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Abstract

Long-term memory systems often organize ex-
perience before future queries are known, but
whether this improves evidence access under a
fixed read budget remains unclear. We evaluate
inexpensive query-agnostic segmentation and
hierarchical retrieval on AMA-Bench agent tra-
jectories and BEAM conversations spanning
128K to 10M tokens. Experiments use exact
serialized-context budgets, development-only
tuning, two sentence encoders, and uncertainty
estimates clustered by trajectory or conversa-
tion. In an exploratory post-plan analysis of
1,117 step-anchored trajectory questions, fixed
three-turn windows outperform all tested alter-
native boundary methods. On BEAM, primary-
encoder flat retrieval recall falls from 0.564
at 128K to 0.331 at 10M. Single-vector hier-
archical routing further reduces recall; multi-
ple local vectors recover part of this loss but
do not surpass flat retrieval. Doubling the
read budget from 8,000 to 16,000 characters
improves evidence recall at every scale with
both encoders. However, the 10M evaluation,
comprising 130 questions from eight conversa-
tions, detects no corresponding QA improve-
ment. Single-vector routing reduces QA accu-
racy, while multi-vector routing is not distin-
guishable from flat retrieval. These findings
identify coarse representation quality as a bot-
tleneck in the tested hierarchies and show that
improved evidence access need not yield better
answers.

1 Introduction

An external memory system stores more text than a
model can read for each query. It must decide what
to keep, how to divide it, and what to return. Many
systems make the first two decisions at write time,
before the future information need is known. Ex-
amples include episodic boundaries, topic groups,
fixed-depth hierarchies, and graph neighborhoods.
The practical assumption is that this organization
makes relevant evidence easier to retrieve later.

That assumption is difficult to test with end-to-
end ablations. Removing a segmentation compo-
nent usually changes the number and size of retriev-
able units. A hierarchy can also change how much
text reaches the reader. If the comparison does not
hold granularity and serialized context length fixed,
an apparent organization effect can be a unit-size
or budget effect.

We evaluate these inexpensive mechanisms in
two settings; our conclusions concern the meth-
ods tested here. AMA-Bench provides long agent
trajectories with questions that often identify the
relevant execution steps. It lets us compare bound-
ary placement while matching the number of seg-
ments. BEAM provides conversations at several
scales with evidence message identifiers. It lets us
measure when flat retrieval degrades and whether
cheap hierarchical routing closes that gap. The
benchmark tier labels describe source-stream to-
ken scale; the tested read limits are exact serialized
character budgets and are reported separately.

The experimental protocol matters to the con-
clusion. Our initial implementation admitted an
oversized first unit and did not count every sep-
arator. We discarded those aggregates, replaced
the selector with an exact serialized-context rule,
stored every selected span, and reconstructed all
manuscript values with a separate validator. We
also reran the retrieval experiments with MiniLM
and MPNet sentence encoders and repeated the
10M reader and judge evaluation on the corrected
contexts.

We find three effects within this protocol. First,
in the post-plan trajectory analysis, boundary place-
ment does not improve evidence recall at matched
granularity. Fixed windows are better than every
tested placement method with both encoders. Sec-
ond, scale creates a real retrieval deficit. Flat ev-
idence recall is approximately 0.56 at 128K and
0.33 at 10M with MiniLM, and the corresponding
MPNet values are 0.58 and 0.31. Third, single-
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vector coarse routing loses evidence at 10M. Multi-
vector routing reduces the loss and removes the
detected QA deficit, but still does not beat flat re-
trieval. Doubling the budget improves retrieval at
every scale, but we detect no corresponding QA
improvement in the corrected 10M run.

