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Abstract

Multi-trajectory inference for tool-use LLM
agents — generating multiple reasoning at-
tempts and selecting among them — benefits
from transferring knowledge across attempts
so that later ones avoid the pitfalls of earlier
ones. Existing cross-trajectory memory meth-
ods (trajectory-level reflection, atomic fact ex-
traction, raw observation injection) are each
evaluated under a single inference strategy on a
single task, making it unclear whether reported
gains reflect properties of the memory abstrac-
tion or of the inference method. We propose
a unified framework that decomposes memory
along two axes — the scope of transfer (within
an expansion vs. across trajectories) and the
abstraction of the transferred content — and
evaluate four methods under three inference
strategies (best-of-IN, beam search, MCTS)
on four tool-use benchmarks spanning SQL,
knowledge-graph, and CLI environments, in
a verifier-free setting that matches the deploy-
ment regime of practical agents. The experi-
ment matrix identifies the inference method as a
confound: the same memory method produces
statistically distinct results under different in-
ference strategies on the same examples. Re-
flection reaches significance only under MCTS
(not under best-of-NV); within-expansion injec-
tion (conditioning each candidate on prior sib-
lings’ outcomes) helps only diversity-starved
beam search; and atomic fact extraction is
accuracy-neutral but shortens trajectories by
19-26% on tasks with reusable environmental
structure.

1 Introduction

Multi-trajectory inference — generating many
candidate reasoning paths and selecting among
them (Yao et al., 2023; Hao et al., 2023; Gui
etal., 2024) — consistently improves accuracy over
single-trajectory agents on tool-use benchmarks.
One way to further improve multi-trajectory infer-
ence is to explicitly transfer information across
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attempts (e.g., avoiding repeated mistakes, reusing
discovered environmental knowledge, or diversify-
ing exploration), so that later attempts are informed
by earlier ones rather than sampling independently.

Memory augmentation provides this information
channel. Existing methods, however, span a hetero-
geneous design space: Reflexion-style trajectory-
level summaries of failed attempts (Shinn et al.,
2023), LATS-style reflections injected during tree
search (Zhou et al., 2024), and Re-TRAC’s struc-
tured state combining evidence, plans, and failed-
attempt records (Zhu et al., 2026). These meth-
ods vary in the abstraction at which transferred
content is represented (strategy-level reflection vs.
structured facts), but all operate at the same scope:
transferring knowledge across complete trajecto-
ries. We identify scope as a second axis — within-
expansion transfer (conditioning each sibling candi-
date on prior siblings’ outcomes) — and show that
the combination of scope and abstraction interacts
nontrivially with the inference strategy (best-of-1V,
beam search, MCTS) and with task properties (seri-
alizable vs. non-serializable environment, presence
or absence of an inline verifier).

We focus on tool-use agents: multi-step inter-
active reasoning where the agent issues structured
calls (e.g., SQL queries, shell commands) to an
external environment. This setting supports both
memory abstractions (observational feedback for
fact extraction; error signals for reflection) and ex-
poses a structural constraint: when the environment
is non-serializable (Zainullina et al., 2025) (state
cannot be forked), beam search and MCTS are in-
feasible, leaving memory-augmented best-of-N as
the only viable multi-trajectory strategy.

We propose a unified framework that decom-
poses memory along the scope x abstraction axes,
derives four memory methods as concrete instanti-
ations, and evaluates them in an experiment ma-
trix (4 memory methods x 3 inference strate-
gies x 4 benchmarks spanning 3 tool-use environ-
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ments, minus structurally inadmissible combina-
tions). Our setting is verifier-free: the task verifier
is offline, applied at evaluation time only, match-
ing the deployment regime of practical tool-use
agents. This distinguishes our analysis from prior
memory-augmented multi-trajectory work that re-
lies on inline binary verifiers (exact match, unit-test
pass) (Shinn et al., 2023; Zhou et al., 2024).
Our contributions:

* A unified scope xabstraction framework for
memory in tool-use tree search, from which
existing methods and a new one (Raw Sibling)
are derived as instantiations (§3).

* A systematic empirical study under a verifier-
free, deployment-faithful setup, covering
memory X inference x task cells (§4).

* Three findings on when memory helps: (F1)
memory’s accuracy effect is search-method-
dependent — Reflection reaches significance
only under MCTS, while cross-sibling injec-
tion helps only diversity-starved beam search;
(F2) under MCTS on the harder benchmark
(KGQA), Reflection and Raw Sibling produce
statistically indistinguishable accuracy despite
operating on different memory abstractions;
(F3) fact extraction is accuracy-neutral but
improves efficiency on tasks with reusable en-
vironmental structure (§5).

2 Background and Related Work

LLM tree search and multi-trajectory inference.
Recent work applies search algorithms to LLM
inference, generating multiple reasoning trajecto-
ries and selecting the best. Tree-of-Thoughts (Yao
et al., 2023) uses BFS/DFS with LLM-generated
evaluations. RAP (Hao et al., 2023) formulates rea-
soning as MCTS with an LLM world model. ReST-
MCTS* (Zhang et al., 2024) combines MCTS
with process reward models for step-level guidance.
Best-of-N sampling (Gui et al., 2024) generates
best-of- N and selects via a verifier or reward model.
Zainullina et al. (2025) formalize non-serializable
environments where state cannot be forked, show-
ing that MCTS is infeasible in such settings and
proposing trajectory selection as an alternative.

Reflection and verbal memory in LLM agents.
Reflexion (Shinn et al., 2023) stores verbal reflec-
tions from failed trials in episodic memory to im-
prove subsequent attempts. LATS (Zhou et al.,

2024) integrates reflection into MCTS, generat-
ing self-reflections after failed rollouts. Re-TRAC
(Zhu et al., 2026) compresses each trajectory into a
structured state (evidence, uncertainties, plans) and
conditions subsequent attempts on it — a unified
representation combining our reflection and fact
extraction abstractions. RoT (Zhou et al., 2022) ex-
tracts guidelines from prior search trees to reduce
repeated mistakes in future searches. ExpeL (Zhao
et al., 2024) accumulates cross-task insights from
success and failure trajectories. R-MCTS (Yu et al.,
2025) adds contrastive reflection to MCTS for web
navigation agents. MC-DML (Shi et al., 2025) uses
MCTS with a dynamic memory library that stores
reflections as PUCT priors for text game agents.

Atomic fact extraction. Fact-based memory has
been explored in conversational and planning set-
tings. memO (Chhikara et al., 2025) extracts and
consolidates atomic facts from multi-session dia-
logues using vector-indexed storage and similarity-
based retrieval. Holt et al. (2025) apply atomic fact
augmentation to lookahead search in environment-
grounded planning (ALFWorld, TextFrozenLake),
extracting task-critical facts from interaction trajec-
tories. Our LiTS-Fact adapts the mem0 extraction
pipeline to the multi-attempt tool-use search set-
ting and provides the first controlled comparison
against trajectory-level reflection.

These works each propose a specific memory
mechanism; none systematically compares differ-
ent memory abstractions (raw observations vs. re-
flections vs. extracted facts) within the same exper-
imental setup.

Multi-agent memory sharing. Cross-agent
memory collaboration has been explored via
shared memory pools (Gao and Zhang, 2024), con-
trastive trajectory distillation across heterogeneous
models (Chang et al., 2026), swarm-inspired role
specialization (Li et al., 2025), and off-trajectory
reasoning where injected partial traces can act as
distraction rather than guidance (Li and Goyal,
2026). These approaches use model ensembles;
our work studies the same exploration-exploitation
tradeoff within a single agent across multiple
attempts.

Connection to reinforcement learning. Our
framework can be viewed as an inference-time ana-
logue of experience replay (Lin, 1992): processed
experience (reflections, extracted facts) is injected
into the policy prompt rather than used for gradi-



ent updates. We discuss connections to in-context
learning and hindsight experience replay in Ap-
pendix A.

3 A Unified Memory Framework

We formalize context augmentation for LLM-based
multi-trajectory reasoning. Let 7y (a | s) denote the
base policy (an LLM generating candidate actions
given state s). A context augmentor modifies the
policy by conditioning on additional context:

K
mo(a| s,C), where C = U fl(He). D
k=1

Here f}, is the k-th augmentor’s analyze function,
and Hy, is the history accessible to augmentor k. In
practice, C is concatenated into the LLM prompt
alongside s.

Our framework decomposes memory along two
orthogonal axes: scope (§3.1) — what history is
accessible to the augmentor, and abstraction (§3.2)
— how that history is transformed before injection
into the prompt. Concrete memory methods (§3.3)
are instantiations of specific (scope, abstraction)
pairs, and multiple methods compose naturally via

Eq. (D).
3.1 Memory Scope

The memory scope defines Hj; — what his-
tory the augmentor can access. Let 1, =
(so, a0, 81, a1, ..,s7) denote the i-th trajectory
within a single search, and 7, the set of all tra-
jectories from the n-th task instance.

Cross-sibling (within expansion). During a sin-
gle expansion of N candidates at node s, the aug-
mentor provides each candidate with the actions
and observations of previously sampled siblings:

(i) _
Hay = {(aj, 05) }i<is
where 7' is the transition function. This requires
interleaved expansion: candidates are sampled se-

quentially, each conditioned on the completed steps
of prior siblings:

a; ~ma | s, C, {(aj,05)}j<i)- 3)

Cross-sibling scope is only applicable to inference
methods that expand multiple candidates at the
same node (beam search, MCTS), not to best-of-/V.
Appendix B contrasts this interleaved expansion
with the standard batch expansion used by methods
without cross-sibling scope.

