STATe-of-Thoughts: Structured Action Templates for
Tree-of-Thoughts!

Zachary Bamberger'*  Till R. Saenger?*  Gilad Morad?
Ofra Amir! Brandon M. Stewart?  Amir Feder?

'Technion — Israel Institute of Technology  ?Princeton University
3Independent  *Hebrew University of Jerusalem

*Equal contribution

February 16, 2026

Abstract

Inference-Time-Compute (ITC) methods like Best-of-N and Tree-of-Thoughts are meant
to produce output candidates that are both high-quality and diverse, but their use of high-
temperature sampling often fails to achieve meaningful output diversity. Moreover, existing
ITC methods offer limited control over how to perform reasoning, which in turn limits their
explainability. We present STATe-of-Thoughts (STATe), an interpretable ITC method that
searches over high-level reasoning patterns. STATe replaces stochastic sampling with discrete
and interpretable textual interventions: a controller selects actions encoding high-level reasoning
choices; a generator produces reasoning steps conditioned on those choices; and an evaluator
scores candidates to guide search. This structured approach yields three main advantages. First,
action-guided textual interventions produce greater response diversity than temperature-based
sampling. Second, in a case study on argument generation, STATe’s explicit action sequences
capture interpretable features that are highly predictive of output quality. Third, estimating
the association between performance and action choices allows us to identify promising yet
unexplored regions of the action space and steer generation directly toward them. Together,
these results establish STATe as a practical framework for generating high-quality, diverse, and
interpretable text. Our framework is available at state-of-thoughts.

1 Introduction

Many applications of LLMs require more than generating high-quality responses: they need systematic
and interpretable control over how text is produced [42] 35, 87]. For example, in subjective tasks
like persuasive writing, researchers vary the rhetorical structure and content themes of arguments
to study the features that drive belief change [102] 28, 29, 87, [88], [43], 20]. Similarly, in creative
writing, researchers are concerned with generating diverse yet high-quality outputs that satisfy the
preferences of the audience [26] 64, 115, [122]. In both settings, the challenge is to produce text that
varies systematically along dimensions of interest while maintaining coherence and quality.

ITC methods address part of this challenge by allocating additional compute for LLM reasoning
[114] 60, [75] 22| [’1] and for producing multiple candidate responses [11} 99, 112 [16] [T03]. Tree-based
methods [0, 46, 45] like Tree of Thoughts (ToT by Yao et al. [I17]) further enhance quality by
branching on intermediate thoughts and pruning less-promising reasoning trajectories. However,

"The work described in this manuscript is subject to a pending patent application.
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Figure 1: STATe for argument generation. Tasked with generating persuasive arguments in
favor of banning single-use plastics, STATe’s workflow involves the following steps: (1) Define action
templates that control output features of interest, such as structural prefixes and content themes.
(2) Generate outputs via tree search (Grey nodes indicate pruned branches; the rightmost path
illustrates early stopping after a single step). (3) Evaluate outputs on a downstream metric, and
study associations between action choices and performance.

these methods rely primarily on temperature-based sampling for diversity, which yields limited
meaningful variation [122], 53]. Moreover, since ITC methods sample at the token-level, decisions
about what to say and how to say it remain implicit in the decoding process [72]. As a result, they
provide limited control over which high-level decisions are explored and limited insight into which
decision patterns drive success or failure.

To induce interpretable yet diverse sampling, we prepend diverse prefixes to each LLM completion.
Specifically, we define discrete action templates that encode high-level reasoning choices (such as
which rhetorical structure to employ, which content theme to develop, or which writing operation
to perform). We use intervention-based sampling to build STATe-of-Thoughts (STATe), an
inference-time compute framework that searches over sequences of high-level reasoning actions.
STATe’s controller selects which actions to explore at each reasoning step, and then its generator
produces reasoning steps conditioned on the selected actionsE An evaluator scores both intermediate
and final states to guide beam search [6l [46]. We illustrate STATe’s complete three-step workflow in
Figure [1| through the lens of argument generation.

We compare STATe to existing ITC methods in both creative writing and argument generation.
On NoveltyBench [122] (Section, we found that STATe produces up to twice as many semantically
distinct outputs as the best baseline across seven LLMs from three model families (Qwen3 [116],
Nemotron-3 [74], and Ministral-3 [67], Section [5.1). In our case study on argument generation
(Section , we found that sequential action features are highly predictive of argument quality
on held-out data (Section , and that model-guided trajectory selection allows for generating

!Unlike latent interventions [3] 32) @], interventions in STATe are explicit text prefixes and thus directly auditable.



high-quality outputs from promising yet unexplored regions of the action space (Section [5.2.2). Our
contributions, therefore, are the following:

1. A controllable and interpretable ITC framework based on explicit action-space search.
2. A mechanism for diverse generation which outperforms high-temperature sampling.

3. An attribution framework that uses action traces to predict output quality, identify promising
unexplored regions of the action space, and steer generation toward them.

2 Background

2.1 Inference-Time Compute

The conventional approach to using LLMs involves direct input-to-output generation, where a model
maps an input sequence x directly to an output sequence y: Gy /O(x) — y. While effective for many
tasks, this approach exhibits limited robustness to common failure modes such as hallucinations
[94] [78, [95], sycophancy [91], and other biases [52] [77]. These limitations are compounded in tasks
that require complex reasoning or multi-step solutions [114, O7]. Building on the intuition that
human reasoning benefits from more “time to think” [54], Inference-Time-Compute methods provide
LLMs with additional “reasoning” tokens (reasoning depth [97, [75] 81] 73]@, and permit parallel
reasoning attempts (reasoning breadth [111 [99] 112l 16} 103]).

Chain-of-Thought (CoT) reasoning [114] [60] scales depth by enabling models to generate interme-
diate reasoning steps before arriving at a final answer. Formally, we define CoT as Geor(x) — Z, v,
where Z represents the chain of reasoning steps and y the final answer. CoT enhances performance
on complex reasoning tasks [97, 22| [75], and models specifically optimized for reasoning demonstrate
even greater improvements [75, 22] [63]. However, standard CoT implementations remain brittle:
errors can propagate through the reasoning chain, and there is no principled mechanism to revisit
decisions or explore alternative strategies.

Rather than scaling depth, Best-of-n methods [11, Q9] scale breadth by generating n independent
candidate outputs and selecting the best according to some scoring criterion. This enhances
robustness by reducing the impact of individual generation failuresE] Self-Consistency [112, 16,
103] addresses CoT’s brittleness by sampling multiple CoT reasoning paths and selecting the
most consistent answer through majority voting. When sampling more than one completion from
an LLM, we refer to this operation as branching [117]. Formally, we express branching as a
single operation that produces multiple complete reasoning chains with their associated answers:
Geor(z;n,temp) — {(Z1,yY),...,(Z",y™)}, where each ZJ represents a complete reasoning chain
and 1/ is its corresponding final answer. Best-of-N methods, typically branch only at the initial
reasoning step, affording limited control over which intermediate choices are explored. Moreover,
inducing diversity across branches through high-temperature sampling often yields homogeneous
outputs or degrades quality [72] 53, 122].

2.2 Tree of Thoughts

Tree of Thoughts (ToT) [I17] combines both strategies: scaling depth through multi-step reasoning
(improving reasoning quality) and scaling breadth through branching at intermediate points (enhanc-
ing robustness). ToT reframes generation as search over a tree of partial reasoning steps, enabling
branching at multiple intermediate points, evaluation of progress, and pruning of unpromising paths.

*Reasoning effort for LLMs manifests as more output tokens [S1].
3Generation failures include LLM refusals, exceeding the context limit, or parsing errors over LLM outputs.



Each node represents a state s; := [z, z1,..., 2] = [z, ZZ]H capturing a partial solution with the
input and reasoning steps so far. A leaf node s44; represents a complete solution [z, Z4, y] where y
is the final answer and d is the predefined maximum reasoning depth. Formally, when sampling n
thoughts at step ¢ with language model py:

po(2i) = po(zi | ©, Zi—1;n, temp),
{zil, coy 2}~ pa(zi).

where Z;_1 = [21,...,2i_1] represents the reasoning steps so far.

ToT provides enhanced robustness through two key mechanisms. First, intermediate evaluation
and pruning identify and eliminate unproductive branches early, preventing error propagation.
Second, systematic exploration of different trajectories increases the likelihood of discovering valid
solutions even when some branches failE| To evaluate intermediate and final reasoning steps, ToT
methods use LLM-as-a-Judge [123] 65]. Process Reward Models (PRMs) [117, [66, [110], which score
intermediate reasoning, are defined as V(Z; | ) — [0, 1] where i < d. Outcome Reward Models
(ORMs) [123] 57, 58], are defined as V(y | =) — [0, 1].

Traditional ToT implementations face two primary limitations. First, despite sampling at high
temperatures to promote diversity, branches tend to cluster around similar content with only minor
variations [117) 45 53] 122]. Second, ToT implementations lack adaptive termination mechanisms,
executing for a predetermined number of steps regardless of reasoning progress, leading either to
overthinking after convergence [73, [5I] or to premature termination.

3 Methods

STATe extends ToT [117, [0, 46] with three methodological contributions that improve both output
diversity and controllability while retaining quality. First, STATe replaces stochastic temperature
sampling with discrete action templates that diversify branches in tree search. This allows each
branch to explore fundamentally different reasoning strategies from its neighbors. Second, STATe
supports both verifiable [63] and task-specific LLM-as-a-Judge evaluators to reliably score and select
among diverse candidates. Combining both diverse generation and a reliable evaluator (for rejection
sampling) helps mitigate the quality-diversity trade-off [72]. Third, STATe tracks actions along a
trajectory, which enables systematic analysis of which textual features and reasoning patterns drive
performance. This kind of analysis allows researchers to study associations between controllable,
concept-level interventions and downstream outcomes [41], [1].

3.1 Tree of Thoughts Components

STATe instantiates ToT as a modular Plan — Generate — Evaluate — Select loop (Figure [2). At
each layer i, STATe starts with a list of states, each of the form s; = [z, Z;]. The controller selects
n interventions for each state in the frontier. The generator then produces completions that extend
each of these interventions. Finally, the evaluator scores the resulting trajectories, and retains the
top-k states for the next layer (beam selection). We present the full process in Algorithm

4For ease of notation, we denote the reasoning steps z1, ...,z by Zi, but treat s; as a flat vector of inputs (),
reasoning steps (z1, ..., 2;), and optionally final outputs (y), not a nested vector.