Our contributions are:

1. an exploratory matched-granularity trajectory
experiment showing that fixed windows
outperform random, execution-based,
embedding-cohesion, and LLM-selected
boundaries under two encoders;

2. a strict-budget evidence-recall curve from
128K to 10M tokens, with development-only
tuning and a second-encoder replication;

3. a controlled comparison showing that single-
vector routing, multi-vector routing, and
neighbor expansion do not improve flat re-
trieval, while local multi-vector block repre-
sentations recover most of the downstream
loss from a single coarse mean; and

4. a raw-record correction and validation pack-
age that reconstructs budgets, evidence re-
call, tuning, uncertainty, small-cluster checks,
reader outputs, judge votes, and costs.

2 Related Work

Agent memory systems. Long-term agent mem-
ory has been implemented as virtual context man-
agement, stored reflections, extracted facts, tempo-
ral graphs, and multi-granularity stores. MemGPT
treats memory management as an operating-system
problem, while Generative Agents retrieve and syn-
thesize stored observations (Packer et al., 2023;
Park et al., 2023). More recent systems organize
memories through adaptive distillation, multiple
granularities, agentic linking, or temporal knowl-
edge graphs (Ma et al., 2025; Xu et al., 2025a,b;
Rasmussen et al., 2025). These systems motivate
the question we study, but our experiments do not
reproduce their complete pipelines. We isolate inex-
pensive, query-agnostic organization under a com-
mon retriever.

Evaluation and benchmarks. LongMemEval
and LoCoMo study long-term conversational mem-
ory (Wu et al., 2024; Maharana et al., 2024). AMA-
Bench extends evaluation to long-horizon agent
trajectories (Zhao et al., 2026). BEAM provides

coherent conversations across several length tiers
and probing questions with source-message ref-
erences (Tavakoli et al., 2025). Recent analyses
have also emphasized controlled baselines, scale-
conditioned failure, and the distinction between
stored, retrieved, and usable evidence (Jiang et al.,
2026; Wang, 2026; Shao et al., 2026). Chain-of-
Memory combines lightweight construction with
query-time organization and also separates retrieval
recall from reasoning accuracy (Xu et al., 2026).
RaMem instead induces query-specific recall con-
ditions and preserves episodic context through syn-
thesis (Yang et al., 2026). Our paper focuses on
pre-query organization and scale under a common
retriever.

Segmentation and routing. Our cohesion bound-
ary uses the local semantic-change intuition of
TextTiling (Hearst, 1997), with Sentence-BERT
embeddings (Reimers and Gurevych, 2019). We
include it because it is deterministic, inexpensive,
and gives query-agnostic segmentation a stronger
signal than arbitrary cuts. The hierarchy uses either
one mean-pooled block embedding or several local
block embeddings as a coarse routing stage. AMA-
Bench and BEAM also introduce AMA-Agent and
LIGHT, respectively (Zhao et al., 2026; Tavakoli
et al., 2025). We do not reproduce those end-to-end
systems. This is a mechanism test of inexpensive
pre-query organization, not a claim that learned,
query-aware, hierarchical, or graph memories re-
duce to mean pooling.

For example, a question about an earlier booking
prompts flat retrieval to search messages across the
conversation. Hierarchical retrieval first selects
coarse blocks, then searches messages only within
those blocks. A relevant message in an excluded
block cannot be retrieved.

3 Experimental Protocol

3.1 Retrieval units and exact budgets
Each stream contains ordered items: action-
observation turns for AMA-Bench and messages
for BEAM. A segmentation maps these items to
contiguous units. We mean-pool the item embed-
dings inside each unit, rank units by cosine sim-
ilarity to the question embedding, and serialize
selected units with the separator \n---\n.

The primary budget is 8,000 characters and the
budget control is 16,000 characters. Characters are
used because they are deterministic across reader
providers and tokenizers. The selector visits units
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in rank order. A unit is admitted only if its complete
serialized text, internal newlines, and preceding
separator fit within the remaining budget. Units
that do not fit are skipped. An oversized first unit
is never admitted. The stored context length must
equal the length reconstructed from the selected
spans.

Units are selected in descending similarity or-
der under the character budget. For BEAM QA,
selected units are then arranged chronologically
before presentation to the reader, with messages
within each unit retaining their original conversa-
tion order.

