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Abstract

LLM agent memory modules commonly adopt
a single global retrieval depth k across deploy-
ment scenarios; this global constraint can pro-
duce a systematic Oracle performance gap. We
carry out a systematic evaluation on 19 het-
erogeneous deployment cells covering three
LLM backbones, three multi-agent coordina-
tors, three tasks, and two representative mem-
ory architectures: A-Mem for single-agent
memory and G-Memory for multi-agent mem-
ory. We find that the per-cell optimal k varies
substantially across cells, that low-capacity
LLMs can exhibit a sharp accuracy collapse
at larger k, and that the cross-cell features and
lookup-table shortcuts we evaluate do not reli-
ably predict the per-cell optimum. A theoretical
analysis further shows that in the small-budget
paired bounded-reward regime, confidence-
bound-based bandit methods provably reduce
to uniform-mean argmax, and the remaining
training-free selectors we evaluate are empiri-
cally indistinguishable from it. Motivated by
this collapse, we propose per-cell warm-up cal-
ibration: paired probe queries iteratively esti-
mate the mean reward of each candidate k, the
procedure commits to the empirical argmax,
and a closed-form 2o criterion provides early-
stop. The recipe is training-free, requires no
architectural modification, and introduces no
hyperparameter beyond the probe budget. On
all 19 deployment cells it matches the best fixed
k in the candidate pool, with an average abso-
lute improvement of +3.33 percentage points
and a peak gain of 4+-12.00 percentage points
over the host default.

1 Introduction

Agent memory is one of the core components
that enables large language model (LLM) agents
to complete long-horizon, multi-step, interactive
tasks. To exploit the history of interactions, the
agent retrieves a subset of past experience from
a continually growing memory store at each step

and folds it into the prompt. Within this pipeline,
the retrieval depth k is the central hyperparam-
eter that governs the volume of historical mem-
ory the agent can access. Yet mainstream agent-
memory systems to date, including the single-agent
architecture A-Mem (Xu et al., 2025a) and related
frameworks MemoryBank, Mem0O, MIRIX (Zhong
et al., 2024; Chhikara et al., 2025; Wang and Chen,
2025), as well as the multi-agent architecture G-
Memory (Zhang et al., 2025), commonly adopt a
manually preset, globally fixed value of k£ (A-Mem
uses k=10; G-Memory uses k=1). This practice
rests on an assumption that, to our knowledge, re-
mains largely unexamined: that a single k remains
effective across tasks, LLMs, coordinators, and
agent-memory architectures.

We undertake such an examination across the de-
ployment surface spanned by contemporary agent
systems and show that the assumption breaks down
structurally. On a heterogeneous testbed of 19 de-
ployment cells with full per-k paired reward data
— spanning three LLM backbones, three multi-
agent coordinators, three tasks, and two representa-
tive memory architectures, A-Mem and G-Memory
(full grid in Sec. 6.1 and App. B) — and as il-
lustrated in Fig. 1, fixed-k retrieval exhibits two
structural failure modes: (1) the per-cell optimal
k varies substantially across cells, and no single
global value attains the per-cell best on more than
a third of the cells we study; (2) on low-capacity
LLMs, increasing k within the candidate pool can
induce a sharp accuracy collapse. Consequently, a
constant global k generally incurs an Oracle gap
relative to the per-cell optimal constant-k ceiling,
and fixed-k retrieval is ill-suited to the heterogene-
ity of realistic agent deployments.

Existing responses to fixed-k retrieval mostly
attempt to make k cell-conditional via cross-cell
shortcuts: a lookup table indexed by deployment
metadata (Leyton-Brown and Hutter, 2019; Lin-
dauer et al., 2016), or a lightweight gate (e.g. logis-
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Figure 1: Fixed-k retrieval is structurally limited. (Left) Four representative cells: the per-cell oracle k takes four distinct
values (0, 3,2, 75), none matching its host’s default; on the low-capacity LLM (Qwen2.5-7B, leftmost panel) increasing k induces
a sharp accuracy collapse. Blue = G-Memory (linear axis, pool {0, 1,2, 3}); cream = A-Mem (log axis, pool {1, 3,...,75}).
Dashed line = host default k; red star = per-cell oracle k. (Right) Histogram of per-cell argmax-k across the 15 G-Memory cells;
the host default k=1 (dotted) matches only a minority of the per-cell optima. Remaining 15 cell-level curves in App. C.2.

tic regression (Cox, 1958)) that predicts k* from
observable features. Both classes share a struc-
tural limit. The per-cell optimum k* is governed
by three latent factors (retrieval signal-to-noise, ef-
fective LLM context capacity, and task memory
density), and our leave-one-cell-out experiments
find that no observable metadata in our testbed
jointly captures their effect: a static (LLM, task)
lookup attains only 87.4% of oracle on held-out
cells, and a three-feature logistic-regression gate
attains 86.1% (Sec. 6.3). The per-cell optimum
is therefore better calibrated within each deploy-
ment cell, which motivates per-cell calibration as a
practical solution.

Once cross-cell strategies are excluded, the re-
search question reduces to: how can k be selected
for a new deployment cell using only signals obtain-
able at deployment, at minimal probing cost? Be-
cause in the small-budget paired bounded-reward
evaluation regime the Hoeffding confidence radius
exceeds the inter-arm reward gaps we observe, the
more sophisticated training-free bandit estimators
we consider collapse onto a single rule — prov-
ably for the confidence-bound-based methods, em-
pirically for the rest: pick the candidate with the
highest empirical mean (Sec. 4.1, Fig. 3). Building
on this result, we propose Per-Cell Warm-Up Cali-
bration: a training-free procedure that selects the
empirically best k for each deployment cell from
a small number of paired probe queries, with no
architectural modification (Sec. 5). On 19 hetero-
geneous deployment cells it matches the best fixed
k in the candidate pool, improving on both the host
default and cross-cell selection baselines (Sec. 6).

Our contributions are threefold. (1) Per-cell
diagnosis and formal definition of the fixed-%

constraint across heterogeneous deployment di-
mensions. To our knowledge, this is the first
work to conduct a per-cell systematic analysis of
the globally fixed-£ constraint across all four ma-
jor deployment dimensions (model x coordinator
x task X memory architecture), complementing
single-system optimisation studies such as Long-
MemEval (Wu et al., 2025) that treat k& as a sin-
gle benchmark tuning parameter (Sec. 3, Sec. 6.2).
(2) A zero-training, architecture-agnostic cali-
bration recipe. We propose Per-Cell Warm-Up
Calibration, which calibrates k from paired probe
queries alone (Sec. 5). (3) Matching the best
fixed £ in the candidate pool on every cell. The
method matches the per-cell pool-oracle — the best
fixed k£ within the evaluated candidate pool — on
all 19 deployment cells (100%), improves on the
host default by +3.33 pp on average with a peak
gain of +12.00 pp, exceeds the strongest cross-cell
shortcuts (the (LLM, task) lookup table and the
three-feature logistic-regression gate) by more than
10 percentage points of oracle on held-out cells
(Sec. 6, Tab. 2, Tab. 3, Fig. 2).

2 Related Work
2.1 Memory Modules for LLM Agents

Contemporary LLM agents almost universally
employ retrieval-augmented memory modules
to exploit historical interactions. Single-agent
memory architectures, including A-Mem (Xu
et al., 2025a), MemoryBank (Zhong et al., 2024),
Mem0 (Chhikara et al., 2025), and MIRIX (Wang
and Chen, 2025), prescribe the retrieval depth k as
a globally fixed hyperparameter; multi-agent coun-
terparts such as G-Memory (Zhang et al., 2025) and
MetaGPT (Hong et al., 2024) inherit the same con-
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vention. These systems implicitly presuppose that a
single k suffices across deployments, disregarding
the heterogeneity introduced by tasks, LLMs, and
coordinators. A concurrent line of related work fo-
cuses on adaptive memory structure: FluxMem (Lu
et al., 2026) is representative, training a supervised
module on interaction-level features that switches
the memory organisation among graph, hierarchi-
cal, and flat layouts. Such approaches carry a train-
ing overhead and a generality cost: the selector
is re-fitted whenever the deployment distribution
changes. Our recipe holds the memory’s base ar-
chitecture fixed and calibrates the retrieval depth &
per deployment cell in a training-free manner, with
no auxiliary model and no structural modification,
lowering the deployment barrier and broadening
the set of stacks the recipe applies to without re-
training.

2.2 Adaptive Retrieval and Its Structural
Limitations for Agent Memory

The single-turn RAG literature offers adaptive-
retrieval techniques across five families: F1
training-free per-query k from score-distribution
geometry; F2 learned query routing; F3 self-
reflective iterative retrieval; F4 learned ranking and
candidate-set selection; and F5 static grid search
or lookup on a held-out validation set, the implicit
baseline behind fixed-%£ deployment. The represen-
tative methods of each family are consolidated in
Tab. 1 and expanded in App. G.

