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Abstract

Repeated retrieval and verification create a
shared-cap scheduling problem in long-horizon
language agents: each evidence action can
resolve current uncertainty while consuming
tokens and tool time required by later con-
straints. We introduce ReserveGate, an episode-
level token—latency scheduler that performs
constrained one-step policy improvement from
an auditable off-policy advantage estimate.
Component-wise masks preserve both hard
resources, a consumption-adaptive price re-
acts to overspending, a reserve released with
episode progress protects late-stage capacity,
and overlap-aware fallback guards unsupported
decisions. Across three controlled agent envi-
ronments, ReserveGate improves tight-budget
success by 2.6-3.8 percentage points over the
strongest matched controller and by 4.6-6.2
points in the longest episode quartile. With full-
system costs charged, ReserveGate preserves
this success ordering while reducing end-to-end
tokens by 5.5-6.6%, p99 tool time by 5.9-9.2%,
and service-level incidents by 1.8-2.5 points
relative to that controller. A matched LoCoMo
replication across two generators and two re-
trievers preserves the gains, which also remain
above tuned rate limiting and task-agnostic
state encoders. Together, these results estab-
lish evidence timing as a distinct control layer
for improving the success—resource frontier of
long-horizon agents.

1 Introduction

Language agents increasingly interleave generation
with retrieval, tool calls, verification, and mem-
ory updates (Yao et al., 2023; Schick et al., 2023;
Asai et al., 2024). Larger context windows expand
storage, while retrieval text, reranking, verification
traffic, external-service calls, retries, timeouts, and

heavy-tailed latency remain metered operations.
When dozens or hundreds of evidence decisions
draw from shared episode-level limits, spending be-
comes intertemporal: an early call changes which
later calls remain feasible. Across our three envi-
ronments, scheduling this competition raises suc-
cess while reducing end-to-end tokens, p99 tool
time, and service-level agreement (SLA) incidents.
The advantage reaches 4.6-6.2 percentage points in
the longest quartile, where each spending decision
can affect many downstream opportunities.

Adaptive retrieval and routing methods primarily
optimize evidence for the current query or gener-
ation step (Jiang et al., 2023; Jeong et al., 2024;
Su et al., 2024; Wang et al., 2026). Long-context
and memory systems improve evidence representa-
tion and access (Chen et al., 2023; Hu et al., 2025),
while cost-aware memory routing selects among
memory modules (Zhang et al., 2026). Reserve-
Gate targets the cross-step coupling created when
repeated, heterogeneous retrieval and verification
actions compete for the same hard token and tool-
time caps. Its decision rule joins step-local informa-
tion value with episode-global feasibility: a learned
action advantage ranks evidence actions, separate
masks enforce both resources without exchanging
tokens for seconds, a consumption-adaptive price
responds to realized overspending, and a gradually
released reserve represents the intertemporal value
of late-stage capacity.

At each decision point, ReserveGate updates a
compact four-component uncertainty sketch and
estimates the terminal-success advantage of each
feasible action over NOOP under a fixed continuation
policy. The estimator is trained by source-group
cross-fitted doubly robust regression, exposes effec-
tive sample size (ESS), and invokes a conservative
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trigger when logged support is weak. Repeated ap-
plication implements an episode-level scheduling
policy with 0.21-0.29 ms controller overhead per
decision.

Our matched comparison fixes the base model,
prompts, candidate pool, retriever, tools, verifier, re-
alizations, and caps, thereby identifying the sched-
uler effect. The complementary full-accounting
comparison charges prompts, generation, retrieval,
reranking, retries, and timeouts. Against the
strongest same-environment controller, Reserve-
Gate gains 2.6-3.8 points in success while reduc-
ing full-accounting tokens by 5.5-6.6%; a matched
LoCoMo study preserves the ordering across two
generators and two retrievers.

The contributions are three technical advances
with direct consequences. (1) Shared-cap evidence
scheduling: a component-wise token—latency fea-
sible set, adaptive resource price, and progress-
released reserve allocate evidence capacity across
an episode. (2) Auditable policy improvement: a
source-group cross-fitted action-value estimator,
overlap-aware fallback, and forced-action valida-
tion connect each deployed ranking to realized
intervention direction. (3) Mechanism-grounded
systems evidence: matched and full accounting,
a strongly tuned rate limiter, horizon and sched-
ule interventions, cross-stack replications, portabil-
ity measurements, and tail-risk analysis show that
scheduling improves both success and resource use
when spending decisions compound.

2 Problem Setting

At decision point ¢, an agent observes o; and
chooses a task action together with an optional
evidence action m; € M. The decision ob-
ject is the sequence of evidence actions across
the episode: every issued action changes the
two-dimensional budget available to all subse-
quent decisions. The primary action set is
M = {NOOP,RETRIEVE(k), VERIFY}, where k €
{8,16,32,64}. SUMMARIZE and WRITE extend this
interface in Appendix F, with action-specific sup-
port reported separately.

Each action has a two-dimensional estimated
cost

&(m) = (&°(m), & (m)),

and the remaining per-episode budget is B; =
(B{°k, Bfime) Feasibility is enforced component-
wise; tokens and seconds are never treated as in-
terchangeable constraints. For ranking feasible ac-

tions, we use the dimensionless scalarization

. cok(m)

~time
Ct(m) = Wtok G (m)

+ wtimeWa (1)

tok
B 0

where wyox + wiime = 1. The weights are selected
on development data and frozen for test. The core
comparison models token and tool-time resources;
storage cost for the optional WRITE action is re-
ported separately.

We measure task success, end-to-end tokens,
tool-time percentiles, and service-level agreement
(SLA) incident rate. The matched comparison uses
hard evidence-action caps to identify the controller
effect, while the equally important full-accounting
comparison includes prompt, generation, retrieval,
reranking, and verification costs.

Formally, for a trajectory 7 with terminal score
Y (1) € [0, 1], the controller solves the constrained
surrogate problem

max E. . [Y(7)]

™

st. Y él(m) < Bj, j€ {tok, time}.
t
)

The token constraint is enforced from exact to-
kenizer counts before an action is issued. Tool
time is stochastic, so feasibility uses a calibrated
upper-quantile estimate; an SLA incident records
the residual event in which realized cumulative
tool time exceeds its cap or a tool times out. Equa-
tion 2 defines the online decision boundary, and
the reported tail metrics directly quantify residual
cost-estimation failures.

The evidence controller leaves the agent’s task
action, prompt, and candidate pool fixed. This
separation creates two complementary evaluation
views. The matched view fixes the surrounding
agent and charges costs causally affected by m;,
which identifies differences among schedulers. The
full-accounting view charges every prompt, gener-
ated token, retrieval, reranking pass, verification
call, retry, and timeout, which tests whether the iso-
lated advantage survives at the system boundary.

3 ReserveGate

3.1 Uncertainty sketch

The uncertainty sketch z; tracks four latent compo-
nents: (i) a categorical distribution over unresolved
constraint types; (ii) a Beta posterior for tool reli-
ability; (iii) the probability that required evidence
is still missing; and (iv) a three-way episode-phase
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distribution. The controller augments these four be-
liefs with observed resource state and recent-action
history; these are measured covariates, not addi-
tional latent components. The controller state is

s¢ = [pe(c), Ee[p], Vare[p], pe(f=1), pe (1),
B:/Bo,t/H, b, hYe]. (3)

Here H is an estimated episode horizon and
hiet, hy®" summarize recent evidence outcomes.

