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Abstract

Budget-constrained agentic search arises when
an LLM agent must refine candidates under a
small evaluation budget, because validation is
expensive, generation requires multiple model
calls, or both. In this regime, standard MCTS
allocates budget poorly: exploration bonuses
dominate at low visit counts, unpromising sib-
lings are expanded before promising chains can
deepen, and branching is independent of node
quality. We introduce EXTS, a tree-search pol-
icy that treats expansion itself as a value-of-
information decision. ExTS combines three
mechanisms: discriminative reward shaping to
separate candidates under narrow score distri-
butions, a stochastic virtual child that estimates
the value of creating a new branch from the par-
ent’s reward history, and quality-conditioned
branching that expands only when a node’s
score justifies the budget cost. Across prompt
optimization, code generation, molecular struc-
ture elucidation, and agentic workflow opti-
mization, EXTS is competitive with or improves
over task-specific tree-search baselines, with an
average relative gain of +5.5% using a single
fixed configuration. We further introduce pilot-
run diagnostics that characterize what makes
budget-constrained agentic search problems
structurally different from one another, provid-
ing both understanding of the problem space
and practical guidance for adaptation.

1 Introduction

A growing class of Al systems rely on agentic
search: an LLM iteratively proposes and refines
candidates, consuming budget on both generation
and validation. These systems span prompt opti-
mization (Agrawal et al., 2025; Opsahl-Ong et al.,
2024), code generation (Zhang et al., 2023; Inoue
et al., 2026), tool-augmented reasoning (Yao et al.,
2022; Schick et al., 2023), multi-step planning (Yao
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et al., 2023; Besta et al., 2024), etc. Despite their di-
versity, they share a common constraint: the search
budget is limited to tens or hundreds of calls. We
call this regime budget-constrained agentic search.

Recent work on LLM search focuses predomi-
nantly on the harness: the framework wrapping the
search, such as value functions, action spaces, or
multi-agent evaluation (Shinn et al., 2023; Madaan
et al., 2023; Zhou et al., 2023; Qi et al., 2024,
Antoniades et al., 2025; Zhang et al., 2024; Hao
et al., 2023; Liu et al., 2025; Li et al., 2025; Fang
et al., 2026a). These systems retain linear search
or standard UCT for selection and expansion (Ap-
pendix A), leaving substantial room for improve-
ment in how budget is allocated within the tree.
On the search algorithm side, AB-MCTS (Inoue
et al., 2026) replaces UCT with Thompson sam-
pling, GEPA (Agrawal et al., 2025) uses Pareto-
frontier selection, and AFlow (Zhang et al., 2025)
applies score-weighted random sampling, but each
targets a single task type and none condition expan-
sion on node quality or shape rewards for narrow
score distributions. How to design selection and ex-
pansion policies that transfer across diverse agentic
problems has received limited attention.

We introduce ExTS', a tree-search policy that
exploits more and explores smarter by jointly re-
designing both how nodes are selected and whether
expansion should occur. The core insight is that un-
der tight budgets, the decision of whether to expand
is as consequential as which child to visit. Standard
MCTS suffers from three structural limitations in
this regime: exploration-bonus dominance at low
visit counts, forced full expansion of unpromising
siblings, and no quality gate on branching. ExTS
addresses each through three mechanisms: dis-
criminative reward shaping (Section 3.1) that pro-
duces effective selection signals when raw scores
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Figure 1: Standard UCT spreads budget across a wide, shallow tree via flat rewards and obligatory expansion.
EXTS instead uses virtual children that frame expansion as a value-of-information decision and quality-conditioned
branching gated on the reshaped score. Radar plot: normalized gains; EXTS™* denotes pilot-adapted configurations.

cluster narrowly; a virtual child heuristic (Sec-
tion 3.2) that estimates expansion value by sam-
pling from the parent’s reward history, making
expansion a value-of-information (VOI) decision
competing directly with deepening; and quality-
conditioned branching (Section 3.3) that restricts
expansion to nodes whose score justifies the bud-
get cost. These mechanisms are inspired by classi-
cal MCTS ideas (progressive widening (Coulom,
2007), first-play urgency (Gelly and Wang, 2006),
PUCT (Rosin, 2011)) and improve upon each for
budget-constrained agentic search (Section 5.3).
With a single fixed configuration across prompt
optimization (Yang et al., 2018; Jiang et al., 2020),
code generation (Jain et al., 2024), molecular struc-
ture elucidation (Zhuang et al., 2025), and agentic
workflow optimization (Dua et al., 2019), ExTS
is competitive with or improves over task-specific
methods (+10.8% on HotpotQA, +11.7% on Live-
CodeBench hard, +1.3% on K-MSE, +3.5% on
DROP, and +0.2% on HoVeR). EXTS* further im-
proves performance by adjusting one or two hy-
perparameters based on pilot-run diagnostics. We
additionally report diagnostics linking landscape
structure to hyperparameter sensitivity, component
ablations, budget-scaling and tree-shape analysis.

2 Preliminaries

2.1 Validation-Heavy Search

We formalize validation-heavy search as a tuple
(S, A, f, B) where S is the set of candidate solu-

tions (e.g., prompts, code, or plans), A : S — S
is a stochastic refinement operator powered by an
LLM, f : & — RU{L} is a validation func-
tion that returns a score or failure, and B is the
total evaluation budget. The search builds a tree
T rooted at an initial candidate zy and the goal is
arg max,c7 f(z) within budget B.

We identify four pilot-run diagnostics that char-
acterize the search landscape of a validation-heavy
task for a given model and scorer (formal defini-
tions in Appendix C). Beyond guiding hyperparam-
eter choices, these diagnostics characterize the axes
along which agentic search problems structurally
differ and help explain why no single search config-
uration dominates universally. These diagnostics
are computed from a pilot tree built by running
the baseline search method for each dataset, mea-
suring properties of the landscape as seen by the
task-native algorithm. The refinement variance 6 4
is the normalized standard deviation of f across
independent refinements with the same input, quan-
tifying the stochasticity of the LLM refinement
operator. The normalized score deviation 6 is the
standard deviation of f across all successfully vali-
dated candidates in the completed tree, normalized
to [0, 1]. The score drift « is the mean absolute shift
in normalized scores caused by evolving normaliza-
tion bounds as new candidates are discovered; high
drift indicates that the search frequently discov-
ers candidates at the extremes of the score range.
The failure rate p is the fraction of refinement at-



Table 1: Pilot-run diagnostics (mean=std, 3 seeds). 7 4:
refinement variance; 0 ¢: score spread; «: score drift; p:
failure rate.

Dataset oA Gy K p
HotpotQA 30+05  30+00 11403 74404
HoVeR 20+06  29+01 .16+11  .82+o01
LiveCodeBench  .32+01 .23+01 .14+13 .57+05
K-MSE .09+00 .18+00 .05+.00 <.01
DROP .04+03 23+03 .02+01 .03+.03

tempts where f returns |. Table 1 characterizes
the datasets we study along these axes.

2.2 Standard MCTS and Its Limitations

In standard MCTS, the UCT policy (Kocsis and
Szepesvari, 2006) selects child ¢ of node v by max-
imizing
R
UCTgy(c) = —<=+C
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where R./n. is the average reward, n. and n,
are visit counts, and C' controls exploration. The
theoretical default C' = +/2 is calibrated for re-
wards in [0, 1] with sufficient budget for conver-
gence (Browne et al., 2012).

Two assumptions underlying UCT are violated
in validation-heavy search. First, reward shaping
(Section 3.1) compresses the effective exploitation
range, causing the exploration bonus to dominate
and making all nodes appear equally promising.
Second, budgets of tens to hundreds of evaluations
are far below the asymptotic regime where UCT’s
convergence guarantees hold (Silver et al., 2016;
Browne et al., 2012; Kocsis and Szepesvari, 2006).
Together, these violations produce flat, wide trees
that fail to develop deep refinement chains. The
PUCT exploration term (Section 3.1) partially ad-
dresses the first issue by decaying linearly rather
than logarithmically, reducing the dominance of
exploration under tight budgets.