These families face three obstacles in agent-
memory deployment. Signal availability: graph-
structured multi-agent memory (G-Memory) with-
holds the per-item similarity scores that F1 con-
sumes, and the learned methods in F2/F4 require
labelled training data that lies outside what current
agent-memory benchmarks ship. Deployment cost:
the per-query routing employed by F2 (Adaptive-
RAG’s TS5 classifier) and F3 (Self-RAG, FLARE,
SeaKR) inflates LLM invocations linearly with the
agent’s interaction turns. Static suboptimality: F5’s
single global k£ is unsuited to heterogeneous cells,
as we establish theoretically (App. A), statistically
(App. F.2), and experimentally (Tab. 3, Sec. 6.3).
Tab. 1 consolidates the differentiation along gran-
ularity, signal, training, and commit axes; App. G
expands each family with full citations, and an em-
pirical port of Adaptive-k (Taguchi et al., 2025) to
A-Mem cells attains only 60.0% of the per-cell ora-
cle (Tab. 3), corroborating the structural argument.

2.3 Per-Instance Algorithm Configuration
and Best-Arm Identification

Our procedure fuses two classical lines of research
and adapts them with agent-memory-specific con-
straints.

First, per-instance algorithm configuration for
combinatorial optimisation (SAT, MIP) (Leyton-
Brown and Hutter, 2019; Xu et al., 2011; Lindauer
et al., 2016) argues that hyperparameters should be
selected at the per-instance level. We are the first to
instantiate this principle in the LLM agent-memory
deployment setting, and we adopt the classical per-
formance profile of Dolan and Moré (2002) (Fig. 2)
as the evaluation convention.

Second, training-free best-arm identification
(e.g. LUCB (Kalyanakrishnan et al., 2012), Succes-
sive Halving (Karnin et al., 2013), and Thompson
sampling (Thompson, 1933)) guarantees sampling
efficiency and discrimination reliability when the
candidate pool is large and inter-arm performance
gaps are substantial.

The agent-memory deployment regime sits in a
different operating point: probe resources are lim-
ited, feedback is paired and bounded in [0, 1], and
the candidate pool is small. Our analysis (Sec. 4.1)
and regime validation (Sec. 6.4) show that in this
regime the empirical confidence-interval radius
covers the inter-arm reward gap, leaving sophis-
ticated discriminators little signal to act on; ev-
ery confidence-bound-based estimator reduces to
empirical-mean argmax, and the rest are empiri-
cally indistinguishable from it.

Building on the intrinsic characteristics of this
regime and the resulting degeneracy of stan-
dard methods, and drawing on the empirical-
diagnosis paradigm of large-scale deep-learning
studies (Andrychowicz et al., 2021; He et al., 2019),
we design and validate a per-cell warm-up calibra-
tion.

3 Preliminaries

This section establishes the formal notation and
definitions used throughout the paper, including
deployment cells, optimal retrieval depth, oracle
performance, and the performance gap.
Deployment cell. A deployment cell is a tuple
¢ = (Memory, Task, Coordinator, LLM),

with query distribution x ~ D,. Cells are indepen-
dent: the memory module is re-instantiated per cell
with no parameters shared across cells.
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Table 1: Differentiation from the closest adaptive-retrieval / adaptive-memory methods (F1-F5). Commit = decision fixed once

per cell (yes) or re-issued per query/token (n0).

Family Method Granularity Signal Training Commit
Fl1 Adaptive-k (Taguchi et al., 2025) per-query  similarity score gap none no

F1 CAR (Xu et al., 2025b) per-query  score-cluster transition  none no

F2 Adaptive-RAG (Jeong et al., 2024) per-query  complexity classifier T5-large no

F3 Self-RAG (Asai et al., 2024) per-query  reflection tokens LLM fine-tune no

F3 FLARE (Jiang et al., 2023b) per-token  next-token confidence  none no

F3 SeaKR (Yao et al., 2025) per-query internal-state confidence none no

F4 RankRAG (Yu et al., 2024) per-query  learned ranker score instruction-tune no

F4 DynamicRAG (Sun et al., 2025) per-query  LLM-feedback rerank  rerank training no

F4 DPS (Meng et al., 2025) / OptiSet (Jiang et al., 2026) per-query  set-level utility end-to-end no

F5 Grid search / val. lookup (Lewis et al., 2020; Karpukhin et al., 2020; Izacard and Grave, 2021) global held-out val. accuracy ~ none (grid search) yes (global k)
- TARG (Wang et al., 2026) per-query  retrieve / skip gate none no

- FluxMem (Lu et al., 2026)

per-cell interaction features learned selector yes (structure)

- This work

per-cell paired probe rewards none yes (depth k)

Per-cell best £ and Oracle ceiling. At each read,
the host memory module returns its top-k entries;
we treat k as drawn from a finite, host-determined
candidate pool K. C N>( (concrete pools deferred
to App. B), and each query x ~ D, evaluated at
depth k yields a bounded reward r.(z, k) € [0, 1].
Exact match is the binary special case r.(z, k) €
{0,1}, while token-level F1 is a bounded non-
binary score in the same range (App. C.1). Writing
pe(k) = Epop,[re(z, k)], define

k() = argmax pe(k), (1)

c

Oraclegonst(c) = ?g}cx e (k). 2)

Oracleonst(¢) is the upper bound attainable by any
policy that commits to a single k per cell. Both
k*(c) and this ceiling are defined relative to the
host-provided candidate pool /.: they identify the
best fixed k inside the evaluated pool, and we refer
to the ceiling as the pool-oracle ceiling where this
scoping matters. For a deployment policy l;:(), the
Oracle gap on cell c is

Gap(k,c¢) = Oraclecons(c) — ,U,C(I;‘(C)). 3)

Problem formalization. A deployment policy
k:(-) commits a single k € K for cell ¢ once, before
any agent rollout, and reuses it for every read in that
cell. Fixed-k deployment corresponds to /;:(c) =
Eg1obal for all c. The headline metric is the per-cell
% of oracle,

° 7 - ,U/C(I%(C))

5 of Le(k,e) = v
of oracle(k,c) Oracleconst(c) =01

which equals 1 iff the policy commits to k*(c).
We count a cell with & of oracle > 95% as
a success: the policy either picks £*(c) or an arm
within the per-cell evaluation noise floor of it.

Paired full-information best-option identifica-
tion. We frame the per-cell selection problem as
paired full-information best-option identification,
which differs from standard best-arm identification
(BAI) exactly where the difficulty sits. In fixed-
budget or fixed-confidence BAI each pull reveals
only one arm’s reward, so the central challenge is
allocation — how to spread a limited number of
pulls across arms. In our setting every probe is eval-
uated jointly under all candidate depths, so a single
probe reveals all K arms at once and allocation
is degenerate; only the estimator and the stopping
rule remain to be designed (Sec. 4, Sec. 5).

4 Analysis of the Problem

The preliminaries formalised the per-cell objective
k*(c) and the Oracle gap any deployment policy
faces. We now identify two structural constraints
that help narrow the design space of zero-training
procedures: (i) the small-budget paired bounded-
reward regime collapses confidence-bound-based
bandits to uniform-mean argmax (Sec. 4.1); (ii) the
procedure decomposes into three orthogonal knobs,
each taking its canonical choice under that axis’s
own classical criterion (Sec. 4.2).

4.1 The Small-Budget Paired
Bounded-Reward Regime

For K paired arms with rewards in [0, 1] at confi-
dence 14, let

log(2K/6
p() = /B2 0
A = pay = Ke), &)
i = & Yy (k). ©6)

Proposition 1. Let the paired rewards lie in [0, 1].
If p(N) > A, then for any confidence-bound-based
elimination policy (LUCB, Empirical-Bernstein
race, Hoeffding race) using valid bounded-reward
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intervals, no separation certificate fires against
the empirical leader and the policy recommends
arg maxy, [lg, moreover, no optimal arm is elimi-
nated with probability > 1 — 4.

Corollary 1. Prop. 1 applies verbatim to token-
level FI rewards: normalised F1 lies in [0, 1]
(App. C.1), so the F1 cells are governed by the iden-
tical argument, with no change to the constants or
the rate.

Eq. (4) is a bounded-reward Hoeffding radius: bi-
nary exact match is its {0, 1} special case, while
normalised F1 in [0, 1] is covered by the same
bounded-reward argument. The radius is the small-
est gap at which confident separation can be de-
clared; when p(N) > A (as verified for our de-
ployment budgets in Sec. 6.4), the empirical gap
fails every elimination threshold w.p. > 1 — 4,
so every such method falls back to the empirical
mean. Successive Halving (quantile-based) and
Thompson sampling (posterior-based) sit outside
the formal statement and remain empirically in-
distinguishable on our grid (Sec. 6.4). The radius
scales only as y/log K in K, so the equivalence
regime widens with pool size; the practical limit
becomes the linear-in- K probe cost, while Prop. 1
remains valid as the pool grows.

