we
perform tree decomposition on the CSP graph in-
duced by the relational constraints. The procedure
is analogous to that used for the SAT-Bench experi-
ments.

We construct a constraint graph where each node
corresponds to a table variable, and an undirected



edge is added between two nodes if there is a For-
eign Key constraint represented in the schema.

We then apply the tree decomposition algorithm
that minimizes the maximum bag size to obtain
a decomposition with minimal treewidth. The re-
sulting tree structure defines a set of subproblems
(bags), each representing a locally consistent sub-
set of tables and constraints. As in the SAT-Bench
setup, we use the SageMath package to compute
tree decompositions, leveraging its built-in heuris-
tics (e.g., minimum fill-in) and exact solvers for
treewidth minimization.

B.4 Experiment Workflow

We compare the baseline Tree-of-Thought (ToT)
heuristic decomposition method with the proposed
ACONIC framework on the NL2SQL task. In both
settings, the agent interacts with the environment
over multiple rounds, constructing the final SQL

query.

Algorithm 2 Spider Workflow

Input: NL query NLQ, database schema S
Build CSP:

X < tablesin S
Build constraint graph (foreign keys only):
for each foreign key constraint do

connect corresponding tables in graph

end for
Tree decomposition:

Bags < tree_decompose(graph)
Agent interaction:

CTEs < empty list

R e A A R e

_
N =22

: while unresolved tables remain do

13:  if ToT then

14: Obs « (current SQL, full schema S

15:  else if ACONIC then

16: Target < tables referenced in NLQ

17: Bag < bag containing unresolved Tar-
get tables

18: Obs < (CTEs, schema restricted to
Bag)

19:  end if

20:  Fragment <— LLM(NLQ, Obs, Schema S)

21:  append Fragment to CTEs

22: end while

23: LLM merging:

24: SQL —
LLM_based_merge_and_resolve(CTEs)

25: Return final SQL

At each round, the agent is provided with:

* the natural-language query (NLQ),

* the database schema (whose visibility differs be-
tween the baseline and ACONIC setups), and

* the current intermediate assignment or generated
SQL fragment.

Baseline (Full Schema). In the ToT baseline,
the agent receives the entire database schema at
once and is asked to generate the complete SQL
query that satisfies the NLQ. This configuration
represents global reasoning over the full relational
structure, without any decomposition or locality
constraints.

ACONIC (Decomposed Schema). In the ACONIC
setup, the agent begins by identifying the farget ta-
ble(s) relevant to the NLQ. This step allows ACONIC
to eliminate irrelevant tables from the constraint
graph, thereby reducing search space and improv-
ing reasoning focus. Given the current query con-
text, the system retrieves the corresponding bag in
the tree decomposition that contains the undeter-
mined tables. The agent is then provided with the
local schema of this bag and is asked to generate
a Common Table Expression (CTE) that retrieves
the subset of data relevant to the NLQ from these
tables.

In subsequent rounds, the agent is prompted
again with:

* the original NLQ,

* the current decomposed schema (limited to the
active bag and its boundary variables), and

* the CTEs generated from previous rounds.

This iterative process continues until all relevant
tables have been resolved.

Finally, a verification agent aggregates and re-
fines the partial results, merging the generated
CTEs, resolving dependencies, and applying any
remaining filters or ordering conditions to produce
the final executable SQL statement.

B.5 Implementation

We implement Spider experiment as a Terminal-
Bench (Team, 2025) task to ensure reproducibility
and comparability between agents.


https://www.sagemath.org/

C Additional Analysis: Cost Evaluation

To assess more different methods and the to-
ken costs, we randomly selected tasks from SAT-
Bench covering the joint distribution of treewidth
and bag count induced by tree decomposition
and tested with Chain of Thought (CoT), Di-
vide and Conquer (DaC), Tree of Thoughts (ToT),
and ACONIC(Ours). Specifically, we uniformly
sample problem instances across discrete bins of
(tw(G), |T'|), where tw(G) denotes the treewidth
of the constraint graph and | 7’| the number of bags
in the corresponding decomposition. This ensures
that the evaluation set is not biased toward either
very simple or very complex structural regimes.

Table 1 reports the aggregate accuracy and av-
erage token usage of each method under this sam-
pling scheme.

Method Accuracy Avg. Tokens
CoT 21.95% 24,179
DaC 21.95% 129,201
ToT 26.82% 209,976
ACONIC  29.27% 19,247

Table 1: Performance under random structural coverage
across all treewidth and bag-count distributions.