Classical extensions. Three classical MCTS
ideas are relevant but do not transfer directly to
this regime (Section 5.3). Progressive widening
(Coulom, 2007; Chaslot et al., 2008) ties branch-
ing to visit count but is score-agnostic. First-play
urgency (FPU) (Gelly and Wang, 2006) assigns a
fixed value to unvisited actions but cannot adapt to
non-stationary score distributions. PUCT (Rosin,
2011; Silver et al., 2017) uses a learned policy prior
with linear exploration decay. EXTS redesigns each:
progressive widening becomes quality-conditioned,

FPU becomes a stochastic virtual child sampling
from the parent’s reward history, and PUCT-style
decay operates without a learned prior.

3 Methodology

Our intuition is that, especially under tight budgets,
adding a single scalar-weighted UCT or PUCT
exploration term to the reward cannot by itself
capture the balance between exploration and ex-
ploitation (Section 5.1). ExTS keeps this weighted
exploration term, but conditions both selection and
expansion decisions on the observed reward distri-
bution at two scopes: local (a node’s own subtree)
and global (the whole search tree).

Concretely, each node v stores a candidate x,, €
S and maintains: n, (total visits), n;" (successful
visits), R, (reward observations from successful
expansions in v’s subtree), and s, = f(z,) (val-
idation score). The reward pool R, implements
mean backup: EXUCT(v) estimates the refinement
productivity of expanding below v, not the quality
of v’s own candidate. Figure 1 illustrates how the
three design choices transform the search tree. The
complete search loop follows standard MCTS (se-
lect, expand, validate, backpropagate) and is given
in Algorithm 2 (Appendix B).

3.1 Discriminative Reward Shaping

Both effective selection and meaningful expan-
sion decisions require differentiating node quality.
When raw validation scores cluster in a narrow
range, as is common in validation-heavy domains,
UCT’s exploitation term makes all nodes appear
equally attractive: selection becomes near-random,
and any VOI comparison between expanding ver-
sus deepening becomes uninformative. The ExTS
selection policy addresses this by scoring each vis-
ited node v (n, > 0) as:

ExUCT(v) = (”j>a-go(ri)

Ny

+ explore(npar(v), M)  (2)

The exploitation term combines two signals: the
shaped rewards (), which separate candidates
when raw scores cluster narrowly, and a success-
rate weight (n,}/n,)®, which discounts nodes
whose subtrees produce mostly invalid outputs («
controls failure discounting). The shaping function
 maps raw scores through global normalization



and a temperature-controlled nonlinearity:

. T"'— Smin
SD(T) = 6’1/T o 1 r= Smax — Smin’ (3)
1
o(ri) = Rl o(ri). 4

For T' < 1, ¢ is convex, compressing low scores
and amplifying high scores. This is important in
validation-heavy domains where scores cluster in a
narrow range and linear normalization would make
most nodes appear equally attractive.

The exploration term takes one of two forms.
The UCT variant decays logarithmically:

Inn
exploreycr(npar, o) = C Tpar, &)
(¥
while the PUCT-style variant decays linearly, pro-
viding faster convergence toward exploitation un-
der tight budgets:

Tpar
14+n,

Unlike standard PUCT (Rosin, 2011; Silver et al.,
2017), which incorporates a learned policy prior
P(als), our variant uses no prior for simplic-
ity, because such a prior must be designed task-
specifically. The default ExTS configuration uses
PUCT-style exploration with C' = 1.0; we evalu-
ate the UCT variant (C' = v/2) as an ablation in
Section 5.3.

(6)

explorepycr(Mpar, 1w) = C

3.2 VOI Estimation via the Virtual Child

The core of ExTS’s expansion-as-VOI principle is
a mechanism for estimating the expected value of
creating a new child at any internal node. In stan-
dard MCTS, expansion occurs only at leaf nodes,
forcing the algorithm to fully expand each level
before deepening. We instead make expansion a
first-class decision at every internal node by in-
troducing a virtual child that competes with real
children during selection.

At each internal node v with m existing children,
if v can still expand (m < M), we compute a
virtual child score. First, we estimate the virtual
child’s fair-share visit count:

Zcechildren(v) nc) ' 7

m

Nfair = Max (17

We then sample & = max (1, |ngir-n, /ny|) scores
with replacement from the parent’s reward pool

R, U{s,} and compute the estimated shaped mean
(7). The virtual child score mirrors Equation 2:

ni\o
ExUCT,y = (—”) :
n

v

o(7) + explore(ny, Nfir )

®)
The stochastic sampling captures finite-sample un-
certainty: fewer expected visits produce fewer sam-
ples and thus higher variance, naturally encourag-
ing expansion when evidence is thin.

Let ¢* = arg max.; EXUCT(c;) be the best real
child. If EXUCTyjxya > ExUCT(c*), the node is
selected for expansion; otherwise selection recurses
into c*. Appendix I works through this comparison
on a real run.

3.3 Quality-Conditioned Branching

ExTS conditions branching on node quality at two
granularities: whether a node may expand at all,
and how many children it may accumulate.

Expansion gate. For non-root nodes, expansion
is permitted only when the node’s validation score
exceeds the T-quantile of the population:

Sy > QT({SU T € ’T}) 9)

Below-threshold nodes remain reachable and up-
date their statistics but cannot spawn new children.
The threshold adapts as the tree accumulates better
candidates, becoming increasingly selective over
time.

Quality-gated progressive widening. Classical
progressive widening (Coulom, 2007; Chaslot et al.,
2008) ties branching to visit count but is score-
agnostic. We condition it on node quality: the
maximum branching factor grows with visit count,
but only for nodes whose quality justifies it:

M (v) = Mo+ LlogbZ—SJ -1 [sv >Q,Vv = vmot],

(10)
where My is the initial maximum children, b is
the widening base, ng is the visit threshold before
widening begins, and ) is the y-quantile of node
scores. Typically v > 7 (defaults: v = 0.75,
7 = 0.25), reflecting that widening is a stronger
commitment than a single expansion. Low-scoring
nodes remain capped at M.

Gate semantics. The expansion gate (Algo-
rithm 1, line 5) applies to internal nodes decid-
ing whether to create additional children. A leaf
node returned at line 2 is selected for its first expan-
sion regardless of score; the gate restricts further



Algorithm 1 EXUCT-SELECT: Selection with Vir-
tual Child
Require: Node v

1: if v is a leaf then

2 return v

3: end if
4: can_expand < |children(v)| < M (v)
5: if v # root and can_expand then
6
7
8
9

. can_expand < s, > Q,({sy, :u € T})
. end if
D4 arg MaXcechildren(v) EXUCT<C)
. if can_expand then
10:  m < |children(v)|
11:  Ngajr max(l, Do nc/m)
122k + max(1, |[ngi - ) /ny])
13:  Sample 71,...,7x ~ Ry, U {s,} with re-
placement
4 e (i /m)® - S e()
15: ExUCTyira < q + explore(nv, nfair)
16:  if EXUCTyjrua > EXUCT(c¢*) then
17: return v
18:  end if
19: end if
20: return EXUCT-SELECT(c")

expand here

branching only after a node has at least one child
and evidence of its quality. This means every node
receives at least one expansion attempt before gat-
ing takes effect.

4 Evaluation

We evaluate EXTS across four domains spanning
diverse failure rates, score variances, and drift lev-
els (Table 1). All methods share the same evalua-
tion budget B per task. ExTS uses a single fixed
configuration across all domains (Table 10); each
baseline is the best-known method for its respective
task with a fully tuned, domain-specific configura-
tion. We additionally report ExXTS* variants that
adjust one or two hyperparameters per task based
on pilot-run diagnostics, a modest adaptation that
remains fair given the domain-specific tuning al-
ready present in each baseline. Full formulation
details are in Appendix D.