4.2 Per-Axis Canonical Choices

The best-arm-identification (BAI) literature canoni-
cally decomposes a probe-decision procedure into
three core modules: sampling, stopping, and rec-
ommendation (Kaufmann et al., 2016; Garivier and
Kaufmann, 2016). We reuse this architecture for
our paired-probe setting and split the procedure
into three orthogonal axes: selection, estimator,
and commit. Selection chooses the probe sample
x¢ ~ D, to spend next; the estimator computes
a per-arm score from observed rewards; commit
merges the stopping and recommendation logic,
deciding when to halt and which arm to output.
Each classical probe-then-commit algorithm we
consider (Kalyanakrishnan et al., 2012; Karnin
et al., 2013; Jamieson and Talwalkar, 2016; Audib-
ert et al., 2010; Maron and Moore, 1993; de Borda,
1784; Thompson, 1933; Russo et al., 2018; Ney-
man, 1934) is recovered by some choice on each
axis. Under the zero-training constraint our de-
ployment setting rules out labelled data, auxiliary
models, fine-tuning, and architectural modification,
so the admissible policy space reduces to the Carte-

sian product

Selection x Estimator x Commit .
—— —— ——

z¢~De k=f({re()}) stop at N’<N

Each axis admits a canonical choice under its
own classical criterion:

1. Selection. Uniform random sampling from D,
attains the minimax wrong-arm rate under the
exchangeability assumption.

2. Estimator. Under Bernoulli rewards (the bi-
nary special case), empirical-mean argmax is
the maximum-likelihood estimator and its vari-
ance attains the Cramér—Rao lower bound at
N-K samples.

3. Commit. Under an uninformative uniform prior
on A € [0, 1], unconditional commit at a fixed
budget N minimises the expected wrong-arm
rate; conditional stopping rules inject an unjus-
tified prior assumption on A.

We analyse the three axes separately, selecting the
canonical choice for each under its corresponding
classical criterion. We then evaluate the resulting
procedure against seven zero-training alternatives
in Sec. 6.4, all of which match the empirical-mean
baseline for K < 5.

4.3 Implications for Method Design

Based on the above structural constraints and per-
axis analysis, two practical design rules follow:

Rule 1 (respect the regime). Use uniform-mean
argmax as the baseline estimator; any confidence-
bound-based sophistication provably reduces to it
w.p. > 1— ¢ (Prop. 1).

Rule 2 (escape the regime orthogonally).
Closing the residual gap requires leaving the
regime p(N) > A along one of four orthogonal
routes: widen A, reduce p(V), exploit cells that
have already escaped (early stop on confident
separation), or tie-break on a secondary signal.

5 Per-Cell Warm-Up Calibration

Guided by the design rules derived in Section 4,
this section instantiates the baseline together with
two optional commit-side mechanisms (early stop,
convergence). No parameters of the host memory
module, retriever, or LM are updated during cali-
bration. After calibration, the selected depth k(c)
is fixed for cell ¢ and reused for all subsequent
production-time memory reads.
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5.1 Paired Probes and Uniform-Mean
Argmax

Draw probes x1,...,xy ~ D.. For each probe,
evaluate every candidate jointly to obtain the paired
reward (k) = r.(x, k), k € K. Pairing re-
duces variance relative to independent draws when
outcomes on the same probe are positively corre-
lated (Lehmann and Romano, 2005). The estimator
is

k(e) = argmax fix(N), 7
| X

fie(N) = Nzrt(k)- (®)
t=1

No hyperparameter beyond N; by Prop. 1 no
confidence-bound-based zero-training estimator
improves on Eq. (7) w.p. > 1 — ¢ inside the regime,
and the remaining selectors are empirically indis-
tinguishable from it (Sec. 6.4).

5.2 Optional Commit-Side Stopping

Two stopping conditions can be added on top of
Eq. (7); both preserve its committed arm and only
reduce probe cost. Let fi(1)(N'), fi(2)(NN') denote
the empirical top two means at step N/, and let
sq4(N") denote the empirical standard deviation of
their paired per-probe differences d; = rt(k(l)) —
Tt(k(2)).
(S1) 20 early-stop. Stop at the first N/ < Npax
satisfying
2sq(N')
VN

i.e. the empirical top-two gap exceeds two standard
errors of the paired difference.

fiy(N') = fi2y(N") > )

(S2) Convergence on a stable argmax. Let
k) = argmaxy, fix(t). Stop at the first N/ <
Nmax satisfying

EO = kM) forallt € [N'—M+1, N'], (10)
i.e. the running argmax has remained unchanged
for the last M consecutive probes. Eq. (10) cap-

tures cells where Eq. (9) has not yet fired but the
empirical mean is already stable.

Certified versus practical stopping. The certi-
fied stopping rule in our analysis is fi(1) — fi(2) >
2p(N) with p(N) of Eq. (4) (App. A.2, Remark):
under a Hoeffding union bound this is a valid

confidence criterion — when it fires, the proba-
bility of committing a suboptimal arm is at most
6. At deployment budgets, however, this certifi-
cate almost never fires early: inverting it shows
that a J-guaranteed commit requires Neepy =
21log(2K/6)/A? probes (Prop. 2), far beyond what
deployment affords on every cell we evaluate,
while the empirical rules stop after tens of probes
(per-cell comparison in App. A.2, Tab. 4). On near-
tie cells certification is moreover unnecessary —
the two depths are nearly equal in true reward,
so committing either is low-regret. This is pre-
cisely the regime Prop. 1 characterises: at these
budgets the correct target is the highest-empirical-
mean depth, not a certified separation.

Eq. (9) is a variance-aware plug-in of that certifi-
cate: same gap-vs-radius form, but the worst-case
Hoeftding radius is replaced by the empirical stan-
dard error of the paired top-two difference, so it
can fire earlier when the empirical variance is small.
The plug-in does not inherit the § guarantee; we use
it only to reduce probe cost, and in our experiments
it selects the same k as the full-budget commit and
the pool oracle.

Deriving the wall N, ... Alongside the two
early-stopping rules above, we impose a safety wall
Npax that bounds the total probing effort. If neither
rule fires, probing stops at this wall. Two deploy-
ment constraints determine it in closed form. A
rollout-equivalent cost ceiling of C' rollouts gives

NCOSt ( 1 1)

max

= [C/K],

since each probe evaluates all K candidates jointly
and therefore costs exactly K rollouts. A target
resolution p* (the smallest inter-arm gap worth re-
solving) gives

Nipax = Pog;(if()éé)] ;

by setting the radius of Eq. (4) equal to p*; since
the probe pass already maintains the reward vari-
ance online, a streaming variant can set p* from the
running pooled variance, which a fully variance-
adaptive radius can only tighten. The final wall is
Nmax = min(T—1, NSt NI ) over whichever
constraints the deployment specifies. In the submit-
ted experiments, we used a conservative fixed wall
of Nmax=200 (App. B). Even on the hardest cell,
this cap affects at most 1.5% of draws and does not
change the committed arm; therefore, the reported

results are insensitive to the choice of this wall.

(12)
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5.3 Overall Deployment Procedure

At deployment time on a new cell c:

1. Draw probes from D, one at a time and maintain
{1 (N"), Gpoot(N”), KN} online.

2. Stop as soon as Eq. (9) or (optionally) Eq. (10)
fires; otherwise continue to the derived per-cell
wall Npax (Egs. (11)—(12)).

3. Commit to k(c) via Eq. (7) at the stopping point.

The candidate pool K. is each host’s docu-
mented sweep and the reward r.(x, k) is bounded
in [0, 1] (binary exact match or task success, and
bounded token-level F1); concrete pools and re-
ward definitions are in App. B. The whole pass is
a one-time cost per cell: $0.03-$11.56 per API
cell and 0.71-4.76 single-GPU hours per local cell
(App. B, Tab. 5).

6 Experiments

6.1 Setup

Our testbed comprises 19 deployment cells with
full per-k paired reward data, spanning two mem-
ory architectures, three LLM backbones, three
multi-agent coordinators, and three tasks, with per-
cell sample sizes of 60-497 queries. The full grid,
candidate pools K., dataset/model references, and
per-cell statistics are in App. B.

6.2 Main Results

Across the 19 deployment cells (Tab. 2), warm-up
commits the pool-oracle k — the best fixed k in
the candidate pool — on every cell, yielding ¢ of
oracle = 100%. Absolute improvement over
the host default A gef averages +3.33 pp across
all cells: +3.88 pp on the 15 G-Memory cells (in-
cluding +12 pp on FEVER xMacNetxQwen?2.5-
7B and +11 pp on FEVER xMacNetx Mistral-7B,
where the oracle arms k=0 and k=3 respectively
beat default k=1) and +1.27 pp on the 4 A-Mem
cells, where default k=10 is wrong in both di-
rections: the EM oracle sits at the shallow k=1
while the deepest F1 oracle reaches k=75. 14/19
cells are strictly improved; the remaining 5 con-
firm the host default is already the pool-oracle.
Gains are consistent across LLM tiers: GPT-4o-
mini cells average +1.41 pp, Qwen2.5-7B cells
+5.06 pp, Mistral-7B cells +5.67 pp. The largest
gains coincide with the weakest backbones, where
the host default is most often suboptimal. Per-cell
k-accuracy curves for all 19 cells are shown in

App. C.2 (Fig. 4). Two extensions rebalance the A-
Mem evaluation — a second backbone (Qwen?2.5-
7B on LoCoMo) and a second task (LongMemEval-
S), extending it from 4 cells to 11: the warm-up
selects the best-in-pool depth and matches or beats
the host default on all 7 new cells, with gains up to
+11.73 pp (App. C.3, Tab. 6).