0j =T(s,a;), (2)

Cross-trajectory (within search). The augmen-
tor accesses trajectories from previous iterations of
the same search:

Htraj = U Tj- (4)

J<i

This includes both step-level fact sharing (retriev-
ing environmental discoveries from prior trajecto-
ries) and trajectory-level profiling (analyzing com-
pleted trajectories and injecting structured sum-
maries). Cross-trajectory scope applies to all three
inference methods: in best-of-N, each attempt is
a “trajectory” whose knowledge transfers to subse-
quent attempts.

A third scope, cross-task (across task instances),
is the native operating regime of cross-task memory
systems such as ExpeL (Zhao et al., 2024) and
mem0 (Chhikara et al., 2025). We focus this paper
on cross-trajectory memory within a single task
instance and leave a systematic study of cross-task
memory to future work.

3.2 Abstraction Level

The abstraction level determines how history H
is transformed into context Cy, = fi(Hy) before
prompt injection. We identify three levels, forming
a spectrum from zero processing cost to maximum
compression:

Raw (no abstraction). The history is injected
verbatim — complete action—observation pairs
without any LLM summarization. Cost: zero ad-
ditional LLM calls. Limitation: consumes context
window proportional to history size; only practical
for small histories (e.g., a few sibling steps).

Reflection (trajectory-level summary). An
LLM generates a natural-language summary of an
entire trajectory, capturing strategy-level lessons
(e.g., “the C compilation approach failed due to
missing libraries; try a Python-based solution in-
stead”). Cost: one LLM call per trajectory.

Atomic fact extraction (step-level or batch).
An LLM extracts discrete factual statements
from observations (e.g., “config file located at
/etc/app/config.yaml”, “apt-get install
gcc failed: package not found”). Facts are dedupli-
cated against existing entries via embedding-based
similarity at write time; at inference, all facts col-
lected from prior trajectories are injected into the
policy prompt (we discuss alternative retrieval poli-
cies in §6). Cost: one LLM call per step (incre-



Table 1: Memory methods as (scope, abstraction) in-
stantiations. Methods marked (ours) are novel; Re-
flection corresponds to Reflexion (Shinn et al., 2023) /
LATS (Zhou et al., 2024).

Method Scope Abstraction

No Memory (baseline) — —

Raw Sibling (ours) within-expansion  raw
Reflection cross-trajectory reflection
LiTS-Fact cross-trajectory fact extraction

mental) or per trajectory (batch), plus embedding
computation for deduplication.

Reflection vs. fact extraction. In best-of-/V with
full-trajectory processing, reflection and fact extrac-
tion share the same pipeline structure (one LLM
call on the complete trajectory, results injected into
subsequent attempts) but differ in what the LLM
is asked to produce: reflection yields strategy-level
advice, while fact extraction yields observation-
level atomic statements. This makes them a con-
trolled comparison of abstraction granularity under
identical pipeline conditions.

3.3 Deriving Concrete Methods

Each concrete memory method is an instantiation
of a (scope, abstraction) pair. Table 1 shows how
the four methods evaluated in this paper are derived
from the framework (Appendix C discusses the
design rationale for each).

Cross-sibling and cross-trajectory scopes are or-
thogonal: Raw Sibling provides immediate diver-
sity within a single expansion, while LiTS-Fact
provides accumulated knowledge across iterations.
Their composition (Eq. (5)) tests whether the two
information sources are complementary:

a; ~ 7'('9(& | s, %Cj , {(aj,oj)}j<i). (5)
Cross-traj cross-sib

Evaluated cells. The full 2 x 3 matrix of (scope,
abstraction) pairs contains six cells; three are degen-
erate or undefined (Appendix D). The four methods
in Table 1 are the well-defined, non-degenerate in-
stantiations. Not every method applies to every
inference method: within-expansion scope requires
multi-candidate expansion (beam search, MCTS),
and cross-trajectory scope requires multiple iter-
ations. These constraints determine which cells
of the experiment matrix (Table 2) are admissible;
§3.4 gives the full admissibility rules.

3.4 Task Types

Our study targets tool-use agents (§1): multi-step
interactive reasoning where the agent repeatedly
issues structured calls (SQL queries, SPARQL
queries, shell commands) to an external environ-
ment. This includes both single-tool multi-step
settings (an SQL agent issuing repeated queries to
one database) and multi-tool settings (a CLI agent
invoking different shell commands).

Serializable vs. non-serializable environments.
A serializable environment allows saving and
restoring state (e.g., a read-only database). Tree
search and beam search require serializability be-
cause they explore multiple branches from the
same state. A non-serializable environment (e.g.,
a Docker container whose filesystem is mutated
by each command) cannot be forked, restricting
the agent to sequential trajectories. Memory-
augmented best-of-N is therefore the only multi-
trajectory strategy available in non-serializable set-
tings.

Admissibility of method-search combinations.
The unified scope x abstraction X inference-
method framework determines which combina-
tions are well-defined. Cross-sibling scope requires
multi-candidate expansion (Beam, MCTS) and is
undefined for best-of-N; cross-trajectory abstrac-
tions (Reflection, Fact memory) require multiple
iterations and on 1-iteration Beam Search collapse
to their per-trajectory variants in the best-of-N row;
within-trajectory injection (per-step Fact) general-
izes to multi-iteration settings without modification.
These constraints carve the experimental matrix
(Table 2) into the cells we report and explain the
empty cells as inadmissible rather than untested.

4 Experimental Setup

Inference methods. We consider three inference
methods that differ in search structure. Best-of-V:
N trajectories are generated sequentially; memory
transforms i.i.d. sampling into sequential attempts
conditioned on prior knowledge. This is the only
viable multi-trajectory strategy for non-serializable
environments (Zainullina et al., 2025) where state
cannot be forked (e.g., Terminal-Bench). Beam
search (Yao et al., 2023): B candidate continua-
tions are scored per step and the top-B retained;
memory operates at per-step granularity across
beams. MCTS (Hao et al., 2023; Zhou et al.,
2024): UCT selection, expansion, simulation, and



backpropagation; memory operates at both per-step
(expansion) and per-trajectory (backpropagation)
granularity. We follow Reflexion’s policy-only in-
jection convention across all Reflection cells (Ap-
pendix F.5); the LATS variant of injecting reflec-
tions into the reward prompt is available under
MCTS but is not used in our matrix to keep the
per-method comparison controlled. Backpropa-
gation configuration and full search settings are
documented in Appendix E and F.

Memory methods. We evaluate the four meth-
ods in Table 1: No Memory, Raw Sibling, Reflec-
tion, and LiTS-Fact; their scope x abstraction con-
struction is given in §3.3 and per-method details
(triggers, applicability) in Appendix G. LiTS-Fact
adapts the atomic-fact extraction and deduplica-
tion mechanism of memO (Chhikara et al., 2025)
(originally designed for cross-session dialogue) to
the cross-trajectory scope of multi-attempt search,
where the goal is caching reusable environmental
knowledge so that subsequent attempts skip redun-
dant discovery steps.

Benchmarks. All benchmarks are tool-use tasks
with structured tool calls. WikiSQL / WikiTQ
(SQL Agent) (Liu et al., 2024): the agent queries
a relational database; serializable (read-only state).
KGQA (KG Agent) (Liu et al., 2024): the agent
traverses Freebase via SPARQL for multi-hop ques-
tions; serializable. Terminal-Bench 2.0 (CLI
Agent) (Merrill et al., 2026): the agent executes
shell commands to complete software engineering
tasks; non-serializable (state is mutated and can-
not be forked), making beam search and MCTS
infeasible.

Implementation. All experiments use LiTS (Li,
2026), a modular tree-search framework whose pol-
icy, transition, and reward-model components are
shared across all configurations. Memory is in-
jected via a single abstraction that hooks into the
search loop without modifying other components
(formal pipeline in Appendix H); Raw Sibling ad-
ditionally requires interleaved expansion ordering
(Eq. 3).

Models and reporting. We use Claude Son-
net 4.6 as the policy on KGQA (entity resolution
and relation selection require strong language abil-
ity) and Claude Haiku 3.5 on WikiSQL, WikiTQ,
and Terminal-Bench (where Sonnet’s greedy base-
line is near-ceiling, e.g., 76.5% on WikiSQL, leav-
ing no headroom for memory experiments). The

per-step reward model and all augmentor LLMs are
Sonnet 4.6 across every configuration, so memory
effects within each row of Table 2 are isolated from
supervisor-side variation. KGQA cells are reported
on a common 69-example subset (60 ReAct-error +
9 stratified-correct, seed 42; Appendix 1); all other
benchmarks are reported on their full evaluation
sets (WikiSQL: 51, WikiTQ: 49, Terminal-Bench:
89).

5 Results and Analysis

We organise the results around three findings that
emerge from the experiment matrix in Table 2, sup-
ported by McNemar’s exact paired-binary test on
each method-pair comparison (Appendix J lists
raw p—values).l (F1) Memory’s accuracy effect is
search-method-dependent: neither Reflection nor
Raw Sibling helps on every cell, and the cells where
each helps follow a coherent pattern (§5.1). (F2)
On the harder benchmark (KGQA) under MCTS
specifically, the two otherwise-different memory
abstractions become indistinguishable in both their
effect size and the specific examples they res-
cue; this convergence does not hold on the SQL
benchmarks, where Reflection substantially outper-
forms Raw Sibling under MCTS, so we report it
as a single-cell finding rather than a generalisation
(§5.2). (F3) Fact extraction is accuracy-neutral
but shortens trajectories by 19-26% on tasks with
reusable structure; this is the only main result for
which we observe a consistent efficiency effect
rather than an accuracy effect (§5.3).