SFor example, the model may fail to create a valid generation due to a refusal, exceeding the context limit, or
failing to adhere to a structured output schema.
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Figure 2: Stylized example of STATe’s Plan— Generate—Evaluate—Select loop. The controller
plans which actions to explore, the generator expands candidate trajectories, the evaluator scores
them, and beam selection retains the top-k states.

3.1.1 Controller

We treat each action as a tool call. Selecting an action corresponds to choosing a tool name from a
fixed set of action templates (Appendix[D)) and providing values for the tool’s arguments (if any). We
discuss how to design action templates for new problems in Appendix Each argument in a tool
has a finite domain, which naturally encodes structured action-space dimensions. In our argument
generation example (Figure , the actions encode structure and content dimensions, per Wachsmuth
et al. [109]. Executing the tool returns a structured intervention, i.e., a prefix and internal reasoning
guidanceﬁ that is injected into the next generation step (see Table . This mirrors the iterative
tool-use paradigm in ReAct [II8], with two key differences: (i) we allow branching by selecting
multiple tools per input state, and (ii) our tools are lightweight prefix interventions rather than
external capabilities such as retrieval or code execution.

Given a parent state s;—1 = [z, Z;_1] representing the input and reasoning so far, the controller
must choose up to n actions from the action space A to explore in parallel branches[] Formally, we
define the controller output as:

{aj,...,a}} = C(si1, A,n) (1)

Implicitly, the controller implements a scoring function Q(s;—1,a;) that estimates the value of
taking action a; from state s;_1, so we can formalize action selection as:

{a},...,a?} = arg max ZQ(si_l,ai) (2)

ACA|[AJ=n =

We implement two kinds of controllers: one that uses a generative LLM to produce tool calls
(Appendix [B.1.1), and another that uses a reranker LLM [I21] to pick among all possible tool

SWhen an action combines multiple dimensions (e.g., both a structure choice and a content choice), only one
dimension can introduce a prefix, since the prefix sets the beginning of the next reasoning step. However, all dimensions
can contribute to the internal reasoning guidance (by concatenating claims like “I should ...” or “I will ...”").

"Branches from parent nodes lead to children nodes as described in Algorithm



calls (Appendix . Additionally, we introduce early stopping. If the controller determines that
reasoning is sufficient, it can select a dedicated FINISH action, allowing the state to proceed directly
to final answer generation. This is represented in our controller as an additional tool that takes
no arguments. If selected, we pre-fill the next generation with delimiters signifying the end of the
reasoning process and the beginning of the answer generation process. This mechanism helps prevent
“overthinking” where additional steps become degenerate after the model has effectively converged
[69, 85, 100} 5T, [73].

3.1.2 Generator

Once the controller selects the next actions {a}, ...,al} for a given parent state s;,_1, we generate

n

reasoning steps for its children conditioned on these interventions. For each action a € {a},... a"},

we “execute” the corresponding tool to obtain text guidance ag (), typically consisting of internal
reasoning to guide the next step and a prefiz fixing the beginning of the next step. We append these
to the LLM’s assistant message as a prefill (see Table |1| for examples). Formally, given the parent
state s;_1 = [x, Z;_1], where Z;_1 = [21, ..., z;_1] represents the reasoning steps so far, we sample a

continuation zf for each action a? as:

sz ~ py(z | x,prefill(Zi_l,a?());temp) [:stop_token] (3)

The prefill operation ensures that the model’s generation begins with the intervention text, biasing
the direction of reasoning along the desired dimension. Each generated thought z! is combined
with the current state to create a child state 3{ = [si_l,zg | that can be expanded further. We
determine when to stop a generation through stop tokens: </step> if generating a reasoning step,
and </answer> if generating a final answer.

Once the maximum reasoning depth d is reached or the controller selects the FINISH action,
STATe reaches the synthesis step that transforms these traces into cohesive final outputs. This step
conditions on the input z and the complete reasoning trace Z;_;, generating a final output v/ that

integrates the intermediate claims into a coherent whole:
y) ~ poly | x, prefill(Z;_,); temp) [: stop_token] (4)

We define four synthesis modes that vary in how strictly the output preserves the intermediate
reasoning. Strict synthesis concatenates reasoning steps verbatim with minimal connectives. Faithful
synthesis permits rephrasing while preserving order and structure. Restructured synthesis allows free
reorganization using the trace as source material. Conclusion synthesis treats the trace as internal
guidance only, with no constraints on the final output. The choice of synthesis mode reflects a
trade-off between action attribution and output quality; full specifications appear in Appendix [E-3]

3.1.3 Evaluator

After generating child states from each parent, we evaluate their quality using either score-based
LLM-as-a-Judge models [123] 57, 58, [13], [68], or verifiable rewards [63], 39, [104]. We employ two
types of evaluators corresponding to the two types of states in our search tree.

For intermediate states s; where i < d, we use a Process Reward Model (PRM) defined as
Vera(si) =V (Z;|x) — [0,1]. The PRM scores the reasoning chain based on its current coherence
(backward compatibility) and projected final answer quality (forward compatibility), enabling early
pruning of unpromising paths. On the other hand, for complete solution states s; = [z, Z;_1,y]
(where ¢ < d) we use an Outcome Reward Model (ORM) defined as Vora(si) := V(y|z) — [0, 1].
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Table 1: Illustrative interventions for argument generation example in favor of single-use plastics
ban. Templates are in black, internal reasoning in teal, prefixes in blue, and the

in orange. Each column shows the generation state at different stages: first step (single claim),
intermediate (multiple claims), and final (complete reasoning with answer delimiter). The action
space used here is presented in Appendix

This scores the quality of the final answer, considering task-specific criteria such as instruction
adherence, persuasiveness, coherence, and stylistic appropriateness.

We support three evaluator implementations: a generative LLM-as-a-Judge which scores can-
didates against a rubric (Appendix , a re-ranker [I121] LLM-as-a-Judge, which assigns latent
relevance scores for candidates (Appendix [B.2.2)), and a deterministic verifier [63] (Appendix [B.2.3).

3.2 Beam Search Algorithm

We present the complete STATe-of-Thoughts beam search in Algorithm The algorithm initializes
with the input z and iteratively expands states through controller-guided interventions. The
algorithm terminates when all states have produced final answers or their trajectory has been
pruned, at which point the highest-scoring final states according to the ORM are returned. Each
of STATe’s componentsﬂ, the Generator (G), Controller (C'), PRM (Vpgrar), and ORM (Vorwm),
include dedicated prompts, which we present in Appendix [E] Notably, the synthesis type used to
generate final outputs is included in the system prompt of G (Appendix .

8 Algorithm [1|is simplified relative to our implementation. In practice, we parallelize LLM calls from the Controller,
Generator, and Evaluator across all nodes in a layer with vLLM [61].

9STATe’s components correspond to DSPy [56] Modules, which convert Signatures (input/output and instruction
specifications) and inputs to prompts (via Adapters), call the LLM, and parse the response according to the signature.



Algorithm 1 STATe-Beam-Search(z, G, C, Vprm, VorMm, A, 1, k, d, temp)

Require: Problem input z, generator (g, controller C', process evaluator Vpgry, outcome evaluator
VorM, action space A, branching factor n, beam width k£, maximum depth d, temperature temp

1: Initialize Ly < {z} > Initial layer with just the input
2: Initialize F' < () > Collection of final states with answers
3: fori=1tod+1do

4 L« > Candidate states for layer 7
5: for each state s;_1 € L;_1 do

6 if i=d+ 1 then > Final layer: force termination
7 {a}} + {FINISH}

8 else

9 {a},...,a"} < C(si—1,.A,n) > Controller selects up to n actions
10: end if '

11: for each action a] do

12: if a/ is FINISH then

13: Y/ ~ G(s;_1,prefill(Z; 1, ag()); temp)[: stop_token)] > Generate response
14: i+ [si-1,1] > Create final state
15: F «— FU{s;} > Add to collection of final states
16: else

17: zzj ~ G(sj—1,prefill(Z;_q, ag()); temp)[: stop_token] > Generate thought
18: Si < [8i—1, zg ] > Append thought to existing state
19: L« LiU{s;} > Add to next layer’s candidates
20: end if
21: end for
22: end for

23: if L) = () then > All branches terminated via early stopping
24: break

25: end if

26: Score all candidates: vs, «— Vprm(si) for all s; € L

27: L; + arg MAX [, 1/ |L|=min(k,|L’]) ZSiGL Vs, > Select top-k states for layer i
28: end for

29: Score all final states: vs < Vorm(s) for all s € F

30: return arg maxgcp vs > Return highest-scoring final state

3.3 Attributing Outcomes to Controller Actions

A key advantage of STATe-of-Thoughts is its ability to attribute differences in outcomes to specific
controller actions. As each branch in the reasoning tree is associated with a logged sequence of
actions, we can analyze which actions lead to higher-quality outputs. However, estimating the causal
effect of action choices on output quality is complicated by the sequential nature of decision-making.
Actions are selected and executed conditional on prior actions of a given trace, confounding simple
correlation-based analysis. Hence, for now, we focus on association rather than causation, aiming to
identify action patterns that consistently correlate with better or worse outcomes.



3.3.1 Problem Formulation

Let 7 = (a1,as2,...,ay,,y) denote a complete action trace leading to the final output y. We are
interested in predicting final output quality Y from these action trajectories. One central question
this allows us to explore is whether the sequential structure of actions matters beyond their mere
presence. If ordering is unimportant, a simple “bag-of-actions” representation suffices. This is
analogous to what a topic model could capture about argument composition [87]. However, if the
timing of an action affects outcomes (e.g., starting with a concession versus ending with one), then
sequential features that encode positions and transitions should explain additional variance in Y
and allow for better predictions.

3.3.2 Presence-Based Model (Bag-of-Actions)

The presence-based model represents each trajectory using binary indicators for whether each action
type appeared anywhere in 7:

Lo(1) = (5)

1 if action type a appears in 7
0 otherwise

This produces a feature vector xPresence ¢ {0, 1}‘“‘”_1 that ignores the order and frequency of
actions. We fit a linear model:

Y:i =« + Xfresenceﬁ _|_ 61' (6)

The coefficient 8 captures the average difference in outcome quality when action a is present
versus absent, relative to the reference category and controlling for other actions. This kind of model
serves as a baseline representing what could be learned from action composition alone, without
information on action order.