Evidence recall for question q is

Rq =
|Gq ∩ Sq|

|Gq|
, (1)

where Gq is the set of annotated evidence items and
Sq is the set covered by selected units. The metric
does not require a reader and directly tests whether
organization makes evidence available under the
stated budget.

3.2 Tuning and uncertainty

We assign complete trajectories or conversations to
development and test partitions with seed 13. No
question from a development stream contributes to
a test aggregate. AMA-Bench uses 30% of trajecto-
ries for development. BEAM uses 25% of eligible
conversations from each tier for development and
tunes one pooled configuration across tiers.

We report question-weighted means and 95%
bootstrap intervals from 2,000 resamples of tra-
jectories or conversations. Method contrasts are
paired within questions and resampled by stream.
The 128K versus 10M scale contrast is unpaired
and resamples conversations within each tier. The
10M test set has only eight conversations, so we
also report leave-one-conversation-out ranges and
exact cluster-level sign-flip tests over all 256 as-
signments. Intervals are not adjusted for multiple
comparisons. We use them to quantify the spec-
ified contrasts rather than claim familywise error
control.

3.3 Encoders

The primary encoder is all-MiniLM-L6-v2.
We repeat every reader-free experiment with
all-mpnet-base-v2. Item embeddings are com-
puted once and mean-pooled for larger units and
blocks. This avoids penalizing larger units through

encoder-input truncation. Question and item en-
coders always match within a run.

Figure 1 summarizes the evaluation pipeline and
controls.

4 Trajectory Boundary Placement

4.1 Data and evidence proxies

AMA-Bench contains 208 trajectories and 2,496
questions across software engineering, web,
database, embodied-agent, general-assistant, and
game tasks (Zhao et al., 2026). The primary ex-
ploratory analysis uses explicit step references in
the question as gold evidence. This yields 1,563
questions, of which 1,117 from 139 trajectories fall
in the test split.

The analysis plan specified finding evidence
through exact or fixed-threshold fuzzy matches to
the reference answer, with a minimum question
coverage of 25%. This procedure identified evi-
dence for only 89 of 2,496 questions (3.57%), in-
cluding 53 test questions, and therefore failed the
planned coverage requirement. We instead used
the steps explicitly referenced in questions as a
broader evidence proxy. Because this decision fol-
lowed the analysis plan, we treat the step-reference
results as exploratory and hypothesis-generating.
We retain the original answer-match analysis as an
exploratory robustness check.

4.2 Boundary arms

Fixed windows place a boundary every N turns;
for N = 3, cuts occur after turns 3, 6, and so on.
Random boundaries use the same number of cuts
but choose their locations randomly. Execution
boundaries prioritize gaps where the first action
token changes, indicating a possible change in ac-
tivity, and fill any remaining positions with fixed
gaps. Cohesion boundaries select the largest adja-
cent embedding drops as potential semantic transi-
tions between turns. N is selected independently
for each arm from {3, 6, 12, 24} on development
data; every arm selects N = 3.

The LLM arm asks Gemini 2.5 Flash-Lite to
identify new subtask or phase starts in 40-turn win-
dows. Because it chooses its own number of bound-
aries, we compare it both with the tuned three-turn
fixed baseline and with evenly spaced boundaries
that have exactly the LLM-selected segment count.
Cached boundary calls cover 142 trajectories and
contain 653,435 input plus 5,603 output tokens.
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END-TO-END EXPERIMENT

STREAMS
AMA / BEAM

ORGANIZATION
matched grain
flat / hierarchy

INDEX
one or local
block vectors

RETRIEVAL
flat or gated

SELECTOR
context ≤B

future query

ACCESS
evidence recall

TASK QA
reader + judge

EXPERIMENT CONTROLS

GRAIN
same segment count

ENCODER
same across arms

TUNING
dev only

UNCERTAINTY
stream-clustered

REPLICATION
second encoder

Figure 1: Architecture of the organization audit. Streams pass through matched-grain organization, a common
encoder, query retrieval, and exact-budget selection before access and QA are measured separately. The lower lane
lists controls held outside the tested mechanism.