5.1 F1: Memory’s accuracy effect is
search-method-dependent

The four method-pair comparisons that reach p <
0.05 under McNemar’s exact test (Table 2) cluster
in two patterns rather than spreading uniformly
across cells:

Pattern 1 — Reflection improves accuracy di-
rectionally under both inference methods, but
reaches significance only under MCTS. Across
all seven Reflection-vs-No-Memory cells where
the comparison is defined (Table 2), Reflection’s
effect is directionally positive. However, only two
cells reach McNemar significance, and both lie in
the MCTS column: MCTS+Reflection on Wik-

!"Throughout, we report McNemar’s discordant pair counts
as (b rescues / c regressions): a rescue is a baseline-incorrect
example that becomes correct under the treatment, a regression
is the reverse.



Table 2: Experiment matrix: memory method x inference method x task type. Bold: best accuracy within each
inference-method group. Significance markers: ** p<0.01, * p<0.05 (McNemar’s exact test vs. the No-Memory
baseline in the same row group); raw p-values in Appendix J. Terminal-Bench is non-serializable (—). Raw Sibling
requires multi-candidate expansion (Beam/MCTS). "Not evaluated: LiTS-Fact is accuracy-neutral across all other

cells (F3); the additional KGQA MCTS run would confirm the same null at high cost.

Inference Method Memory Method SQL Agent KG Agent CLI Agent
WikiSQL  WikiTQ KGQA Terminal-Bench
Single Trajectory (ReAct, 7'=0) 39.2 28.6 13.0 7.9
No Memory 49.0 40.8 319 23.6
Best-of-N (pass@5, T'=0.9) Reflection 58.8 49.0 33.3 25.8
LiTS-Fact 47.1 34.7 319 25.8
No Memory 27.5 26.5 7.2 —
Beam Search Raw Sibling (ours)  39.2 306 275 —
No Memory 49.0 38.8 232 —
Raw Sibling (ours) 47.1 36.7 34.8" —
MCTS Reflection 608" 449 348 -
LiTS-Fact 47.1 38.8 i —

iSQL (6 rescues / O regressions, p=0.031*) and
on KGQA (10 rescues / 2 regressions, p=0.039%).
The corresponding pass@5 cells on the same
examples do not reach significance: WikiSQL
pass@5+-Reflection has 5 rescues and 2 regres-
sions (p=0.453), and KGQA pass@5+Reflection
has 5 rescues and 4 regressions (p=1.0). Wik-
iTQ is consistent in direction in both columns
but reaches significance in neither (pass@5: 4
rescues / 1 regression, p=0.375; MCTS: 5 res-
cues / 2 regressions, p=0.453); at b+c values of
5 and 7 the WikiTQ cells are plausibly underpow-
ered, so we read them as neutral rather than con-
firming or rejecting the asymmetry. On Terminal-
Bench (Best-of- N only) Reflection adds 8 rescues
and 6 regressions (p=0.791); without an MCTS
run the within-benchmark contrast does not exist.
No cell exhibits the reverse pattern (a significant
pass@ N +Reflection gain alongside a null or neg-
ative MCTS—+Reflection effect), so no cell rejects
Pattern 1.

Mechanism: the per-step reward model fil-
ters bad reflections. The most plausible ex-
planation is that MCTS’s per-step reward model
(PRM) evaluates each reflection-induced expan-
sion and prunes paths the reflection incorrectly rec-
ommends before they reach a terminal, whereas
under pass@N the same bad reflection runs to
completion and shows up as a regression. This
filtering account predicts that, within a bench-
mark, MCTS+Reflection should produce fewer
regressions than pass @5+Reflection. The predic-
tion holds on WikiSQL (0 vs. 2 regressions) and

KGQA (2 vs. 4) and is the proximate cause of
MCTS+Reflection reaching significance on these
two cells; it does not hold on WikiTQ (2 vs.
1), which we read as evidence that the PRM’s
filtering is not uniformly effective across tasks
rather than evidence that filtering does not occur.
We further trace the per-iteration progression on
the two WikiSQL examples that are rescued by
MCTS+Reflection but not by Indep+Reflection
(Appendix K). Both show the same pattern: iter-
ation 0 (when no reflection content has yet been
generated) fails on the same path that MCTS+No
Memory fails on, and iteration 1 onwards, after
reflection content becomes available, the PRM se-
lects a sibling expansion the reflection guides the
policy towards. On KGQA the per-iteration trace
is less informative because the PRM evaluates each
Freebase relation choice in isolation, making itera-
tion 0 g-values vary substantially across runs; we
discuss this case in Appendix K.3.

Pattern 2 — Raw Sibling helps where the policy
is diversity-starved. The strongest effect in our
study is KGQA Beam+-Raw Sibling: 27.5% vs.
7.2% for Beam without memory (A=+20.3pp, 17
rescues / 3 regressions, p=0.003"*). At Njters=1,
Beam exposes a policy diversity collapse (Ap-
pendix L): at T'=0.7 sampling, sibling candidates
frequently converge to the same action or apol-
ogy, leaving the reward model no diverse candi-
date to rank. Raw Sibling’s interleaved expan-
sion (Eq. 3) biases each next sibling away from
prior siblings’ actions, which on KGQA’s wide
action space unlocks 17 rescues. The same mecha-



nism produces a +11.7pp gain on WikiSQL Beam
(8 rescues / 2 regressions, p=0.109) and +4.1pp
on WikiTQ Beam (3 / 1, p=0.625); under MCTS
the gain disappears or reverses (—1.9pp WikiSQL,
—2.0pp WikiTQ; both NS), because UCT-driven
re-expansion already supplies sufficient action vari-
ation. Cross-sibling memory is therefore a remedy
for low-diversity configurations rather than a uni-
versal addition.

5.2 F2: Memory abstractions converge on
KGQA MCTS

Pattern 1 from §5.1 extends to a comparison the pa-
per has not made before: under MCTS on KGQA,
Reflection and Raw Sibling produce the same
accuracy and almost the same example set, de-
spite operating on different memory scopes (cross-
trajectory vs. cross-sibling) with different abstrac-
tion levels (per-trajectory diagnosis vs. raw action—
observation injection). Both methods reach 34.8%
(24/69) on the 69-example subset, both rescue ex-
actly 10 ReAct-error examples, and both regress on
exactly 2 examples; 9 of the 10 rescued examples
are shared; each method uniquely rescues exactly
one example the other does not. A direct paired
test between the two methods has discordant counts
b=c=1, p=1.0 — the two are statistically indistin-
guishable in their accuracy distribution at N =69.

The convergence does not hold on the SQL
benchmarks. Under MCTS on WikiSQL, Re-
flection reaches 60.8% while Raw Sibling reaches
47.1% (A=13.7Tpp); on WikiTQ the gap is 8.2pp.
F2 is therefore a single-cell finding. A plausible
explanation is that on KGQA’s harder subset, any
non-i.i.d. context suffices for recovery, so the ab-
straction choice stops mattering; on SQL where
the policy is closer to solving unaided, Reflection’s
targeted diagnosis makes a difference.

Why the convergence is interesting even as a
single-cell finding. Prior work evaluates a sin-
gle abstraction per study; any paper that ran
only one method on KGQA-MCTS would have
reported +11.6pp and attributed the gain to its
chosen abstraction. The convergence shows that
single-abstraction evaluations may attribute accu-
racy gains to the wrong cause.

5.3 F3: Fact extraction trades accuracy for
efficiency

Across all six evaluated cells, LiTS-Fact’s accu-
racy effect is indistinguishable from zero under

McNemar’s exact test (all p > 0.250; see Ap-
pendix J for per-cell counts). We therefore do not
make an accuracy claim for LiTS-Fact. A KGQA-
specific failure-mode analysis (over-anchoring on
prior facts, procedural-instruction injection, and
over-generalised negative facts) is reported in Ap-
pendix M.

Where Fact memory does have a measurable
effect: trajectory length. LiTS-Fact reduces
mean trajectory length from 6.1 to 4.9 steps on
WikiSQL (—20%) and from 5.8 to 4.7 on Wik-
iTQ (—19%) by allowing later attempts to skip the
sql_db_list_tables discovery call: the skip rate
in attempts 1-4 rises from 4-5% (No Memory)
to 70-77% (LiTS-Fact). On KGQA, mean trajec-
tory length drops from 8.9 to 6.6 steps (—26%)
for analogous reasons (cached relation discoveries).
Figure 1 and Table 10 (Appendix P) show the per-
attempt progression and full efficiency breakdown.
On KGQA, mean trajectory length drops from 8.9
to 6.6 steps (—26%) for analogous reasons (cached
relation discoveries). On Terminal-Bench, where
each task is run in a fresh ad-hoc Docker container
with no reusable structure across attempts, fact ex-
traction has no analogous mechanism for short-
ening trajectories: the extracted facts cannot be
reused to skip discovery steps because each task’s
environment is unique. Across these cells, Fact’s
effectiveness scales with the environment regular-
ity (SQL ~ KGQA > Terminal-Bench), matching
the abstraction’s intended target: extracted facts
capture what the environment contains (schemas,
relations) and become useful only when those facts
generalise across attempts.