3.3.3 Sequential Model

The sequential model extends beyond the presence-based representation with features that capture
the sequential ordering of actions. We consider two core feature types:

Position Features For each action a, we create indicators for a occurring at each reasoning step

position:

(7)

1o 1(7) 1 if action a occurs at step k
k = .
“ 0 otherwise

This captures whether an action’s effect depends on when it occurs, for instance, whether deploying
action a early versus late in the trajectory produces different outcomes.

Transition Features We create indicators for action sequences between consecutive steps:
k—k+1/ .\ _
1a:>>a/ (T) - la,ki(T) : 1a’,k:+1 (7-) (8)

This captures sequential patterns: the extent to which action a followed by action a’ affects outcomes.
In principle, longer n-gram transitions or other complicated interactions could be included, but we
focus on bi-grams for tractability.



The sequential model combines these feature types in Xzs-equerltial such that:
Y;' _ Xjequentialﬁ NP (9)

When the action space contains multiple dimensions (e.g., both what to say and how to say it),
additional feature types arise, including cross-dimension interactions at each step. We describe our
specific experiment instantiation in Section 4.2]

3.3.4 Model Comparison via Regularized Regression

The sequential model contains substantially more features than the presence-based model, creating
a risk of overfitting and numeric instability. Moreover, because the controller and evaluator may
focus on a subset of the action space, some features or feature combinations may be irrelevant. We
address these issues using LASSO regression [106], which performs automatic feature selection by
driving irrelevant coefficients to zero:

N
Z . 1 sequential 5\2
B = argming {2N > (=g + al (10)
1=

This allows us to identify relevant action patterns while controlling model complexity. In practice,
one might want to design broad action spaces that capture many possible strategies, then explore
how these actions affect perceived argument quality for different target audiences. When it is unclear
a priori which actions or sequences will be associated with differences in outcomes, this approach

allows data-driven selection of the most relevant patterns.

4 Experiments

We evaluate STATe in two complementary settings that probe its capacity for diversity, interpretabil-
ity, and controllability. First, we compare STATe to existing ITC methods on NoveltyBench [122]
to test whether structured interventions can induce semantic diversity without degrading quality
(Section . Next, in our Argument Quality experiment, we test whether STATe’s interpretable
action sequences provide sufficient signal to predict the quality of persuasive arguments. We further
evaluate whether learned associations can guide controllable targeted generation toward promising
regions of the action space (Section .

4.1 Generating Diverse Responses

NoveltyBench [122] measures whether methods can increase diversity without collapsing quality.
The curated set includes 100 prompts across four categories: randomness (e.g., “Roll a make-believe
20-sided die”), factual knowledge with underspecified queries (e.g., “List a capital city in Africa”),
creative writing (e.g., “Write a short story about a time traveler”), and subjectivity (e.g., “What’s
the best car to get in 20237”). For each prompt, models generate 10 responses, which are then
partitioned into functional equivalence classes using a fine-tuned DeBERTa-v3-large classifier [47]
trained on 1,000 human-annotated pairs. Two generations are considered functionally equivalent if a
user who has seen one would gain little additional value from seeing the other. Mean Distinct counts
the number of unique equivalence classes across the 10 generations, quantifying semantic diversity@

We compare the diversity of outputs from best-of-n (with I/O and CoT prompting) against
ToT [6, [46] and STATe, using open-source models from three families: Qwen3 [116], Nemotron-3

ONoveltyBench also includes a Mean Utility metric, which we include in Appendix

10



[74], and Ministral-3 [67]. When using STATe, we utilize a Qwen3-8B-Reranker [121] for both a
Re-Ranker Controller (Appendix and a Re-Ranker Evaluator (Appendix E We use
depth-1 trees with wide branching (n = 10, £ = 10), which produces a single reasoning step and then
a final answer in each candidate trajectory. Each configuration is repeated across 10 random seeds to
measure variance from sampling randomness. We also include baselines that explicitly expose action
spaces in prompts (as input fields of DSPy signatures [50]) to isolate the benefit of controller-guided
interventions from simply providing additional task structure. As NoveltyBench includes only a
single “test” split, we perform initial experiments on a “train” subset of 10 examples to refine our
system and its prompts and report results on the remaining 90 examples.

Notably, this study examines the diversity of branching operations as a function of (1) whether
we use a ToT template, and (2) whether we include the action space as an input, and (3) whether the
controller interventions guide generations. Diversity as a function of tree depth is outside the scope
of this experiment. STATe’s internal evaluator does not affect search or final candidate selection
in this configuration (all 10 outputs are returned). The action space we use here combines two
dimensions with 5 choices each, yielding 25 possible action combinations per step (Appendix .
The first dimension, personality traits, follows the Big Five model [40]. The second dimension,
target audience, specifies the demographic age to appeal to. Fach action provides internal reasoning
guidance (Section that steers generation toward the specified persona or audience. We sweep
three temperature regimes per model: low, medium, and high.|E|

4.2 Argument Quality

We also evaluate STATe on argument generation, using the single-use plastic ban proposition
introduced in Figures [1| and [2, This setting provides a convenient testing ground for analyzing how
different action choices affect GPT-5-mini’s [96] perception of an argument’s quality. Argument
generation is particularly well-suited for attribution analysis because each action (selecting what
claim to develop or how to structure it) can manifest directly and sequentially in the final output. The
resulting argument generally comprises the generated parts in the order they were produced, creating
a clear association from controller decisions to output features. We use strict synthesis, faithful
synthesis, and restructured synthesis (Section in this experiment. Following Wachsmuth et al.
[108], we operationalize content interventions as stock-topics to discuss, and structure interventions
as discourse-relations to use [82 [113]. We define ten dimensions each for the content and structure
action spaces, giving us a total of 100 action choices at each branching point. The full action space
templates are provided in Appendix [D.2]

We use STATe with Qwen3-30B-A3B-Instruct to generate 5,000 arguments in favor of banning
single-use plastic per synthesis method. Specifically, we use STATe trees with depth 3 and beam
width 250, yielding 250 unique trajectories and corresponding final arguments per tree. We generate
20 such trees initialized with different random seeds to achieve multiple, different realizations of
some overlapping trajectories, rather than a single tree with a very large beam width. To measure
argument quality, we prompt our LLM-judge to evaluate 50,000 random pairwise comparisons per
argument collection, indicating which argument it finds more effective. We then fit a Bradley-Terry
(BT) model [9] to these judgments and use the resulting standardized ranks as the outcome variable
Y in our regression analyses.

We split the dataset into training (60%) and test (40%) sets for model fitting and evaluation. We

"1n our experiments, STATe uses 2 GPUs, since we load the generative model on one, and the reranker model on
the other. However, when STATe uses a generative evaluator, it requires only a single GPU.

127 € {0.5,0.7,1.0} for most models; T € {0.1,0.3,0.5} for Ministral-3, which Mistral recommends using with lower
temperatures.
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instantiate the sequential model (M2) with two action dimensions: structure (discourse-relations)
and content (topical focus). For this multi-dimensional setting, we consider three feature types:
1. Position per dimension features: whether a particular structure or content choice at step
k affects quality.

2. Within-step interactions: whether specific structure-content pairings at each position are
particularly effective.

3. Within-dimension transitions: whether sequential patterns within each dimension (e.g.,
contrastive — causal structure, or feasibility — risk & consequences) affect outcomes.

We restrict transitions to length two and to within-dimension pairs for interpretability and to prevent
extremely sparse features. For the presence-based models (Mla—c), we use ordinary least squares
regression. For the sequential model (M2), we use LASSO, with the regularization parameter «
selected via line search and 10-fold cross-validation on the training set, to handle the larger and
sparser feature space. Note that the features of M2 can linearly replicate all presence-based features
used in Mla—c; that is, M2 has access to a strict superset of the M1 feature space. Bootstrap
resampling (1,000 iterations) provides 95% confidence intervals for test-set R? values. We report an
ablation controlling for argument length in Appendix

5 Results

5.1 Structured Textual Interventions Improve Diversity

STATe consistently achieves the highest diversity (Mean Distinct) across all model families and
temperature regimes. Our results, depicted in Table [2 (and more comprehensively in Appendix
Table , demonstrate that action-guided interventions outperform temperature-based stochastic
sampling for inducing semantic diversity. For Qwen3-30B-A3B-Instruct at the recommended temper-
ature (7' = 0.7), STATe produces 5.02 £ 0.09 distinct generations out of 9, compared to 3.36 + 0.12
for the next-best method (Baseline CoT with Action Space) and just 2.44 4+ 0.07 for standard CoT.
In Appendix we show that STATe’s wins on diversity generalize not only across model sizes, but
also across model families. Notably, simply exposing the action space in prompts (“I/O w/ Action
Space” and “CoT w/ Action Space”) provides moderate diversity improvements over vanilla baselines,
confirming that explicit diversity dimensions help, but controller-guided selection is necessary to
fully realize the benefit.

Method T=0.5 T=0.7 T=1.0
D U D U D U

I/0 1.48£0.03 2.28+0.03 1.67+£0.04 2.45+0.05 2.01+0.05 2.64+0.04
CoT 2.15+£0.07  2.65+0.07 2.44+0.07 2.85+0.07 2.8+0.08 3.07£0.06
I/O w/ Action Space  1.744+0.05  2.23+£0.05 2.01+0.05 2.41+0.07 2.44+0.07 2.71+0.04
CoT w/ Action Space 3.07+£0.11  3.15+0.06 3.36 £0.12 3.28+0.1 3.74£0.09 3.49+0.11
ToT 2.51+0.09 2.87+0.05 2.81£0.08 3.07+0.06 3.16 £0.12 3.32+0.08
ToT w/ Action Space 3.16+0.08 3.29+0.05 3.25+0.08 3.36 £0.07 3.61+0.1 3.61+0.11
STATe of Thoughts 4.87+0.1 3.77+0.12 5.02+£0.09 3.83+0.11 5.39+0.11 4.01+0.11

Table 2: NoveltyBench diversity (D) and utility (U) for Qwen3-30B-A3B across ITC methods and
temperatures (T). We report mean+std over 10 seeds. See Appendix for additional results.

The diversity gains from STATe generally benefit the utility metric that NoveltyBench measures
(Appendix[C.1.1)). Table[2shows that at temperature T = 0.7 Qwen3-30B, STATe achieves 3.83+0.11
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Mean Utility versus 3.36 4 0.07 for ToT with Action Space, indicating that the additional diversity
does not degrade quality. In Appendix we show that STATe’s wins in utility on Qwen3-30B
generalize to 3 of 5 models as WGHH Despite the two outliers, the general trend is clear: STATe
achieves superior diversity—utility trade-offs across model families, temperatures, and model scales,
validating the hypothesis that discrete action-space search enables controllable exploration without
sacrificing output quality.