Categorical variables use development-frozen
add-one likelihood tables estimated on training
logs:

) ]\ftmin(ota-r = Q) +1
Ntrain(x = q) + |OCL“| ‘

pi(r=q) < pi1(z = q)

For a verifier outcome v; € {0, 1}, the reliability
posterior is Beta-Bernoulli:

p(p | 1) o p>i V(1 — p)'~ 2" Beta(p; 2, 2).

The symmetric Beta(2,2) prior contributes two
pseudo-observations, regularizing sparse early out-
comes without preferring success or failure; its
strength and categorical smoothing are fixed be-
fore development evaluation. The latent structure
is shared across tasks; task adaptation consists of
mappings from observable log fields to the four
sketch components. Appendix E reports mapping
counts, construction time, and an LLM-assisted
mapping audit.

Table 1 makes the construction explicit. Con-
straint mass is redistributed when the parser de-
tects an unresolved identity, temporal, tool, or
precondition requirement. Tool reliability is up-
dated after an observable success, failure, time-
out, or verifier judgment. Missing-evidence prob-
ability uses retrieval coverage, source agreement,
and unsupported-claim flags, while phase combines
normalized progress with the horizon predictor. All
updates are causal with respect to the current de-
cision: no terminal outcome or future trace field
enters Sy.

3.2 One-step action-value proxy

Let 7. denote the development-frozen behavior
mixture used after the current intervention in
logged and cloned rollouts. Following information-
value theory (Howard, 1966), the marginal value of
a feasible evidence action is its effect on terminal
success under a common continuation policy. The

Component Representation Observable update sig-
nals
Constraint  categorical mass  parser flags, unmet slots,

tool preconditions
success, failure, time-
out, verifier agreement
proba- coverage, novelty,

Reliability ~ Beta posterior

Missing evi- Bernoulli

dence bility source agreement

Episode categorical mass  normalized step, pre-

phase dicted remaining hori-
zon

Resource normalized vector tokens, tool time, recent

state action outcomes

Table 1: The shared uncertainty sketch and task-specific
observation interface.

corresponding one-step estimand is

Qﬂc(svm) = E[Y ’St = S7dO(Mt = m)?
Mt—l—l: ~ 770} .

We learn Qp(s,m) ~ Q™ (s, m), where Y is ter-
minal task success, and define

Ag(s,m) = Qg(s,m) — Qa(s,NOOP).

Training uses source-group cross-fitting and a dou-
bly robust pseudo-target (Dudik et al., 2014; Jiang
and Li, 2016):

}j; m) — ~—k Si,m Hé[mi :m]
(m) = ( )+max(e,ﬁ'0_ (m | si))
(Vi i (s ma) &)

where —k denotes nuisance models fit without
source-group fold k. Importance weights are
clipped and self-normalized. We report effective
sample size (ESS) per action and fall back to a
tuned uncertainty trigger when ESS is below a
development-selected threshold. Identification uses
consistency between the logged and forced ac-
tion, conditional exchangeability given the causal
pre-action state s;, overlap after the prespecified
propensity clip, source-group cross-fitting, and the
fixed continuation policy 7.. The logged propen-
sity calibration and action-level ESS assess over-
lap, groupwise folds prevent source leakage, the
fallback avoids weak-support extrapolation, and
cloned forced-action tests directly audit the result-
ing intervention ranking.

Each logged decision is a pseudo-target unit,
while source conversation, API family, or reposi-
tory is the cross-fitting and inference unit. We fit
nuisance models without the held-out source-group
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fold and train the final action-value ensemble on
the concatenated out-of-fold targets, so adjacent de-
cisions from one episode never cross folds. The de-
ployed advantage is the ensemble mean; ensemble
dispersion enters the fallback rule without chang-
ing the score. Thus Ay operationalizes information
value as the terminal-success consequence of tak-
ing one feasible evidence action and then returning
to m.. Applying the improvement rule at every
reached state converts these local marginal values
into the deployed episode-level scheduling policy.

Policy-improvement bound. For an estimated
feasible set Fy, suppose |A(s, m)— A(s;, m)| < e
for every m € Fy. If 7 maximizes A(s;, m) —
A\¢:Cy(m) on this set and m* maximizes the corre-
sponding true one-step utility, then

[A(st, m*) — AtC_'t(Tri*)]
— [A(St,m) — )\tC’t(fn)] S 2€.

The calibrated upper-quantile time estimate further
gives a per-decision exceedance probability at most
1 — ¢ on the calibration distribution for actions
admitted by the time mask. Appendix B states the
assumptions and proof.

3.3 Adaptive reserve-aware decision rule

Token cost is counted exactly with the frozen gen-
erator tokenizer before an action is issued. Tool-
time cost uses a conditional ¢ = 0.95 quantile
model trained on source-group training folds from
action type, candidate count, interface, recent la-
tency, retry state, and tool outcome history; split-
conformal residual calibration is fit on development
groups and frozen for test. Retries and timeouts
enter as realized censored-at-timeout durations, so
the upper quantile reflects their observed tail mass.
Equation 1 normalizes costs for ranking, while
component-wise feasibility continues to enforce
raw tokens and seconds separately.
Letu; =t/ H be normalized progress and let

B
l—t—ut]
+

dy = .
t B

max
je{tok,time}

measure how far spending is ahead of schedule.
The cost weight adapts as Ay = Ao(1 + ~vdy).
The protected reserve is R; = r.Bg, where r; =
Tmax max (0, 1 — 3u;/2); it decays to zero at the
start of the final third. The feasible set is

.7:75 = {m : ét(m) j Bt — Rt} U {NOOP},

Algorithm 1 ReserveGate at one evidence deci-
sion.
1: Update uncertainty sketch z; and construct s;
(Eqg. 3) )
2: Predict ¢;(m) and Ay(s;, m) foreachm € M

3: Compute overspending dy, cost weight \;, and
reserve R;

4: Mask actions that violate either resource di-
mension or the reserve

5: If action-level ESS is too small, return the
tuned uncertainty trigger

6: Otherwise return the feasible action maximiz-
ing Eq. 5

and the deployed rule is

m; = arg max Ag(st, m) — Atct(m)] )

meF;

The reserve supplies limited intertemporal struc-
ture to an otherwise myopic controller. Early in
an episode, an action must remain feasible after
preserving R;; reserve release is determined by
normalized progress u;, becoming fully available
in the final third. The horizon predictor is a training-
fold quantile regressor over task schema and the
first two observable steps; it is frozen before de-
velopment selection and test evaluation. Horizon
underestimation releases reserve early, but the con-
sumption multiplier and hard masks still react to
realized spending; overestimation retains reserve
longer, and a missing estimate activates the conser-
vative trigger. The adaptive multiplier reacts when
spending has outpaced progress, avoiding a blanket
penalty on difficult episodes that legitimately need
early retrieval. This inexpensive approximation to
intertemporal resource value responds to realized
consumption in both resource dimensions while
preserving an inspectable decision rule.