4.1 Prompt Optimization

We integrate ExTS into the GEPA framework
(Agrawal et al., 2025) for optimizing DSPy (Khat-
tab et al., 2023) instructions on HotpotQA (Yang
et al., 2018) and HoVeR (Jiang et al., 2020) (300
test examples, 3 seeds, Qwen3-8B). This domain

Table 2: Prompt optimization: test accuracy (%) over
3 seeds. TResults from Agrawal et al. (2025). *Pilot-
adapted (Section 5.2).

Method HotpotQA HoVeR
Baseline 41444125  36.11+0.79
GRPO' 43.33 38.67
MIPROV2' 55.33 47.33
GEPA (Pareto)  58.55+532  50.33+4245
ExTS 64.89+083  50.45+2.18
ExTS* 66.00+098  51.67-+098
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Figure 2: LiveCodeBench pass@1 (%) over 3 seeds.

has the highest failure rate (p = 0.74-0.82) among
our tasks.

Table 2 shows that ExTS improves over GEPA
Pareto by +10.8% on HotpotQA with 6.4x lower
variance. The pilot-adapted ExTS* further im-
proves to 66.00% by increasing the success-rate
exponent to o = 2.0, which sharpens node selec-
tion in this high-failure-rate domain (p = 0.74;
Section 5.2). On HoVeR, EXTS performs on par
with GEPA Pareto (+0.2%, within noise). HoVeR
exhibits the highest score drift (x = 0.16) among
our tasks, causing normalization bounds to shift
frequently and re-rank nodes mid-search. The pilot-
adapted ExTS™* switches to UCT exploration with
no gating, buffering against score re-ranking by
maintaining sustained exploration (Section 5.2).

4.2 Code Generation

We integrate EXTS into the TreeQuest framework
(Inoue et al., 2026) on LiveCodeBench (Jain et al.,
2024) (182 problems, budget 128, Claude Son-
net 4), comparing against StandardMCTS and
AB-MCTS-A. All three methods achieve iden-
tical public-test success rates on easy (100%)
and medium (85.8%), making those splits non-
discriminative; we therefore use the hard split as
our primary metric while reporting overall perfor-
mance for reference (Figure 2).

On the hard split, EXTS reaches 19.1% pass@1



Table 3: K-MSE molecular elucidation (Claude Sonnet
4.6, 216 molecules, 16 rollouts, 3 seeds). ACC (exact
match) is the primary metric; fingerprint similarities are
listed for reference. *Pilot-adapted (Section 5.2).

Method ACC (%) Morgan MACCS RDK

CoT 79.8+02 887+.002  .942+.001 904+ .001
K-MSE 89.8+04 952+002  .976+.001  .962+.003
EXTS 91.0+06 952+.004  .972+005  .960+.004
EXTS* 91.2+04 9541004 9731003  .959+.004

Table 4: Workflow optimization on DROP (F1 x 100, 3
seeds). *Pilot-adapted (Section 5.2).

Method F1 (meantstd) Best Cost ($)
CoT (linear) 89.28+1.78 91.10 36.70
AFlow 87.8942.29 89.56 26.09
ExTS 90.96-+0.93 91.54 15.26
ExTS* 91.54+1.92 93.76 10.43

versus 17.1% for AB-MCTS-A (+11.7%) and
18.1% for StandardMCTS (+5.5%), with the low-
est cross-seed variance. The gains come from
deeper refinement of promising candidates rather
than broader coverage. Overall pass@1 is 46.2%
(+1.3% over StandardMCTS). The pilot-adapted
ExTS* (T'=0.5) further improves to 47.4% overall
(4+4.0% over StandardMCTYS).

4.3 Molecular Structure Elucidation

We apply ExTS to K-MSE (Zhuang et al., 2025),
where an LLM deduces molecular SMILES from
NMR and IR spectra (216 molecules, Claude Son-
net 4.6). This domain has near-zero failure rate and
stationary scores.

ExTS improves ACC by +1.3% over K-MSE’s
MCTSr (Table 3). The strong base model leaves
limited headroom; gains come from exploitation
shaping and the virtual child directing budget to-
ward molecules that benefit from iterative refine-
ment. The scorer measures embedding similar-
ity rather than exact match, creating a reward-
metric gap where structurally similar but incorrect
molecules (e.g., isomers sharing NMR signatures)
receive high rewards.

4.4 Agentic Workflow Optimization

We evaluate EXTS on DROP (Dua et al., 2019)
within the AFlow framework (Zhang et al., 2025),
which searches over LLM-based operator graphs
(20 rounds, 3 seeds, Claude Sonnet 4.5 optimizer,
Haiku 4.5 executor). The three methods differ in
how they condition refinement: CoT always ex-
tends the deepest chain; AFlow conditions on a

top-scoring round chosen by stochastic sampling;
ExTS conditions on a tree-search-selected node.
CoT achieves strong accuracy by accumulating
history but incurs the highest cost as context grows
linearly. AFlow reduces cost by avoiding deep
chains but sacrifices robustness through stateless
selection. ExTS is Pareto-dominant: tree search
identifies productive nodes at moderate depths
while quality gates prevent overcommitment to
deep chains, achieving the best accuracy, lowest
variance, and lowest cost (Table 4). We report cost
only for this domain because the optimizer receives
the parent workflow as context, making cost pro-
portional to conditioning depth; in other domains
(code generation, molecular elucidation), cost per
iteration is fixed regardless of search depth.

S Understanding ExTS

5.1 The Exploration Constant Is Not Enough

A natural question is whether simply tuning the
exploration constant C' in standard MCTS could
replicate ExTS’s gains. On LiveCodeBench (Fig-
ure 2), sweeping C from 1.0 to 2.0 produces only
marginal differences (44.3—45.6% overall), with
no configuration approaching ExTS (46.2%). The
exploration-exploitation ratio is a single scalar that
uniformly scales the bonus across all nodes; it
cannot address flat reward signals, forced full ex-
pansion, or score-agnostic branching. Lowering
C shifts budget toward exploitation but still ex-
pands unpromising nodes unconditionally; raising
C broadens coverage but wastes budget on shal-
low siblings that never deepen. Neither direction
addresses the core issue: the tree policy lacks the
structural mechanisms to decide where expansion
is worthwhile. EXTS’s improvement is structural:
it reshapes how the tree grows, not merely how
much it explores.

5.2 Pilot-Run Findings

We examine how pilot-run diagnostics (Table 1)
characterize the structural differences among agen-
tic search problems and relate these differences to
hyperparameter sensitivity. The high cost of agen-
tic search experiments does not permit exhaustive
grid search, so the EXTS* configurations below
may not represent optimal settings. Nonetheless,
even coarse adaptation guided by these diagnos-
tics yields EXTS* variants that outperform all task-
specific baselines (Tables 2, 3, 4 and Figure 2).
Appendix G condenses these findings into a com-



pact diagnostic guide (Table 13). Three patterns
emerge.

Low & 4/low k or unstable validation — soften 7T'.
When refinement variance and drift are both low,
scores cluster tightly and aggressive exploitation
(low T') over-commits to gaps that may not pre-
dict test improvement. Relaxing 7" to 0.5 hedges
against this. On K-MSE (64 = 0.09, x = 0.05),
T = 0.5 yields 91.2% ACC (40.2 pp; Table 3).
On DROP (6 4 =0.04, k =0.02), raising 7 =0.5
with My =4 yields 91.54 F1 (4-0.58 pp; Table 4).
LiveCodeBench (64 =0.32, k=0.14) does not ex-
hibit this signature, yet also benefits from 7'=0.5
(47.4%, +1.2 pp; Figure 2) because its validation
signal is inherently sparse: a few public test cases
serve as proxy for the full hidden suite, creating
per-sample noise that similarly rewards softer ex-
ploitation. In all three cases, moderate T-softening
improves performance when the validation scorer
is a weak proxy for the true metric.