Reflection and Fact memory are not additive.
When both augmentors are run together (Best-of-
N row, last sub-cell of WikiSQL/WikiTQ), pass@5
falls to 52.9% / 46.9% — below Reflection alone
(58.8% / 49.0%) — and the 1ist_tables-skip rate
falls to 20% / 23% — below LiTS-Fact alone (77%
/ 70%). The composition therefore loses on both
axes simultaneously. A case study (Appendix N)
shows the mechanism: the reflection prompt is-
sues an explicit step-by-step plan that overrides
the implicit shortcut Fact memory would offer, so
the policy follows the plan and ignores the cached
facts.
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Figure 1: Mean trajectory length by attempt. Baselines
(blue) remain flat across attempts — each trajectory
starts from scratch. LiTS-Fact (red) decreases as accu-
mulated facts let the agent skip discovery steps. The
effect is stronger on KGQA (solid, —3.4 steps by ay)
than SQL (dashed, —1.4 steps), reflecting longer base-
line trajectories on KGQA.

6 Discussion

Why Reflection helps only under MCTS: com-
parison with prior work. LATS (Zhou et al.,
2024) and Re-TRAC (Zhu et al., 2026) both eval-
uate trajectory-level reflection with access to a bi-
nary correctness signal (exact match, unit-test pass)
during search. Under such signals, it is unclear
whether the reported gains come from the reflection
content or from the correctness signal preventing
bad trajectories from propagating. Our verifier-free
setup removes this confound: the only per-step
signal available during search is the LLM-based
reward model (PRM). The mechanism we propose
(85.1) is that Reflection and PRM act in concert —
Reflection provides alternative paths informed by
prior failures, and the PRM selects among them —
which is why Reflection helps under MCTS (where
PRM operates) but not under best-of-N (where no
per-step selection exists).

Connection to LLLM sensitivity to irrelevant con-
text. The Reflection4Fact composition failure
(§5.3) is consistent with reports of LLMs being
sensitive to irrelevant context (Shi et al., 2023):
once an explicit plan is present, the correct-but-
redundant fact memory becomes irrelevant and the
policy ignores it, losing on both axes.

7 Conclusion

We proposed a scope x abstraction taxonomy for
cross-trajectory memory in tool-use LLM agents
and evaluated four methods under three inference
methods on four benchmarks in a controlled ma-

trix. The study identifies the inference method as a
confound that must be controlled for in any claim
about a memory method’s accuracy effect: the
same memory mechanism produces statistically dis-
tinct results under different inference methods on
the same examples. Specifically, reflection reaches
significance only under MCTS (not best-of-1V),
cross-sibling injection helps only diversity-starved
Beam Search (not MCTS), and atomic fact extrac-
tion is accuracy-neutral but shortens trajectories by
19-26% on tasks with reusable structure. These
findings suggest that published claims about cross-
trajectory memory effectiveness are not directly
comparable across studies, because each evaluates
under a different inference method — a confound
our controlled matrix makes explicit.

7.1 Reproducibility

We build on the open-source LiTS framework (Li,
2026), extending it with a memory module that
implements the four methods in this paper. We
will release our fork (memory module + exper-
iment configurations + evaluation scripts) upon
acceptance. Per-configuration evaluation results
(per-example correctness verdicts) and the analysis
scripts used to produce all tables are included in
the supplementary material; Appendix Q reports
API costs.

Limitations

Our study evaluates a single policy model per
benchmark (Haiku 3.5 for SQL tasks, Sonnet 4.6
for KGQA); the diversity dynamics that drive the
Raw Sibling and Reflection effects may differ for
models with different sampling behaviour at fixed
temperature. Sample sizes per cell range from 49
to 89 examples, which is sufficient to detect ef-
fects of 2 6pp under McNemar’s exact test but not
smaller ones. We evaluate cross-sibling and cross-
trajectory memory scopes but not cross-task mem-
ory (knowledge transfer across different questions),
which may exhibit different dynamics. LiTS-Fact
uses non-selective retrieval (all extracted facts are
injected); a structural argument for why selective
retrieval cannot resolve the diversity—efficiency
tradeoff is given in Appendix O.

Ethics Statement

This work involves no human subjects, no personal
data, and no deployment of autonomous agents
in real-world settings. All experiments use com-



mercial LLM APIs (Anthropic Claude) on publicly
available benchmarks. The total API cost is approx-
imately $1,384 (Appendix Q). We do not foresee
direct negative societal impacts from the findings;
the memory methods studied are general-purpose
augmentations to LLM inference and do not intro-
duce new capabilities beyond what the underlying
models already possess. We used Al coding as-
sistants (Claude) for code development and paper
drafting assistance.
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A Connection to Reinforcement Learning
(Extended)

Our framework is an inference-time analogue of ex-
perience replay: instead of storing raw (s, a,r, s’)
transitions for gradient-based policy updates, we
store processed experience (reflections, extracted
facts) and inject them into the policy prompt. The
“update” is purely in-context — no model param-
eters change. This places our work in the broader
family of in-context learning approaches (Brown
et al., 2020) that condition frozen LLMs on task
demonstrations or interaction histories, but differs
in that we study what to store (abstraction level)
and from where to retrieve (memory scope) rather
than how to format demonstrations. Hindsight Ex-
perience Replay (Andrychowicz et al., 2017) is a
particularly close analogue: it relabels failed trajec-
tories with achieved goals to extract learning signal
from failures, paralleling how our reflection aug-
mentor extracts strategy-level lessons from failed
attempts.

B Batch vs. Sibling-Aware Expansion

When expanding a node with /V candidate actions,
the standard approach (batch expansion) samples
all candidates independently from the same aug-
mented policy:

iid.

an ~ mplals,C). (6)

ai,ag, ..

This corresponds to the “No Memory” baseline
in Table 2 (when C ()) or to any cross-
trajectory memory method without cross-sibling
scope (LATS Reflection, LiTS-Fact alone).

Sibling-aware expansion (Eq. (3) in §3.1) re-
places i.i.d. sampling with sequential conditioning,
creating a dependent chain where each candidate
sees the actions and observations of previously sam-
pled siblings. This breaks the i.i.d. assumption but
increases action diversity at the cost of sequential
latency.
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C Method Motivation Details
This appendix expands the brief motivation in §3.3.

Why fact extraction? In tool-use tasks, agents
repeatedly discover the same environmental knowl-
edge across trajectories (e.g., querying database
schemas, listing available API endpoints). Fact ex-
traction captures this knowledge as reusable atomic
statements, potentially saving redundant discovery
steps in subsequent trajectories. This is distinct
from reflection, which captures strategy-level ad-
vice but does not encode concrete environmental
state.

Why cross-trajectory fact memory with best-of-
N? best-of-N are the only viable multi-trajectory
strategy for non-serializable environments (Zain-
ullina et al., 2025), but without memory, each tra-
jectory starts from scratch — repeating the same
exploration and making the same mistakes. Cross-
trajectory fact memory transforms i.i.d. sampling
into sequential refinement: each attempt inher-
its environmental knowledge (discovered schemas,
failed query patterns) from prior attempts, without
requiring state serialization.

Why cross-sibling raw context with tree search?
In beam search and MCTS, multiple candidates
are expanded from the same node. Without cross-
sibling context, candidates are sampled i.i.d. from
the same prompt, often producing identical actions
(action diversity collapse (Li, 2026)). Raw sibling
context breaks this degeneracy at zero LLM cost:
each candidate sees what its predecessors already
tried, naturally diversifying the expansion without
requiring explicit diversity penalties or temperature
tuning.

D Omitted Cells in the Experiment
Matrix

Cells are omitted from Table 2 for two distinct rea-
sons. First, some (scope, abstraction) pairs in the
taxonomy are degenerate or undefined, so no con-
crete memory method exists for them (§D.1). Sec-
ond, some well-defined memory methods are struc-
turally incompatible with certain inference methods
(§D.2).

D.1 Degenerate scope x abstraction cells

The 2 x 3 taxonomy (scope X abstraction) contains
six cells; three are not evaluated:
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* Within-expansion X reflection: reflection re-
quires a complete trajectory to diagnose.
Within a single expansion, each sibling has
produced only one action—observation pair —
insufficient input for a trajectory-level sum-
mary.

Within-expansion X fact extraction: within a
single expansion, each sibling’s observation
is a single tool return (e.g., one SQL result set,
one SPARQL entity list). Extracting “atomic
facts” from a single observation yields the
observation itself — there is nothing to com-
press or deduplicate. Fact extraction’s value
lies in compressing long multi-step trajecto-
ries (8—15 observations) into a small set of
reusable statements; at the single-observation
granularity of within-expansion scope, this
compression is vacuous and the cell collapses
to within-expansion X raw.

Cross-trajectory X raw: injecting the full raw
history of prior trajectories into the prompt is
infeasible for long tool-use trajectories (8—15
steps x ~500 tokens each x up to 5 prior
trajectories exceeds typical context budgets).
Reflection and fact extraction exist precisely
to compress this history into a manageable
representation.

D.2 Inadmissible memory X
inference-method cells

Terminal-Bench x Beam Search / MCTS (—
). Terminal-Bench uses Docker containers whose
state is mutated by each shell command and cannot
be forked. Beam search and MCTS require state
serialization to explore multiple branches from the
same node, making them structurally infeasible in
this environment (§3.4).