5.2 Action Sequences Help Predict Argument Quality

5.2.1 Predictability

We apply the attribution framework from Section to the argument generation trajectories
described in Section Figure [3| compares the baselines based on presence (Mla-c) with the
sequential model (M2) in three synthesis settings.

(A) Cross-Validation Performance (B) Test Set Performance
(Intervals show observed range) (95% ClI)
B M1a (Structure) 0.6 { EEE Mia (Structure)
0.6 | mmm M1b (Content) EEm M1b (Content)
W Milc (Both) W Milc (Both)

M2 (Sequential) M2 (Sequential)

Strict Faithful Restructured Strict Faithful Restructured
Synthesis Type Synthesis Type

Figure 3: Predictability of argument quality from controller actions. (A) Cross-validation R? across
model variants: Mla (structure presence only), M1b (content presence only), M1c (both), and M2
(full sequential model with position effects and transitions). (B) Held-out test set performance with
95% bootstrap confidence intervals. The sequential model consistently outperforms presence-based
baselines, with the largest absolute predictability under strict synthesis.

Across all synthesis modes, the sequential model (M2) substantially outperforms the presence-
based baseline (Mla-c): gains range from +25% (faithful) to +88% (restructured) relative improve-
ment in R? on the test set. This demonstrates that the timing and order of actions matter beyond
simply the presence of actions. In other words, the temporal structure of controller decisions carries
predictive information about output quality. The full comparison, including confidence intervals and
feature counts, is shown in Table [5] of Appendix [C:2]

Further, the results reveal a clear predictability gradient across synthesis modes. Under strict
synthesis, where the final argument should preserve exact wording from reasoning steps, the sequential
model (M2) achieves R? = 0.57 on test data; the controller’s action choices strongly predict argument
quality as judged by pairwise comparisonsﬂ Under faithful synthesis, which permits light rephrasing,
predictability decreases to R? = 0.38. Under restructured synthesis, which allows free reorganization,

13The two models where STATe didn’t achieve the highest diversity were Qwen3-4B and Nemotron-3-30B, where
Baseline CoT w/ Action Space outperformed STATe by a low margin (as little as 0.01-0.12). See Appendix for
additional discussion on this.

14We removed 6 of the 5000 strict synthesis arguments that were exact duplicates of other arguments in the dataset.
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predictability is R? = 0.37. The more faithful the argument is to the reasoning steps that precede it,
the better the predictability based on action features.

5.2.2 Targeted Trajectory Exploration

The attribution analysis establishes that M2’s sequential features explain significant variance in
argument quality. A natural extension is testing whether these estimates generalize beyond the
observed feature combinations. M2 was trained on ~5,000 arguments per synthesis type, but the
full trajectory space contains 100% = 1,000,000 possible 3-step sequences, the vast majority of which
are unobserved. If M2’s learned coeflicients generalize, we can use them to identify promising
unexplored regions of the trajectory space and generate targeted arguments with those features.
This corresponds to the final step of our proposed workflow in Figure[I} using attribution estimates
to guide targeted generation. Using M2’s fitted coefficients, we score all possible trajectories and
rank them by predicted quality. We select the top 50 trajectories per synthesis type, all of which
were never observed in the training data, and use STATe’s forced controller mechanismlﬂ to generate
arguments following each trajectory exactly. For each trajectory, we generate 5 samples, yielding
250 targeted arguments per synthesis type.

We evaluate these targeted arguments against three baselines that test different aspects of M2’s
contribution. First, the Random baseline samples trajectories uniformly from the unobserved
trajectory space; if M2’s selection provides no value, targeted arguments should perform at chance
(50%) against random exploration. Second, the M1b (Topic Presence) baseline tests whether
simply knowing which content topics correlate with quality is sufficient. This emulates what a
simpler topic modelling approach might discover: which topics matter, but without M2’s sequential
and structural information [87, B6]. Specifically, we identify the top-3 topics based on the M1b
model and filter for trajectories that contain only these topics, then sample randomly from this
filtered set. Third, the Original Top 5% baseline compares targeted arguments against the best
5% of arguments from the original pairwise evaluation (by BT score), testing whether M2-guided
generation can match or exceed the quality of the best observed arguments.

Argument length correlates strongly with performance in this setting, as detailed in the ablation
in Appendix In particular, the original top 5% arguments tend to be disproportionately long,
creating a confounder that would affect any direct comparison [27]. We construct length-matched
evaluation sets using greedy pairing of arguments of similar length. |E| This yields balanced datasets
ranging from 172 to 438 arguments, depending on synthesis type and baseline. We evaluate these
datasets by running 5,000 random pairwise comparisons within each and calculating new BT scores.

Table [3] shows that targeted arguments substantially outperform both the random baseline
(77-81% win rate) and the topic-presence baseline (64—77% win rate) across synthesis types. This
confirms that M2’s trajectory rankings identify genuinely promising regions of the action space, more
so than a simpler topic-based approach might do. Against the original top 5%, targeted arguments
remain competitive (19-52% win rate), substantially exceeding the win rate of less than 5% that
we would expect if M2’s rankings failed to generalize beyond the observed samples. Here too, the
familiar predictability gradient emerges: strict synthesis shows the strongest performance, while
restructured synthesis exhibits greater variability. We also report the share of targeted arguments
among the top-10 and top-100 of the performance-ranked, length-matched datasets. This highlights

50Qur implementation allows for forcing controller choices rather than using the controller module to choose the
next action. For details, please refer to the repository.

18For each targeted argument, we find the closest-length baseline argument within +5 characters, using each baseline
argument at most once. This effectively leaves us with the intersection of the length histograms shown in Figures [I0}

@ and@
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Baseline Synthesis N  Comparisons Win (T) Top-10 Top-100

Random Strict 310 5000 77.8% 9/10  78/100
M1b (Topic Presence) Strict 342 5000 67.6% 7/10  66/100
Original Top 5% Strict 242 5000  51.7%  6/10  54/100
Random Faithful 408 5000 81.2% 9/10  87/100
M1b (Topic Presence) Faithful 398 5000 77.3% 9/10  81/100
Original Top 5% Faithful 172 5000 39.6% 7/10  38/100
Random Restructured 438 5000 77.4% 9/10  80/100
M1b (Topic Presence) Restructured 428 5000 63.5% 6/10  68/100
Original Top 5% Restructured 186 5000 19.3% 2/10  23/100

Table 3: Targeted Trajectory Exploration: Evaluating new, targeted vs. new baseline explorations.
N is the total number of arguments in the length-matched dataset (balanced: N/2 targeted, N/2
baseline). Comparisons count is the number of random pairwise comparisons evaluated. Win (T) is
the share of comparisons between targeted and baseline arguments that the targeted argument won.
Top-10 and Top-100 counts show the number of targeted arguments in the top-n arguments of the
length-matched dataset when sorting by Bradley-Terry score based on the pairwise comparisons.

that when the goal is to find the very best arguments, M2-guided trajectory selection offers a
promising approach.

6 Discussion

We developed STATe-of-Thoughts (STATe) as a controllable inference-time compute framework that
makes step-level decisions explicit and auditable. On NoveltyBench, STATe produces substantially
higher semantic diversity while maintaining good output quality, demonstrating that intervention-
based branching can yield diverse candidates without the typical quality degradation associated with
high-temperature sampling. Further, STATe enables using ITC as a tool to explore what makes
open-ended writing effective or ineffective. In argument generation, we show that action sequences
(not just action presence) help predict downstream judgments, and that preserving a tighter coupling
between actions and final outputs improves predictability. Crucially, we also show that these learned
associations can be operationalized: by scoring and targeting previously unseen trajectories, STATe
can systematically explore under-visited regions of the controllable feature space and surface strong
candidates, rather than repeatedly sampling near-duplicates. Taken together, these results position
STATe as a practical method to (1) generate diverse yet high-quality texts, (2) understand which
writing strategies drive quality, and (3) discover and target promising new strategies.

7 Limitations

STATe relies on prefilling text prefixes to implement intervention-based branching. As a result,
the method is currently only straightforward to deploy with open-source models, which are still
less capable than cutting-edge closed-source models. In addition, our analysis of action—outcome
relationships is observational: while we find that action sequences are predictive of downstream
judgments and that targeted, previously unseen trajectories can perform well, we do not make causal
claims about how any particular action choice affects the final text or the downstream outcome. Our
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current setup violates sequential ignorability, as we choose actions conditional on existing reasoning.

A second limitation is rigidity in the action and prefix design. In our implementation, each action
is realized by a fixed textual prefix, but many interventions admit multiple natural surface forms
(e.g., synonymous discourse markers for “causal reasoning” include “Because”, “Therefore”, and “As a
result”). Representing these variants naively would require expanding the action space substantially,
while many actions would share identical definitions. Moreover, some prefixes are well-formed as
mid-document transitions but can sound unnatural as the first step of an answer (e.g., “Therefore”
or “However”), which can create stylistic artifacts unless one conditions the action space on position
or introduces context-aware prefix variants. These issues point to a broader limitation: action spaces
require careful, task-specific engineering, and the best granularity of actions (coarse vs. fine) may
vary across domains.

Relatedly, the synthesis step that converts reasoning traces into final outputs introduces a trade-
off between control and quality. Strict synthesis preserves a tight coupling between action sequences
and output text, enabling high predictability in the argument quality experiment, but potentially
producing stilted prose that mechanically concatenates reasoning steps. More flexible synthesis
modes allow the model to smooth transitions and improve eloquence, but this freedom attenuates the
mapping from actions to output properties. This trade-off has practical implications: when the goal
is to study how specific rhetorical choices affect perceived quality, stricter synthesis provides cleaner
attribution, whereas producing high-quality arguments for deployment may favor more flexible
synthesis despite reduced interpretability. Moreover, our synthesis modes do not always behave as
intended. Under strict synthesis, outputs are typically simple concatenations of reasoning steps, but
occasionally the synthesis step adds concluding sentences, producing unexpectedly longer arguments.
This elaboration behavior becomes increasingly common under faithful synthesis, causing the observed
bimodality. Under restructured synthesis, elaboration is the default behavior. Task-specific tuning
of synthesis prompts and more explicit length control would likely improve consistency.

Additionally, our current approach to generating multiple realizations of the same trajectory
relies on random seeds and achieves only limited diversity. Future work could introduce variation at
the tree level, such as including personas |79, 80| in the input or using different language models, to
enable better estimation of trajectory-level effects.