6.3 Cross-Cell Shortcuts Fail

We first ask whether a simpler cross-cell method
can predict k*(c) directly from deployment meta-
data, sparing per-cell calibration. On all de-
ployment cells we apply leave-one-cell-out cross-
validation (LOOCYV) to compare mainstream cross-
cell generalisation strategies and dynamic-k base-
lines (Tab. 3). Traditional low-cost strategies reach
only 84.7%, 80.9%, 87.4%, and 86.1% of oracle,
respectively: lookup by LLM, by task, by the joint
(LLM, task) key, and a logistic-regression gate on
retrieval statistics and store-size features. Exist-
ing adaptive-retrieval methods offer no improve-
ment on our heterogeneous agent-memory testbed:
classical Adaptive-k (Taguchi et al., 2025) is in-
applicable to graph-structured G-Memory, which
exposes no per-item similarity scores (13 cells),
and to A-Mem LongMemEval cells; on the 3 A-
Mem LoCoMo cells with well-defined oracle it
reaches 60.0% of oracle, its score-gap signal es-
sentially uncorrelated with the per-query optimal
k (Spearman p =~ 0.08), whereas per-cell warm-
up attains 99.1% of oracle on those same 3 cells
(Tab. 3). The per-query adaptive-k methods listed
in Sec. 2.2 are likewise inapplicable for structural
reasons (score geometry, labelled data, or per-turn
LLM calls). By contrast, our training-free per-cell
warm-up calibration reaches 97.9-99.1% of oracle
even under this single-evaluation scoring (Tab. 3)
and the per-cell oracle exactly under the matched
multi-seed protocol (Tab. 2), outperforming every
cross-cell baseline by a wide margin. In our experi-
ments, no cross-cell strategy substitutes for per-cell
calibration: relying only on shallow observable fea-
tures, they do not capture the latent factors that
determine £* (App. A).

6.4 Theoretical Regime Validated

Having established that £* is better obtained by
within-cell calibration, we now test the central
theoretical claim of Sec. 4.1: inside the small-
budget paired bounded-reward regime, no zero-
training estimator we evaluate beats uniform-mean
argmax. We compare SO (uniform-mean argmax)
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Table 2: Main results: per-cell warm-up on A-Mem (single-agent, LoCoMo, default k=10) and G-Memory (multi-agent, default
k=1). Default/Oracle/Warm-up are the host-default-k, pool-oracle (best fixed k in the candidate pool), and our committed-k
accuracies. The headline A ger is warm-up minus default (pp). Rows ranked by Ay ¢er descending within each system.

Dataset MAS/Memory LLM Default Oracle Warm-up Avs def
G-Memory (multi-agent, default k=1)

FEVER  MacNet Qwen2.5-7B k=1:38.00 k=0:50.00 £=0:50.00 +12.00
FEVER  MacNet Mistral-7B k=1:10.00 £k=3:21.00 £=3:21.00 +11.00
FEVER DyLAN Mistral-7B k=1: 6.00 k=0: 12.00 k=0: 12.00 +6.00
FEVER DyLAN Qwen2.5-7B k=1:43.00 k=0:49.00 £=0:49.00 +6.00
FEVER  MacNet GPT-40-mini k=1:61.00 k=2:66.00 k=2:66.00 +5.00
PDDL AutoGen Qwen2.5-7B k=1:3.06 k=2:7.74 k=2:17.74 +4.68
PDDL MacNet Qwen?2.5-7B k=1:3.11 k=2:6.76 k=2:6.76 +3.65
PDDL MacNet GPT-40-mini k=1:34.06 k=2:37.14 k=2:37.14 +3.07
PDDL DyLAN Qwen2.5-7B k=1:6.29 k=0: 8.74 k=0: 8.74 +2.45
PDDL DyLAN GPT-40-mini k=1: 2.60 k=2: 4.89 k=2: 4.89 +2.29
FEVER  AutoGen Qwen2.5-7B k=1:47.00 k=0:49.00 £k=0: 49.00 +2.00
FEVER  AutoGen Mistral-7B k=1:19.00 k=1:19.00 k=1:19.00 0.00
FEVER  AutoGen GPT-4o0-mini k=1:59.00 k=1:59.00 k=1:59.00 0.00
FEVER DyLAN GPT-4o0-mini k=1:66.00 k=1:66.00 k=1:66.00 0.00
PDDL AutoGen GPT-40-mini k=1:36.47 k=1:3647 k=1:3647 0.00
G-Memory aggregate (15 cells; FEVER X9, PDDL x6): mean Ay aer = +3.88 pp; 15/15 cells hit the pool-oracle exactly (100%).
A-Mem (single-agent, LoCoMo, default k=10)

LoCoMo VanillaRAG GPT-4o0-mini (F1) k=10: 30.55 k=75:32.79 k=75: 32.79 +2.24
LoCoMo VanillaRAG GPT-4o-mini (EM) k=10: 18.71 k=1:20.52 k=1:20.52 +1.81
LoCoMo A-Mem GPT-4o0-mini (EM) k=10:19.52 k=1:20.52 k=1:20.52 +1.01
LoCoMo A-Mem GPT-4o-mini (F1) k=10:3490 k=10:34.90 k=10:34.90 0.00

A-Mem aggregate (4 cells): mean Ay aer = +1.27 pp; 4/4 cells hit the pool-oracle exactly (100%).

All 19 cells aggregate: mean A ar = +3.33 pp; 19/19 cells hit the pool-oracle (100%); 14/19 cells (73.7%) have strictly positive gain.

Notes. “k=0" denotes the no-retrieval (empty-memory) arm; warm-up correctly picks it on cells where additional retrieved
context hurts task accuracy. A-Mem reports two metrics (EM and F1) per variant; EM denotes Exact Match and F1 denotes the
F1-score, and F1 and EM are treated as separate cells (distinct evaluation objectives; App. C.1).

Table 3: Cross-cell shortcuts under LOOCV. Each value is the mean per-cell $ of oracle of the method’s single committed
k. Adaptive-k evaluated on the 3 A-Mem LoCoMo cells with well-defined oracle. Reporting protocol in App. F.1.

Method (LOOCYV) mean (%) pa2s pio cells > 95%
Lookup by LLM only 84.7 79.6 713 5/15
Lookup by task only 80.9 744 65.1 4/15
Lookup by (LLM, task) joint 87.4 82.0 76.7 71715
Learned LR gate (3-feature) 86.1 80.2 724 6/15
Adaptive-k ported (Taguchi et al., 2025) 60.0 54.7 54.7 0/3
Per-cell warm-up (G-Memory, Sec. 5.3) 97.9 97.5 96.5 15/15
Per-cell warm-up (A-Mem) 99.1 98.9 98.5 3/3

against seven alternatives: S1 Paired Borda; S2
Stratified probe; S3 Successive Halving; S4 Paired
LUCB; S5 Empirical-Bernstein race; S6 Hoeffd-
ing race; S7 Thompson sampling. For each of
17 cells we run 2000 paired bootstraps over N €
{5,7,10,15,20, 25,30}.

The headline empirical evidence is M1 (Fig. 3):
eight wrong-arm-rate curves overlap within
40.05pp; paired t-tests vs SO give p > 0.05 at
every V. The Hoeffding radius p(/N') exceeds the
observed gap A € [0.05,0.15] for all N < 30
(Fig. 6, App. E), placing the entire sweep in-
side the equivalence regime of Prop. 1. Three
further mechanism layers confirm that SO dom-
inance is not a small-grid artefact: M2 budget
underspend (Fig. 8, App. E.3), M3 rliable

probability-of-improvement (Pol; Agarwal et al.,
2021; also Fig. 8), and M4 synthetic A sweep
(Fig. 7, App. E.2). The full eight-estimator rliable
comparison, with paired-bootstrap significance, is
in App. D.2 (Tab. 9).

6.5 Ablation

Three-knob design space. Varying each module
(selection, estimator, commit) one at a time from
the default (P1_random, E1_mean, C1_always)
at N=15 over the 17-cell bootstrap (Tab. 7), the
recipe is Pareto-optimal: it attains the highest p1o
(94.0%) in every block while staying within 0.6pp
of the best mean. The only higher-mean variant
(first-N') gives up 6.0pp of p1g, and the “robus-
tified” median/trimmed estimators shed 12-14pp,
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Figure 2: Per-cell distribution of Ay ger: Warm-up improves
on 14/19 cells, with a long right tail of +12 pp on G-Memory
cells where k=0 beats default k=1.

confirming that no design outperforms uniform-
mean argmax (Prop. 1; eight-estimator comparison
in App. D.2, Tab. 9).