4.3 Results

Within this post-plan analysis, Table 1 shows that
fixed windows lead every comparison. The paired
interval for each alternative is below zero under
both encoders.

Figure 2a shows the paired contrasts under both
encoders. The result is not an artifact of question
phrases such as “Step 8.” When explicit step ref-
erences are removed before encoding the query,
MiniLM fixed-window recall is 0.365, compared
with 0.323 for random, 0.330 for execution, and
0.314 for cohesion boundaries. The MPNet order-
ing is the same.

The LLM arm separates grain from placement.
Its placement is 0.024 better than even spacing at
the same self-chosen segment count with MiniLM,
but the paired interval [−0.018, 0.065] includes
zero. Its coarser grain loses more than that pos-
sible placement gain. Under the under-covered
registered answer-match proxy, no placement arm
separates from fixed at the tuned three-turn grain.
That small subset neither confirms nor overturns
the step-reference analysis.

5 Conversation Scale and Organization

5.1 Data and scale curve

BEAM contains conversations at four nominal tiers
and probing questions across ten memory abilities
(Tavakoli et al., 2025). We call the first tier 128K,
following the benchmark paper and dataset card;
its source split is named 100K. Abstention ques-
tions are excluded because they have no answer-
able evidence. Four 1M conversations are excluded
because duplicate message identifiers make their
evidence pointers ambiguous. Table 2 gives the test
samples.

Flat retrieval groups adjacent messages into
units of size {1, 2, 4, 8}. Pooled development
recall selects individual messages for both en-
coders. The unpaired 128K minus 10M differ-
ence is 0.233 [0.153, 0.311] for MiniLM and 0.268
[0.189, 0.345] for MPNet. The loss is therefore not
specific to one sentence encoder.

Figure 2b puts the two encoder curves on the
same scale and exposes the 0.23–0.27 loss between
the shortest and longest tiers.

5.2 Organization arms

The hierarchy divides a conversation into coarse
blocks, ranks a query-agnostic block index, and
permits fine-message retrieval only inside the top
E blocks. We compare fixed and cohesion-placed
blocks represented by one mean vector. A stronger
multi-vector arm uses fixed blocks, represents each
with means of its non-overlapping 32-message sub-
blocks, and scores the coarse block by its best local
match. This spends more index storage and rout-
ing comparisons without changing the serialized
reader budget. Block size M ∈ {32, 128, 512} and
E ∈ {2, 4, 8} are selected on pooled development
data. All three variants select M = 512 and E = 8.
At the three shorter tiers this configuration admits
the complete stream and is exactly equivalent to
flat retrieval. At 10M it filters the candidate pool.

Neighbor expansion retrieves a message together
with its immediate neighbors under the same final
budget. The budget arm keeps flat retrieval but
raises the limit from 8,000 to 16,000 characters.

Table 3 shows that no hierarchy improves ev-
idence recall. The fixed-block loss has a paired
interval below zero for MiniLM and overlaps zero
for MPNet. Cohesion routing is worse with both en-
coders. The multi-vector arm reduces the MiniLM
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Arm MiniLM recall ∆ vs fixed MPNet recall ∆ vs fixed

Fixed, N = 3 .394 [.336,.450] reference .408 [.351,.460] reference
Random .360 [.304,.414] −.033 [−.068,−.004] .358 [.303,.408] −.051 [−.084,−.019]
Execution .360 [.306,.417] −.034 [−.066,−.004] .356 [.303,.411] −.052 [−.086,−.019]
Cohesion .329 [.278,.384] −.065 [−.102,−.027] .322 [.271,.377] −.086 [−.124,−.048]
LLM boundary .328 [.270,.387] −.066 [−.111,−.021] .323 [.265,.377] −.086 [−.133,−.040]
Fixed at LLM count .304 [.247,.360] −.089 [−.130,−.052] .299 [.249,.351] −.109 [−.152,−.069]

Table 1: AMA-Bench test evidence recall at an exact 8K-character budget, with 95% trajectory bootstrap intervals.
Deltas are paired at the question level and clustered by trajectory (n = 1,117 questions, 139 trajectories).