High score drift («) — early exploration. High
x means normalization bounds shift frequently,
making early shaped reward rankings unreliable.
UCT’s exploration term is larger than PUCT’s
when the tree is small, providing stronger early ex-
ploration before rankings stabilize. Disabling the
score gate (Tgae = 0) avoids blocking potentially
good parents based on transiently low scores. On
HoVeR (x = 0.16, highest), switching to UCT with
Toate = 0 yields 51.67% (+1.22 pp, 2.2 lower vari-
ance; Table 2). Conversely, HotpotQA (x = 0.11)
strongly prefers PUCT (4-6.45 pp over UCT; Ta-
ble 7), where fast decay concentrates budget on
chains whose rankings are stable enough to trust.

High failure rate (p) — sensitive to a. Intu-
itively, when most expansions fail, the success-rate
exponent o becomes critical for separating produc-
tive nodes from unproductive ones. We verify this
on HotpotQA (p = 0.74): setting o = 2.0 yields
66.00% (4-1.11 pp; Table 2), while reducing « to
1.0 causes —7.78 pp with 6.8 x higher variance (Ta-
ble 5). In low-failure tasks, « has negligible effect.

5.3 Ablation Studies

We isolate each design choice via leave-one-out
ablation on HotpotQA (high p, high ). Live-
CodeBench ablations are in Table 12 (Appendix F).

Table 5 confirms that all components contribute.
Failure penalty has the largest impact (—7.78 pp),
followed by the virtual child (—3.22 pp); without

Table 5: Leave-one-out ablation on HotpotQA (3 seeds).
LiveCodeBench ablations in Table 12.

Configuration Acc. Configuration Acc.

EXTS (full) 64.89+053 1 w/o Soft norm. 634412201
w/o Virtual child 61.67+196m  w/o Gated expan.  63.22+1.10 1
w/o Fail. penalty (a«=1) 57.11+567 - w/o Gated PW 62.55+208 11

Table 6: Classical mechanisms vs. EXTS redesigns (3
seeds).

Configuration Score
DROP (FI x 100)
EXTS (virtual child) 90.96+0.93
Fixed FPU = 0.5 88.95+0.81
Fixed FPU = 0.8 89.34+3.23
LiveCodeBench (pass@1 %)
ExTS (quality-gated PW)  46.2+04
Score-agnostic PW 45.0+09

the latter, the algorithm reverts to wide-tree be-
havior. Gated progressive widening contributes
—2.34 pp by restricting expansion to nodes whose
quality justifies the budget cost.

Classical mechanisms do not transfer directly.
Table 6 replaces ExXTS components with their clas-
sical counterparts: fixed FPU (Gelly and Wang,
2006) instead of the virtual child, and score-
agnostic progressive widening (Coulom, 2007) in-
stead of quality-gated widening. On DROP, both
FPU constants underperform ExTS (—2.0 pp and
—1.6pp), and the gap between FPU=0.5 and
FPU = 0.8 (+0.4 pp) illustrates a fundamental lim-
itation: fixed FPU is sensitive to the constant’s
value, which interacts with exploration C, shaping
temperature 1', and domain score scale. The vir-
tual child sidesteps this coupling by sampling from
observed rewards, adapting automatically as the
score distribution evolves. Score-agnostic widen-
ing wastes budget expanding low-quality nodes.

Exploration type: PUCT vs. UCT. Table 7 com-
pares the default PUCT (linear decay) against UCT
(logarithmic decay). HotpotQA strongly prefers
PUCT (+46.45 pp), where fast decay concentrates
budget on proven chains. HoVeR prefers UCT
(+0.88 pp), where sustained exploration buffers
against score drift. This task-dependent sensitivity
motivates the diagnostic analysis in Section 5.2.

5.4 Tree-Shape Diagnostics

We verify that ExTS redirects budget from breadth-
first exploration into selective refinement by com-
paring tree shape on K-MSE (216 molecules, B =



Table 7: Exploration type ablation: PUCT (default) vs.
UCT, 3 seeds.

Dataset PUCT UCT
HotpotQA  64.89+083 58.44+220
HoVeR 50.45+218 51.33+1.44
K-MSE 91.0+06 89.0+15

Table 8: Tree-shape diagnostics on K-MSE (B =16, 3
seeds). Non-trivial: 92 molecules where at least one
method improves beyond the root.

Method Leafdep. Bestdep. Scorer ACC (%)
All tasks (n=216)

MCTSr 4.89+.08 0.44+07 722403 89.8+04
ExTSnry=2 5.49+.13 0.48+.05 72.5+02 90.4+04
ExTSnro=3 491+14 04703 72.7+01  91.0xo06
Non-trivial tasks (n=92)

MCTSr 443413 1.03+16  69.5+06  77.2+09
ExTS =2 4.44+ 09 1.12+.11 69.6+04 78.6+1.0
ExTSnry=3 3.73+.2 1.09+.06 70.1+0.1 80.1+14

16, 3 seeds), where MCTSr and ExTS differ only in
tree policy. We measure mean leaf depth and depth
of the best-scoring node, partitioning molecules
into trivial (124/216 solved at root) and non-trivial
(92/216). Full setup details are in Appendix E.

On the non-trivial partition, EXTS (M= 3) pro-
duces shallower leaf depths (3.73 vs. 4.43) while
finding its best node deeper (1.09 vs. 1.03), the
signature of selective refinement. This structural
shift yields +2.9 pp ACC on the non-trivial sub-
set (80.1% vs. 77.2%), where the overall +1.2 pp
gain is concentrated. MCTSr distributes budget
uniformly across depths; EXTS concentrates chil-
dren at promising nodes and deepens only subtrees
that improve, placing the best node at the depth
where refinement transitions from improving to
diminishing returns.

5.5 Budget-Scaling Behavior

We measure performance as a function of evalua-
tion budget B across LiveCodeBench, HotpotQA,
and K-MSE (setup details in Appendix E).

Figure 3 shows that ExTS converts budget into
performance more efficiently across all domains.
On LiveCodeBench, ExTS trails at B=1 (all meth-
ods reduce to a single sample) but overtakes Stan-
dard MCTS at B~8 and reaches 46.2% vs. 45.6%
(Standard) and 45.4% (AB-MCTYS) at B=128; on
hard problems the gap widens to 19.1% vs. 17.1%
(AB-MCTS). On HotpotQA, ExTS reaches 64.9%
at B=70 versus 58.0% for GEPA Pareto with
tighter confidence intervals. On K-MSE, ExTS

LCB (hard, n=82) LCB (all, n=182)

-
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Figure 3: Budget-scaling behavior across three domains,
averaged over 3 seeds (10 bands). The x-axis is search
budget. ExTS’s advantage is most pronounced on hard
instances (top left) and in prompt optimization (bottom
left), where iterative refinement matters most.

leads from B=1 onward and maintains a growing
gap (72.5 vs. 71.8 at B=13). The crossover pattern
reflects ExTS’s calibration overhead: progressive
widening and virtual-child scoring require initial
samples, but this investment pays off once quality-
conditioned pruning can redirect evaluations away
from unpromising subtrees. The steeper scaling
on hard problems (+6.5 pp from B=1to B=32 vs.
+3.7pp for MCTS) confirms that the advantage
concentrates where search depth matters most.

6 Conclusion

We introduced EXTS, a tree-search policy for
budget-constrained LLLM agent search that jointly
redesigns both selection and expansion. Rather
than applying flat UCT selection and expanding un-
conditionally, EXTS makes both decisions quality-
aware: shaping rewards for narrow score distribu-
tions, framing expansion as a value-of-information
decision, and gating branching on node quality.
Across four diverse domains, EXTS is competitive
with or improves over task-specific baselines using
a single fixed configuration, with gains concen-
trated in high-failure-rate and moderate-difficulty
regimes. The same fixed configuration further gen-
eralizes to an additional domain, GPU kernel opti-
mization (Appendix H). We additionally show that
pilot-run diagnostics characterize the structural dif-
ferences among agentic search problems, explain
why different tasks respond to different configura-
tions, and offer practical guidance for adaptation.