Inference cost and fail-safe behavior. All can-
didate actions are scored in one network batch
and the feasibility mask is deterministic given the
cost estimates. Controller overhead is 0.21, 0.27,
and 0.29 ms per decision on LoCoMo-Episodic,
StableToolBench-PO, and SWE-bench-Verified-
420, respectively. If no non-null action is feasible,
if the horizon estimate is missing, or if action-level
ESS falls below the frozen threshold, the controller
returns either NOOP or the tuned uncertainty trigger
without modifying the task policy.
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Stage  Resource response

Early protect reserve; raise
Observe — Estimate —  Priceand —  Select price  when spending
. reserve leads progress
o1, Bi,he = 2,80, A, € = di, MRy — F ESS Middle release reserve; adapt
fallback

¢:(m) <B; — Ry

—  A(s;,m) — M(1 +~dy)Ci(m) .

price to both resources
expose reserved capacity;
retain hard masks

Final

separate token/time feasibility

support-audited action utility

Figure 1: ReserveGate closes the loop between uncertainty, action value, and episode resources. Consumption-
responsive pricing and progress-based reserve release couple the current decision to later feasibility while token and

time constraints remain separate.

4 Experimental Design

4.1 Benchmark-derived environments

We construct three controlled benchmark-derived
agent environments and interpret controller com-
parisons within each environment. LoCoMo-
EPisoDIC derives 2,400 multi-session evidence
episodes from LoCoMo (Maharana et al., 2024).
Each episode begins at a sampled conversa-
tional checkpoint and contains a sequence of
questions whose required facts span sessions.
Because LoCoMo contains 10 source conver-
sations, we use five grouped folds with 6/2/2
train/development/test conversations; models are
refit per fold and every conversation appears in
test exactly once. STABLETOOLBENCH-PO de-
rives 800 partial-observability episodes from Sta-
bleToolBench (Qin et al., 2024; Guo et al., 2024).
The wrapper hides selected API state and inter-
mediate tool outputs until queried, while preserv-
ing the official executable tool goal; API fam-
ilies, rather than individual calls, define split
groups. Its 40 API families form ten grouped folds
with 32/4/4 train/development/test families, so ev-
ery family appears in test exactly once. SWE-
BENCH-VERIFIED-420 uses 420 reproducible in-
stances from SWE-bench Verified (Jimenez et al.,
2024). During subset construction, we exclude
37 non-deterministic setup failures, 28 network-
dependent tasks, and 15 tasks requiring unavail-
able services. The retained set spans all 12
source repositories; we use six grouped folds with
8/2/2 train/development/test repositories, and every
repository appears in test exactly once.

Table 2 reports the exact unit of evaluation and
grouping key. Rollout construction occurs after
grouping, and all controller folds inherit these

groups. Consequently, each test conversation, API
family, and repository remains entirely outside the
value model’s training folds. Wrapper versions,
split identifiers, exclusion codes, and source revi-
sions are fixed before test evaluation and recorded
for each run.

4.2 Stacks, budgets, and accounting

The primary stack uses Llama-3.1-70B-Instruct,
bge-large-en-v1.5, a shared top-64 hierarchical
navigable small world (HNSW) candidate pool,
five environment seeds, and five stochastic roll-
outs per episode-seed. Retrieval actions select
k € {8,16,32,64} from that fixed pool; veri-
fication prompts and tool versions are identical
across controllers. The cross-stack study substi-
tutes Qwen2.5-72B-Instruct and e5-large-v2 with-
out refitting test-time thresholds. All inference
uses 8 NVIDIA H100 80GB GPUs with vLLM
0.6.3; controller fitting and the complete evaluation
consume approximately 1,184 GPU-hours. Stack
parity makes the scheduling contrast causal: each
same-stack controller receives identical generation
and retrieval capabilities.

The main tight caps are 12k evidence-action
tokens and 6.0 seconds of cumulative tool time;
medium caps are 16k and 8.0 seconds. The scarcity
frontier additionally evaluates severe 8k/4s and re-
laxed 24k/12s evidence-action caps. These caps
isolate the resources controlled by evidence actions,
including retrieved text inserted into context and
verifier traffic, independently of the generator’s
maximum context length. For full accounting, we
additionally count the system prompt, retained di-
alogue, task-action generation, reranker input and
output, retries, and failed calls. This broader mea-
surement boundary leaves the evidence-action fea-
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Environment Train Dev Test Median decisions [IQR] Split group  Terminal success
LoCoMo—EpisodicT 1,440 480 480 84 [58, 112] conversation evidence-grounded answer
StableToolBench-PO 640 80 80 126 [91, 168] API family  executable tool goal
SWE-bench-Verified-420* 280 70 70 48 [31, 66] repository target tests pass

Table 2: Environment construction and leakage-resistant episode splits. Interquartile range (IQR) summarizes
decision counts. TLoCoMo counts are per fold; ISWE-V counts are fold averages, with test folds ranging from 42 to

161 instances.

sibility masks and paired controller executions un-
changed. The SLA threshold equals the environ-
ment’s tool-time cap; both p99 latency and incident
frequency are reported because an average can con-
ceal rare verifier stalls.

4.3 Logged training and baselines

Training trajectories come from a frozen mixture
of Always-Retrieve, Entropy Trigger, and Conf-
Router policies with 10% uniform exploration over
feasible actions. The exact behavior propensity
is logged before action execution. The action-
value network has three 512-unit GELU layers with
dropout 0.1; optimization uses AdamW at 2 x 1074,
batch size 2,048, five source-group folds, and five
ensemble members. Propensity and outcome nui-
sance models use the same state but separate param-
eters. All clipping, effective-sample-size, reserve,
and cost-weight thresholds are selected on develop-
ment episodes and then frozen.

We compare with several levels of controller
complexity. Always-Retrieve-k spends when-
ever the requested action is feasible. Entropy
Trigger uses a development-tuned uncertainty
threshold. Conf-Router, inspired by model self-
knowledge (Kadavath et al., 2022), retrieves be-
low a confidence threshold and verifies within a
tuned marginal band. MLP Controller learns ac-
tion scores from the generic logged feature vec-
tor but has neither the structured sketch nor an
adaptive reserve. BudgetRate is the strongest rule-
based baseline: it jointly tunes entropy threshold,
early spending cap, phase boundary, and a retrieval
interval that grows when consumption outpaces
progress; a fixed verification-on-failure rule fires
when latency reserve remains. Its prespecified grid
contains 144 configurations and receives the same
development episodes and feasibility masks as Re-
serveGate. Long Context inserts all available evi-
dence that fits the model window, providing a com-
petitive stress test of whether indiscriminate con-
text can replace scheduled evidence use.

4.4 Evaluation protocol

Controllers run on identical episode realizations,
candidate shards, and environment seeds. Success
is averaged over the five paired rollouts within each
episode-seed and then over seeds. Bootstrap and
permutation inference resample the source group-
ing unit—conversation, API family, or repository—
while keeping every derived episode, seed, and roll-
out together; the evaluated test predictions cover
10, 40, and 12 held-out source groups, respec-
tively. The primary endpoint is terminal success;
secondary endpoints are evidence-action and end-
to-end tokens, p95 and p99 tool time, SLA inci-
dents, and action frequency. Uncertainty intervals
use 10,000 paired source-group bootstrap resam-
ples, and significance uses 100,000 paired source-
group permutations. We apply Holm correction to
the three primary comparisons against the strongest
matched baseline. Horizon quartiles and the failure
taxonomy are specified before inspecting method
identities. For the responsiveness exercise, tran-
scripts are shuffled, and three automated profiles
receive a fixed definition of necessary evidence use
and visible interruption. Appendix A provides ad-
ditional split, controller, accounting, and statistical
details.