Tier MiniLM MPNet n/clusters

128K .564 [.513,.617] .576 [.510,.636] 264/15
500K .554 [.502,.604] .525 [.474,.574] 475/27
1M .458 [.425,.499] .447 [.417,.482] 420/24
10M .331 [.276,.394] .308 [.262,.360] 130/8

Table 2: Flat evidence recall at an exact 8K-character
budget. Intervals resample conversations.

fixed-block deficit by 0.029, but its own 0.056 loss
relative to flat still has an interval below zero. Un-
der MPNet, it halves the fixed-block point-estimate
deficit and is not separated from flat. Neighbor
expansion spends scarce context on adjacent mes-
sages and performs worst.

Doubling the budget improves retrieval at ev-
ery tier. The MiniLM deltas are +0.037, +0.039,
+0.036, and +0.034 from 128K through 10M; all
paired intervals are above zero. The MPNet deltas
are +0.054, +0.055, +0.033, and +0.063, again
with every interval above zero. More budget helps
access, but its 10M gain is small relative to the 0.23
to 0.27 scale deficit.

5.3 Small-cluster sensitivity

All eight MiniLM leave-one-conversation-out esti-
mates remain positive for the 16K budget arm, rang-
ing from +0.024 to +0.039. The exact sign-flip p
value is 0.0156. The fixed-block hierarchy remains
negative in every leave-one-out estimate, from
−0.107 to −0.064, but its exact p value is 0.0547.
The cohesion hierarchy also remains negative in ev-
ery omission and has p = 0.0469. The multi-vector
hierarchy remains negative in every omission, from
−0.067 to −0.044, with p = 0.0312. With MP-
Net, all leave-one-out signs are stable, but the exact
p values are 0.0469 for the budget gain, 0.1641
for fixed blocks, 0.1250 for cohesion blocks, and
0.2969 for multi-vector blocks. These discrete tests
support the direction of the effects while showing
the limited inferential resolution of eight conversa-
tions.

6 Corrected 10M QA Check

We reconstruct the exact contexts for flat 8K, flat
16K, fixed-block hierarchy, and multi-vector hier-
archy on the 130 test questions. Gemini 2.5 Flash
answers with temperature zero and thinking dis-
abled. Gemini 2.5 Flash-Lite judges each answer
three times with a lenient semantic-equivalence
rubric. Majority vote defines correctness. All 520
arm-level records completed without an API error.
The recorded model cost is USD 0.5325.

Table 4 shows that the single-vector hierar-
chy failure transfers to answer accuracy. Ev-
ery leave-one-conversation-out effect is negative,
from −0.130 to −0.104, and the exact sign-
flip p value is 0.0156. The multi-vector arm
is not separated from flat: its paired delta is
−0.015 [−0.061,+0.032], its leave-one-out range
is [−0.035, 0.000], and p = 0.750. The retrieval
gain from 16K has no detected transfer: its QA in-
terval crosses zero, its leave-one-out range reaches
zero, and its exact p value is 0.625. This is an
important boundary on the budget result. More
context contains more annotated evidence, but we
detect no corresponding improvement in the tested
reader’s accuracy. Figure 2c places the retrieval
and QA deltas together so that this separation is
visible rather than inferred across tables.