Finally, our framework makes several scope assumptions. STATe currently focuses on single-turn,
multi-step generation and does not explicitly model multi-turn conversational dynamics. E| We also
treat actions as textual interventions and do not support general tool calling beyond what is encoded
in the action templates; integrating retrieval (for additional diversity) and tool-based verification
(e.g., for numerical or algorithmic claims) could improve both generation and evaluation.

8 Future Work

The associations we identify between controller actions and output performance (Section as well
as STATe’s ability to balance diversity and quality (Section [5.1)) suggest several promising directions
for future research.

Causal inference for sequential action choices: Our current attribution analysis is focused
on associations and predictability rather than causal claims. A natural extension is to formalize
action sequences as sequential treatments, where at each depth ¢ € 1,...,d the controller selects
a; conditional on previous actions (a;,...,a;—1) and current state (s;). This framework is directly

1"We do not support tool calls and tool call outputs as conversation turns, instead opting to directly include them
as part of the thinking process of assistant messages.
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related to marginal structural models and sequential ignorability [49, [48]. In this framework, g-
computation or inverse probability weighting could estimate the per-step causal effects of a; on the
quality of the final output [48]. Mediation analysis [I07] could further distinguish whether an action
affects the outcome directly or through its influence on subsequent action choices. Crucially, because
STATe’s controller can randomize action selections at each step, it enables experimental designs
that eliminate the need for sequential ignorability assumptions.

Human evaluation and behavioral outcomes: Our argument evaluation currently relies on
GPT-5-mini as a scalable judge (Section [4.2). Although LLM-as-judge offers repeated access to
stable preferences and is broadly correlated with human judgments, it does not substitute for rigorous
human experimentation. The preferences of groups and individuals are complex, context-dependent,
and shaped by heterogeneous prior beliefs that are difficult to simulate with language models. Future
work should therefore conduct controlled human subject experiments with pre- and post-intervention
measurements of beliefs or behaviors. STATe’s sequential and multi-dimensional action traces
provide a uniquely informative design space for such studies, enabling systematic manipulation of
rhetorical structure, topical framing, and ordering effects that would be difficult to isolate using
other methods.

Search and optimization over action spaces: We currently explore action spaces using fixed
beam search and show that regression-based estimates can identify promising, previously unobserved
trajectories (Section . A natural extension is to employ principled tree search algorithms such
as Monte Carlo Tree Search (MCTS) [59] 21} 12| 92, 93, 45]. Such approaches could iteratively
generate arguments, update effect estimates, and adapt exploration toward high-performing regions
of the action space under constrained evaluation budgets. Importantly, tree search methods also
extend naturally to multi-turn and adversarial settings. This opens the possibility of integrating
STATe with Multi-Agent Debate (MAD) frameworks to identify optimal multi-turn conversational
or adversarial strategies, rather than optimizing single-turn outputs alone.

Integration with RL and prompt optimization: Group-wise policy optimization methods
for LLMs [90, [70] often suffer from mode collapse, where multiple sampled trajectories converge
to near-identical completions. Prior work highlights this as a central limitation of RLHF-style
training regimes [14), [38]. By sampling across discrete and interpretable action sequences rather
than relying solely on token-level stochasticity, STATe increases semantic diversity while preserving
quality (Section , potentially mitigating collapse in group-based rollout sets. Conversely, prompt
optimization methods [56, [76, 2, 119] could improve STATe’s controller, generator, and evaluator
modules. At the same time, STATe’s structured action spaces offer a mechanism to diversify
prompt-search strategies within reflective prompt evolution frameworks [2].

9 Ethical Implications

Argument generation systems can be misused for persuasion at scale by generating misleading,
manipulative, or otherwise harmful messages. Prior work shows that LLM-generated arguments can
affect human beliefs and preferences in consequential domains such as public policy [5, 43] and can be
used to support harmful narratives (e.g., conspiratorial content) [I9]. Similarly, persuasive arguments
act as a tool for Red-Teaming LLMs, and can coerce them into either revealing hidden information
or performing harmful requests [120]. These risks are amplified when systems are optimized not
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merely to produce a single response, but to search over many alternatives and select or refine the
most effective one.

STATe introduces additional ethical considerations because it enables search for optimal decision
sequences, and can target those decisions toward a particular LLM or human audience [80), [88].
Personalization can increase persuasive effectiveness [88] on a human audience, and STATe’s action-
level control makes it natural to operationalize personalization as a discrete search problem (e.g.,
selecting content lenses, discourse moves, and framing styles conditioned on an inferred audience).
This capability can be beneficial for benign applications (e.g., charity [I11], education, or improved
patient compliance), but also increases the risk of targeted manipulation. In practice, such micro-
targeting [88] could be used to persuade individuals to vote against their interests, purchase products
that do not match their needs, or adopt beliefs that serve an adversary’s goals. LLMs can already be
used to draft convincing phishing messages [83], manipulate humans through blackmail, or commit
espionage [71]. Combining these capabilities with controllable search over rhetorical strategies could
further improve attack success by selecting audience-tailored arguments and calls to action.

Though STATe can be a source for highly effective manipulation, it can also serve as the basis
for defending against malicious arguments. Researchers can use STATe to identify argumentative
strategies that are emotionally abusive, or highly associated with misuse, and steer LLMs away from
using them. Moreover, STATe’s arguments can be used for good, like advocating for donating to
charities [111], improving pedagogy in the Education System, and introducing greater equality to
legal representation.
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A Related Work

A.1 Social Science Experiments with Text

Persuasion is central to human communication, spanning political discourse [5], 44, 43], human-
AT interaction [88, 20, [31], and misinformation correction [I8] [§]. Computational social science
increasingly formalizes persuasion research by treating text as a treatment variable to study how
linguistic features causally affect downstream behaviors [42) B5]. Traditional approaches focus
on identifying content themes across document corpora and assessing how these themes affect
outcomes [36, 86]. For example, Saenger et al. [87] use topic modeling to discover persuasive
themes in argument collections, while Egami et al. [33] analyze how different framings affect
bureaucratic responsiveness. Recently, researchers have examined how conversations with LLMs
affect beliefs [19] 20, [88], identifying consistent patterns in effective messaging, such as emphasizing
facts and evidence [I8]. However, existing methods face limitations in studying fine-grained textual
features. Topic modeling approaches [7, [42] [87] naturally capture content themes but struggle with
structural and stylistic variation. Such text-as-treatment experiments ideally manipulate specific
features—rhetorical structure [98, [50, 15 109] (whether arguments begin with concessions or lead
with strong claims), stylistic choices [23], 109} 10, 34] (formality, tone, pragmatic objective), and
content themes—while maintaining coherence [30] and logical soundness. Yet these features are
difficult to control systematically. Moreover, most prior work examines feature presence (whether
a theme appears) rather than sequential ordering (when in a message a feature appears), limiting
insights into how narrative structure affects argument quality.

35



B STATe Modules

B.1 Controller
B.1.1 Generative controller

The generative controller prompts an LLM to propose a tool call [118] [55] from A conditioned on
the current state: it chooses which tool to use (which action template) and provides values for the
tool’s arguments (permitted choices are specified through a Literal type). In this setup, the same
generator model that produces thoughts can also decide what to do next. A key advantage is that
the controller can utilize ITC methods like CoT, and produce natural-language rationales (internal
reasoning) for why a tool call is appropriate given the chain so far. E A key limitation is low action
diversity: because tool-call generation is itself sampled from an LLM, the controller can collapse to
repeatedly predicting the same high-probability action, reducing the benefit of branching.

B.1.2 Reranker controller

To introduce reliable diversity, we instead use a discriminative reranker controller that scores all
candidate action-argument combinations and selects the top-n. We formulate action selection by
measuring the relevance of a query and a document using a cross-encoder [84], 105}, 89, (62, 1011, 121]:
the query contains the input x and the reasoning chain Z;, while each document is a description of
the effect of the given tool and parameter (e.g., “introduce a new claim that expands on financial
impacts”). A reranker assigns a relevance score to each document, yielding a distribution over
actions, and we take the top-n scoring actions for expansion. This design supports diverse branching
(by selecting different high-scoring actions) and enables efficient enumeration when A is finite and
structured.

B.2 Evaluator
B.2.1 Generative Evaluator

The generative evaluator prompts an LLM to act as a judge and score the reasoning (PRM) or
output (ORM) at hand. With this setup, the same generator model that produces thoughts and
outputs is used to score them. In practice, our evaluators follow a multi-item rubric: a list of domain-
dependent criteria |E| the judge should check (e.g., constraint satisfaction, correctness, coherence,
style). Importantly, we allow rubric items to carry different importance weights, so that violations of
high-priority requirements dominate the score. This is implemented via weighted, multi-dimensional
scoring (each rubric item has a weight, and the final score is a weighted aggregate).

B.2.2 Reranker Evaluator

Analogous to the reranker controller (Section [3.1.2), we can use a cross-encoder to score candidate
states rather than candidate actions. Here, the query contains the input x and the evaluation
criteria (e.g., coherence, correctness, constraint satisfaction), while each document is a candidate
reasoning chain Z; (for intermediate evaluation) or final output y (for outcome evaluation). The
reranker assigns a relevance score to each candidate, which we interpret as a quality estimate. This
approach is particularly efficient when the number of candidates is large, as cross-encoders can

18Preceding tool call outputs with reasoning enables more informed decision-making and easier debugging.
9For example, in argument generation tasks, the criteria should be centered on the argument’s persuasiveness,
logical rigor, and effective structure [108].
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score all candidates in a single batched forward pass without requiring the longer generations that
LLM-as-a-Judge evaluators produce. Further, this resolves the sycophancy issues of the generative
evaluator, which tends to award perfect scores to all good candidates [91].