Limitations

We use a single model per domain due to the
substantial API costs of tree search (each exper-
iment requires hundreds of LLM calls per task
instance across multiple seeds) and do not study
how model scale alters the search landscape; be-
cause the pilot-run diagnostics are conditioned on
the model, scorer, and budget, they describe the
landscape as seen by that configuration rather than
intrinsic domain properties, and their transferabil-
ity across model families is untested. Finally, the
diagnostic approach requires a pilot tree that, in
deployment on a new task, consumes budget not
applied to the final search.
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A Related Work

Search for LLM reasoning and generation.
Search strategies for LLM generation can be orga-
nized by whether their primary contribution lies in
the harness (the framework surrounding the search)
or the search algorithm itself (selection and expan-
sion policies).

On the harness side, many systems wrap stan-
dard MCTS with LLM-specific components while
retaining vanilla UCT for selection and expansion.
Some operate as linear refinement chains without
tree structure (Shinn et al., 2023; Madaan et al.,
2023; Fang et al., 2026a,b). LATS (Zhou et al.,
2023) integrates MCTS with LLM value functions
and self-reflection but does not modify the tree pol-
icy. rStar (Qi et al., 2024) defines rich reasoning ac-
tions with mutual verification between two SLMs.
RAP (Hao et al., 2023) repurposes the LLM as a
world model within standard MCTS. SWE-Search
(Antoniades et al., 2025) introduces a multi-agent
evaluation framework with a hybrid value func-
tion for software engineering tasks. PromptAgent
(Wang et al., 2024) frames prompt optimization as
MCTS-style strategic planning with error feedback.
LLaMA-Berry (Zhang et al., 2024) replaces raw
value estimates with pairwise preference aggrega-
tion for mathematical reasoning but retains stan-
dard UCT selection. S* (Li et al., 2025) combines
parallel sampling with sequential refinement and
execution-grounded selection for code generation,
contributing a scaling pipeline rather than a tree
policy. MLMaster (Liu et al., 2025) applies vanilla
UCT to data science automation. In each case, the
primary innovation is the surrounding framework
or evaluation mechanism; the internal selection and
expansion dynamics remain standard or unmodi-
fied, representing a gap where better search policies
could yield further gains.

On the search algorithm side, fewer works re-
design how budget is allocated across candidates.
AB-MCTS (Inoue et al., 2026) replaces UCT with
Thompson sampling for code generation. GEPA
(Agrawal et al., 2025) uses Pareto-frontier selection
over scored candidates for prompt optimization.
AFlow (Zhang et al., 2025) applies score-weighted
random sampling from recent rounds for workflow
optimization. BAVT (Li et al., 2026) introduces
budget-conditioned node selection via a power-law
exponent that shifts from exploration to exploita-
tion as budget depletes, evaluated on multi-hop QA
tasks. BAVT is not open-sourced, precluding direct

comparison.

ExTS departs from most of these methods
by making the exploration/exploitation balance
reward-aware: instead of a fixed exploration con-
stant, a reward-agnostic first-play-urgency value,
or progressive widening tied to visit count alone,
it lets observed validation rewards drive both the
value of expansion and how wide a node may
branch. Its virtual child is the clearest example:
where first-play urgency (Gelly and Wang, 2006)
assigns the same fixed value to every unexpanded
child, the virtual child is a node-specific, data-
dependent estimate resampled from the parent’s
shaped-reward pool and scored at a fair-share visit
count, which we treat as a value-of-information-
style estimate of expansion value. Its closest rela-
tive is the adaptive branching of AB-MCTS (Inoue
et al., 2026) (one of our baselines), which likewise
lets a hypothetical branch compete with existing
children. However, AB-MCTS-A relies on para-
metric Bayesian posteriors with conjugate priors,
while AB-MCTS-M dynamically estimates two
posterior distributions via MCMC, which can be
less effective when the search budget is small; the
virtual child, by contrast, is a nonparametric, prior-
free bootstrap coupled with quality-gated widening.
We compare against AB-MCTS-A (Gaussian), the
strongest AB-MCTS variant on LiveCodeBench.
Finally, whereas each of these baselines targets a
single task type, EXTS redesigns both selection and
expansion and holds a single fixed configuration
across four structurally distinct domains, plugging
into each framework’s existing search interface
(GEPA, TreeQuest, K-MSE, AFlow). Table 9 sum-
marizes this positioning against prior LLM tree-
search methods.

Test-time compute allocation and sampling base-
lines. Several lines of work study inference-time
budget allocation from complementary perspec-
tives. Snell et al. (2024) characterize when repeated
sampling versus sequential revision is compute-
optimal for reasoning tasks, providing scaling pre-
dictions at the problem level. EXTS addresses a
different use case, agentic search with iterative
refinement, but its mechanisms for efficient bud-
get allocation could in principle be applied within
test-time scaling frameworks. Best-of-/NV sampling
(Brown et al., 2024) generates /V independent can-
didates and returns the best. EXTS instead exploits
parent-child refinement structure, achieving better
efficiency when iterative improvement is produc-



tive. Sequential halving and Hyperband (Li et al.,
2018) efficiently eliminate unpromising configura-
tions but assume independent candidates. ExTS
handles tree-structured refinement where parent
quality predicts child quality.

Table 9: Positioning of ExTS relative to prior LLM
tree-search methods. “Focus” indicates whether the
primary contribution is the search harness (H) or the
search algorithm (A).

Method Focus Selection Expansion Fail.-aware
Linear H Sequential N/A No
ToT H BFS/DFS Full No
LATS H UCT Full No
rStar H UCT Full No
RAP H UCT Full No
SWE-Search H UCT + hybrid value Full No
LLaMA-Berry H UCT + pairwise Full No
Ng H Parallel + refine Pipeline No
MLMaster H UCT Full No
PromptAgent H UCT Full No
GEPA A Pareto Stateless No
AFlow A Score-weighted Random No
AB-MCTS A Thompson Adaptive No
BAVT A Budget-conditioned Structural No
ExTS A ExUCT Gated + adaptive Yes
Evolutionary search for LLM systems.

ShinkaEvolve (Lange et al., 2026) and EvoX (Liu
et al., 2026) are population-based evolutionary
optimizers that run at a far larger budget than
ExTS’s tight per-query regime (ShinkaEvolve uses
roughly 150 evaluations for its headline result,
whereas several of our settings run well below
this, e.g., 16 rollouts on K-MSE and 20 rounds on
AFlow), so they differ from ExTS in search family,
budget, and search space. Even GEPA (Agrawal
et al.,, 2025), one of our prompt-optimization
baselines, is itself a Genetic-Pareto evolutionary
method, yet EXTS improves over it by 10.8%
on HotpotQA at 6.4x lower variance. ExXTS is
instead a complementary, plug-and-play tree policy
whose value-of-information view of expansion is
orthogonal to how candidates are generated, and
matched-budget comparisons between tree and
evolutionary search (and hybrids of the two) are a
valuable direction for future work.

Prompt and Skill optimization. OPRO (Yang
et al., 2024) uses LLMs as optimizers over scored
solution histories. MIPROV2 (Opsahl-Ong et al.,
2024) applies Bayesian surrogate optimization to
DSPy instruction tuning. For skill optimization,
ReSkill (He et al., 2026) selects among candidate
skills via Thompson sampling in agentic RL. ExTS
can serve as a drop-in selection component within
such frameworks.