Beam Search x Cross-Trajectory Memory.
Our beam search runs a single round of expansion
and selection (no further iteration over the resulting
beam). Cross-trajectory memory (reflection, fact
extraction) generates context only after a complete
trajectory finishes, so any benefit would accrue to
a subsequent iteration; with no subsequent itera-
tion, these cells are structurally equivalent to No
Memory.

KGQA X Fact + Reflection. On the 69-subset,
KGQA Indep+Reflection is essentially flat (31.9%
— 33.3%, 5 rescues / 4 regressions, p=1.0; §5.1).



Adding reflection to fact extraction therefore can-
not improve over fact extraction alone — it can only
add cost or introduce the abstraction-level conflict
observed on WikiSQL/WikiTQ (Appendix N). We
omit this combination.

Raw Sibling x best-of-N (). Raw Sibling re-
quires multi-candidate expansion at the same node.
best-of-IV generate one trajectory at a time with no
shared expansion step, making cross-sibling con-
text inapplicable.

E Backpropagation Configuration

The backpropagation mode in our MCTS rows
is determined by two factors: reward source and
cross-rollout aggregation.

Reward source. All our benchmarks are tool-use
tasks where no objective terminal signal is available
(unlike game-playing MCTS where a win/loss out-
come is propagated). Each node maintains its own
per-step LLM reward aggregated from its position
to the leaf.

Cross-rollout aggregation. For non-memory
baselines (standard MCTYS), rollouts are i.i.d., so
we use cumulative backpropagation: each roll-
out appends a value and () is the running mean.
For memory-augmented configurations, succes-
sive iterations are non-independent (later rollouts
benefit from accumulated memory context), so
we adopt the decay-based update from Zhang
et al. (2025): Q(parent) <« (1—v) Q(parent) +
~ Q(child), which assigns higher weight to more
recent, better-informed trajectories.

F Search Settings: Adapting Reflexion
and LATS to Verifier-Free Tool Use

This appendix documents how the Reflection cells
of Table 2 are configured under our verifier-free
deployment-faithful setup. Two prior methods are
direct precursors: Reflexion (Shinn et al., 2023) for
the best-of-NV cell, and LATS (Zhou et al., 2024)
for the beam-search and MCTS cells. We share
their core mechanism — a per-trajectory LLM re-
flection that is stored in a persistent buffer and
injected into subsequent trajectories — but adapt
three settings to a setup without an inline binary
task verifier. The same three adaptations apply to
both precursors, so we describe them once.
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F.1 Setting Choices Compared with Reflexion
and LATS

Inheritance. The mechanism in our Reflection
cells is unchanged from these precursors: a
trajectory-level reflection is generated after a failed
trial, stored persistently, and injected into subse-
quent trials. Reflexion explicitly allows its self-
reflection model M, to be a distinct LLM from
the actor M, (Shinn et al., 2023), so our use of a
stronger augmentor (Sonnet) on top of a weaker
policy (Haiku) is within the published Reflexion
framework, not a deviation.

F.2 No Stop-on-Correct under a Verifier-Free
Setup

Both Reflexion and LATS terminate the search the
first time a candidate trajectory is judged correct
by a binary signal: exact match against gold an-
swers (HotpotQA), unit-test pass (HumanEval),
or task-specific heuristics (AlfWorld). Our tool-
use benchmarks (SQL, KG, CLI) do not expose
such a signal during search: SQL execution-match
against the gold answer, SPARQL answer-match,
and Terminal-Bench test suites are evaluation-time
signals computed by LITS-EVAL, not search-time
signals available to the agent. Wiring these sig-
nals into the search loop would require the agent
to access dataset annotations (gold answers, gold
SPARQL outputs, hidden test cases) that are un-
available at deployment, undermining the bench-
mark’s deployment-faithfulness.

The remaining option — stop-on-correct gated
by the LLM-based PRM that already guides expan-
sion — is incompatible with the goals of this study
for two reasons.

Self-validating signal. If the same PRM both

(a) ranks candidate continuations during expansion
and (b) decides when the search has succeeded, the
search stops the moment the PRM’s value estimate
clears its own threshold, regardless of whether the
answer is actually correct. The benefit of the search
— averaging out PRM noise across multiple candi-
date trajectories — is forfeited precisely when a
noisy false-positive estimate triggers early termina-
tion.

Mechanism observation. The contribution of
this paper is mechanism-level: we study how cross-
trajectory memory (reflection, fact extraction) ac-
cumulates across multiple completed trajectories
within a single search. Stop-on-correct at the first
attempt collapses the search into a single-trajectory



Table 3: Settings used for the Reflection cells, compared with Reflexion (best-of-N) and LATS (tree search).

Aspect Reflexion LATS Ours

Inference ReAct trials MCTS / beam both

Trigger signal EM vs. gold (HotpotQA), EM/ unit tests continuous PRM threshold
heuristics (AlfWorld), unit (r<0.3)

tests (HumanEval)

yes (Evaluator passes)
policy prompt

free choice (M, separate)
loop until pass or max

Stop-on-correct
Reflection injection
Reflection LLM
Iteration / trial budget

yes (binary verifier)
policy and reward prompts
not specified

search until solved

no
policy prompt only

free choice (Sonnet on Haiku)
fixed budget

regime in which neither reflection nor fact extrac-
tion has the opportunity to be triggered, retrieved,
or composed. The resulting accuracy comparison
would not reflect the intended experimental vari-
able.

We therefore disable stop-on-correct and run a
fixed iteration / trial budget (§F.4) on every exam-
ple, deferring verification to LITS-EVAL after the
search.

F.3 Continuous PRM Trigger

For the same reason — no inline gold signal —
we cannot use Reflexion’s binary EM trigger or
LATS’s binary verifier trigger to gate reflection
generation. We trigger reflection on the same PRM
score used for search guidance: trajectories with
r < 0.3 generate reflections; higher-scored trajec-
tories do not. The threshold is set once and held
fixed across all benchmarks. This converts the bi-
nary trigger into a continuous one, consistent with
the rest of our verifier-free setup.

F.4 Fixed Iteration Budget

In place of stop-on-correct we use a fixed budget
Npudget» 1.€., Niters=Npudget for MCTS and beam, or
Npugger pass@ N trials for best-of-/N. A fixed bud-
get is compute-bounded (per-example cost is pre-
dictable and capped) and orthogonal to the PRM’s
value estimate, avoiding the self-validation issue
above. It preserves a multi-trajectory regime in
which cross-trajectory memory has the opportunity
to act.

The budget value is chosen as a compromise
between two pressures. A small budget (e.g.,
Noudget=1) recovers a single-trajectory regime that
defeats the purpose of using a multi-trajectory
method at all. A large budget (e.g., Npudget=30)
maximizes mechanism observability but multiplies
cost roughly Npygger X, dominated by per-iteration
PRM evaluation. We use Npygger=5: enough tra-
jectories per example to expose memory dynamics
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while keeping per-example cost within an order of
magnitude of best-of-N pass@5.

F.5 Reflection Injection Site

The original LATS injects reflections from failed
prior trajectories into both the policy prompt (steer-
ing the next rollout) and the value prompt (inform-
ing the reward model’s scoring of the current trajec-
tory). Reflexion injects only into the policy prompt.
We follow Reflexion’s convention — injection into
the policy prompt only — across all Reflection
cells in our matrix.

The reason is a controlled comparison with LiTS-
Fact: under our framework, the two methods share
an identical pipeline (per-trajectory trigger, persis-
tent storage, retrieval-and-injection into the pol-
icy prompt) and differ only in what the LLM pro-
duces — strategy-level advice versus observation-
level atomic facts. Adding reflection-into-reward
to one method but not the other would entangle
two variables (abstraction granularity and number
of injection sites) and break the controlled study.

A variant injecting reflections into both the pol-
icy and the reward prompt (as in the original LATS)
is not evaluated in the main matrix. This variant
studies a complementary question — whether pro-
viding reflection text as additional context to the re-
ward model yields further gains beyond reflection-
into-policy alone — which is orthogonal to the
abstraction-granularity comparison that motivates
the main matrix.

F.6 Why these Differences are not Confounds

The three operational adaptations (continuous PRM
trigger, no stop-on-correct, policy-only injection)
shift the cell uniformly across all four memory
methods evaluated under each inference strategy:
No Memory, Raw Sibling (where applicable), Re-
flection, LiTS-Fact, and Fact + Reflection all use
the same trigger, the same budget, and the same
injection site. Memory effects reported in Table 2



are measured relative to the No Memory baseline
under the same protocol, not relative to Reflexion’s
or LATS’s published numbers, and are not con-
founded by these protocol changes. For the same
reason, our best-of-IN x Reflection cell can be
read directly as the closest correspondence to Re-
flexion in our matrix, with the three adaptations
above as the only differences.

F.7 Hyperparameter Summary

The full set of search hyperparameters used in the
Reflection cells of Table 2: 7actions=3, Miters=09,
exploration constant wex,=1.0, simulate-strategy
= max, maximum step depth = 15, rollout depth
= 15. Memory-augmented runs use cumulative
backpropagation; the decay variant (§E) is reserved
for runs where prior iterations’ value estimates
are explicitly de-weighted in favor of memory-
informed later iterations.