B.2.3 Programmatic Evaluator

In some domains, intermediate and final states admit programmatic evaluation: a deterministic
procedure can verify correctness, constraint satisfaction, or structural validity without invoking an
LLM [63, 39, [104]. This setting crucially assumes an additive action space, where each reasoning step
produces text that is concatenated to all previous steps, so that a partial trajectory Z; = [21,.. ., 2]
represents a prefix of a well-formed candidate solution. Many instruction-following and mathematical
tasks satisfy this property, as successive steps monotonically construct a single output whose validity
can be checked incrementally (e.g., JSON well-formedness, exact string constraints, section counts,
or arithmetic consistency). This stands in contrast to metacognitive action spaces—such as self-
reflection, critique, or targeted editing of an existing draft—where actions do not compose into a
single executable artifact, and intermediate states cannot be interpreted as partial answers. As
a result, programmatic evaluators are inherently task-dependent and cannot be assumed to exist
for all domains. Formally, we define a Programmatic Evaluator as a deterministic scoring function
conditioned on the input x@

Vpru(concat(Z;) | x) — [0, 1] (11)
Vorm(y | ) = [0, 1] (12)

which evaluates whether the concatenated reasoning (concat(Z;)) or answer (y) satisfies all
constraints induced by the task, x@ In tasks where constraint satisfaction is prefix-monotonic, V*
can be used interchangeably as both a Process Reward Model and an Outcome Reward Model, i.e.,

* — * — *
VPRM = VORM =V )

allowing invalid trajectories to be pruned immediately upon violation. When available, programmatic
evaluators eliminate judge variance, avoid sycophancy effects, and provide exact credit assignment
over the action space. However, their applicability fundamentally relies on additive action spaces and
reliable prefix-level validation; extending programmatic evaluation to non-additive or revision-based
action spaces remains an open challenge.

20Tt is also possible to condition the ORM on concat(z, Z;) as opposed to just conditioning on .

2n practice, the concatenation operation ignores intermediate or internal reasoning fields (e.g., chain-of-thought
or planning annotations), retaining only the externally visible output fields. Including internal reasoning in the
concatenation would often invalidate otherwise correct partial outputs and interfere with reliable programmatic
grading.
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C Complete Experiment Results

We conduct all runs with vLLM [61] in offline mode to enable efficient layer-wise batching across
tree expansions.

C.1 NoveltyBench
C.1.1 Experiment Detalils

Following the NoveltyBench’s standard three-stage evaluation pipeline, we first partition the 10
generations per prompt using an embedding model (selecting the first matching equivalence class
based on embedding distance, or creating a new one), then score the top clusters using a reward
model to obtain per-generation utility scores, and finally aggregate these into “Mean Distinct” and
“Mean Utility” metrics.

The partition algorithm iterates through generations sequentially, comparing each against a
random representative from existing equivalence classes; if the classifier predicts functional equivalence
(threshold > 0.102), the generation joins that class, otherwise a new class is created. The Mean
Utility metric, on the other hand, combines novelty and quality through a patience-weighted metric:

k

b i—1 . .
T ;P 1 # ¢, V5 <1 - u (13)

utility, =

where p = 0.8 models user patience, ¢; denotes equivalence class, and u; is the quality score from the
Skywork-Reward-Gemma-2-27B [68] reward model. This formulation penalizes redundant generations
geometrically while rewarding high-quality novel outputs. Table [4] includes both metrics across the
different model and temperature configurations. We discuss results in Section

C.1.2 Full NoveltyBench Results

Diversity STATe outperforms best-of-n and ToT across all models under consideration: for
Qwen3-4B, STATe achieves 3.91 4+ 0.1 distinct generations versus 3.52 4+ 0.13 for CoT with Action
Space, while for Qwen3-8B, STATe reaches 4.65 + 0.11 versus 3.33 + 0.1 for ToT with Action Space.
We also show that gains hold on Non-Qwen3 models (Table [)): Nemotron-3-30B shows STATe at
5.92 4+ 0.16 distinct generations compared to 5.41 £ 0.16 for Baseline ToT with Action Space.

Utility STATe’s performance in utility also generalize across most configurations (Table: Qwen3-
8B shows STATe at 3.43 + 0.07 versus 3.05 £ 0.09 for CoT with Action Space, and Ministral-3-14B
demonstrates STATe at 5.39 & 0.11 versus 4.98 + 0.12 for the best baseline. However, two models
exhibit exceptions where non-STATe methods achieve competitive or slightly higher utility scores.
For Qwen3-4B at T = 0.7, CoT with Action Space reaches 3.26 + 0.07 utility compared to STATe’s
3.18 £ 0.1, and Nemotron-3-30B shows CoT with Action Space at 4.34 + 0.12 versus STATe at
4.44 4+ 0.12. These small differences in relative utility performance are likely driven by STATe’s
response ordering. Because the Controller Re-Ranker [121] selects actions according to learned
preferences, early responses tend to share similar choices along one dimension (e.g., target audience)
and vary only along others (e.g., personality). This effectively orders STATe responses by similarity
to the controller’s top preference, whereas alternative methods return responses in arbitrary order.
The generally high utility scores confirm that STATe produces high-quality, diverse responses, but
the ordering effect means that utility, which also depends on order, may slightly understate STATe’s
quality relative to randomly ordered baselines.
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Model Method Low Medium High

D U D 1) D U
Ministral 3 14B Baseline 2.02 £+ 0.09 2.914+0.07 3.23+0.1 3.9+0.08 4.214+0.1 4.62 4 0.09
Baseline CoT 3.97 +0.07 4.26 +0.06 4.69+0.07 4.78 +0.08 5.324+0.15 5.15+0.12
Baseline w/ Action Space 3.15 4+ 0.09 2.994+0.12 4.55+0.11 3.83+0.1 5.49 +0.06 4.314+0.1
Baseline CoT w/ Action Space 4.92 + 0.09 4.554+0.07 5.6+0.14 4.984+0.12 6.08 £0.16 5.24+£0.11
Baseline ToT 4.27+0.08 4.23 +0.07 4.8+ 0.09 4.65+0.1 5.36 £0.11 5.01 £ 0.09
Baseline ToT w/ Action Space 5.39+0.18 4.754+0.14 5.714+0.15 4.944+0.12 6.29 +0.14 5.254+0.17
STATe of Thoughts 5.74 + 0.08 5.0 £0.07 6.27 +0.1 5.39+£0.11 6.87 + 0.09 5.75+0.12
Qwen3 4B Baseline 1.71£0.04 2.2340.04 1.95+0.04 2.414+0.05 2.39 4+ 0.06 2.65 4 0.07
Baseline CoT 2.69 +0.08 2.8510.06 3.01 +0.06 3.02+0.07 3.3240.07 3.22+£0.05
Baseline w/ Action Space 1.59 £ 0.04 1.96 +0.06 1.82+0.06 2.094+0.05 2.27 4+ 0.06 2.34 £+ 0.05
Baseline CoT w/ Action Space 3.36 +0.1 3.14 +0.08 3.5240.13 3.26 + 0.07 3.75 4 0.09 3.354+0.08
Baseline ToT 2.54 +0.07 2.671+0.08 2.79 +£0.07 2.8540.05 3.16 £0.12 3.11+£0.08
Baseline ToT w/ Action Space 3.1£0.1 3.04 +0.12 3.294+0.1 3.1540.09 3.56 +0.12 3.331+0.09
STATe of Thoughts 3.66 + 0.09 3.0240.05 3.91+0.1 3.18+0.1 4.3 +0.1 3.38 +0.09
Qwen3 8B Baseline 1.6 +£0.04 2.26 +0.02 1.86 +0.05 2.4440.05 2.294+0.1 2.74+0.07
Baseline CoT 2.56 + 0.07 2.77+£0.07 2.81+£0.05 2.92+0.05 3.27+£0.08 3.22+£0.07
Baseline w/ Action Space 1.72+£0.04 1.49+0.05 2.07 £0.03 1.74+0.07 2.64 +0.04 1.97+0.06
Baseline CoT w/ Action Space 3.03 £0.07 2.9+0.09 3.26 £0.11 3.05 4 0.09 3.7£0.13 3.294+0.07
Baseline ToT 2.33+0.06 2.49+0.05 2.67+0.1 2.67 £0.07 3.21+£0.09 3.0+0.04
Baseline ToT w/ Action Space 3.05 +0.07 2.671+0.05 3.334+0.1 2.831+0.09 3.77 £ 0.05 3.014+0.06
STATe of Thoughts 4.39 + 0.07 3.29 +0.07 4.65+0.11 3.43 +0.07 5.07 £ 0.08 3.65 + 0.07
Qwen3 30B Baseline 1.48 +£0.03 2.28 +0.03 1.67+0.04 2.45 4+ 0.05 2.01 £0.05 2.64+0.04
Baseline CoT 2.154+0.07 2.65+0.07 2.44 +0.07 2.854+0.07 2.84+0.08 3.07 +0.06
Baseline w/ Action Space 1.74+0.05 2.234+0.05 2.01£0.05 2.414+0.07 2.44 +0.07 2.714£0.04
Baseline CoT w/ Action Space 3.07+0.11 3.154+0.06 3.36 £0.12 3.28+£0.1 3.7440.09 3.494+0.11
Baseline ToT 2.51 +£0.09 2.874+0.05 2.814+0.08 3.07 +£0.06 3.16 £0.12 3.324+0.08
Baseline ToT w/ Action Space 3.16 £0.08 3.29+0.05 3.254+0.08 3.36 £0.07 3.61+0.1 3.614+0.11
STATe of Thoughts 4.87+0.1 3.77+0.12 5.02 + 0.09 3.83+0.11 5.39 +£0.11 4.01 +0.11
Nemotron 3 30B Baseline 3.25 4+ 0.07 3.4140.06 3.46 £+ 0.09 3.56 +0.09 3.95 4+ 0.09 3.9+0.11
Baseline CoT 3.74+0.1 3.76 £ 0.07 3.96 +0.1 3.874+0.11 4.51+0.09 4.2540.09
Baseline w/ Action Space 4.08+0.14 3.924+0.17 4.13+0.06 3.99 +0.08 4.5+0.11 4.26 +0.09
Baseline CoT w/ Action Space 4.57+0.14 4.16 + 0.09 4.79+0.12 4.344+0.12 5.26 £0.13 4.574+0.12
Baseline ToT 3.7440.08 3.43 +0.06 4.36 £0.13 3.8+0.08 5.614+0.11 4.294+0.07
Baseline ToT w/ Action Space 4.87+0.15 3.55+0.12 5.4140.16 3.73+0.09 6.6 +0.11 3.85+0.15
STATe of Thoughts 5.37 £ 0.11 4.154+0.07 5.92 +0.16 4.44 +0.12 7.11+0.14 4.67 +0.11

Table 4: NoveltyBench diversity (D) and utility (U) (mean+std over seeds). Low, medium, and high
temperature correspond to sampling temperature T' = 0.1, 0.3, and 0.5 for Ministral 3 14B, and to
T =0.5,0.7, and 1.0 for all other models. Best and second best per model per column are bolded
and underlined, respectively.