Self-improving agents. Reflexion (Shinn et al.,
2023) uses verbal self-reflection for iterative im-
provement but follows a linear chain rather than
a tree, missing the opportunity to explore alterna-
tive refinement paths. ReAct (Yao et al., 2022)
synergizes reasoning and acting but uses greedy se-
lection. These approaches are complementary, and
ExTS could serve as the search backbone for sys-
tems that currently rely on linear or greedy strate-
gies.

Automated workflow optimization. AFlow
(Zhang et al., 2025) automates agentic workflow
generation by searching the space of LLM-based
operator graphs. We directly compare against
AFlow’s search strategy in Section 4.4.

Molecular structure elucidation. K-MSE
(Zhuang et al., 2025) already applies MCTS with
a neural molecule-spectrum scorer to molecular
structure elucidation, making it a directly relevant
baseline. Our K-MSE evaluation uses the same
scorer and knowledge base, isolating the effect of
the selection/expansion policy.

B Default Configuration and Complete
Algorithm

Algorithm 2 gives the complete ExTS search loop
and Table 10 lists the default hyperparameters used
across all experiments.

Algorithm 2 ExTS: Complete Search Loop

Require: z(, refinement operator A, validator f,
budget B
1: Initialize tree 7 with root vg, ,, < o,
Svg f (xg)
2: while budget B not exhausted do
v <— EXUCT-SELECT(vp)
' — Alxy)
r e f(@)
if r = | then
BACKPROP-FAILURE(v); continue
end if
Create child u: z, < z', s, < 7
10:  children(v) < children(v) U {u}
11:  BACKPROP-SUCCESS(v, )
12: end while
13: return arg maxyc7 Sy

Alg. 1
LLM refinement

L X DR




Table 10: ExTS default configuration, fixed across all
experiments.

Parameter Default Rationale

Exploration type PUCT  Linear decay for tight budgets
Exploration C' 1.0 Conservative; no policy prior
Success-rate o V2 Amplified failure discounting
Temperature 7T 0.3 Top-20% emphasis

Initial children My 3 Moderate branching
Widening base b 2 log, growth

Widening threshold ng 32 Delay widening

Widening quantile 0.75 Top-quartile widening

Score gate T 0.25 Mild gating

C Formal Definitions of Pilot-Run
Diagnostics

Section 2.1 introduces four measurable pilot-run
diagnostics that characterize the search landscape
of validation-heavy domains. We provide rigorous
definitions below, expressed in terms of the search
tree 7 built during a pilot run of budget B. Table 11
summarizes the notation used throughout.

Table 11: Notation used in formal property definitions.

Symbol  Description

T Search tree rooted at initial candidate xo
V(T)  Setofall nodes in 7"
(7 Set of internal (expanded) nodes: {v € V() : [children(v)| > 0}
My Vm( count of node v (i via from all
visit count (backprop from where f(a') # 1)
n; Failed visit count: ny = n, — ny
s Validation score f(z,,) for node v’s candidate x,,
st Set of successfully validated nodes: {v € V(T : s, is defined}
Smins Smax  Mil,cg+ so and max, g+ s, respectively

in the subtree rooted at v)

Definition 1: Failure rate (o). The fraction of ex-
pansion attempts that do not produce a successfully
validated candidate:

— 1D

where v is the root. Since backpropagation in-
crements all ancestors after each expansion, 7,
equals the total number of expansion attempts
across the tree and n,, equals the total failures. An
attempt counts as falled if f returns L (e.g., syntax
error, runtime error, timeout, or a domain-specific
rejection criterion). By construction, p € [0, 1].
Domains with p > 0.5 spend more than half their
budget on failed attempts, making failure-aware
mechanisms (dual backpropagation, success-rate
weighting) essential.

Definition 2: Normalized score deviation (7).
The spread of validation scores across all success-
fully evaluated candidates, normalized by the ob-

served range:
1 1
f Smax_smin\/‘5+|_1vezs+( ’ )
(12)

where 5 = \Tlﬂ Y vest Sv- I Smax = Smin OF
|S*| < 2, we define 67 = 0. Low values indicate
a flat score landscape where exploitation shaping
must work harder to differentiate candidates.

Definition 3: Score drift (x). Score drift quanti-
fies the non-stationarity of normalized node scores
as the tree grows. At each iteration ¢ a new node
with score speyw 18 added. Let smm and smax denote
the running minimum and maximum scores among
all nodes at iteration t. Let Ta = {t : st. #
sfnhll or st .. # st—L1 be iterations where the nor-
malization bounds change. The normalized score
of node v at time ¢ is 8, = (s, — s’ )/ (8% —
Then:

- E Y

teTa vEV

I'Illn)

at _ at— 1| (13)

where V; is the set of nodes existing before iteration
t (excluding the newly added node). If [Ta| = 0
or the score range is zero, we define x = 0. High
x indicates that newly discovered candidates fre-
quently shift the normalization bounds, changing
the relative exploitation values of existing candi-
dates.

Definition 4: Refinement variance (6 4). The
refinement variance measures the stochasticity of
the refinement operator A when applied to the same
parent state. For each internal node v € I(T)
with at least two successfully validated children,
let Cf = {c € children(v) : s is defined} and
fo = @ Zcec,jr Sc. The per-node refinement
variance is:

1 _
2 _ 2
O-.A,U - |C{)‘r| o 1 Z (SC - f’l))

CGC{,"

(14)

Let b = {v e I(T) :
refinement variance is:

|C;f| > 2}. The global

1
G4 =

Smax — Smin

Distinction from 6. 6, measures the spread
of scores across all candidates in the tree, reflect-
ing the combined effect of different parent states,



depths, and refinement histories. In contrast, 6.4
isolates the variance attributable to the LLM’s sam-
pling stochasticity by conditioning on the parent.
A domain may have low ¢ (flat overall landscape)
but high & 4 (diverse candidates from any single
parent), or vice versa. High 6 4 indicates that re-
sampling from the same node is productive, provid-
ing implicit exploration; low & 4 indicates refine-
ments are largely deterministic and explicit explo-
ration via higher C' is needed.

Computation details for Table 1. All properties
are computed from pilot trees built by running the
baseline method for each dataset with budget B,
averaged across 3 seeds ({0,42,1024}).

p: We read n,, and njo directly from the root
node’s backpropagated statistics stored in the pilot
tree.

or: We collect the score s, of every node
v € ST in the pilot tree and compute the sample
standard deviation divided by smax — Smin- FoOr
K-MSE, which runs 216 independent molecule
searches per seed, we pool all node scores across
molecules before computing a single & ¢ per seed.

k: We replay the tree construction in node-
creation order, tracking s’ . and s! . after each
insertion. At each iteration where bounds change,
we compute the mean absolute shift in normalized
scores across existing nodes and average over all
such events.

0 4: We estimate refinement variance from sib-
ling scores in the pilot tree: for each internal node
v with |C;f | > 2 successfully validated children,
we compute 0,24,1; from the children’s scores and
aggregate via Equation 15. This treats siblings as
approximate samples from A(x,, ), which is valid
when the tree context does not meaningfully change
between sibling expansions. For LiveCodeBench,
where the pilot does not save per-node tree struc-
ture, we instead run & =10 1i.i.d. refinements from
a fixed parent state for 5 representative problems
and aggregate.

D Detailed Experimental Setup

D.1 Prompt Optimization

We evaluate ExTS within the GEPA prompt opti-
mization framework (Agrawal et al., 2025), which
optimizes natural-language instructions in DSPy
programs (Khattab et al., 2023). We use two multi-
hop reasoning benchmarks: HotpotQA (Yang et al.,
2018), a question answering task with a 4-predictor

DSPy program and ColBERTV2 retrieval (San-
thanam et al., 2022) over 5.2M Wikipedia abstracts,
and HoVeR (Jiang et al., 2020), a fact verification
task. Both use a test set of 300 examples with
accuracy (%) as the evaluation metric, and all ex-
periments are run across seeds {0, 42,1024} using
Qwen3-8B (Yang et al., 2025) via vLLM (Kwon
et al., 2023) (TP=4, temperature 0.6, top-p 0.95,
thinking enabled).