5 Results

5.1 Matched and full-accounting comparison

Table 3 gives the matched controller compari-
son and the LoCoMo system-boundary view. Re-
serveGate improves success over Conf-Router by
+2.6, +3.8, and +2.9 points on LoCoMo-Episodic,
StableToolBench-PO, and SWE-bench-Verified-
420, respectively. Paired tests give p = 0.008,
0.003, and 0.011 after Holm correction. Against
BudgetRate—a 144-configuration combination of
entropy, reserve, phase boundary, consumption-
responsive frequency, and verification gating—the
gains are +3.1, +4.2, and +3.1 points. For the pri-
mary Conf-Router comparison, paired 95% confi-
dence intervals are [1.1, 4.1], [1.7, 5.9], and [0.9,
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4.8] points; each excludes zero because controller
outcomes are paired within the same source groups.

Under full accounting, ReserveGate uses 5.5%
fewer end-to-end tokens than Conf-Router while
increasing success. Its default p99 is 5.9% lower,
and ReserveGate-SLA further reduces p99 to 5.8
seconds and incidents to 1.4%. The constrained
variant exchanges 0.7-0.8 success points for lower
tail risk, making the quality—reliability operating
choice explicit. Across ToolBench-PO and SWE-V,
end-to-end tokens fall by 6.4% and 6.6%, p99 falls
by 9.2% and 7.8%, and incident rates fall by 2.5
and 1.8 points relative to Conf-Router. Grouped
tail bootstraps place the absolute p99 reductions at
[-0.7, -0.1], [-1.1, -0.3], and [-0.7, -0.1] seconds.
Incident reductions are 44.9%, 44.6%, and 42.9%
in relative terms, with absolute-reduction intervals
of [1.4,3.0], [1.6, 3.4], and [0.9, 2.7] points.

The full-accounting view preserves the matched
success ordering across all three environments (Ap-
pendix Table 7). Matched and full-accounting ta-
bles share success values because they score the
same paired executions: the accounting boundary
changes which tokens and latency are measured,
while the evidence-action caps and realized task
outcomes remain fixed. ReserveGate-SLA trades
0.7-0.8 success points for a further 0.6-0.9 seconds
at p99 and reaches 1.2—-1.7% incident rates.

Scarcity frontier. The advantage attenuates as
the cap relaxes (Table 4), identifying resource
scarcity as the operating condition in which
scheduling changes outcomes. At medium bud-
get, BudgetRate, Conf-Router, and ReserveGate
obtain 63.8/64.2/65.1 on LoCoMo, 48.2/48.8/50.0
on ToolBench-PO, and 26.2/26.5/27.4 on SWE-V.
The resulting 0.9—1.2-point margin complements
the 2.6-3.8-point tight-cap gain and isolates evi-
dence timing as the changing factor under a fixed
task policy.

5.2 Compounding-horizon gains

The estimated margin increases with episode length
(Table 5). On the longest quartile, ReserveG-
ate gains 4.6 points on LoCoMo, 6.2 points on
ToolBench-PO, and 5.2 points on SWE-V over
Conf-Router. Grouped 95% confidence inter-
vals are [2.8, 6.4], [3.5, 8.7], and [2.4, 7.9];
paired wins/ties/losses across Q4 episode-seeds are
764/1,610/626, 247/568/185, and 112/328/85. This
pattern supports the proposed mechanism: when
more decisions share one cap, early spending errors

have more opportunities to compound.

5.3 Mechanism tests and stronger alternatives

BudgetRate trails ReserveGate by 3.1-4.2 points;
replacing the sketch with a leave-one-environment-
out (LOEO) generic encoder costs 2.0-3.0 points,
and fixed pricing/reserve costs 1.0-1.3 points (Ap-
pendix Table 16). Thus structured uncertainty de-
termines what to acquire, while consumption adap-
tation determines when it remains affordable. Hold-
ing all learned components fixed, adaptation sup-
plies most of the schedule gain, reserve release
adds 0.2-0.3 points, and a learned schedule dif-
fers by at most 0.1 points (Appendix Table 17).
A budget-matched two-step model-predictive con-
troller (MPC-2) changes success by +0.3, +0.4, and
-0.2 points relative to ReserveGate, while requiring
3.82-5.06 ms per decision. The one-step rule there-
fore remains on the practical quality—controller-
cost frontier (Appendix I).

Cross-stack and intervention checks. On tight-
budget LoCoMo, Llama/Qwen and BGE/ES pair-
ings preserve ReserveGate’s 2.6-3.0-point gain
over the strongest same-stack controller while re-
ducing tokens by 5.1-8.9%. For cloned m ver-
sus NOOP interventions, propensity expected cali-
bration error (ECE) is below 0.06, outcome area
under the receiver operating characteristic curve
(AUROQC) is at least 0.82, and RETRIEVE/VERIFY
direction agreement is 84.1-88.0%/75.6—-80.3%;
Appendix G reports ESS-stratified calibration and
Appendix J reports cross-stack intervals.

Portability. The four latent components transfer
unchanged; audited proposals reduce 12/18/9-map
construction by 66—68% with at most 0.4 success-
point change, while generic encoders trail by 1.6—
3.0 points (Appendix Table 11).

5.4 Tail control and support-aware fallback

On tight-budget LoCoMo, RETRIEVE consumes
58.4% of evidence-action tokens, while VERIFY
18 8.4% of decisions but 61.8% of tool time;
ReserveGate-SLA uses this asymmetry to cut
p99.9 from 9.6 to 7.4 seconds for 0.8 suc-
cess points. Across 120 randomized Q4 tran-
scripts, three blinded automated profiles prefer
ReserveGate/Conf-Router/tie in 77/28/15 cases,
while longest stalls fall from 4.1 to 2.9 seconds.
The failure audit shows that support fallback and
SLA control directly contain the two estimator
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Success (%)

LoCoMo full accounting

Method LoCoMo ToolBench-PO SWE-V E2Etok. (k) p99 (s) SLA inc. (%)
Always-Retrieve-32 54.7 36.8 16.4 28.6 8.8 9.1
Entropy Trigger 55.3 37.1 17.4 25.4 7.5 6.3
BudgetRate 58.1 40.9 19.9 24.8 6.9 4.7
MLP Controller 57.9 40.1 19.6 24.9 7.3 5.2
Conf-Router 58.6 41.3 20.1 25.3 6.8 49
Long Context’ 54.8 36.3 16.9 31.2 2.1 1.6
ReserveGate 61.2 45.1 23.0 23.9 6.4 2.7
ReserveGate-SLA 60.4 443 22.3 24.1 5.8 1.4

Table 3: Tight-budget comparison over five seeds and five rollouts per episode-seed. E2E denotes end-to-end, and
SWE-V denotes SWE-bench-Verified-420. fLong Context’s low tool-time tail reflects fewer external calls alongside

lower success.

Evidence cap LoCoMo ToolBench-PO SWE-V

8k/4s 57.2/53.4  39.1/34.6 19.9/16.2
12k/6s 61.2/58.6  45.1/41.3  23.0/20.1
16k/8s 65.1/64.2  50.0/48.8  27.4/26.5
24k/12s 68.8/68.1 55.2/54.4  31.5/30.8

Table 4: ReserveGate/Conf-Router success (%) across
paired evidence-action caps. The full six-controller fron-
tier is in Appendix Table 8.

Horizon quartile LoCoMo  ToolBench-PO  SWE-V
Q1 (shortest) +0.5 +1.2 +0.8
Q2 +1.8 +2.8 +2.0
Q3 +3.5 +5.0 +3.6
Q4 (longest) +4.6 +6.2 +5.2

Table 5: Success gain (percentage points) over Conf-
Router by equal-sized episode-length quartile.

boundaries; Appendices L and M report uncer-
tainty, raw counts, and both denominators.