F.8 Asymmetric Policy / Supervision Models

Throughout the WikiSQL and WikiTQ MCTS rows
of Table 2 we use Haiku 3.5 as the policy LLM and
Sonnet 4.6 for all “supervision-side” roles: the re-
ward model, the reflection generator, and the fact
extractor. On KGQA, Sonnet 4.6 serves as both
policy and supervisor (entity resolution and rela-
tion selection require stronger language ability; see
§4). The asymmetry — weaker model for action
generation, stronger model for evaluation and mem-
ory distillation — is deliberate and consistent with
Reflexion’s modular framework, in which the actor
M, and the self-reflection model M, are explicitly
allowed to differ (Shinn et al., 2023).

Why this asymmetry does not confound the
memory deltas. A stronger supervisor evaluating
a weaker policy raises the absolute accuracy level
reported in the MCTS row, since Sonnet’s reward
signal is more permissive than Haiku’s would be.
Memory effects in Table 2 are reported as deltas
from a No Memory baseline that uses the same Son-
net supervisor across the row (§F.8 below). The
level inflation is identical across the No Memory
and memory-augmented cells, so it cancels in any
pairwise comparison; what remains is the contribu-
tion of the memory mechanism itself.

G Memory Methods: Per-Method Details

We give the per-method specification used in our
experiments.
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No Memory (baseline). Standard inference with-
out any cross-sibling or cross-trajectory informa-
tion sharing. In beam search and MCTS, candidates
at the same node are sampled i.i.d. from the same
prompt (batch expansion, Eq. (1) with C = ().

Raw Sibling (ours). Cross-sibling scope
with raw abstraction. Interleaved expansion
(Eq. (3)): each candidate sees the complete
action—observation pairs of previously sampled
siblings, injected as a diversity prompt. No LLM
summarization; zero additional LLM calls. Only
applicable to beam search and MCTS.

LATS Reflection (Zhou et al., 2024). Cross-
trajectory scope with reflection abstraction. Af-
ter each trajectory completes, an LLM generates a
strategy-level summary. Trigger: per-trajectory. In
MCTS, reflections can additionally be injected into
the reward prompt (denoted “+reward” in Table 2).

LiTS-Fact. Cross-trajectory scope with atomic
fact extraction, adapted from memO (Chhikara
et al., 2025) for the multi-attempt setting. An LLM
extracts discrete factual statements from observa-
tions. Facts are deduplicated via embedding-based
cosine similarity at write time; at inference, all
facts from prior attempts are injected into the pol-
icy prompt. Trigger: per-step in beam search and
MCTS (incremental extraction); per-trajectory in
best-of- N (batch extraction from the full trajectory
in a single LLM call).

Raw Sibling + LiTS-Fact (ours). Composi-
tion of cross-sibling and cross-trajectory scopes
(Eq. (5)). Tests whether immediate sibling diversity
and accumulated cross-trajectory knowledge are
complementary. Only applicable to beam search
and MCTS.

H Augmentor Pipeline (Formal)

Each augmentor follows a four-stage pipeline:

1. Invocation: an event in the search loop trig-
gers the augmentor (after a step completes,
after a trajectory terminates).

2. Analysis: f;(#) produces a context unit ¢
(a textual insight, structured issue, or factual
memory).

. Persistence decision: a predicate g(c) €
{0, 1} determines whether c is stored in a per-
sistent memory M:

M~ MU{c]|g(c)=1}. 7



Raw Sibling context is ephemeral (¢ = 0;
exists only during the current expansion). Re-
flection and fact extraction are persistent (g =
1; accumulated across iterations).

Retrieval and injection: before action sam-
pling, relevant context is retrieved from M
(and any ephemeral context from stage 2) and
injected into the policy prompt.

This pipeline unifies all four methods in Table 1
as instances of the same augmentor interface with
different choices of scope, abstraction, invocation
point, and persistence predicate.

I KGQA Evaluation Subset Selection

For KGQA, tree search methods (Beam Search,
MCTS) require a per-step reward model call us-
ing Sonnet 4.6 ($3/$15 per 1M input/output to-
kens), making full 150-example evaluation cost-
prohibitive (~$2.90/example x 150 = ~$435 per
configuration, measured from a completed pilot; 5
configurations = ~$2,175 total). To enable direct
cross-method comparison within a feasible budget,
we evaluate all methods—including best-of- N—on
a common 69-example stratified subset.

Subset construction. Starting from the 150-
example KGQA dataset (GrailQA subset from
AgentBench), we construct the evaluation subset
in two steps:

1. Error examples (60): All examples where
the ReAct baseline (Sonnet 4.6, greedy 1T'=0)
produces an incorrect answer (F1 < 1.0).
These are the examples where tree search and
memory have the opportunity to rescue.

Stratified-correct controls (9): From the 90
ReAct-correct examples, we draw a stratified
random sample of 10 (one per decile of the
sorted index range), using fixed seed 42 for
reproducibility. One sampled index (idx=1)
overlaps with the initial pilot run and is ex-
cluded from the subset command, yielding 9
controls. These validate the assumption that
search methods do not regress on examples
the baseline already solves.

Reproducibility. The subset indices are deter-
ministically generated via stratified random sam-
pling (seed 42) and are provided in our code release.
All KGQA configurations in Table 2 — including
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best-of- NV baselines — are evaluated on this iden-
tical 69-example set. We report accuracy as the
fraction correct within the subset.

J McNemar’s Exact Test: Raw P-Values

For every method-pair comparison the paper
makes, we report McNemar’s two-sided exact
binomial test on the discordant pairs. For
paired binary outcomes, b rescued (B correct,
A wrong) and c regressed (A correct, B wrong)
under the null P(rescue | discordant) 0.5
follow Binomial(b+c,0.5); the exact two-sided

p-value is 2 - Zzl;%(b’c) ("F)0.5"*¢, capped at
1. The exact form is required because several
discordant counts in our study fall below the
b+c 2 25 threshold for the standard chi-square

approximation. The full table is reproducible via

paper/lits_memory/results/scripts/mcnemar_test.py.

Significance markers: ** p<0.01, * p<0.05,
p<0.10.

Multiple testing. We do not apply a family-wise
correction (e.g., Bonferroni) because several of
our headline tests are pre-specified by the unified
framework (§3) rather than chosen post-hoc, and
because Bonferroni assumes independent tests, a
poor fit for our correlated comparisons (the same
memory method evaluated on related benchmarks).
Benjamini-Hochberg FDR control is more appro-
priate for our setting; applying it at g=0.05 to the
23-comparison family above leaves KGQA Beam
Raw Sib (uncorrected p=0.003) at the boundary of
the BH threshold, with the three other p<0.05 find-
ings just above. We discuss this caveat in §6 and
report all findings as p<0.05 uncorrected; readers
can re-derive FDR-adjusted p-values from the table
above.

K Per-iteration Trace of Pattern 1:
Reflection-driven MCTS Rescues

This appendix traces the per-iteration progression
of MCTS+Reflection versus MCTS+No-Memory
on the two WikiSQL examples that are rescued
by MCTS+Reflection but not by Indep+Reflection
(§5.1, Pattern 1). Both examples exhibit the same
pattern: iteration O (reflection-free, since reflection
content is generated only after the first simulated
trajectory) fails on the same path that MCTS with-
out memory fails on; iteration 1 onwards, after
reflection content is available, the search finds a
high-reward path. This is consistent with the fil-
tering account in §5.1: the per-step reward model



Table 4: McNemar’s exact test results for every method-pair comparison the paper claims, grouped by benchmark.
N is the number of examples on which both methods ran. A,y and By, are the per-method accuracy counts
on those N examples; res is the count of examples where B is correct and A is wrong (rescues), reg the reverse

(regressions).

Benchmark Comparison (A vs. B) N  Aorw Beor 1ES TEZ P
Best-of-IV: Refl vs. No Mem 51 25 30 5 2 0453
Best-of-IV: Fact vs. No Mem 43 20 19 2 3 1.000
Beam: Raw Sib vs. No Mem 51 14 20 8 2 0.109

WikiSQL MCTS: Refl vs. No Mem 51 25 31 6 0 0.031*
MCTS: Fact vs. No Mem 51 25 24 0 1 1.000
MCTS: Raw Sib vs. No Mem 51 25 24 2 3 1.000
MCTS+Refl vs. pass@5+-Refl 51 27 31 6 2 0.289
Best-of-IV: Refl vs. No Mem 48 19 22 4 1 0.375
Best-of-V: Fact vs. No Mem 48 19 16 0 3 0250
Beam: Raw Sib vs. No Mem 49 13 15 3 1 0.625

WikiTQ MCTS: Refl vs. No Mem 49 19 22 5 2 0453
MCTS: Fact vs. No Mem 49 19 19 2 2 1.000
MCTS: Raw Sib vs. No Mem 49 19 18 2 3 1.000
MCTS+Refl vs. pass@5+-Refl 49 23 22 1 2 1.000
Best-of-IV: Refl vs. No Mem 69 22 23 5 4 1.000
Best-of-IV: Fact vs. No Mem 69 22 22 4 4 1.000
Beam: Raw Sib vs. No Mem 69 5 19 17 3 0.003*"

KGQA (69-subset) MCTS: Refl vs. No Mem 69 16 24 10 2 0.039*
MCTS: Raw Sib vs. No Mem 69 16 24 10 2 0.039"
MCTS+Refl vs. pass@54-Refl 69 23 24 6 5 1.000
MCTS+Refl vs. MCTS+Raw Sib 69 24 24 1 1 1.000

Terminal-Bench Best-of-IV: Refl vs. No Mem 89 21 23 8 6 0.791
Best-of-IV: Fact vs. No Mem 89 21 23 5 3 0727

selects the reflection-induced expansion among the
candidate siblings, while pass@N has no analo-
gous selection step within an attempt.