In the EXTS formulation, the candidate set S
consists of DSPy instruction configurations. The
refinement operator A is an LLM instruction pro-
poser conditioned on failure feedback. The val-
idator f evaluates on the full train and validation
set, returning L if the new score does not exceed
the parent’s. Score stationarity x is high because
aggregate scores shift when new programs join the
Pareto frontier.

We compare four conditions: Baseline (unopti-
mized seed program), GEPA Pareto (task-native
Pareto-frontier selection (Agrawal et al., 2025)),
ExTS default (Table 10), and per-dataset ExXTS*
(HotpotQA: oo = 2.0; HoVeR: UCT exploration,
7 = 0), with the optimization budget matched
across methods.

D.2 Code Generation

We evaluate ExTS within the TreeQuest framework
(Inoue et al., 2026) on LiveCodeBench (Jain et al.,
2024), which contains 182 problems from release
v6 (January to April 2025) split into 45 easy, 55
medium, and 82 hard problems. Public test cases
serve as the search reward signal and private test
cases determine the final pass@ 1 metric. We use
Claude Sonnet 4 with temperature 0.6, a budget of
128 steps per problem, and report results over seeds
{0,42,1024}.

In the EXTS formulation, S consists of code solu-
tions, A is an LLM code editor conditioned on test
failure traces, and f is the full public test suite exe-
cution (returning | on syntax errors or compilation
failures). Score stationarity « is low because ex-
isting solution scores do not change. We compare
StandardMCTS (UCT with C' = /2, samples per
action of 5), AB-MCTS-A (Thompson sampling
with Gaussian conjugate prior (Inoue et al., 2026)),
and ExTS default (Table 10). EXTS* sets T'=0.5.

D.3 Molecular Structure Elucidation

We evaluate EXTS on the K-MSE molecular struc-
ture elucidation task (Zhuang et al., 2025), in which
an LLM must deduce a molecule’s SMILES rep-



resentation from infrared (IR) and nuclear mag-
netic resonance (NMR) spectral data together with
a molecular formula. The evaluation set con-
sists of 216 molecules from the MolPuzzle dataset
(Guo et al., 2024), each paired with its IR spec-
trum image, carbon-13 and proton NMR spectra,
and molecular formula. The primary metrics are
Morgan fingerprint Tanimoto similarity (FTS) and
exact-match accuracy (ACC), where ACC canoni-
calizes both predicted and ground-truth SMILES
via RDKit before comparison. We use Claude Son-
net 4.6 with a pre-trained molecule-spectrum align-
ment scorer for reward computation.

In the EXTS formulation, S consists of SMILES
strings, A is an LLM that critiques the current pre-
diction against spectral data and a retrieved knowl-
edge base of 593 molecular substructures and then
proposes a revised SMILES, g checks chemical
validity via RDKit, and f is a neural scorer that
computes cosine similarity between the predicted
molecule’s embedding and the target spectrum’s
embedding scaled to [0, 100]. We compare EXxTS
against K-MSE’s original MCTSr (Zhuang et al.,
2025) and chain-of-thought prompting (CoT; Wei
et al., 2023), using 16 rollouts per molecule and 3
seeds ({0,42,1024}). EXTS uses the default con-
figuration (Table 10). ExTS* sets 7'=0.5.

D.4 Agentic Workflow Optimization

We evaluate ExTS within the AFlow framework
(Zhang et al., 2025) on the DROP reading com-
prehension benchmark (Dua et al., 2019). DROP
consists of paragraphs with questions requiring dis-
crete reasoning (counting, sorting, arithmetic) over
text; the test set contains 800 problems scored by
token-level F1.

In the AFlow formulation, a “workflow” is a
Python function that orchestrates one or more LLM
calls (using operators such as Generate, Format,
Review, Ensemble) to answer a question given a
passage. The search space S consists of these work-
flow programs. The refinement operator A is an
optimizer LLM (Claude Sonnet 4.5) that proposes
mutations to the workflow graph conditioned on
execution logs and past experience. The validator f
executes the workflow on a validation split of 200
problems over 5 rounds and returns the mean F1
score. The failure rate is low (p ~ 0.05) because
workflows almost always produce parseable output;
failures are rare execution errors.

We compare three search strategies sharing
the same optimizer LLM, executor LLM (Claude

Haiku 4.5), validation protocol, and test evaluation:
* AFlow (Zhang et al., 2025): Score-weighted
random parent sampling from recent rounds.

No tree structure or visit statistics.

* CoT (linear): Sequential refinement chain
that always extends the deepest node. No
branching or selection policy.

e ExTS: Default configuration (Table 10).
ExTS* sets 7=0.5, My=4.

Budget is 20 search rounds per seed, with seeds
{0,42,1024}.

E Analysis Setup Details

Tree-shape diagnostics (Section 5.4). We com-
pare MCTSr (binary expansion, no gating) against
ExTS at two branching caps: My = 2 (matching
MCTSr’s effective branching) and My =3 (the de-
fault). All methods share the same scorer, retriever,
and LLM (Claude Sonnet 4.6). Molecules are parti-
tioned into trivial (best node at depth O for all meth-
ods in all seeds; 124/216) and non-trivial (at least
one method in one seed improves beyond the root;
92/216). On the full dataset, all methods achieve
similar leaf depths (~5) because 57% of molecules
are trivially solved and MCTS exhausts budget on
already-solved problems. The non-trivial partition
isolates the algorithmic difference. The scorer gap
on non-trivial molecules (+0.6 over MCTSr) trans-
lates to a meaningful ACC improvement because
this partition selects precisely the molecules where
the scorer provides actionable signal.

Budget-scaling behavior (Section 5.5). On Live-
CodeBench we run Standard MCTS, AB-MCTS,
and ExTS with B=128 (182 problems, 3 seeds)
and extract pass@1 at each intermediate budget
from the cumulative score trajectory: a problem
is solved at budget b if its best public-test solution
within the first b evaluations also passes all held-out
private tests. On HotpotQA we compare ExTS and
GEPA Pareto over 78 search iterations (3 seeds),
tracking cumulative best validation accuracy. On
K-MSE we compare ExTS and MCTSr over 13
evaluation steps (3 seeds, 216 molecules), tracking
cumulative best scorer score.

F More Ablations on LiveCodeBench

Table 12 isolates two components on Live-
CodeBench. Removing gated progressive widening
costs —1.3 pp overall and —1.6 pp on hard prob-
lems, confirming that quality-conditioned branch-
ing prevents budget waste on unpromising subtrees.



Removing root exclusion (allowing the score gate
to block root expansion) costs —1.0 pp overall and
—2.0pp on hard, with notably higher variance, be-
cause gating the root can starve the tree of initial
diversity when early candidates score poorly.

Table 12: Leave-one-out ablation on LiveCodeBench
(pass@1 %, 3 seeds).

Configuration All (%) Hard (%)

EXTS (full) 46.2+04 19.1+14
w/o Gated prog. widening  44.9+07 17.5+14
w/o Root exclusion 452415 17.1+25

G Compact Diagnostic Guide

Table 13 condenses the pilot-run findings of Sec-
tion 5.2 into a compact diagnostic guide. We intend
it as both a deployment aid and an analytic contri-
bution: the four diagnostics characterize the axes
along which agentic search landscapes structurally
differ (failure rate, score spread, drift, and refine-
ment variance), and each axis maps to a concrete
hyperparameter adjustment. These full-dataset di-
agnostics are an analytic study of why agentic
search landscapes differ, not a deployment require-
ment: the fixed default configuration needs no pilot
and already matches or beats every task-specialized
baseline, while the ExXTS* refinements adjust only
one or two hyperparameters for modest gains (typ-
ically 0.2-1.2pp). When adaptation is desired,
the diagnostics are cheap landscape statistics es-
timable from a small pilot subset, and most are
collected simply by running the baseline method
(Section 2.1), a run practitioners would perform
anyway, so they largely reuse existing computation
rather than new budget.