6 Related Work

RAG supplies external evidence (Lewis et al., 2020;
Karpukhin et al., 2020), while adaptive retrieval
estimates evidence need for a current query, gen-
eration span, or model state (Asai et al., 2024;
Jiang et al., 2023; Jeong et al., 2024; Su et al,,
2024). X-Router jointly chooses retrieval and rea-
soning modes under a user-specified cost trade-
off (Wang et al., 2026). These methods optimize a
local pipeline choice; ReserveGate schedules recur-
rent evidence actions whose token and tool-time
consumption changes the feasible choices later
in the same episode. Its component-wise masks,
consumption-adaptive resource price, progress-
released reserve, and support-aware fallback jointly
implement this shared-cap control layer.
Long-horizon memory systems organize or learn
operations over growing histories (Chen et al.,
2023; Hu et al., 2025; Yan et al., 2026). Bud-
getMem routes among cost tiers inside a runtime
memory pipeline (Zhang et al., 2026), and strong
long-context retrieval baselines test whether capac-
ity can replace selective evidence access (Laiten-
berger et al., 2025). ReserveGate adds an episode-
global resource state and late-capacity mechanism
to these local access decisions. Within our evalu-
ation, BudgetRate, Conf-Router, MLP Controller,
learned scheduling, and MPC-2 isolate tuned rate
limiting, confidence routing, generic state, sched-
ule flexibility, and online lookahead, respectively.

7 Conclusion

ReserveGate makes episode-level resource state a
first-class input to retrieval and verification. Its au-
ditable one-step rule combines action value with
separate token/time masks, consumption-adaptive
pricing, and released reserve. Across three environ-
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ments, this design improves tight-budget success
by 2.6-3.8 points, reaches 4.6—6.2-point gains in
the longest quartile, and raises success while re-
ducing end-to-end tokens and tail incidents under
full accounting. A four-stack LoCoMo replication
extends the gain across generators and retrievers.
Evidence quality and timing are separate optimiza-
tion axes; episode-level scheduling matters most
where sequential spending errors compound.

Limitations

The fixed-continuation one-step estimand captures
longer-range credit through repeated improvement
and reserve control; doubly robust identification re-
lies on the observed state and action overlap, with
ESS fallback containing weak support. The cross-
stack replication covers tight-budget LoCoMo,
while the three-environment study uses the primary
stack. Calibrated tool-time quantiles and audited
observation mappings may shift under new inter-
faces, and the lower-support SUMMARIZE/WRITE ac-
tions are evaluated separately. Responsiveness and
failure analyses use fixed blinded automated pro-
files to quantify rubric-consistent interaction behav-
ior.

Ethical Considerations

The evaluation uses public research benchmarks
and derived agent environments; we collect no new
personal data and recruit no human participants.
Logged tool traces can contain private content if
the same controller is deployed on live systems, so
production use should apply redaction, access con-
trol, and retention limits. Budgeted retrieval and
verification improve the success—resource frontier
under the reported caps, but they do not certify fac-
tual correctness or authorize unsupervised action
on user data.
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A Implementation and Evaluation Details

This appendix describes the implementation and
evaluation protocol. It specifies the benchmark-
derived splits, grouping rules, controller configu-
ration, accounting procedure, and statistical tests.
Each run record contains the episode and step iden-
tifiers, pre-action state, chosen action, behavior
propensity, predicted action values, estimated and
realized costs, remaining budgets, tool outcome,
terminal score, environment seed, model and re-
triever revisions, and software revision.

Environment Train Dev Test Grouping key
LoCoMo-Episodic? 1,440 480 480 Source conversation
StableToolBench-PO 640 80 80  API family

SWE-bench-Verified-420* 280 70 70  Repository

Table 6: Episode splits used by the benchmark-derived
environments. TLoCoMo counts are per fold; {SWE-V
counts are fold averages. Their out-of-fold tests cover
all 2,400 and 420 episodes.

In the protocol, all methods are evaluated on the
same episode realization and environment seed,
with five paired stochastic rollouts per episode-
seed. StableToolBench-PO uses ten grouped folds
over 40 API families, with 32/4/4 families and
640/80/80 episodes in each train/development/test
split. The retained SWE-V repository counts are
160/70/42/32/32/22/22/19/10/8/2/1; pairing large
and small repositories yields six test folds of
161/72/50/42/51/44 instances. Paired confidence
intervals and permutation tests resample source
conversations, API families, or repositories, not
derived decisions or episodes. All episodes, seeds,
and rollouts from one grouping unit remain in the
same resampling cluster. The primary hypothesis
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test uses a paired permutation test on source-group-
clustered episode outcomes; the three environment-
level tests are Holm-corrected. Tail metrics are
computed from measured episode-level tool time,
and provider or local tokenizer logs supply token
accounting.

Controller configuration. The action-value net-
work has three layers with 512 hidden units, GELU
activations, and dropout 0.1. Training uses AdamW,
learning rate 2 X 10~%, batch size 2,048, five source-
group cross-fitting folds, and five ensemble mem-
bers. The default cost weight, maximum reserve,
overspending coefficient, importance-weight clip,
and ESS threshold are selected on development
data from prespecified grids and then frozen. The
categorical sketch tables use add-one smoothing,
and the symmetric Beta(2, 2) reliability prior sup-
plies one virtual success and one virtual failure
before any observed tool outcome. Both choices
are weak regularizers fixed before development se-
lection.

Cost and horizon estimators. Pre-action token
costs are exact counts from the frozen generator
tokenizer, including inserted retrieval text and ver-
ifier prompts. Tool time uses a gradient-boosted
conditional quantile model at ¢ = 0.95 with action
type, retrieval depth, interface, recent latency, retry
state, and observable tool history as features. Mod-
els fit source-group training folds; split-conformal
residuals from development groups calibrate the up-
per quantile, after which all parameters are frozen.
Timeouts contribute their realized timeout duration,
and retries contribute every attempt, preserving the
empirical tail. The horizon predictor uses task-
schema features and the first two observable steps
to estimate an upper conditional quantile of remain-
ing decisions. An underestimated horizon releases
reserve earlier while the consumption penalty and
hard masks remain active; an overestimate pre-
serves more reserve; missing predictions invoke
the frozen uncertainty-trigger fallback.

Compute environment. Generator inference
uses 8 NVIDIA H100 80GB GPUs and vLLM
0.6.3; retriever inference uses the same hosts with
FAISS 1.8.0. Controller training, nuisance fitting,
forced interventions, and all paired evaluations con-
sume approximately 1,184 GPU-hours.

Licenses and data provenance. The three
benchmark-derived environments are built entirely

from public research sources: LoCoMo (Maha-
rana et al., 2024), StableToolBench (Qin et al.,
2024; Guo et al., 2024), and SWE-bench Veri-
fied (Jimenez et al., 2024). Each source is used un-
der the standard public research license and terms
of use released with the respective benchmark, and
solely for the non-commercial research evaluation
for which those benchmarks are intended. We col-
lect no new data and recruit no participants; the en-
vironments are derived transformations of these ex-
isting artifacts, with the model and retriever stacks
identified in Section 4.2. The derived split sizes,
grouping keys, and filtering rules are documented
in Table 6 and Section 4.1.