K.1 Case study A: WikiSQL example 26

Question. “Name the platform for year more
than 2006 and developer of 3g studios.” The in-
tended table is named SWAT Games; common-sense
table names like game_results and Games exist
in the database but do not contain a Developer
column.

Pass@5+Reflection (Indep+Refl). All five at-
tempts apologise without identifying SWAT Games,
even though attempts 2—4 see reflections from ear-
lier attempts in their context (the Reflection mem-
ory diagnoses “find a table with platform, year, de-
veloper columns” after attempt 0). Attempts 2 and
3 list tables and inspect schemas of game_results
/ game score; both lack Developer. The trajectory
ends in the apology terminal without ever inspect-
ing SWAT Games’s schema.

MCTS+No-Memory. Across iterations 0—4 the
best g-mean stays in the 0.68—0.71 range; the best
path’s last action remains sql_db_list_tables
or sql_db_schema(game_results) in every iter-
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ation. The agent never advances to a SELECT
against SWAT Games.

MCTS+Reflection. Iteration 0 receives no
reflection content (the execution log records
ReflectionAugmentor returned empty for
traj_key=q/@/..., since reflection units are
generated only after a trajectory completes). It
therefore behaves the same way as MCTS+No-
Memory: best g-mean is 0.66, best path stops at
sql_db_list_tables. The first reflection unit is
then generated, diagnosing “wrong tables; need a
table with platform, year, developer columns.” At
iteration 1, the policy expands a sibling that issues
sql_db_schema(table_names="game_results,
SWAT Games") — the first time SWAT Games
appears in any candidate. The PRM scores the
schema-call branch high; the subsequent SELECT
against SWAT Games is simulated to terminal at
g-mean 0.934. Iterations 2—4 refine the SQL
syntax; the g-mean stays in the 0.91-0.93 range.
Table 5 summarises the per-iteration trace.

K.2 Case study B: WikiSQL example 29

Question. “What is the earliest game with
a score of 99-89?”  The intended table is
Game Results (capitalised, with a space); the look-



Table 5: Per-iteration best g-mean, WikiSQL exam-
ple 26. MCTS+Refl jumps at iter 1 (first reflection-
available iteration); MCTS+No-Mem plateaus.

iter 0 1 2 3 4
MCTS+NoMem 0.68 0.71 0.69 0.69 0.69
MCTS+Refl 0.66 093 092 092 093

Table 6: Per-iteration best g-mean, WikiSQL exam-
ple 29. MCTS+Refl’s correct path emerges at iter 4
after multiple reflection refinements; MCTS+No-Mem
plateaus throughout.

iter 0 1 2 3 4
MCTS+NoMem 0.73 070 0.70 0.73 0.70
MCTS+Refl 070 0.70 0.73 0.70 0.89

alike game_results table lacks the required date
format.

Trace. The same pattern repeats. MCTS+No-
Memory'’s best q stays in 0.70-0.73 across itera-
tions 0—4; the agent loops between game_results
and game score without finding the correct table.
MCTS+Reflection’s iteration 0 also fails (q=0.70)
on game_results; reflection diagnoses “score for-
mat mismatch; check distinct score formats”; itera-
tions 1-3 refine score-format guesses; iteration 4
reaches Game Results through a sibling that the
PRM scores high, g-mean reaches 0.89. The mech-
anism is the same as case A but with more itera-
tions needed: each subsequent reflection refines
the specific format guess, and the PRM filters the
non-promising format-guess paths along the way.
Table 6 summarises.

K.3 Cross-cell summary and KGQA caveat

The two case studies above show the iter-0 / iter-1+
asymmetry clearly because WikiSQL has a strong
floor effect: when the policy picks the wrong table,
all five iterations get stuck at the same plateau,
so any non-zero progress in MCTS+Reflection is
attributable to the reflection content that became
available after iteration 0.

KGQA admits four examples that are rescued
by MCTS+Reflection but not by Indep+Reflection
(idx 3, 37, 46, 110). The per-iteration trace on
these examples is less informative for mechanism
attribution: KGQA has a denser per-step reward
signal (the PRM evaluates each Freebase relation
choice in isolation), so iteration 0 g-values already
vary substantially across runs. On all four KGQA
cases, MCTS+Reflection’s iteration 0 best g-mean
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is within 0.02-0.07 of the final iteration 4 gq-mean,
while MCTS+No-Memory’s iteration O g-mean is
correspondingly lower than its iteration 4 by a sim-
ilar margin. The aggregate effect (the +11.6pp
McNemar-significant gain on the 69-subset) is real,
but the per-example mechanism on KGQA is best
described as accumulated variance reduction over
five MCTS iterations rather than a single reflection-
driven rescue moment per example.

We therefore report Pattern 1’s mechanism as
confirmed at the per-iteration level on WikiSQL
(where iter O reliably fails) and as aggregate-level
only on KGQA. WikiTQ admits no examples in
this category and is therefore not analysed at the
case-study level.

L. Beam Search Give-Up Analysis

On WikiSQL (51 examples) and WikiTQ (49 exam-
ples), beam search (beam size 3, Haiku 3.5 policy
at 7'=0.7, Sonnet 4.6 PRM) underperforms greedy
ReAct (I'=0). Table 7 summarizes the give-up
phenomenon.

Table 7: Beam search give-up analysis. Apol. terminals:
terminals with “T cannot find...” answers. Sel. apol.: ex-
amples where the best terminal is an apology. All-apol.
states: expand states where all 3 siblings apologize.

WikiSQL WikiTQ
NoMem RawSib NoMem Raw Sib
Accuracy (%) 27.5 39.2 26.5 30.6
Apol. terminals 90 71 64 53
Sel. apol. 28 23 18 15
All-apol. states 25 — — —
A (Raw Sib) +11.7%, —21% apol.  +4.1%, —17% apol.

Mechanism. At 7'=0.7 sampling, Haiku 3.5
generates apologize-style continuations in all
3 sibling candidates after encountering SQL
errors (e.g., sqlite_master syntax error on
MySQL). Greedy decoding (1'=0) avoids this by
argmax selecting a retry token (e.g., “Let me try
information_schema...”), but the broader sam-
pling distribution at 7'=0.7 collapses to the apolo-
gize mode. Verified on WikiSQL: 0 mixed states
(apologize + retry) exist — PRM never faces a
retry-vs-apologize choice.

Connection to Chen et al. (2024). Chen et al.
show that tree search demands discriminator ac-
curacy >90% to improve over re-ranking. Our
finding identifies a complementary failure mode:



even with a perfect discriminator, tree search can-
not help when the generator lacks diversity at
critical branching points. Cross-sibling memory
(Raw Sibling) addresses this by conditioning each
candidate on prior siblings’ outcomes, expanding
the effective generation distribution beyond what
temperature-based stochastic sampling achieves
alone.

M KGQA Fact Extraction: Regression
Case Studies

This appendix examines the per-example regres-
sion mechanisms behind LiTS-Fact’s accuracy-
neutral effect on KGQA (§5.3). The analysis was
performed on a 150-example pilot run; the main
matrix in Table 2 reports KGQA on the 69-example
subset (§4). On the 69-subset, KGQA Indep+LiTS-
Fact rescues 4 examples and regresses on 4 (Ap-
pendix J); the case studies below illustrate the re-
gression mechanisms, four of which (idx 23, 92,
143, 147) fall within the 69-subset.

Of the 150 KGQA examples, LiTS-Fact re-
gresses on 6 (baseline pass@5 — fact fail). All 6
share a common mechanism: facts reduce stochas-
tic diversity by providing a “free” path that the
agent follows instead of exploring alternatives. We
identify four specific manifestations on KGQA:

Wrong-type path (idx=23). Question: “What
Canadian government exists where Baldur
von Schirach was born?” (Answer: Constitu-
tional monarchy, type form_of_government).
Facts record that “canadian” has relation
governmental_jurisdiction.agencies (type
government_agency). Agent follows this path
— wrong answer type. Baseline (4/5 pass)
independently discovers form_of_government.

Procedural instruction (idx=92, 147). Ques-
tion: “How many games of Electronic Arts are
released in the US?” (Answer: 5). Facts in-
clude a procedural instruction: “To find games
by a publisher in a region, you must: (1) get
games_published, (2) traverse versions, (3) inter-
sect.” This indirect path yields 4; the direct relation
game_versions_published yields 5. Baseline (1—
2/5 pass) stochastically finds the direct path.

Wrong-relation lock-in  (idx=87). Ques-
tion: “What programming language paradigm
is followed by AngelScript and derivatives
of Prolog?” (Answer: Object-oriented pro-
gramming, single entity). Facts record that
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“computer.programming_language.influenced
on Prolog returns the programming languages
that Prolog influenced (its derivatives/di-
alects).” Baseline attempts pick the narrower
computer.programming_language.dialects

relation (returning only Prolog’s dialects) and
reach the correct single-entity intersection. The
fact-augmented attempts consistently use the
broader influenced relation, returning a superset
whose paradigm intersection includes one extra
non-answer entity, scoring 0 across all 5 attempts.