Probe budget N. A-Mem cells saturate from
N=5 (> 99% of oracle) and G-Memory cells
plateau near 94% by the deployment budget
(Tab. 8). These single-evaluation figures sit be-
low the multi-seed-averaged Tab. 2, under whose
matched protocol the committed arm equals the
oracle on every cell (100%).

Pool size K. Pool size is host-determined: the
oracle k* can sit at the shallow k=1 (A-Mem EM)
or the deepest arm k=75 (A-Mem F1), so a narrow
truncation such as {1, 3, 5} would miss the ceiling.
We therefore retain each host’s full documented
sweep (probe-cost analysis in App. D.4). Adaptive
pool management — expanding, shrinking, or in-
terpolating the candidate set — can be realised as
an outer layer that re-runs the same paired probing
with empirical-mean selection on an updated grid
(e.g. coarse-to-fine), and is left to future work.

7 Conclusion

We formalised the fixed retrieval-depth &k selec-
tion problem in LLM agent memory (Egs. (1), (3)),
showed that a globally fixed strategy generally in-
curs a systematic performance gap, and verified on
a 19-cell heterogeneous deployment grid that the
cross-cell shortcuts we tested underperform. Build-
ing on these findings, we proposed a zero-training
per-cell warm-up calibration that determines the
optimal k in a single pass from a small number

3 40 -
Q
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E 35
g
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®
2
g 30
=

25 1

5 10 15 20 30
Probe budget per cell N
=@== S0 uniform-mean (ours) LUCB (paired)
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Successive Halving

Empirical-Bernstein race
Hoeffding race
—%- Thompson (Beta)

Figure 3: M1 evidence: eight zero-training estimators overlap
within +0.05 pp across 17 cells x 2000 paired bootstraps,
empirically validating Prop. 1.

of paired probes. Our lightweight recipe matches
the best fixed & in the candidate pool on all 19
deployment cells, improving over the host default
by +3.88 pp on G-Memory and +1.27 pp on A-
Mem. The procedure supports both multi-agent
and single-agent memory architectures, offering a
low-cost solution to retrieval-depth selection for
agent memory.

8 Limitations

Our study has several limitations. First, the analy-
sis assumes rewards bounded in [0, 1] (binary exact
match or task success, and normalised F1); un-
bounded or non-normalised scores would require
a different confidence radius. Second, the candi-
date pool is host-provided and static: the method
selects the pool-optimal depth within that set, and
an outer layer that expands, shrinks, or interpolates
the pool is future work, as is fully adaptive bud-
get tuning beyond the derived walls of Sec. 5.2.
Finally, our experiments cover two memory archi-
tectures, three LLM backbones, three coordinators,
and three tasks, and the warm-up is per configu-
ration: it must be re-run when a host deployment
changes materially.
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A Structural Model & Theoretical Proofs
A.1 Three-Factor Structural Model for k*

k*(c) depends on three latent factors:

* Retrieval SNR 7)(c): fraction of top-k entries
actually relevant;

* LLM context capacity ~(c): task-conditional
ability to integrate noisy context;

 Task memory density J(c): average # entries
needed per query.

A first-order argument: the marginal value of the
(k+1)-thentry is = nl¥[d > k] — (1 — n)(1 — k),
giving an implicit k* = k*(n, K, d) that depends
on all three. k* increases in 1 and ¢, decreases
in fragility 1—«. Cells with similar observable
features can have opposite k* when the unobserved
factors disagree, the structural reason the cross-cell
shortcuts of App. F fail.

A.2  Proof of Proposition 1

Proof of Proposition 1. Write i, = (V) and
let / = arg maxy, fir denote the empirical leader;
order the true means p1y > -+ > p(g) with
gap A = pq) — p2) and radius p(N) =
V10g(2K/8)/(2N) as in Eq. (4).

(i) Valid confidence intervals (probability >
1 — ¢). Each reward (k) € [0, 1], so Hoeffding’s
inequality for bounded variables gives Pr[ |, —
k] > p(N)] < 2e72Ne(N)* — §/K. A union
bound over the K arms yields Pr[E] > 1 — § for
the event

E = {Vk: | — | < p(N)},

on which every interval I, = [fix — p(N), fir: +
p(NN)] simultaneously covers its mean.

(ii) The empirical leader is never eliminated,
and the recommendation is arg maxy [i;, (de-
terministic). A confidence-bound race (LUCB,
Empirical-Bernstein race, Hoeffding race) drops
arm j only on a separation certificate ji; — p(N) >
ftj + p(IN) for some i, which implies i; > fi;.
Setting 7 = ¢ would require an arm with strictly
larger empirical mean than the empirical argmax,
a contradiction. Hence ¢ survives every elimina-
tion round. Because each such policy recommends
the surviving arm of maximal empirical mean, it
commits to ¢ = arg maxy, [ix, exactly the uniform-
mean estimator of Eq. (7).

(iii) On E, no optimal arm is dropped (prob-
ability > 1 — §). On E every issued certifi-
cate is valid: i; — p(N) > fi; + p(IN) together

13)

with p; < fi; + p(N) and p; = f; — p(N)
forces p; > pj, so any dropped arm is genuinely
sub-optimal and the arm arg maxy, i is retained.
Thus the best arm is preserved with probability
>1-4. O

Remark 1 (Why no early separation occurs in the
regime). Beyond (iii), in the regime p(N) > A a
confident certificate against the runner-up requires
fi1y — i2) > 2p(N). The paired difference Dy =
7¢((1)) —7¢((2)) € [~1,1] has mean A and fi(;) —
fu2) = D; Hoeffding for this range-2 variable
gives

Pr{D > 2p(N)| < exp(—

(20(N) = &)%)
< exp(~

(V)?).

N
2
N
2

(14)

using A < p(N) = 2p(N) — A > p(N). The
separation threshold is therefore rarely met, so
the race exhausts its budget and, by (ii), returns
arg maxy, . The MI evidence (Sec. 6.4) con-
firms this empirically: on every deployment cell
no confidence-bound race separates the top arms,
so all eight estimators output the identical arm.

A.3 Finite-Sample Certification Bound

Proposition 2 (Certified identification cost). Once
the separation certificate fi(1)—fi(2) > 2p(N) fires,
the Hoeffding union bound of App. A.2 (step (iii))
commits a suboptimal arm with probability at most
6. The certificate can fire only once the radius
shrinks inside the gap, 2p(N) < A, which inverts
to

2log(2K/9)

N > Ncert = A2

(15)

Eq. (15) makes the no-early-separation Remark
of App. A.2 quantitative. Tab. 4 evaluates Nt
at each cell’s empirically measured A (6=0.05)
alongside the empirical convergence stop-N': cer-
tified identification requires 705-2.1x 107 probes
per cell, while the deployment budget affords at
most 497 and the plug-in/convergence rules stop at
19.9-34.9. The 20 plug-in (S1), the full-budget
commit, and the per-cell pool-oracle select the
same k on all 19 cells under a 2000-bootstrap re-
play, so in this testbed the plug-in only reduces
probe cost and never changes the committed arm.
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Table 4: Certified vs. empirical probe counts. A = per-
cell empirical top-two gap; Neert = certified probe count of
Eq. (15) (6=0.05); stop-N' = mean convergence stop under
the Wtable=15 rule (2000-bootstrap replay).

Cell A Neert  stop-N’
locomo - A-Mem - 4om (em) 0.0080 187,939 19.9
locomo - A-Mem - 4om (1) 0.0025 2,026,940 349
locomo - VanillaRAG - 4om (em) 0.0141 61,368 19.9
locomo - VanillaRAG - 4om (f1)  0.0037 903,914 324
fever - autogen - qwen 0.0200 25,376 25.7
fever - autogen - mistral 0.0300 11,279 26.7
fever - macnet - 4om 0.0500 4,061 30.2
fever - autogen - 4om 0.0100 101,504 29.1
fever - macnet - qwen 0.1200 705 22.6
fever - dylan - qwen 0.0600 2,820 243
fever - dylan - mistral 0.0300 11,279 24.8
fever - dylan - 4om 0.0400 6,344 26.2
pddl - autogen - qwen 0.0167 36,542 25.8
fever - macnet - mistral 0.1100 839 24.6
pddl - macnet - qwen 0.0244 16,989 24.6
pddl - dylan - qwen 0.0245 16,860 24.8
pddl - autogen - 4om 0.0399 6,374 26.6
pddl - dylan - 4om 0.0007 21,047,811 26.7
pddl - macnet - 4om 0.0307 10,742 28.1

A.4 Binary Special Case and Cramér—Rao
Verification

Prop. 1 itself follows from bounded-reward Ho-
effding coverage alone (App. A.2); this subsec-
tion records the binary special case, which ad-
mits a sharper classical verification. With r;(k) ~
Bernoulli(ug), the empirical mean has variance
pi(1 — pg) /N and is the maximum-likelihood es-
timator; its variance attains the Cramér—Rao bound
[I(px)]'/N = px(1 — pg)/N, so no unbiased
estimator improves on it. This Cramér—Rao calcu-
lation is a Bernoulli-case sanity check, not a step
in the proof of Prop. 1. In this binary regime every
confidence-bound radius reduces to the same order
©(4/log K/N), which is why all eight estimators
of App. D.2 are statistically indistinguishable.
The same regime explains why the robust es-
timators degenerate (Tab. 7). With N small and
rewards in {0, 1}, the per-arm sample is a short
binary string: the median (E2) and 25%-trimmed
mean (E3) collapse onto the 0/1 lattice, discarding
the fractional information the mean retains, and tie
arbitrarily, producing the 5-15pp p1o drop and the
severe (> 10pp) cells absent from the mean-based
estimators. Robustness machinery yields no benefit
when there are no heavy tails to guard against; it
only coarsens an already low-variance statistic.