B One-Step Utility Guarantee

Fix a reached state s, the estimated feasible set
F (s), resource price A, and normalized cost C. Let
U(s,m) = A™(s,m)—AC(s,m) and U(s,m) =
A(s,m) — AC(s,m). Assume (i) the continuation
policy . is fixed across candidate interventions,
(i1) all candidates are evaluated on the same state
and cost scale, and (iii) | A(s, m) — A™ (s, m)| < e
for every m € F(s). If in € argmax,, U(s,m)
and m* € arg max,, U(s, m) on F(s), then

U(s,m*) —U(s,m) < e+ e=2¢,

because the intervening estimated-utility difference
is non-positive by optimality of 1, and each end-
point estimation error is at most €. For tool time,
split-conformal calibration of the conditional ¢-
quantile gives marginal coverage g on exchange-
able calibration/test groups; therefore an action
admitted by the time mask has per-decision over-
run probability at most 1 — ¢ on that distribution.
The guarantee concerns utility regret within the es-
timated feasible set, while the reported incidents
measure residual cost-model failures directly.

C Full Accounting Results

Table 7 expands the accounting columns that are
compressed in the main paper. End-to-end tokens
include the system prompt, episode history, task-
action generation, retrieval and reranking text, and
verifier text. Tool latency is measured wall-clock
and includes retries and timeouts. On tight-budget
LoCoMo, RETRIEVE represents 32.7% of decisions
and 58.4% of evidence-action tokens, whereas
VERIFY represents 8.4% of decisions and 61.8%
of tool time.
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Environment ~ Method Success (%) E2Etok. (k) p99(s) SLA inc. (%)

BudgetRate 58.1 24.8 6.9 4.7
LoCoMo Conf-Router 58.6 253 6.8 49
ReserveGate 61.2 239 6.4 2.7
ReserveGate-SLA 60.4 24.1 58 1.4
BudgetRate 40.9 20.0 7.8 5.1
Conf-Router 413 204 7.6 5.6
ToolBench-PO . erveGate 45.1 191 69 3.1
ReserveGate-SLA 443 19.3 6.0 1.7
BudgetRate 19.9 17.8 53 4.0
Conf-Router 20.1 18.2 5.1 4.2
SWE-V ReserveGate 23.0 17.0 4.7 2.4
ReserveGate-SLA 223 17.2 4.0 1.2

Table 7: Per-environment tight-budget results under full
accounting; E2E denotes end-to-end.

At the medium budget, ReserveGate preserves
the ordering with a smaller margin, identifying
resource scarcity as the condition that amplifies the
value of selective scheduling (Table 9).

The complete sweep comprises 60,000, 20,000,
and 10,500 rollout outcomes per method and cap,
clustered into 10 conversations, 40 API families,
and 12 repositories for inference. Table 8 reports
all six controllers’ success; Table 10 exposes the
request-level resource and tail behavior of the pro-
posed controller at every cap.
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LoCoMo cap BudgetRate Conf-R. MLP Long Ctx. ReserveGate ReserveGate-SLA

8k/4s 52.9 534 525 50.8 57.2 56.3
12k/6s 58.1 58.6 579 54.8 61.2 60.4
16k/8s 63.8 64.2 634 59.9 65.1 64.4
24k/12s 67.5 68.1 67.2 65.8 68.8 68.3
ToolBench cap BudgetRate Conf-R. MLP Long Ctx. ReserveGate ReserveGate-SLA
8k/4s 34.0 34.6 33.8 30.7 39.1 38.0
12k/6s 40.9 41.3 40.1 36.3 45.1 44.3
16k/8s 48.2 48.8 47.7 43.9 50.0 49.2
24k/12s 53.7 544 534 50.6 55.2 54.6
SWE-V cap  BudgetRate Conf-R. MLP Long Ctx. ReserveGate ReserveGate-SLA
8k/4s 15.9 16.2 15.7 13.8 19.9 19.1
12k/6s 19.9 20.1 19.6 16.9 23.0 223
16k/8s 26.2 26.5 259 23.1 274 26.7
24Kk/12s 30.4 30.8 30.0 28.3 31.5 30.9

Table 8: Full-system success across paired evidence-action token/tool-time caps (percent). ReserveGate has its
largest margin at the tightest cap and remains competitive as resources loosen; Long Context gains capacity without
matching targeted scheduling.

Method LoCoMo ToolBench-PO SWE-V
BudgetRate 63.8 48.2 26.2
Conf-Router 64.2 48.8 26.5
ReserveGate 65.1 50.0 27.4

Table 9: Success (%) under the medium budget.
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Environment  Cap Success E2E tok. p95 p99 SLAinc.  Actions Ctrl.

(tok./s) (%) & () (s (%) /100 steps ms/decision
8k/4 572 218 33 57 2.9 34.6 0.21
LoCoM 12k/6 61.2 239 38 64 2.7 32.1 0.21
0L-OMo 16k/8 65.1 276 45 172 24 30.8 0.21
24k/12 68.8 349 56 89 2.1 29.4 0.21
8k/4 39.1 174 39 62 35 39.8 0.27
12k/6 45.1 19.1 44 69 3.1 37.2 0.27
ToolBench-PO (1 500 228 51 8.0 2.7 35.0 027
24k/12 552 287 64 104 2.3 33.1 0.27
8k/4 19.9 152 2.6 40 2.7 25.8 0.29
SWE.V 12k/6 23.0 170 3.0 47 24 24.0 0.29
16k/8 27.4 19.7 35 56 2.1 22.7 0.29
24K/12 315 246 43 7.1 1.8 21.5 0.29

Table 10: ReserveGate’s system-level outcomes as evidence-action caps vary. Incidents use the cap-specific SLA;
action frequency counts non-NOOP evidence actions. Each cap aggregates five seeds and five paired rollouts over
2,400 LoCoMo, 800 ToolBench-PO, or 420 SWE-V out-of-fold test episodes.
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D BudgetRate Baseline

BudgetRate is tuned with the same develop-
ment budget as ReserveGate. Its grid cov-
ers entropy thresholds {0.45,0.55,0.65,0.75},
early spending caps {0.5,0.6,0.7}, phase bound-
aries {0.5,0.67,0.75}, and retrieval intervals
{1,2,4,8}. At step ¢, the interval is multiplied
by 1 + max(0, ¢; — u;), where ¢, is the consumed
budget fraction and u; is normalized progress. The
selected policy caps spending before the final third
and invokes verification after a tool failure when the
latency reserve permits it. This baseline therefore
combines a tuned uncertainty trigger, consumption-
responsive rate limiter, and late-stage reserve.

E Portability and Mapping Construction

The latent sketch structure is shared across envi-
ronments, while each interface maps observable
signals into the same four likelihood updates. In
the cold-start protocol, mapping proposals receive
tool schemas, log-field definitions, and a fixed
development-trace quota, but no test outcomes. An
audit pass merges redundant accepted proposals,
validates update direction on development traces,
and freezes the map before test rollout.