7 Discussion

Boundary placement and grain are different
variables. The post-plan trajectory result is more
stable after correction. Random and execution-
based boundaries are not ties with fixed windows;
they are modestly worse with both encoders. Cohe-
sion and LLM boundaries are worse again. A sys-
tem that removes segmentation by replacing many
small units with one large unit does not isolate
boundary placement. It changes candidate granu-
larity and makes each retrieval decision consume
more budget. Matched segment counts are there-
fore a necessary control for claims about episode

267



10M arm MiniLM recall ∆ vs flat MPNet recall ∆ vs flat

Flat, 8K .331 [.276,.394] reference .308 [.262,.360] reference
Flat, 16K .365 [.308,.425] +.034 [.014,.058] .371 [.303,.438] +.063 [.021,.108]
Fixed, single-vector .246 [.181,.309] −.085 [−.148,−.023] .262 [.221,.304] −.046 [−.100, .010]
Cohesion, single-vector .227 [.174,.274] −.104 [−.169,−.042] .249 [.202,.300] −.059 [−.117,−.005]
Fixed, multi-vector .275 [.228,.326] −.056 [−.097,−.020] .279 [.244,.309] −.029 [−.074, .012]
Neighbor expansion .120 [.084,.159] −.211 [−.243,−.180] .102 [.064,.146] −.207 [−.242,−.169]

Table 3: BEAM 10M evidence recall on 130 questions from eight test conversations. Every arm except flat 16K
uses an exact 8K-character budget. Paired intervals resample conversations.
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Figure 2: The empirical story across both studies. (a) Every trajectory boundary arm loses to tuned fixed windows
under both encoders at matched grain. (b) flat retrieval loses 0.23–0.27 exact evidence recall from 128K to 10M.
(c) at 10M, doubling the budget improves evidence recall without a detectable QA gain; a single coarse vector
harms both retrieval and QA, while local block vectors recover most of the QA loss. Error bars and bands are 95%
stream-clustered bootstrap intervals.

Arm Acc. [95% CI] ∆ [95% CI]

Flat 8K .338 [.268,.406] reference
Flat 16K .308 [.237,.377] −.031 [−.109, .054]
Single-vector .223 [.148,.299] −.115 [−.159,−.071]
Multi-vector .323 [.264,.388] −.015 [−.061, .032]

Table 4: Corrected QA accuracy on 130 BEAM 10M
questions. Intervals resample eight conversations.

boundaries.

A hierarchy needs a selective coarse representa-
tion. The BEAM hierarchy fails for a clear mech-
anism. A mean-pooled coarse block acts as a gate.
If that single mean does not align with the query,
all fine messages inside the block become unre-
trievable. The multi-vector arm directly tests this
explanation. Local subblock vectors recover part
of the retrieval loss and almost all of the QA loss,
even though the serialized reader context budget
and fine retriever are unchanged. Cohesion-based
block placement does not repair the gate. Repre-
sentation, not the existence of two retrieval stages
by itself, is therefore the main bottleneck in these
arms.

This result does not rule out query-aware organi-
zation, learned routers, extracted facts, summaries,
or graph traversal. Those methods can create a
better coarse representation or use query-time com-
putation that our arms avoid. The present result
gives them a minimum comparison: they should
beat tuned single-message retrieval and a larger-
budget control under the same serialized context
limit.

Retrieval headroom is not answer headroom.
The scale curve establishes a retrieval deficit, and
the 16K arm recovers a small part of it. The QA
check detects no corresponding accuracy improve-
ment. Added evidence can be redundant, weakly
ordered, or hard to integrate. A memory paper
should therefore report both evidence access and
answer use when making an end-to-end claim. Re-
trieval recall diagnoses the memory stage; it does
not substitute for reader accuracy.

Practical applicability. These results define a
deployment test for agent memory. Before adding
episode boundaries or coarse routing, match grain,
encoder, and realized prompt budget against flat
retrieval. Log coarse-route exclusions because one
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false negative can hide a block’s fine evidence. If
access improves, test the same questions at the
reader layer; our 16K arm shows that more ev-
idence may not improve answers. Query-aware
alternatives remain motivated, but must earn their
complexity against matched flat and larger-budget
controls.