B Implementation Details

This appendix consolidates the concrete opera-
tional settings; the conceptual definitions are in
Sec. 3 and the procedure in Sec. 5.

Deployment cell. A deployment cell is a tu-
ple ¢ = (Memory, Task, Coordinator, LLM) with

query distribution x ~ D, (Sec. 3). Cells are in-
dependent: the memory module is re-instantiated
per cell with no parameters shared across cells,
so warm-up is run once per cell and never trans-
fers a chosen k between cells. The deployment
grid comprises 19 cells (15 G-Memory, 4 A-Mem),
spanning two memory architectures (A-Mem (Xu
et al., 2025a) single-agent; G-Memory (Zhang
et al., 2025) multi-agent), three LLM backbones
(GPT-40-mini (OpenAl, 2024), Qwen2.5-7B (Yang
et al., 2024), Mistral-7B (Jiang et al., 2023a); A-
Mem evaluated with GPT-40-mini), three multi-
agent coordinators (AutoGen (Wu et al., 2024),
DyLAN (Liu et al., 2024), MacNet (Qian et al.,
2025)), and three tasks (FEVER (Thorne et al.,
2018), PDDL (Ma et al., 2024), LoCoMo (Maha-
rana et al., 2024)), with per-cell sample sizes of
60—-497 queries. The ablation grid of Tab. 7 is a
distinct 17-cell paired-bootstrap snapshot.

Candidate pool C. (per host). Pool width fol-
lows each host’s tolerance to retrieval depth. Graph-
structured multi-agent G-Memory is sensitive to
retrieval count (larger % tends to trigger an accu-
racy collapse), so we keep a small pool K. C
{0,1,2,3} (its sensitivity analysis recommends
k € {1,2} and reports collapse at k=5; we add
the empty-memory arm k=0). Standard retrieval-
style single-agent A-Mem is more robust to con-
text noise, so we keep its wider documented sweep
K. € {1,3,5,7,10, 15,20, 30,40, 50, 75}. Pool
size K enters the analysis only through p(N)
Viog K (App. D.4).

Probe budget NV and stopping rules. In the sub-
mitted runs the convergence rule caps probing at a
conservative safety wall Ny .x=200, with an effec-
tive per-cell cap of min(Npax, 7'—1) where T is
the number of available probe trials; on the A-Mem
cells (T'=>50) this reduces to 49, while G-Memory
uses the full pool sweep. The revised deployment
rule instead derives the wall from deployment con-
straints (Sec. 5.2). Two optional commit-side stop-
ping rules sit on top of the uniform-mean estimator
and only reduce cost without changing the com-
mitted arm: (S1) 20 early-stop halts at the first N’
whose top-two gap exceeds two standard errors of
the paired difference (Eq. (9)), a variance-aware
plug-in of the certified rule (Sec. 5.2); (S2) conver-
gence halts once the running argmax is unchanged
for M consecutive probes (Eq. (10)), with stability
window Wapie = 15. The early-stop recovers the
right tail of the N-sweep at far lower average cost
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than the effective cap (App. D.3).

Reward function (bounded [0, 1]). Each query
x ~ D, evaluated at depth k yields a bounded
reward r.(z, k) € [0,1]: exact match (EM) on
A-Mem and the task-specific binary success sig-
nal on G-Memory are the binary special case
re(x, k) € {0,1}, while token-level F1 on A-Mem
is a continuous score in [0, 1] (App. C.1). Probes
are paired (every candidate k € IC, is evaluated on
the same probe x;), which strictly reduces variance
over independent draws and underlies the paired-
difference analysis of App. A.2.

One-time calibration cost. Running every probe
under every candidate depth adds only a one-time
N’ x K rollouts per cell, paid once when calibrating
a new deployment, not per query. Tab. 5 reports the
full per-cell breakdown: $0.03-$11.56 per API cell
(GPT-40-mini official rates) and 0.71-4.76 single-
4090-GPU hours per local cell. Cost is driven by
the per-rollout context token volume rather than
the probe count, so long-trajectory cells (MacNet,
PDDL) cost more at comparable rollout counts.

Table 5: One-time per-cell calibration cost (N' = mean con-
vergence stop-IV; rollouts = N’ x K). API cells are billed at
GPT-40-mini official rates; local cells are measured in single-
4090-GPU serving hours. The two units are not directly com-
parable and are listed separately.

A. API cells — USD (GPT-40-mini)

N’ Rollouts Cost
19.9 219 $0.03

Group Cell K
VanillaRAG (em)

Single-agent host

11
VanillaRAG (f1) 11 324 356 $0.04
A-Mem (em)’ 11 199 219 $0.15
A-Mem ()] 11 349 384 80.25
G-Memory - FEVER  autogen 4 29.1 116 $0.57
dylan 4 262 105 $1.04
macnet 4 302 121 $1.89
G-Memory - PDDL autogen 4 266 106 $2.01
dylan 4 267 107 $2.70
macnet 4 28.1 112 $11.56
B. Local cells — single-4090-GPU hours (G-Memory)
Backbone Cell K N’ Rollouts GPU-h
Qwen2.5-7B - FEVER autogen 4 257 103 0.75
dylan 4 243 97 0.71
macnet 4 226 90 1.51
Qwen2.5-7B - PDDL  autogen 4 258 103 1.72
dylan 4 248 99 2.31
macnet 4 246 98 4.76
Mistral-7B - FEVER  autogen 4 267 107 2.47
dylan 4 248 99 2.51
macnet 4 246 98 3.12

Offline estimate: API tokens were not archived for these two
cells at run time; the point values are decomposed estimates
(estimated ranges $0.10-0.19 and $0.17-0.33 respectively).
All other API costs are computed exactly from archived token
logs.

C Main Experimental Results

C.1 A-Mem Evaluation Metrics: Exact Match
vs. Token-Level F1

Both A-Mem metrics operate on a normalized form
of the prediction 3 and the gold answer y. The
normalizer norm(-) lowercases the text, removes
the articles {a, an, the}, strips punctuation, and
collapses repeated whitespace.

Exact Match (EM). EM is the hard, all-or-
nothing indicator

EM(g, y) = Wlnorm(3) = norm(y)] € {0, 1},
(16)
scoring 1 only when the normalized prediction
matches the normalized gold answer in its entirety.
Token-level F1. Let P = norm(y) and G =
norm(y) be tokenized on whitespace, and let m =
>, min(cp(t), cq(t)) count shared token occur-
rences (the multiset intersection, with cg(t) the
count of token ¢ in S). With precision prec =
m/|P| and recall rec = m/|G|,

2 prec - rec

F1(7,y) €01, dn

N prec + rec
a continuous score that rewards partial overlap.

These two metrics are not two readouts of the
same quantity; they encode two distinct evaluation-
and-optimization objectives. EM is a hard exact-
match criterion and is therefore acutely sensitive
to the redundant or noisy context introduced by
retrieval: a single spurious token drops the score
from 1 to 0. F1 instead targets fragment-level over-
lap and is far more tolerant of such noise. Conse-
quently the two metrics trace different accuracy-
vs-k curves whose optima fall at different depths:
EM peaks at the shallow k=1 arm where retrieval
noise is minimal, whereas F1 rises with depth and
peaks at a much deeper arm (e.g. k=75 for Vanil-
1aRAG; cf. Tab. 2). We therefore treat each metric
as an independent evaluation unit and tune k sepa-
rately for each, rather than forcing a single shared
k under one objective; this gives a more faithful
test of whether the method adapts to the operative
objective.

C.2 Per-Cell k-Accuracy Curves (All 19 Cells)

Fig. 4 reports the per-cell accuracy-vs-k curves for
all 19 deployment cells, split into two visually-
separated blocks by memory architecture: G-
Memory cells (blue background, linear k axis, pool
{0,1,2,3}) and A-Mem cells (cream background,
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log k axis, pool {1,3,...,75}). Within each block
cells are ordered by Ay gef descending. The pan-
els confirm the same pattern across both architec-
tures: warm-up commits the per-cell oracle on ev-
ery cell, regardless of curve shape or absolute ac-
curacy floor.