The validated-proposal workflow reduces con-
struction time by 66-68% while keeping success
within 0.4 points. Proposal acceptance rates are
83%, 78%, and 86%; no mapping changes after
test evaluation begins.
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Environment  Mapping Proposed/accepted Dev traces Minutes Success A [95% CI] Fallback
(%) (points) (%)

Manual 12/12 240 96 61.2 0 3.9

LoCoMo Validated proposals 18/15 240 31 61.0 —-0.2[-0.7,0.3] 4.2
Generic in-domain - 240 - 59.5 —1.7[-2.5,-0.9] 53

Generic LOEO - 240 - 59.0 —2.2[-3.3,-1.1] 7.8

Manual 18/18 160 118 45.1 0 52

Validated proposals 23/18 160 39 447 —-0.41-1.1,02] 5.7

ToolBench-PO " 5 ic in-domain - 160 ~ 428 —2.3[-35,-1.1] 6.6
Generic LOEO - 160 - 42.1 —3.0[-4.5,-1.5] 9.6

Manual 9/9 126 74 23.0 0 6.0

SWE-V Validated proposals 14/12 126 25 227 —0.3[-0.9,0.3] 6.4
Generic in-domain - 126 - 214 —1.6 [-2.7,-0.5] 7.4

Generic LOEO - 126 - 21.0 —2.0[-3.3,-0.7] 10.4

Table 11: Cold-start portability matrix. Intervals resample conversations, API families, or repositories. Pro-
posed/accepted counts precede audit merging into the final 12/18/9 maps.

Interface Observable sig-Component Update/freeze
nal point
LoCoMo unsupported en-missing evi-raise mass;
tity after retrieval dence freeze after dev
audit
ToolBench-timeout orreliability Beta failure;
PO schema rejection freeze  after

API-family dev
shift type mass;
freeze  after
repository dev

SWE-V  unresolved fail-constraint

ing target test

Table 12: Executable mapping examples for the shared
sketch.

F Optional Actions and Forced
Interventions

The main controller focuses on retrieval and verifi-
cation. We separately test SUMMARIZE and WRITE at
states where both the action and NOOP are feasible.
For each intervention, we clone the simulator or de-
terministic environment snapshot, execute the two
arms, and roll both forward with shared exogenous
randomness.

Action LoCoMo ToolBench-PO SWE-V
feasible n / sign correctness (%)
RETRIEVE 4,820/ 88.0 2,140/85.7 1,008/ 84.1
VERIFY 2,340/ 80.3 1,286/77.9 612/75.6
SUMMARIZE 2,120/71.8 880/68.9 402/66.7
WRITE 1,640/ 67.4 624 /64.8 318/63.2

Table 13: Action-level validation with cloned coun-
terfactual rollouts. Each cell reports feasible n / sign
correctness.

The smaller optional-action sample sizes ex-
plain their wider confidence intervals. Removing
SUMMARIZE changes success by —0.7, —0.5, and

—0.4 points; removing WRITE changes it by —0.3,
—0.2, and —0.5 points. The primary gain is carried
by RETRIEVE and VERIFY, while SUMMARIZE and
WRITE provide smaller complementary improve-
ments.

G Support-Stratified Proxy Validation

The aggregate action-level diagnostics are:

We pool the prespecified forced interventions
across environments after computing effects within
source groups, then stratify by action-level ESS
at the reached state. Calibration slope and inter-
cept regress realized paired intervention effects on
predicted advantages; fallback is the fraction for
which the deployed controller invokes its conser-
vative trigger. Across environments, grouped 95%
intervals for RETRIEVE sign agreement span [81.2,
90.6]% and its MAE spans [0.78, 1.69] points; the
corresponding VERIFY ranges are [71.0, 84.1]%
and [1.27, 2.53].

The support trend supplies a direct mechanism
check: the learned ranking is most accurate where
logged overlap is strongest, and the controller chan-
nels degrading support into conservative fallback.
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RETRIEVE intervention

VERIFY intervention

Logged-data diagnostics

Environment n Sign (%) MAE (pp) n Sign (%) MAE (pp) ECE AUROC Fallback (%)
LoCoMo 4,820 88.0 0.96 2,340 80.3 1.56 0.041 0.861 3.9
ToolBench-PO 2,140 85.7 1.21 1,286 77.9 1.88 0.055 0.833 52
SWE-V 1,008 84.1 1.44 612 75.6 2.14 0.058 0.821 6.0

Table 14: Forced-action agreement and logged-data support. Sign is agreement with realized intervention direction;
mean absolute error (MAE) measures intervention-effect error in percentage points.

Action  ESS n  Sign [95% CI

RETRIEVE < 50 612 66.8 [62.9,70.5
RETRIEVE 50-149 2,516 82.7 [80.9,84.4
RETRIEVE > 150 4,840 89.2[88.1,90.2

VERIFY <50 384 62.7[57.8,67.3
VERIFY  50-149 1,442 74.8 [72.0,77.5
VERIFY > 150 2,412 82.1[80.5,83.6

MAE [95% CI] Slope/int. Fallback
2.4312.18,2.71] 0.68/0.021 92.6
1.37[1.25,1.49] 0.89/0.009 8.4
0.94 [0.88,1.00] 0.97/0.003 1.2
2.88[2.50,3.29] 0.59/0.028 95.1
2.091.91,2.28] 0.81/0.014 11.7
1.52[1.41,1.64] 0.92/0.006 23

Action Quartile

Sign [95% CI]

RETRIEVE QI
RETRIEVE Q4
VERIFY QI
VERIFY Q4

81.5[79.4,83.4]
90.3 [88.7,91.8]
71.9 [68.9,74.7]
82.8 [80.3,85.0]

Table 15: Support- and horizon-stratified forced-action calibration. Direction agreement strengthens with support
and horizon, while weak-support states activate fallback instead of unchecked extrapolation. Sign and fallback are

percentages; MAE is in percentage points.

H Adaptive Schedule and Sensitivity

The component ablations under the tight cap are:

We compare fixed and adaptive schedules using
the same action-value model.

The deterministic adaptive rule matches the
learned schedule while preserving a directly in-
spectable decision mechanism. Its grouped differ-
ence from the deterministic rule is [-0.4, 0.3], [-0.5,
0.4], and [-0.3, 0.5] points on LoCoMo, ToolBench-
PO, and SWE-V. Across A\g € {0.12,0.18,0.24}
and mmax € {0.20,0.30,0.40}, LoCoMo success
remains within 0.6 points of the best development
configuration, indicating a broad operating region
around the selected setting.

Variant LoCoMo ToolBench-PO SWE-V
Full ReserveGate 61.2 45.1 23.0
Fixed A and reserve 60.1 43.8 22.0
LOEO generic log encoder  59.0 42.1 21.0
No uncertainty sketch 58.5 41.6 20.8
No reserve 59.2 42.6 21.2
No VERIFY 59.0 42.0 21.1

Table 16: Component-ablation success (%) under the
tight budget.

Schedule LoCoMo ToolBench-PO SWE-V
Fixed ), fixed reserve 60.1 43.8 22.0
Phase-linear \; 60.7 445 22.5
Consumption-adaptive \; 61.0 44.8 22.8
Adaptive \; + released reserve 61.2 45.1 23.0
Learned schedule 61.1 45.0 23.1

Table 17: Success (%) for alternative budget schedules.

I Budget-Matched Two-Step Lookahead

MPC-2 uses the same state, action set, cost es-
timates, learned continuation model, feasibility
masks, development budget, and test episodes as
ReserveGate. For each feasible first action it ex-
pands one additional evidence decision, scores
the two-step branch with the learned continuation
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model, and then executes the first action. It receives
no additional retrieval candidates or test-time tun-
ing.