ACONIC achieves the highest accuracy while
using fewer tokens than all baselines. This suggests
that explicitly exploiting structural decompositions
yields both effectiveness and efficiency benefits
when reasoning over constraint-based tasks.

We also observe that Divide-and-Conquer (DaC)
performs comparably to chain-of-thought in accu-
racy but incurs substantially higher token cost. This
behavior is consistent with the nature of SAT and
Spider tasks, which require maintaining and prop-
agating multiple dependent variable assignments
across steps. In such settings, naively decomposing
the task into independent subquestions can lead to
excessive context expansion without a correspond-
ing gain in correctness.

Overall, these results support the view that
structure-aware decomposition guided by the un-
derlying constraint graph is better aligned with
tasks characterized by strong variable dependen-
cies, whereas generic divide-and-conquer strategies
are less effective when subproblems are not weakly
coupled.
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Figure 6: Task difficulty frontiers for LLaMA under
CoT, ACONIC, and ToT on SAT-Bench. Each subplot
shows success rate distribution based on problem com-
plexity.

D Additional Analysis: Tree of Thoughts

We include results for Tree of Thoughts (ToT) on
SAT-Bench (See figure 6. Under our ToT config-
uration, ToT solves 34.8% of tasks, compared to
CoT’s 21.5% and ACONIC’s 36.5%.

Method CoT

21.5%

ToT  ACONIC
348%  36.5%

Success Rate

Table 2: SAT-Bench success rate comparison across
reasoning methods.

We follow the implementation in the original
paper (Yao et al., 2023). The search procedure is
parameterized by: (i) maximum depth T=5, i.e.,
the search tree expands for at most 5 levels; (ii)
branching factor b=3, i.e., each node proposes 3
candidate thoughts; and (iii) frontier size k=5, i.e.,
we keep the top 5 candidates at each depth as the
frontier for further expansion.

E Boolean Encoding and SAT-to-CSP
Reduction (Meeting Scheduling
Example)

We provide the mechanical steps that instantiate the
meeting scheduling example as a Boolean formula
and then as a CSP.

Variables and domains. Let P denote the set
of participants, 7 the set of time slots, and £ the



set of locations. For each person p € P and slot
(t,£) € T x L, introduce a Boolean variable

29 € {0,1},

where azg’g) = 1 indicates that p attends slot (¢, ¢).
For each person p, let A, C T x L be the feasible
availability pairs extracted from the system record.
For each desired meeting pair (p, p’), define the
pairwise feasible set

./—"p7p/ = .Ap N .Ap/.

Boolean formulation of constraints. Define

meeting indicators for a pair (p, p'):

M(t l) . :

280 (t,0)
P’ Lp /\xp’ )

The task constraints consist of: (i) Exactly-one fea-
sible meeting slot for each desired pair, and (ii) No
simultaneous meetings for a person. Concretely,

A

(pJ)’)E{(A,B),(A,C)}

EO({M5) | (1.0) € Fyp})

(D
2

)

where EO denotes Exactly One.

SAT (CNF) representation. Let &
{C1,...,C),} denote the resulting CNF clauses,
where each clause is a disjunction of literals
over Boolean atoms (e.g., 371(, 4 (t.6) ). The
meeting scheduling instance is satisfiable iff there
exists an assignment to all involved Boolean atoms

that satisfies every clause in .

AN - (MAB/\Mgc)
(0)

or 7Tp

Reduction to CSP. Given P, we construct a CSP
R = (X, D,C) as follows.

Variables. X contains one CSP variable for each
Boolean atom appearing in ®. For notational sim-
plicity, we reuse the same symbol for the CSP vari-
able (e.g., m(t Z))

Domains. Each variable is Boolean with domain

D, = {0,1}.

Constraints. For each CNF clause C; with vari-
able set vars(Cj) C X, we introduce T; where
T; contains exactly those local assignments to
vars(Cj) that satisfy clause Cj. Letting C
{T1,..., Ty}, an assignment satisfies the CSP
iff it satisfies all clause relations.

10

Equivalence. By construction, any satisfying as-
signment of the CNF formula ¢ induces a satisfy-
ing assignment of C, and any satisfying assignment
of C satisfies every clause in ®. Therefore, solv-
ing the resulting CSP is equivalent to solving the
original meeting scheduling instance.
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