C.3 Extended A-Mem Evaluation: Second
Backbone and Second Task

To rebalance the A-Mem evaluation beyond the 4
GPT-40-mini LoCoMo cells of Tab. 2, we ran A-
Mem on a second backbone (Qwen2.5-7B, same
local serving as the G-Memory qwen cells) and a
second task (the official LongMemEval-S), extend-
ing the A-Mem evaluation from 4 cells to 11. On
all 7 new cells the warm-up selects the best-in-pool
depth and matches or beats the host default (Tab. 6).
These cells extend empirical coverage; they do not
alter the theoretical assumptions of Sec. 4.

Table 6: Extended A-Mem evaluation (7 new cells). Warm-up
commits the best-in-pool depth on every cell; gains are in
percentage points over the host default k=10. EM is ~ 0 on
LongMemEval-S, so only F1 is reported there.

A. Second backbone — Qwen2.5-7B on LoCoMo

Cell Metric default k£ / acc  best-in-pool k / acc  gain (pp)
A-Mem EM 10/0.000 1/0.042 +4.23
A-Mem F1 10/0.042 3/0.159 +11.73
VanillaRAG EM 10/0.034 1/0.091 +5.63
VanillaRAG F1 10/0.203 15/0.206 +0.29

B. Second task — LongMemEval-S (F1)
Cell default & / acc

best-in-pool k / acc  gain (pp)

VanillaRAG x GPT-40-mini 10/0.138 20/0.150 +1.19
VanillaRAG x Qwen2.5-7B  10/0.085 5/0.138 +5.38
A-Mem x Qwen2.5-7B 1070.048 3/0.114 +6.66

D Ablation Studies

D.1 Three-Knob Recipe Ablation

Tab. 7 reports the three-knob ablation and Tab. 8 the
companion probe-budget NV sweep. The ablation is
conducted on a 17-cell paired-bootstrap grid. Tab. 7
is a one-factor-at-a-time ablation: starting from the
slim recipe (P1_random, E1_mean, Cl_always),
we vary a single knob at a time across the selec-
tion (€ P1-P4), estimator (¢ E1-E5), and commit
(€ C1-C3) choices, holding the other two at their
canonical value. The recipe is highlighted (x); it
attains the maximum p;q in every knob block and
lies within 0.6pp of the best mean, while the de-
generate median/trimmed estimators drop 12-14pp
on p1g (App. A.4). Restricting to the well-behaved
estimators (E1, E4, E5), mean and p;q agree within
0.2 and 0.6pp respectively, empirically forcing the
collapse predicted by Prop. 1.

Tab. 8 sweeps the per-cell probe budget N at
the recipe, reported as % of oracle. These figures

use single-evaluation scoring and therefore sit be-
low the multi-seed-averaged result of Tab. 2, under
whose matched protocol (the same averaging that
defines the oracle) the committed arm coincides
with the oracle on every cell. A-Mem cells saturate
at N>5; G-Memory cells gain slowly with N and
plateau near 94% at the deployment budget, the
residual reflecting single-seed noise on near-tied
arms. The 20 early-stop of Sec. 5.2 terminates the
probe pass as soon as the empirical inter-arm gap
escapes the confidence radius, recovering the right
tail of this curve at lower average cost (App. D.3).

Table 7: Ablation over the three-knob design space (selec-
tion X estimator X commit): each knob varied one at a time
from the recipe (P1-E1-C1, marked %) at N=15 over 17 cells;
bold = best in block. The recipe attains the maximum p1o in
every block and stays within 0.6pp of the best mean, while
the degenerate median (E2) and 25%-trimmed (E3) estima-
tors shed 12—14pp of pio: the regime collapse predicted by
Proposition 1.

knob value mean P1o

Selection  (estimator E1, commit C1)
P1 random * 96.5 94.0
P2 first-IV 97.1 88.0
P3 last- N 95.8 89.3
P4 stratified 96.5 94.0
Estimator  (selection P1, commit C1)
El uniform mean x 96.5 94.0
E2 median 91.4 80.4
E3 trimmed-25% 93.3 81.8
E4 majority vote 96.4 93.9
ES inverse-var 96.3 93.4
Commit  (selection P1, estimator E1)
C1 always *  96.5 94.0
C2 margin gate 95.8 90.7
C3 bootstrap gate 95.7 85.3

Table 8: Probe-budget IV sweep at the recipe, as mean % of or-
acle (with p1o in gray), under single-evaluation scoring (no
multi-seed averaging). A-Mem cells are saturated from N=5
(> 99%); G-Memory cells rise with N and plateau near 94%
by the deployment budget. The matched multi-seed proto-
col that defines the oracle returns the committed arm exactly
(Tab. 2).

N 5 10 15 20 30 50

99.8 99.7 99.5 99.5 99.3 99.1
99.8 997 99.5 99.5 99.3  99.1
91.9 932 94.1 94.0 944 935
838 880 926 918 930 909
929 94.1 94.8 94.8 95.0 94.2
858 89.0 927 922 933 918

A-Mem

G-Mem

All
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Figure 4: Per-cell accuracy vs. k for all 19 cells. Top: 15 G-Memory cells (linear axis, pool C {0, 1,2, 3}). Bottom: 4 A-Mem

cells (log axis, pool C {1,3,...,75}). Cells ordered by Ays et descending. Dashed line = host default k; red star = per-cell
oracle k.
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D.2 Eight Training-Free Bandit Estimators

We compare eight zero-training estimators under
the r1iable bootstrap protocol (Agarwal et al.,
2021) on the 19 deployment cells: SO uniform
mean, S1 paired Borda, S2 stratified probe, S3
successive halving, S4 paired LUCB, S5 Empirical-
Bernstein race, S6 Hoeffding race, and S7 Thomp-
son (Beta). Tab. 9 reports the inter-quartile-mean
(IQM) regret with 95% stratified-bootstrap Cls at
the deployment budget N=15. SO attains the mini-
mum IQM regret (1x1075), tied by S2/S5/S6/S7
and within CI of S1; only the budget-reallocating
S3/S4 are marginally worse, with fully overlap-
ping intervals. This is the quantitative form of the
“simpler-is-sufficient” overlap (Fig. 3, main text):
no estimator separates from uniform-mean argmax.

Table 9: Eight training-free bandit estimators at the deploy-
ment budget N=15 (19 cells), rliable IQM regret with
95% bootstrap CI. SO (ours) is tied for the minimum; all inter-
vals overlap.

estimator IQM regret 95% CI
SO uniform mean (ours)  0.00001  [0.000, 0.0026]
S1 paired Borda 0.00002  [0.000, 0.0026]
S2 stratified probe 0.00001  [0.000, 0.0024]
S3  successive halving 0.00050  [0.000, 0.0039]
S4  paired LUCB 0.00097  [0.000, 0.0039]
S5 EBrace 0.00001  [0.000, 0.0026]
S6 Hoeffding race 0.00001  [0.000, 0.0024]
S7 Thompson (Beta) 0.00001  [0.000, 0.0025]

A paired bootstrap (n=2000 resamples) over
the 17 ablation cells corroborates Tab. 9: the sign
test on per-cell regret returns psign=1.0 against
the Empirical-Bernstein race (S0 and S5 commit
the identical arm on every cell, so the paired re-
gret difference is exactly zero), and SO’s per-cell
wrong-arm rate falls monotonically with IV (e.g.
21.4% — 15.2% — 8.1% at N=5,15,30 on the
FEVER/AutoGen/Qwen2.5-7B cell), tracking the
1/+/N contraction of p(N).

D.3 Sensitivity to Probe Budget NV

Fig. 5 reports mean stop-N vs Ay gef for the 19 de-
ployment cells under the Wpe=15 convergence
rule, with the probe budget capped at the submitted
conservative safety wall Np,,=200 (the revised
deployment rule derives the wall from cost or target-
resolution constraints, Sec. 5.2). G-Memory cells
gain monotonically over N € [5, 30] and saturate
near N=30; A-Mem cells saturate at /N >5, so the
convergence rule reaches saturation at mean stop-
N =~ 20, well within the A-Mem effective cap of

49.

Probe budget vs improvement (convergence-rule stop)

12.51 ®  FEVER'mc-Q7B
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Figure 5: Sensitivity to per-cell probe budget: mean stop-/NV
vs Ay der for the 19 deployment cells under the Wape=15
convergence rule.

D.4 Effect of Candidate-Pool Size K

Pool size enters only through the confidence ra-
dius p(N) = /log(2K/8)/(2N), which grows
as v/log K, so the equivalence regime p(N) > A
widens with K, and uniform-mean argmax remains
the admissible estimator as the pool grows (Prop. 1).
The practical cost is the probe count, which grows
linearly in K because every probe evaluates all
candidates jointly. Our pools (KX < 4 on G-
Memory, K < 11 on A-Mem) sit well inside the
regime; enlarging them changes p(NN) only log-
arithmically while linearly raising probe cost, so
the documented host sweeps are the cost-efficient
choice.