C.2 Predictability of Argument Quality from Actions
C.2.1 Argument Evaluation

Argument quality measures the extent to which an argument is preferred over alternatives or rated
as effective, whereas persuasiveness measures how effective an argument is in changing beliefs
or behaviors [17, 37, 43]. We are not claiming to discover generalizable insights into argument
quality; rather, this setup allows for efficient argument evaluation based on the presumably constant
preferences of our LLM judge. Future work, discussed in Section 8] might explore a similar approach
but survey a human target audience.

C.2.2 Controlling for Argument Length

When we include argument length (character count) as a feature in all models, we observe substantial
increases in predictability across all synthesis modes (Figure . The relative performance ordering,
with M2 performing best, is preserved across all settings. However, the magnitude of the improvement
varies substantially across synthesis types.

The most striking result is for faithful synthesis: M2 R? increases from 0.38 to 0.82. In contrast,
strict synthesis improves from 0.57 to 0.71 (+25%), and restructured synthesis from 0.37 to 0.57
(4+54%). This disproportionate effect on faithful synthesis breaks the apparent predictability ordering:
with length controlled, faithful synthesis is the most predictable (R? = 0.82), followed by strict
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Synthesis N MO R? Mla R? Mi1b R? Milc R? M2 R?
Strict 2996,/1998 - 0.284+0.032 0.100+£0.026 0.366+0.036 0.569 +0.032
Faithful 3000,/2000 - 0.254+0.032 0.131+£0.027 0.308+0.034 0.383+0.033
Restructured  3000,/2000 - 0.108 £0.028 0.092+£0.022 0.196+0.032 0.368 +0.033
+ Argument length control

Strict 2996/1998 0.293+£0.027 0.550+0.024 0.376 £0.029 0.614+0.023 0.708 + 0.020
Faithful 3000/2000 0.720+£0.017 0.774+0.015 0.7554+0.017 0.801+0.014 0.823+0.013
Restructured  3000/2000 0.286+0.035 0.385+0.034 0.375+0.034 0.4594+0.031 0.567 4+ 0.027

Table 5: Model comparison across synthesis types. R? values on held-out test set with 95% bootstrap
CI (&£ half-width) where N shows the number of train/test samples. MO models only include argument
length (characters) as a regression feature. Mla arguments include structure presence features,
M1b content presence features, and Mlc includes bot structure and content presence features. M2
LASSO models select from more granular, sequential structure and content features as detailed in

Section

(R? = 0.71) and restructured (R? = 0.57).

We attribute this pattern to the bimodal length distribution under faithful synthesis. Inspection
of the length histograms (Figure |5]) reveals that faithful synthesis exhibits high variance: arguments
cluster into two modes: one resembling the compact outputs of strict synthesis, the other including
one or two additional concluding sentences. This behavioral inconsistency introduces substantial
length variation that strongly correlates with quality judgments. In contrast, strict and restructured
synthesis produce more unimodal length distributions centered on their respective means. Notably,
the length-only baseline (M0) achieves R? = .72 for faithful synthesis, in contrast to approximately
0.3 for both strict and restructured synthesis. This highlights the importance of controlling for
length when developing causal estimates in future work.

C.2.3 Supporting Figures

Figure [6] shows the cross-validation curve used to select the LASSO regularization parameter. Figure[]
shows which feature categories the LASSO model selects across synthesis types. Figure[§and Figure 9]
display the top 20 features by coefficient magnitude.
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(A) Cross-Validation Performance
(Intervals show observed range)
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Figure 4: Predictability of argument quality from controller actions and argument length. (A)
Cross-validation R? across model variants: MO (argument length), M1a (structure presence only +
argument length), M1b (content presence only + argument length), M1c (both + argument length),
and M2 (full sequential model with position effects and transitions + argument length). (B) Held-out
test set performance with 95% bootstrap confidence intervals. The sequential model consistently
outperforms presence-based baselines, with the largest absolute predictability under strict synthesis.

Argument Length Distributions by Synthesis Type

Strict (N=4994)
i ===+ Mean: 593

Median: 576
400 -

300 -

Count

200 -

100 +

600 800 1000 1200
Argument Length (characters)

Faithful (N=5000) Restructured (N=5000)

600 800
Argument Length (characters) Argument Length (characters)

===+ Mean: 708 ===+ Mean: 856
----- Median: 727 Median: 852

. |
T T F
1000 1200 400 600 800 1000

1200

Figure 5: Distribution of argument lengths (characters) across synthesis modes. Strict and restruc-
tured synthesis produce relatively unimodal distributions, while faithful synthesis exhibits higher
variance with a bimodal tendency—some arguments remain compact while others include additional
concluding material. We removed exact duplicates, reducing the number of samples to N=4,994 for

strict synthesis.
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Figure 6: Cross-validation R? as a function of LASSO regularization parameter

the selected « for each synthesis type.
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Figure 7: Distribution of LASSO-selected features by category. Position effects and transitions
within each dimension (structure, content) contribute to predictions across all synthesis types.
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Figure 8: Top 20 features by absolute LASSO coefficient for each synthesis type. Positive coefficients
indicate patterns associated with higher persuasiveness scores; negative coefficients indicate patterns
associated with lower persuasiveness scores.
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Figure 9: Top 20 features by absolute LASSO coefficient for each synthesis type for M2 models
including argument length. Positive coefficients indicate patterns associated with higher persuasive-
ness scores; negative coefficients indicate patterns associated with lower persuasiveness scores.
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Strict: Targeted vs Baselines - Argument Length Distributions
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Figure 10: Length distributions for targeted trajectory evaluation for strict synthesis. Left:
All arguments before length matching, including 250 targeted arguments (generated from M2’s
top-50 predicted trajectories) and the 250 arguments of each baseline method. The original top-5%
arguments skew longer, reflecting the correlation between length and judged quality.Right: Length-
matched subset used for evaluation. Greedy pairing within +5 characters produces groups with
comparable length distributions, enabling fair comparison. Dashed lines indicate group means.
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Faithful: Targeted vs Baselines - Argument Length Distributions
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Figure 11: Length distributions for targeted trajectory evaluation for faithful synthesis. Left:
All arguments before length matching, including 250 targeted arguments (generated from M2’s
top-50 predicted trajectories) and the 250 arguments of each baseline method. The original top-5%
arguments skew longer, reflecting the correlation between length and judged quality.Right: Length-
matched subset used for evaluation. Greedy pairing within £5 characters produces groups with
comparable length distributions, enabling fair comparison. Dashed lines indicate group means.
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Restructured: Targeted vs Baselines - Argument Length Distributions
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Figure 12: Length distributions for targeted trajectory evaluation for restructured synthesis.
Left: All arguments before length matching, including 250 targeted arguments (generated from
M2’s top-50 predicted trajectories) and the 250 arguments of each baseline method. The original
top-5% arguments skew longer, reflecting the correlation between length and judged quality.Right:
Length-matched subset used for evaluation. Greedy pairing within +5 characters produces groups
with comparable length distributions, enabling fair comparison. Dashed lines indicate group means.
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D Action Spaces

This appendix lists the structured action templates used by STATe in each experiment suite.

D.1 NoveltyBench action spaces

NoveltyBench ToT sweeps use one or both of the following action spaces: lexperiments/noveltybench/
action_space/personalities. json and experiments/noveltybench/action_space/target_audiences.

json. The both setting concatenates these spaces; uncontrolled uses no actions.

Table 6: NoveltyBench action space: Personality (Big-5 traits).

Name Definition Prefix Internal reasoning
openness Emphasizes creativity, intellectual  (none) Approach with curiosity and
curiosity, and preference for novelty creativity; seek novel ideas;
over tradition. think abstractly and
imaginatively.
conscientiousness Emphasizes organization, (none) Be methodical and
self-discipline, reliability, and detail-oriented; work
goal-oriented achievement. systematically toward clear
goals; be thorough.
extraversion Emphasizes enthusiasm, (none) Be energetic and confident;
assertiveness, sociability, and high engage boldly; express
energy. thoughts with passion and
optimism.
agreeableness Emphasizes empathy, cooperation, (none) Be empathetic and
warmth, and concern for others. collaborative; consider
stakeholders; seek harmony;
show sincere concern.
neuroticism Emphasizes caution, risk awareness, (none) Be cautious and attentive to
and sensitivity to potential risks; examine uncertainties;
problems. consider worst-case scenarios.
Table 7: NoveltyBench action space: Target Audience (age demographics).
Name Definition Prefix Internal reasoning
children Writes for children ages 5-12 using (none) Use very simple words and
simple language, examples, and short sentences; cheerful tone;
enthusiasm. fun, concrete examples.
teenagers Writes for teenagers ages 1319 (none) Use casual, relatable language;

using relatable language, current
trends, and engaging tone.

energetic tone; socially current
examples.

young_adults

Writes for young adults ages 20-35 (none)
using modern, direct language with
practical examples.

Use clear, modern language;
practical examples; confident,
approachable tone.

middle_aged

Writes for adults ages 36-55 using  (none)
professional, balanced tone with
real-world applications.

Use professional, balanced
tone; grounded examples;
pragmatic framing.
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Name Definition

Prefix

Internal reasoning

seniors

language.

Writes for seniors (ages 56+) using (none)
clear, respectful, and warm

Use clear, respectful language;
gentle pacing; thoughtfully
explained examples.

D.2 Argument generation action spaces

Table 8: Argument generation action space: Subtopics (topical lenses).

Name Definition Prefix Internal reasoning

cost_benefit_and_ Weighs economic, social, and (none) I should quantify and compare costs, benefits, and

impact_analysis practical consequences real-world impacts across economic, social, and
systematically. environmental dimensions.

rights_and_ Protects fundamental rights, (none) I should consider inalienable human rights, civil

liberties freedoms, privacy, and individual liberties, privacy protections, and the freedom to

autonomy.

make one’s own choices.

justice_and_

Ensures equitable treatment, fair (none)

I should analyze whether outcomes, processes, and

fairness distribution, and equal distributions are fair to all parties involved.
opportunity.
ethical_ Applies moral frameworks (none) 1 should evaluate actions based on moral rules,
principles including duties, virtues, and care character virtues, relationships, and ethical
for others. obligations.
governance_and_ Examines rule of law, (none) I should consider legal frameworks, accountability
accountability transparency, legitimacy, and mechanisms, democratic principles, and proper
institutional responsibility. authority.
risk_and_ Anticipates harms, unforeseen (none) I should identify risks, unintended outcomes,
unintended_ effects, and slippery slopes. cascading effects, and potential for escalation.
consequences
feasibility_and_  Assesses practical workability, (none) I should evaluate whether the proposal can actually

technical constraints, and
enforcement challenges.

implementation

be implemented and enforced effectively.

incentives_and_

power_dynamics and power structures shape

Analyzes how rewards, penalties, (none)

I should examine what behaviors are encouraged,
who holds power, and how interests align or conflict.

behavior.
precedent_and_ Considers precedents and future (none) I should evaluate historical precedents, long-term vs
long_term_effects implications across generations. short-term tradeoffs, and obligations to future
generations.
stakeholder_ Clarifies duties of government, (none) I should analyze who bears responsibility—whether
responsibility individuals, and institutions. government, individuals, corporations, or other

institutions.
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Table 9: Argument generation action space: Structures (discourse moves).