The default configuration, used when no pilot
is run, is PUCT with C =1.0, a = /2, T =0.3,
My=3, and 7=0.25 (Table 10).

H Further Evaluation on an Additional
Domain: GPU Kernel Optimization

To further probe the generalizability of EXTS, we
evaluate it on an additional domain beyond the four
in the main text: GPU kernel optimization. Us-
ing the same fixed default configuration (Table 10),
with no tuning and no diagnostics, we follow the
setup of Gai et al. (2026), using Claude Opus 4.6
as the refinement model and their original config-
uration for all other settings, and reproduce their
pipeline on 40 tasks, running each task on a single

Table 13: Compact diagnostic guide: mapping pilot-run
signatures to hyperparameter adjustments, condensing
Section 5.2.

Diagnostic signa- What it says about the task Relevant hyperparame- Evidence

ture ter

High failure rate p most expansions fail, so separating ~ success exponent v HotpotQA

(e.g. >0.5) productive nodes is critical

Low p (e.g. <0.1) failures are rare success exponent « (little  K-MSE, DROP

effect, keep default)

High score drift early rankings are unreliable as exploration type (use HoVeR
bounds re-rank nodes UCT) and score gate 7

Low K rankings stabilize early, safe to exploration type (use HotpotQA
commit PUCT)

Low 64 and low k, aggressive exploitation over-  shaping temperature 7' K-MSE, DROP,

or weak validator  commits to spurious gaps LCB

Table 14: Further evaluation on an additional domain,
GPU kernel optimization: 40 GPU-kernel tasks, each
run on a single NVIDIA A100 40GB GPU, using
ExTS’s fixed default configuration (Table 10) with no
tuning or diagnostics. All values are speedup factors
(x); L1, L2, and L3 are the difficulty levels (categories)
defined by Gai et al. (2026). ExTS improves over MCTS
(optimized) on every metric. Results are from a single
run with Claude Opus 4.6, owing to the substantial com-
pute cost of this domain. The reported speedups are
the corrected results that exclude the invalid speedups
admitted by the original validation of Gai et al. (2026).

Method Geo. mean Median L1 L2 L3
MCTS (optimized) 4.15x 3.09x 3.68x  5.04x  3.69x
ExTS 4.36x 3.81x 3.76x 5.25x 4.30x

NVIDIA A100 40GB GPU, and compare against
their optimized MCTS baseline, which we label
MCTS (optimized). Owing to the substantial com-
pute cost of this domain, we report results from a
single run rather than the multiple runs used else-
where in the paper. In this run, EXTS improves
over MCTS (optimized) on every metric, raising
the geometric-mean speedup from 4.15x to 4.36 X,
the median speedup from 3.09% to 3.81 %, and the
per-category speedups across all three difficulty
levels (Table 14). We note that the original speed
validation of Gai et al. (2026) contained an issue
that admitted invalid (spurious) speedups; the num-
bers reported here are the corrected results that
exclude those invalid speedups. These results in-
dicate that EXTS’s budget-allocation mechanisms
generalize to this additional domain without any
domain-specific adaptation.

I Worked Example: The Virtual Child

Setup. The numbers are taken from a real default-
config EXTS run on HotpotQA (seed 0, Qwen3-8B)
and computed exactly as in Equations 7 and 8 and
Algorithm 1. We reconstruct the iteration where
the run’s best candidate (score 68.67) is created:
at iteration 104 the search descends root — v; —



vs — vy and expands the leaf v7. At that point
the global score range is [50.33, 65.0] (68.67 does
not yet exist, being the child about to be created)
and the defaults apply (7' = 0.3, o = /2, C =
1.0, PUCT with parent exponent 0.5). We show
the virtual-child comparison at the pivotal node vy,
which has n,, = 28 visits, n;” =4 successful visits
(success rate 0.143), score s, =52.33, and a single
child v3 (n = 24, nt = 3, score 55.33, rewards
{62.33,60.67,65.0}).

Best real child. The rewards of v3 normalize
and shape (Eq. 3) to {0.528,0.351,1.000} with
mean 0.626; its success rate 3/24 = 0.125 gives
(0.125)‘/§ = 0.053, so the exploitation term is
0.053 - 0.626 = 0.033. With PUCT exploration
C - /Mo/ (1 + nehild) = v28/ (1 + 24) =0.212, the
total is EXUCT(v3)=0.245.

Virtual child. The fair-share visit count (Eq. 7)
is ngir = 24/1 = 24 and the sample size is
k = round (ng; - ny /n,) =round(24 - 0.143) =
3. The virtual child draws & = 3 scores
from the parent’s pool (reward history plus s,),
namely {55.33,62.33,60.67,65.0,52.33} with
shaped values {0.078,0.528,0.351,1.000, 0.021}.
Its exploration term is v/28 /(1 +24) =0.212, so in
expectation it scores (0.143)‘/5 -0.396 + 0.212=
0.237, just below the best real child at 0.245.

Decision and interpretation. The comparison is
close, 0.237 versus 0.245, and turns on the shaped
sample: widening wins only when the mean of the
three draws exceeds about 0.52, which requires re-
peatedly drawing the two high pool entries (0.528
and 1.000). Enumerating all draws, this happens
with probability 0.256, so EXTS deepens into v3
about three quarters of the time, and the descent
continues through v3 to the leaf v7 whose expan-
sion produces the global best of 68.67. The virtual
child’s exploration bonus, computed at the honest
fair-share count ngi = 24, does not on average
overcome a maturing real child that already carries
an exploitation signal, so the mechanism favors
deepening the productive chain. A fixed first-play-
urgency constant cannot make this comparison, as
it sees neither the parent’s reward distribution nor
the maturity of the existing children. The same
close comparison recurs at the root (virtual 0.372
versus best real 0.381), while at v3 itself widening
is gated off (it is at the branching cap My =3 and
below the widening visit threshold), so the search
simply deepens into v3’s least-visited child v7.

J Ethical Considerations and Broader
Impact

ExTS is a general-purpose tree-search policy that
improves budget efficiency for LLM-based agentic
search. As a search algorithm, it could in principle
accelerate any agent-based system, including po-
tentially harmful ones. However, the method itself
does not introduce new capabilities beyond what
existing LLM agents already possess; it only im-
proves how evaluation budget is allocated among
candidates. All experiments use publicly available
benchmarks and models accessed through standard
APIs. The molecular elucidation task involves de-
ducing known structures from spectra rather than
de novo generation of novel compounds. We do
not foresee significant dual-use risks specific to this
work beyond those inherent to general LLM agent
research.

K Artifact Documentation

Table 15 documents the artifacts used in this work,
their licenses, and whether our use is consistent
with intended purpose.

Table 15: Artifacts used, with licenses and intended-use
consistency.

Artifact Type License Consistent Use
GEPA Framework MIT Yes
TreeQuest Framework Apache 2.0 Yes
AFlow Framework MIT Yes
K-MSE Framework MIT Yes
DSPy Framework MIT Yes
vLLM Inference engine ~ Apache 2.0 Yes
RDK:it Library BSD-3-Clause  Yes
ColBERTV2 Model MIT Yes
Qwen3-8B Model Apache 2.0 Yes
HotpotQA Dataset CCBY-SA4.0 Yes
HoVeR Dataset MIT Yes
DROP Dataset CCBY-SA4.0 Yes
LiveCodeBench ~ Benchmark MIT Yes
MolPuzzle Dataset MIT Yes

All frameworks are used as search harnesses
into which we integrate ExTS, consistent with their
intended purpose as research tools. Datasets and
benchmarks are used for evaluation as intended
by their creators. Models are accessed via their
supported APIs or inference engines.

L. Use of AI Assistants

We used Al assistants to refine the grammar of the
paper’s text.
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