8 Conclusion

We tested inexpensive query-agnostic memory or-
ganization under matched granularity, encoder, and
serialized-context budgets. In the post-plan AMA-
Bench analysis, fixed three-turn windows outper-
formed four alternative boundary methods. On
BEAM, flat retrieval recall declined by 0.23–0.27
from 128K to 10M tokens. Single-vector hierar-
chies showed further losses, while local block vec-
tors recovered part of the deficit without surpass-
ing flat retrieval. The QA evaluation complements
these retrieval findings: the tested single-vector
hierarchy reduced answer accuracy, whereas the
multi-vector arm was not statistically distinguish-
able from flat retrieval, and additional retrieved
evidence produced no detected accuracy gain. To-
gether, these findings suggest that query-agnostic
structure earns its budget when its representations
preserve access to evidence that the reader can ef-
fectively use.

9 Limitations

The trajectory analysis uses a post-plan step-
reference proxy. It is explicit and covers a large
sample, but the decision to elevate it was not prereg-
istered. The registered answer-string proxy failed
its coverage requirement and cannot provide a com-
parably powered confirmation.

Matching segment counts does not equalize
segment-length distributions. Differences in unit
length may affect mean-pooled representations and
budget packing, so these comparisons do not isolate
boundary placement alone.

AMA-Bench and BEAM are benchmark distri-
butions, not a sample of deployed agent histories.
Their questions and evidence annotations inherit
any benchmark-generation and validation errors.
Four 1M BEAM conversations are excluded be-
cause duplicate message identifiers prevent unique
evidence resolution. The 10M analysis contains
only eight test conversations. Cluster bootstrap
intervals, leave-one-out estimates, and exact sign-
flip tests cannot create more independent conversa-

tions.
Character budgets are exact and provider-

independent, but they are not token budgets. The
10M label describes source-stream scale, not the
8K or 16K character read limits. We test two
English sentence encoders, single-vector means,
and one fixed local multi-vector construction. We
do not test trained routers, cross-encoders, LLM-
generated summaries, temporal graphs, query-
aware write policies, AMA-Agent, or LIGHT. The
study accounts for serialized reader context and
recorded hosted-model cost, but does not compare
retrieval cost or latency, indexing latency, embed-
ding storage, or end-to-end serving cost. The QA
check uses one reader family and one judge family,
with no human calibration. Results may change
with other memory methods, encoders, read bud-
gets, readers, rubrics, or future provider model ver-
sions.

The study was corrected after the initial selec-
tor failed validation. The step-reference analysis
was also chosen after the registered proxy proved
too sparse. We disclose both events, retain source
hashes and the failed-proxy result, and do not ad-
just intervals for the number of contrasts. These
choices make the evidence auditable but do not
turn the analysis into a preregistered confirmatory
study.

10 Ethical Considerations

The experiments use existing benchmarks and no
recruited participants. Hosted QA sends bench-
mark excerpts to a model provider; reproductions
must follow dataset terms and provider policy. Cre-
dentials and caches are excluded. AMA-Bench is
MIT; BEAM and BEAM-10M are CC BY-SA 4.0,
so derived records preserve attribution and share-
alike terms.

AI Assistance Disclosure

AI assistants were used for coding support, liter-
ature search, manuscript editing, and automated
cross-checking. The authors verified cited sources,
executed and validated the experiments, inspected
the raw artifacts, and take responsibility for every
claim and sentence. Model-generated boundaries,
reader outputs, and judge votes used as research
objects are separately identified in the experimental
protocol.
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Reproducibility Statement

The release records hashes, splits, tuning, encoders,
evidence indices, selected context, predictions,
votes, costs, and errors. Validators reconstruct ag-
gregates, including MPNet results, and reject bud-
get, pairing, provenance, or vote-count violations.
The release bundle contains the paper, code, figures,
summaries, and raw records, but excludes dataset
text and embedding caches.
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