Correct-but-irrelevant negative fact (idx=143).
Question: “What Facebook founder was influenced
by Jeff Bezos?” (Answer: Mark Zuckerberg).
Facts state: “Facebook founders do NOT have
influenced_by.” This is correct (the type lacks
that relation), but the correct path goes from Jeff Be-
zos — influenced — people, not from founders
— influenced_by. Agent over-generalizes the
negative fact and avoids the influence direction en-
tirely.

Over-exploration (idx=25). Agent finds the cor-
rect intermediate answer but facts record deeper re-
lations explored in attempt 0. Subsequent attempts
follow these “there’s more to explore” signals in-
stead of stopping, hitting max_steps.

N Case Study: Abstraction-Level Conflict

This case study illustrates how combining reflec-
tion and fact extraction in the same prompt can
degrade both accuracy and efficiency, using Wik-
iSQL Example 0 (“What are the Notes when the
Method is decision?”).

Setup. Three configurations are compared, all
using Haiku 3.5 as policy and Sonnet 4.6 as aug-
mentor LLM, with 5 best-of-N at 7=0.9.

Fact extraction alone. After attempt O (8 steps,
calls sql_db_list_tables), the memory backend
extracts environmental facts:

“The database contains a table named ‘Tourna-
ment Results’.”

“The ‘Tournament Results’ table has a ‘Notes’
column.”

“The ‘Tournament Results’ table has a ‘Method’

column that contains values such as ‘decision’.”

Attempts 1—4 skip sql_db_list_tables entirely
(the agent already knows which table to query) and
solve the task in 3—4 steps.



Reflection alone. After attempt O fails, the reflec-
tion LLM generates:

“Step 7 omitted the Notes column from the SE-
LECT clause. Revised Plan: 1. List all tables.
2. Check schema. 3. Run: SELECT Notes FROM
<table> WHERE Method = ‘Decision’. 4. Re-
turn the result.”

Attempts 1-4 follow this plan and achieve higher
accuracy (pass@5 = 58.8% across all examples),
but still call sql_db_list_tables in every at-
tempt because the plan explicitly instructs it.

Fact + Reflection combined. Both augmentors
inject into the system prompt simultaneously. The
facts say the table is Tournament Results; the re-
flection says “1. List all tables.” The agent follows
the reflection’s explicit step-by-step plan, calling
sql_db_list_tables in 4/5 attempts despite the
facts making this step unnecessary.

Table 8: Example 0: sql_db_list_tables calls and
step counts across configurations.

a0 al a2 a3 a4

Fact only (list_tables skipped from al)

Steps 8 4 3 3 3
list_tables v @— — — _
Fact + Reflection (list_tables not skipped)
Steps 5 7 7 5 6
list_tables v Vv v - v

Mechanism. The conflict arises because the two
memory types operate at different abstraction lev-
els. Facts provide implicit environmental knowl-
edge (“table X exists with columns A, B, C”) that
the agent can use to skip discovery steps — but
only if no other signal overrides this. Reflection
provides explicit procedural plans (“Step 1: list ta-
bles, Step 2: check schema”) that the agent follows
literally. When both are present, the explicit plan
dominates: the agent treats the reflection as an in-
struction sequence rather than consulting the facts
to determine which steps are already unnecessary.

Aggregate effect. Across all 51 WikiSQL exam-
ples, the list_tables skip rate drops from 77%
(fact only) to 20% (fact + reflection) in attempts 1—
4. Pass@5 drops from 58.8% (reflection only) to
52.9% (fact + reflection), suggesting that the added
noise from conflicting signals also hurts accuracy.
The same pattern holds on WikiTQ (70% — 23%
skip rate; 49.0% — 46.9% pass@5).
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O Retrieval Policies for Cross-Trajectory
Fact Memory

We expand on the argument in §6 that selective
retrieval cannot resolve the diversity-vs-efficiency
tradeoff. Table 9 enumerates four retrieval policies
along the dimensions of diversity preservation and
efficiency (skipping redundant discovery). Only
Inject All (LiTS-Fact in our experiments) and None
(baseline) are evaluated in this paper; the other
two are included as a design-space analysis, not
empirical results.

Why no policy resolves the tradeoff. Diver-
sity loss is triggered by the presence of any posi-
tive prior facts in the prompt, not by which sub-
set is chosen — once injected, the LLM treats
them as ground truth and biases toward consistency.
Conversely, the efficiency benefit of fact mem-
ory comes from making environmental knowledge
available across trajectories — which similarity-
based retrieval undermines whenever the relevant
fact’s discovery context differs from the current
step’s context. The Pareto frontier in this design
space is therefore narrow, and our Inject All con-
figuration sits on the high-efficiency, low-diversity
end of it. Mitigations identified in §6 (negative-fact
extraction, candidate-vs-truth framing) operate on
what is stored or how it is presented, not on the
retrieval axis.

P Efficiency Metrics
Q Compute Cost

Table 11 reports the API cost and token usage
of each configuration. All costs are computed
from logged token counts at Bedrock pricing:
Haiku 3.5 ($0.80/$4.00 per 1M input/output to-
kens) for WikiSQL/WikiTQ/Terminal-Bench pol-
icy; Sonnet 4.6 ($3.00/$15.00) for KGQA policy,
all per-step reward models, and all memory/aug-
mentor LLMs. Raw Sibling does not invoke a sep-
arate LLM (it injects raw observations directly), so
its cost equals the No-Memory baseline. The total
experiment cost is approximately $1,384.



Table 9: Retrieval policies for cross-trajectory fact memory. Only Inject All and None correspond to evaluated
configurations (LiTS-Fact and No Memory respectively in Table 2); Similar and Dissimilar are predicted behaviors.
Diversity: ability of subsequent attempts to explore alternative paths. Efficiency: ability to skip redundant

environmental discovery.

Policy

What is injected

Diversity

Efficiency

Inject All (LiTS-Fact)

Similar to current state (predicted)

Dissimilar to current state (predicted)

None (No Memory baseline)

Union of all prior trajec-
tories’ facts

Facts most embedding-
similar to the current
step

Facts least similar to the
current step

Reduced — agent anchors on the
most-supported prior path

Further reduced — retrieval surfaces
precisely the prior path

Could push exploration; could also
distract

Maximal — attempts are i.i.d. sam-

High — known facts let the agent
skip redundant discovery

Inconsistent — relevant fact re-
trieved only when current step is
surface-similar

Low — facts that enable shortcuts
are systematically excluded

Low — every attempt re-discovers

ples from the policy

environmental structure

Table 10: Efficiency metrics for best-of-N. Steps: mean
trajectory length (lower is better). Skip: fraction of
attempts 1—4 that skip the initial discovery call (higher
= more efficient). For SQL: skipping 1ist_tables; for

Table 11: Per-configuration API cost and token usage.
N = evaluated examples. Pol. = policy LLM calls/-
tokens; Sup. = supervisor (PRM + memory/augmen-
tor) calls/tokens. KGQA Indep runs on 150 examples;
Beam/MCTS on 69-subset. "Not evaluated (see Ta-
ble 2).

KG: not applicable. Cost: policy cost / total cost per Policy Supervisor
S-attempt run. Total includes augmentor LLM (Sonnet  Bench. Config N calls tok(M) calls tok(M) Cost
$3/$15). SQL policy: Haiku $0.80/$4.00; KG policy: IndepNo-Mem 51 1310 22 — — %
S $3/$15 Indep Refl 51 1379 35 255 02 $5
onnet . Indep Fact 51 985 1.6 255 02 $3
3 Beam No-Mem 51 723 1.2 714 .r 87
- 2 BeamRaw Sib 51 729 12 724 L7
Steps Skip %  Cost (pol. / tot.) B MCTS No-Mem 51 2880 54 2879 51 $31
MCTS Refl 51 2910 732910 51 $31
é No Memory 6.1 4 2.20/2.20 MCTS Raw Sib 51 2871 54 2870 51 $31
2 Reflection 6.4 5 3.26/5.02 MCTS Fact 51 3027 6.1 6054 6.4  $40
2% LiTS-Fact 4.9 77 1.68/2.66 Indep No-Mem 49 1183 1.9 — — 82
% Fact+Refl. 59 20 3.54/5.89 o I Fn DOy Ay o
g MCTS No-Mem 49 2619 48 2619 45 $27
o NoMemory 5.8 5 1.89/1.89 MCTS Refl 49 2682 67 2900 48 $31
E Reflection 5.9 8 2.71/4.35 MCTS Raw Sib 49 2454 45 2454 42 $26
§ LiTS-Fact 4.7 70 1.50/2.34 Indep No-Mem 150 6698 16.9 _ — %60
Fact + Refl. 5.6 23 2.75175.28 Indep Refl 150 6234 215 750 07 $82
Indep Fact 150 4947 15.6 750 1.5  $64
8 No Memory 89 — 60/60 é Beam No-Mem 69 2202 6.0 2202 39  $39
. g BeamRaw Sib 69 1794 53 1794 34 $36
QO  Reflection 8.9 - 76/ 82 MCTS No-Mem 69 9043 269 9042 189 $186
»  LiTS-Fact 6.6 — 58764 MCTS Refl 69 7953 289 8298 165 $183
MCTS Raw Sib 69 8163 269 8163 180 $188
Indep No-Mem 89 6675 96.4 — —  $85
2 Indep Refl 89 6952 1178 369 24 $112
Indep Fact 89 6461 1104 440 24 $105
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