E Equivalence Regime Validation

E.1 Confidence Radius p(N) vs. Inter-Arm
Gap A

The geometric picture of the equivalence regime
(Prop. 1) is given in Fig. 6: the Hoeffding con-
fidence radius p(N) = +/log(2K/5)/(2N) en-
velops the observed inter-arm gap A at every N
used in the deployment regime, so no confidence-
bound estimator has signal to eliminate arms.

Why nothing fancier helps in the relevant range (v<30)

e radius p(¥) / arm gap £

Confidenc

10 20 30 50 100 200 =265
Per-cell probe budget N (log scale)
Observed gap A€[005.0.15] — -~ Typical Ax010 —— p(¥)=y/oEERBINT, K=5,5=005

Figure 6: Equivalence regime p(N) > A on every cell at the
deployment budget.

E.2 Synthetic A Sweep

Fig. 7 extends the M1 result to a synthetic A sweep
(K'=5 paired binary arms, A € [0.01, 0.50]) show-
ing SO dominance is not an artefact of the 17 abla-
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tion cells: SO sits at or near the minimum wrong-
arm rate across the full A range.

SO0 ties race/Thompson, beats SH/LUCB

Wrong-arm rate
° °
- =3

o
o

14
o

T T T L
015 020 030 0.50
Inter-arm gap A (synthetic sweep)

=®=50 uniform-mean (ours) -4 LUCB (paired)
Successive Halving EB race

Figure 7: M4: synthetic A sweep (K=5, N=15). SO ties
race/Thompson estimators and beats SH/LUCB across A €
[0.01,0.50]; the shaded band marks the equivalence regime
A < p(N).

T T T —T
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Hoeffding race
~# - Thompson (Beta)

E.3 Budget Waste and
Probability-of-Improvement (M2/M3)

Two supporting layers of evidence for Prop. 1 be-
yond the M1 wrong-arm overlap. (a) Adaptive
bandits leave probe budget unspent: Successive
Halving consumes 7/15 and LUCB 11.6/15, while
SO (and all confidence-bound estimators inside the
regime) uses the full budget. (b) Perthe r1iable
bootstrap protocol (Agarwal et al., 2021), the prob-
ability that SO has wrong-arm rate at or below each
baseline ties or exceeds 0.50 for every alternative
estimator; SO is never strictly dominated.

F Cross-Cell Shortcut Baselines

A natural objection to per-cell warm-up is that a
cheaper shortcut might predict £*(c) from observ-
able cell features or from other cells, avoiding the
per-cell probe. This appendix shows both shortcuts
fail.

F.1 Leave-One-Cell-Out Prediction

Tab. 3 (main text) reports the leave-one-cell-out
(LOOCYV) comparison: a model trained to predict
k* from every other cell and applied to the held-out
cell. No cross-cell predictor matches the per-cell or-
acle, confirming that the k* signal does not transfer
across cells, consistent with the structural model of
App. A.1, where unobserved factors (7, k, d) drive
k*.

Reporting protocol for Tab. 3. Every method
commits a single k per cell, and the table reports
the mean per-cell & of oracle of that commit-
ted k, together with its pss5, p19, and the number of
cells clearing the > 95% success bar, over the 15
G-Memory cells; Adaptive-k is scored only on the

S mormmean 0w _ B

full budget

Empirical-Bernstein race -

LUCB (paired) 19% wasted (12.1/15)

33% wasted (10.0/15)

Successive Halving

budget N=15

T T T T T T T T
0 2 4 6 8 10 12 14 16
Probes consumed per cell (out of N=15)

(a) M2: adaptive bandits underspend the per-cell budget.

tie

Paired Borda - E—IO.tﬂ
Stratified 4 ]0.50

Successive Halving 0.66
LUCB 0.61

EB race - '0.50
Hoeffding race 4 '0.50
Thompson -E—I 0.47
T

0.4 0.5 0.6 0.7 0.8
P(SO wrong-arm rate < baseline)

(b) M3: P(SO wrong-arm rate < baseline) across bootstrap
iters.

Figure 8: M2+M3 evidence. (a) Adaptive bandits leave probe
budget unspent. (b) Bootstrap Pol shows SO ties or beats every
alternative estimator.

3 A-Mem LoCoMo cells whose per-item similar-
ity scores it consumes. The lookup tables and the
logistic-regression gate obtain their k for a held-
out cell by LOOCYV prediction from the remain-
ing cells, whereas warm-up obtains its k from the
held-out cell’s own deployment-time probe pass
(Sec. 5.3). The warm-up rows are scored per-cell
under single-evaluation scoring (no multi-seed aver-
aging), which is why they sit slightly below 100%;
under the matched multi-seed protocol that defines
the oracle, warm-up returns the committed arm
exactly (100%, Tab. 2).

F.2 Observable Features Fail to Predict k*

Regressing k* on {model size, task, coordinator,
retrieval cosine mean / std, log store size} gives
a joint OLS R? of 0.71 in-sample but collapses
to 0.18 under LOOCYV (Fig. 9); no individual fea-
ture exceeds R? = 0.21. The training-free score-
geometry port (App. G, F1) attains only 60.0% of
the per-cell oracle on the A-Mem cells with well-
defined oracle, with score-gap-to-oracle Spearman
p ~ 0.08.
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No observable proxy predicts  * out-of-sample

log(model size)
task name (one-hot)
top-1 cosine mean
top-1 cosine std

log store size
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Figure 9: Observable proxies fail to predict k*: joint R?
drops from 0.71 in-sample to 0.18 under LOOCV.

G Adaptive Retrieval Methods Analysis

Sec. 2.2 groups single-turn adaptive-retrieval tech-
niques into five families and lists two deploy-
ment constraints (signal availability and deploy-
ment cost) that prevent direct transfer to agent mem-
ory. This appendix expands each family with the
per-method details that the main-text discussion
compresses; the consolidated differentiation table
(Tab. 1) is in the main text.

F1. Training-free per-query & from score geom-
etry. Adaptive-k (Taguchi et al., 2025) cuts at
the steepest drop in the sorted similarity scores;
CAR (Xu et al., 2025b) detects the cluster transi-
tion in the score-distance distribution. Adjacent to
F1, TARG (Wang et al., 2026) proposes a training-
free per-query gate that decides whether to retrieve
rather than how many items to retrieve. Both
Adaptive-k and CAR consume per-item similar-
ity scores that graph-structured multi-agent mem-
ory does not expose, rendering them inapplicable
to G-Memory cells; on A-Mem cells the signal
is available but, as Tab. 3 (last row) reports, the
empirical port attains only 60.0% of the per-cell
oracle on the 3 A-Mem LoCoMo cells with well-
defined oracle, with Spearman correlation between
the score-gap signal and the per-query oracle-k av-
eraging p ~ 0.08 (|p| < 0.11 on every cell, all
p > 0.4).

F2. Learned query routing. Adaptive-
RAG (Jeong et al., 2024) trains a T5-large
complexity classifier that routes each query among
non-retrieval, single-step, and multi-step strategies.
The router requires labelled training data that
agent-memory benchmarks do not ship, and
its per-query routing inflates LLM invocations
linearly with the agent’s interaction turns.

F3. Self-reflective iterative retrieval. Self-
RAG (Asai et al., 2024) fine-tunes the LLM to
emit reflection tokens that trigger re-retrieval;
FLARE (Jiang et al., 2023b) re-retrieves when

next-token confidence falls below a threshold;
SeaKR (Yao et al., 2025) consults internal-state
confidence to decide whether to retrieve further. All
three multiply LLM-invocation cost by the agent’s
turn count and rely on per-query (or per-token) state
that is incompatible with committing a single k for
the deployment lifetime.

F4. Learned ranking and candidate-set selec-
tion. RankRAG (Yu et al., 2024) jointly trains an
instruction-tuned ranker and generator; Dynami-
cRAG (Sun et al., 2025) performs LLM-feedback-
driven adaptive reranking; DPS (Meng et al., 2025)
and OptiSet (Jiang et al., 2026) learn end-to-end
set selectors. All require labelled training data and
operate at per-query granularity.

FS. Static grid search / lookup on a held-out val-
idation set. The implicit baseline behind fixed-k
deployment. Fig. 1 and Tab. 2 refute it directly:
across the heterogeneous deployment grid, no sin-
gle k£ matches the per-cell best on more than a frac-
tion of cells, and weak-LLM cells suffer a within-
pool collapse on the upper end of K. The theoreti-
cal and statistical grounds are given in App. A and
App. F2.

Why adaptive-% does not transfer to agent mem-
ory. The two constraints are structural, not in-
cidental. F1’s score geometry is unavailable on
graph-structured memory and uninformative on the
memory it is available for (p ~ 0.08); F2-F4 re-
quire labelled training data and per-query LLM
calls that scale with the agent’s lifetime; F3’s per-
token signal cannot be reduced to a single commit-
ted k. Per-cell warm-up sidesteps all of these: it
needs no scores, no labels, no auxiliary model, and
commits once per cell before any rollout.

Differentiation summary. The consolidated
comparison across the four transferability axes is
reported in Tab. 1 (main text, Sec. 2.2).
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