Name Definition Prefix Internal reasoning

causal_reasoning  States causes, effects, consequences, or Therefore (none)
logical implications.

conditional Introduces conditional, hypothetical, If (none)
or counterfactual scenarios.

concession_and_ Acknowledges counterpoints or However (none)
contrast highlights opposing perspectives.

addition_and_ Adds supporting information, Moreover (none)
elaboration elaborates, or strengthens a point.

evidence_and_ Cites evidence, data, or authoritative Evidence (none)
authority sources. shows that
exemplification Provides concrete examples, For example (none)

illustrations, or case studies.

clarification_ Restates, clarifies, defines, or narrows In other (none)
and_specification down to specifics. words

emphasis_and_ Stresses importance or offers Importantly (none)
evaluation evaluative judgment.

sequence_and_ Signals progression through steps or  Next (none)
transition shifts to a new topic.

conclusion_and_ Summarizes, concludes, or states the In conclusion (none)
summary practical takeaway.

D.3 Practitioner Guidance for Action Space Design

Designing an effective action space is one of the most consequential choices when applying STATe
to a new domain. Below, we outline key decision points, trade-offs, and recommendations based on
our experience across the experiments in this paper.

1. Identify controllable dimensions. Begin by enumerating the aspects of generation that can
be meaningfully controlled at each step. These typically fall into categories such as content (what
to say), structure (how to organize it), style (tone, register, formality), and strategy (rhetorical
or reasoning approach). Where possible, ground dimensions in existing domain taxonomies—for
example, Wachsmuth et al. [I09] for argumentation structure, Dong et al. [25] and Didolkar et al.
[24] for math, or other established reasoning taxonomies for reasoning-intensive tasks.

2. Sequential vs. single-step: Should dimensions vary per step? If the task involves
multi-step generation (e.g., constructing an argument claim-by-claim), the action space should allow
different choices at each step. For example, in argument generation, content strategy and structural
choices naturally vary per claim. In contrast, some features of interest, such as target audience,
argument topic, and stance, could be varied at the tree level rather than at the per-step level for
trees with reasoning depth greater than one.

3. Prefix vs. internal reasoning. STATe supports two mechanisms for injecting action guidance
into the generator: prefiz (pre-filled text that begins the generation) and internal reasoning (guidance
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injected into the system prompt or context). Only one dimension can use a prefiz, since the prefix
occupies a fixed position in the generated text. All dimensions can use internal reasoning. If more
than one dimension includes internal reasoning, we concatenate them one after the other. In practice,
the structural or discourse dimension benefits most from prefix control, since it directly shapes the
opening of each generation step (e.g., “First, I will present a counterexample...”).

4. Early stopping (FINISH action). Including a FINISH action allows the controller to terminate
generation early, preventing overthinking or redundant steps. However, variable-length trajectories
complicate attribution: trajectories of different lengths have different numbers of positional features,
and shorter trajectories may systematically differ from longer ones for reasons unrelated to the
actions chosen.

Application-specific tuning. Both the choice of synthesis mode and the action space itself
may require domain-specific exploration. The recommendations above provide starting points, but
practitioners should expect to iterate on action definitions and synthesis settings based on early
experimental results.

E Prompt Templates

This appendix provides the exact prompt templates used in our implementation for the generator
component.

E.1 Generator System Prompt (Vanilla)

The following template is used when generating reasoning steps without controller-guided internal
reasoning:

Listing 1: Generator System Prompt (Vanilla Mode)

# Instructions
{task_instructions}

{field_descriptions}

When solving this problem, you must break down your solution into a series
of reasoning steps, followed by a final answer.

Each step towards the answer should be encased within <step>...</step> tags,
and contain a ‘{reasoning_field_namel}‘ that advances the solution towards
producing {output_fields}.

{final_output_description}

Your reasoning process should follow the rules below:

- Each ‘{reasoning_field_name}‘ (of type ‘{reasoning_field_typel}‘) entails
{reasoning_field_description}.{thought_length_instruction}
{response_length_instruction}

## Response Format
Once a user provides {input_fields}, your response must follow this template:

<thinking>

<step>

## {reasoning_field_name}

The first reasoning step towards producing {output_fields}
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</step>

<step>

## {reasoning_field_name}

The second reasoning step towards producing {output_fields}
</step>

<step>

## {reasoning_field_namel}

The final reasoning step towards producing {output_fields}
</step>

</thinking>

<answer >

{output_field_sections}

</answer >

E.2 Generator System Prompt (With Internal Reasoning)

When the controller provides internal reasoning guidance, we use an enhanced template:

Listing 2: Generator System Prompt (Internal Reasoning Mode)

# Instructions
{task_instructions}
{field_descriptions}

When solving this problem, you must break down your solution into a series
of reasoning steps, followed by a final answer.

Each step towards the answer should be encased within <step>...</step> tags,
and contain a ‘{reasoning_field_namel}‘ that advances the solution towards
producing {output_fields}.

{final_output_description}

Your reasoning process should follow the rules below:

- Each ‘{reasoning_field_name}‘ (of type ‘{reasoning_field_typel}‘) entails
{reasoning_field_description}.

- Before writing a new ‘{reasoning_field_name}‘, start with some internal
reasoning which discusses and guides what to do with the next
‘{reasoning_field_namel}‘.{thought_length_instruction}
{response_length_instruction}

## Response Format
Once a user provides {input_fields}, your response must follow this template:

<thinking>

<step>

## internal_reasoning

Your internal reasoning about the first ‘{reasoning_field_namel}*
## {reasoning_field_namel}

The first reasoning step towards producing {output_fields}
</step>

<step>

## internal_reasoning

Your internal reasoning about the second ‘{reasoning_field_namel}°‘
## {reasoning_field_name}

The second reasoning step towards producing {output_fields}
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</step>

</thinking>

<answer >
{output_field_sections}
</answer>

E.3 Final Output Synthesis Modes

We support multiple modes for synthesizing the final answer from reasoning steps:

Strict Synthesis Preserves exact wording from reasoning steps:

Listing 3: Final Output Instruction (Strict)

Your final answer must include the full text from all reasoning steps,
copied nearly word-for-word and in sequential order.

- Preserve the exact wording, phrasing, structure, and examples.

- Maintain the original order and logical flow exactly as provided.

- You may add only: A brief introduction/conclusion, short transitions.
- Do NOT rewrite, paraphrase, summarize, or restructure.

- Do NOT add new ideas, arguments, facts, or examples.

Faithful Synthesis Allows light rephrasing while preserving meaning:

Listing 4: Final Output Instruction (Faithful)

Your final answer must remain highly faithful to the reasoning steps.

- Preserve the full set of reasoning steps and their original order.

- You may lightly rephrase for clarity, but meaning must remain unchanged.
- Structure and sequence should closely follow the original.

- Do NOT introduce new ideas or significantly alter existing reasoning.

Restructured Synthesis Allows light restructuring to produce the best final answer:

Listing 5: Final Output Synthesis (Restructured)

Your final answer should preserve the same core ideas and reasoning from the steps
provided, while improving clarity and coherence.

- Maintain the essential arguments and logical intent.

- You may rephrase, reorganize, and restructure the content for better flow and
readability.

- The overall set of ideas should remain the same, but the presentation may differ

- Do NOT introduce new ideas or factual content beyond what appears in the
reasoning steps.

Your goal is to produce a well-structured synthesis that faithfully reflects the
original reasoning while optimizing expression and organization.
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Conclusion Synthesis Treats reasoning as internal guidance only, producing a standalone answer:

Listing 6: Final Output Instruction (Conclusion)

Your final answer must be a standalone response to the user’s task and
instructions.

- Focus on producing a clear, logically consistent, and high-quality final answer.
- You are not required to preserve the structure, wording, or order of the

reasoning steps (between <thinking>...</thinking> tags).
- Use the reasoning steps only as internal guidance; do NOT mention them or refer
to them.

- The user will *not* have access to the reasoning steps you wrote, so referencing
them is confusing and unhelpful. The user will only see what you write between
<answer >...</answer> tags.

- Do NOT explain what you are going to do; just produce the final deliverable.

While reasoning was meant for planning, the final output should be a standalone
response to the user’s task and instructions.

- If the task requires strict formatting (math, formatting specifications for text

, code, etc.), follow those requirements exactly in the final output.

Your goal is to output only the final answer content that satisfies the user’s
instructions.

o4



	Introduction
	Background
	Inference-Time Compute
	Tree of Thoughts

	Methods
	Tree of Thoughts Components
	Controller
	Generator
	Evaluator

	Beam Search Algorithm
	Attributing Outcomes to Controller Actions
	Problem Formulation
	Presence-Based Model (Bag-of-Actions)
	Sequential Model
	Model Comparison via Regularized Regression


	Experiments
	Generating Diverse Responses
	Argument Quality

	Results
	Structured Textual Interventions Improve Diversity
	Action Sequences Help Predict Argument Quality
	Predictability
	Targeted Trajectory Exploration


	Discussion
	Limitations
	Future Work
	Ethical Implications
	Acknowledgments
	Related Work
	Social Science Experiments with Text

	STATe Modules
	Controller
	Generative controller
	Reranker controller

	Evaluator
	Generative Evaluator
	Reranker Evaluator
	Programmatic Evaluator


	Complete Experiment Results
	NoveltyBench
	Experiment Details
	Full NoveltyBench Results

	Predictability of Argument Quality from Actions
	Argument Evaluation
	Controlling for Argument Length
	Supporting Figures


	Action Spaces
	NoveltyBench action spaces
	Argument generation action spaces
	Practitioner Guidance for Action Space Design

	Prompt Templates
	Generator System Prompt (Vanilla)
	Generator System Prompt (With Internal Reasoning)
	Final Output Synthesis Modes