MPC-2’s paired success differences from Re-
serveGate are +0.3 points (95% CI [-0.4, 1.0]),
+0.4 ([-0.5, 1.3]), and -0.2 ([-1.1, 0.8]). Its 16.6—
18.2x controller-cost increase yields no resolved
success advantage, showing that the one-step rule
captures the practically attainable scheduling gain
under these caps.
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Environment  Controller Success (%) E2E tok. (k) p99 (s) Inc. (%) Ctrl. ms/decision

BudgetRate 58.1 24.8 6.9 4.7 0.07
Conf-Router 58.6 253 6.8 4.9 0.18
LoCoMo Learned schedule 61.1 24.0 6.5 2.8 0.46
ReserveGate 61.2 239 6.4 2.7 0.21
MPC-2 61.5 24.0 6.3 2.8 3.82
BudgetRate 40.9 20.0 7.8 5.1 0.08
Conf-Router 41.3 20.4 7.6 5.6 0.22
ToolBench-PO Learned schedule 45.0 19.2 7.0 3.2 0.55
ReserveGate 45.1 19.1 6.9 3.1 0.27
MPC-2 45.5 19.2 6.9 3.0 4.47
BudgetRate 19.9 17.8 5.3 4.0 0.09
Conf-Router 20.1 18.2 5.1 4.2 0.25
SWE-V Learned schedule 23.1 16.9 4.8 2.5 0.61
ReserveGate 23.0 17.0 4.7 2.4 0.29
MPC-2 22.8 17.1 4.8 2.5 5.06

Table 18: Tight-cap comparison with a budget-matched two-step model-predictive controller. All methods use
identical candidate actions and paired episodes.

J Task-Agnostic Transfer

The matched tight-budget LoCoMo cross-
stack replication refits nuisance, cost, and
action-value models while preserving episode
IDs, action interface, grids, and caps. Best-
baseline/ReserveGate success and ReserveG-
ate’s token change are 58.6/61.2/—5.5% for
Llama-BGE, 57.8/60.6/—5.1% for Llama—
E5, 56.4/59.4/—8.9% for Qwen-BGE, and
55.9/58.8/—8.2% for Qwen-ES5. The grouped
success-gain intervals are [1.1, 4.1], [1.2, 4.4], [0.9,
5.0], and [0.8, 5.1].

The task-agnostic encoder receives normalized
budgets, phase, tool outcomes, retrieval cover-
age, and model confidence but no named latent
variables or benchmark-specific likelihood maps.
When trained within each environment, it reaches
59.5%, 42.8%, and 21.4%:; in the harder leave-one-
environment-out setting, it reaches 59.0%, 42.1%,
and 21.0% on LoCoMo, ToolBench-PO, and SWE-
V. Full ReserveGate reaches 61.2%, 45.1%, and
23.0%. The gap quantifies the value of the task-
specific observation interface: generic logs recover
most of the structured sketch benefit, and audited
mappings supply the remaining 1.6-3.0 points.

K Operational Robustness Matrix

The robustness study targets operational stressors:
resource exhaustion, heavy-tailed latency, horizon
error, weak overlap, mapping error, and stack shift.
The matrix identifies the protected object, enforce-
ment boundary, strongest comparator, and empiri-
cal trace for each stressor.
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Protected Operational stres- Trust

assump- Enforced property Comparator

Adaptive/held-  Utility/overhead Observed bound- Evidence trace

object sor tion out setting ary
Episode tokens early high-k re- tokenizer and ac- exact pre-action to- BudgetRate  held-out source success frontier; residual  front- Tabs. 4, 10
trieval tion log ken mask groups, four 0.21-0.29 ms  loading
caps
Tool-time cap heavy verifier tail, calibrated  la- upper-quantile ReserveGate- cap-specific tail 0.7-0.8  point cost underestima- Tab. 7; Sec. M
retry, timeout tency log time mask SLA bootstrap SLA trade-off  tion
Late capacity  horizon underesti- causal progress adaptive price plus fixed sched- Q1-Q4 and 0.2-0.3 point re- early release un- Tabs. 17,5
mation features hard reserve ule schedule abla- lease gain der short horizon
tions
Action ranking weak logged over- propensity and ESS-triggered fall- Conf-Router forced actions fallback rises lower optional- Tabs. 15, 13
lap group split back by ESS bin before extrapola- action support
tion
Shared state observation-map schema/log development audit generic  en- cold-start quota, 66-68% lower residual mapping Tabs. 11, 12
error fields are observ- and freeze coder LOEO transfer ~construction error
able time
Scheduling ef- generator— same-stack par- refit nuisance and strongest four generator— 2.6-3.0  point stack-specific ab- Sec. 5.3
fect retriever shift ity value models same-stack  retriever pairs  gains solute success

controller

Table 19: Systems evidence matrix connecting each operational stressor to assumptions, enforcement, comparison,

overhead, failure boundary, and paper-internal evidence.

L. Responsiveness Exercise

We sample 12 Q4 out-of-fold episodes from each of
the 10 LoCoMo source conversations and use one
prespecified environment seed per episode, yield-
ing 120 distinct episode-seed transcript pairs com-
paring ReserveGate and Conf-Router. Three auto-
mated annotator profiles score which interaction
is more responsive while preserving necessary ev-
idence use. No human annotators were recruited
or involved; the profiles are automated LLM per-
sonas applying a fixed rubric, and a deterministic
tie-break resolves programmed disagreements. Re-
serveGate is preferred in 64.2% of comparisons,
Conf-Router in 23.3%, with 12.5% ties. These
are majority-aggregated episode outcomes: 77 Re-
serveGate wins, 28 Conf-Router wins, and 15 ties.
The mean longest tool stall falls from 4.1 to 2.9
seconds, and visible retrieval or verification inter-
ruptions fall from 3.8 to 2.5 per episode. Agree-
ment measured by Fleiss’ « is 0.61. Conversation-
clustered 95% intervals are [55.4, 72.5]% for Re-
serveGate preference, [16.2, 31.8]% for Conf-
Router preference, and [7.5, 19.4]% for ties. Paired
changes are -1.2 seconds (95% CI [-1.5,-0.9]) for
the longest stall and -1.3 interruptions per episode
([-1.6,-1.0]).

Episodes are stratified by paired task outcome
before sampling, and transcript order is randomized
independently for each profile. The rubric defines
responsiveness as minimizing avoidable waiting
and redundant evidence actions without omitting
evidence needed to complete the task; profiles may
select a tie. The profiles receive no method name,
cost summary, or terminal score.

Category Count All (%) Loss (%)
Verification overuse 783 5.4 37.4
Front-loading 537 3.7 25.6
Sketch error 363 2.5 17.3
Weak support 232 1.6 11.1
Cost-tail error 160 1.1 7.6
Other/ambiguous 139 1.0 6.6

Table 20: Failure taxonomy with raw counts and both
denominators. Categories co-occur: 118 cases receive
multiple primary labels, so percentages need not sum to
100.

M Failure Taxonomy

An automated two-profile audit labels 2,096 loss
cases among 14,500 pooled test episode-seeds
where ReserveGate loses to either Conf-Router
or BudgetRate and resolves programmed disagree-
ments; the two auditors are automated LLM pro-
files, and no human annotators were involved. Ta-
ble 20 reports both pooled and loss-conditional
denominators.

Observable signatures are repeated verification
checks, early high-k£ retrievals, incorrect observa-
tion mappings, conservative fallback, and underes-
timated tool tails. The error classes connect directly
to the controller safeguards: weak support activates
fallback, cost tails motivate ReserveGate-SLA, and
mapping error is measured by the cold-start audit.
Conf-Router is most competitive on short episodes
with well-calibrated local confidence, while the
generic MLP can prevail in sparse logged states
where ReserveGate invokes its conservative fall-
back.
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