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Abstract

Streaming prediction under distribution shift requires decisions about inference cost and model refresh. We examine
ABACUS, a confidence-gated cascade with drift-triggered refitting and feedback on average proxy cost, and outline
a separate conditional design for admission under per-item deadlines. The supplied study reports ten seeded
simulations of 10,000 items each on rotating-hyperplane and Streaming Ensemble Algorithm (SEA) generators with
two scheduled abrupt changes, quality perturbations, and a 200-item label delay. At nominal budget B=3, reported
mean accuracies are 0.9148 and 0.9397 at assigned mean costs 2.99 and 2.94, compared with 0.6775 and 0.8987 at
costs 3.00 and 2.85 for a learned static cascade. Reported areas under accuracy-versus-nominal-budget curves are
0.853 and 0.916 versus 0.651 and 0.883. The ablations attribute the observed gain at this operating point to drift-
triggered refitting; budget feedback mainly tracks the target mean cost. These are author-reported simulation results:
the named experiment script, shared generator, seed-level results, and raw JavaScript Object Notation (JSON) file
were not furnished with the materials reviewed. The assigned cost units are not measured wall-clock latency. The
experiment did not exercise worst-case stage admission, preemption, pool-weight updates, projected-gradient
threshold control, or an input-channel detector. It therefore establishes neither a hard per-item deadline nor the
comparative cost of enforcing one. Independent reproduction and a matched, refitted single-model baseline are

required before a general performance claim.

Keywords: Distribution shift, Model cascade, Drift-triggered refitting, Average compute cost, Conditional deadline
admission, Synthetic stream.

1| Introduction

Streaming systems may need prompt predictions while the input-label relationship evolves. In such settings,
a fixed model can lose accuracy after a shift and a more expensive model need not remain more accurate. The
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relevant engineering questions are how frequently to refresh a model, how to route items among stages, what
resources each path consumes, and whether the deployed system has a genuine response deadline. The present
experiment addresses accuracy and an assigned average-cost proxy; a hard arrival-to-response deadline is a

proposed systems constraint that it does not test.

Continuous queries [1], distributed dataflow systems [2—4], and load shedding [5] provide ways to process
streams and manage latency. Their systems goals differ from this study's predictive accuracy under scheduled
synthetic drift. Tail latency remains a separate deployment measure [6]; the supplied experiment does not
instrument an end-to-end serving stack.

Cascades and early exits offer one route to conditional computation, from the Viola—Jones detector [7] to
neural designs [8], [9]. A confidence gate can avoid further work when an item is easy for an earlier stage, but
a distribution shift may change both calibration and which stage is useful. Here model refresh, rather than
routing alone, is the principal observed mechanism. The value of the cascade over a refitted single model
remains to be tested.

We study a specific combination of cascade routing, drift-triggered refitting, and feedback on average proxy
cost. A distinct conditional design admits paths against certified stage and system overhead bounds. The
experiment below implements only a subset of that design. Mean assigned cost, tail latency, and a hard
deadline are different endpoints.

The paper formulates incremental path cost and a conditional deadline-admission rule that includes queueing
and non-model overhead. It then describes a broader controller while identifying the narrower mechanisms
actually simulated. The synthetic campaign compares five policies and reports budget sweeps, ablations, and
paired tests. These tabulated results are retained as author-reported evidence; scripts and per-seed outputs

remain necessary for independent reproduction.

Section 2 reviews relevant systems, drift, and cascade research. Section 3 states the questions and the
conditional operating model. Section 4 distinguishes the broader architecture from the implementation
reported in Section 5. Sections 6 and 7 discuss limitations and next validation steps.

2| Related Work

2.1| Streaming Systems and Latency Management

The database community established the foundations of computing over unbounded inputs: continuous
queries over data streams [1] and the systems that realised them, from early monitoring engines to modern
distributed runtimes. MillWheel provided fault-tolerant, low-latency per-key streaming [2], and the dataflow
model gave a practical account of balancing correctness, latency, and cost with event time and watermarks
[3]. Flink demonstrated that one engine can serve both stream and batch workloads [4]. Under overload, load
shedding and approximation are the classical responses, with principled treatments of where to shed for
aggregation workloads [5] and of bounded-error, bounded-time query answering [10]. The tail-latency
literature adds a systems-design perspective: percentiles, not means, determine user-visible performance, and
taming them requires bounding every stage of the critical path [6]. Our framework consumes these lessons
directly, since hard deadlines must be enforced by construction, per stage, rather than hoped for on average.

2.2| Learning under Concept Drift and Dataset Shift

The learning side of the problem is studied under two overlapping banners. Concept-drift research treats
streams whose joint distribution of inputs and labels changes over time, with comprehensive surveys of
adaptation strategies [11] and of the learning algorithms themselves [12]. Dataset-shift research emphasises
the taxonomy of shift mechanisms and their consequences for prediction, generalising the classical covariate-
shift setting [13], [14] and transfer learning surveys the reuse of past models under distributional mismatch
[15]. Algorithmically, the stream-learning community contributed very fast decision trees [16] and their time-
changing variants [17], streaming ensembles [18], online bagging and boosting [19], dynamically weighted
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ensembles for drift tracking [20], and incremental algorithms that learn under non-stationarity without full
retraining [21]. Change detection itself is a distinct craft, with classical sequential inspection [22] and stream-
specific detectors such as Drift Detection Method (DDM) [23], Early Drift Detection Method (EDDM) [24],
and Adaptive Windowing (ADWIN) [25], and platforms such as Massive Online Analysis (MOA)
standardising evaluation [206].

Concept-drift studies often emphasize predictive performance and resource use under changing streams [11],
[12], while anytime algorithms explicitly trade quality against available computation [27], [28]. These strands
motivate joint measurement of predictive quality, adaptation effort, and latency. They do not by themselves
validate a hard deadline for the controller studied here; that would require an implemented serving path and
an arrival-to-response timing certificate.

2.3 | Cascades, Early Exit, and Budget-Aware Inference

Viola and Jones [7], BranchyNet [8], and multi-scale dense networks [9] show different forms of cascade or
early-exit inference; Clipper [29] concerns serving. Expert-weighting [30], [31], bandit feedback [32], and
online optimization [33] provide candidate update tools, each under its own assumptions. The proposed
architecture combines several ideas, but the supplied experiment implements only the limited refit and
feedback mechanisms specified in Section 5. It supplies no test of a general pool-weight update or a hard
deadline.

2.4 | Synthesis and Positioning

Existing streaming systems, drift-aware learners, and cascades each address parts of the problem [1-13].
ABACUS is a proposed composition of path selection, model refresh, and resource accounting. The present
synthetic experiment isolates the observed value of refitting under drift and mean proxy-cost control. The
broader promise of hard deadline compliance remains a design proposition with explicit prerequisites, rather
than an empirical result of this campaign.

3| Problem Formulation and Research Questions

3.1| Research Questions and Hypotheses

Three questions separate what the supplied study measures from what it leaves open. RQ1 concerns average
proxy-cost and accuracy in the tested cascades; RQ2 asks which signals drive adaptation; RQ3 concerns the
response to larger nominal budgets and the untested hard-deadline variant. The hypotheses below are study

expectations; no dated preregistration record was provided.

RQ1 asks how drift-triggered refitting in a cascade compares with a learned static cascade at a similar nominal
mean-cost target on the specified streams. RQ2 asks what delayed-label accuracy and exit-entropy signals
contribute to alarms, model refits, and prediction quality, and what a label-only comparison would add. RQ3
asks how this configured controller responds to larger nominal cost targets and what a future deadline-
enforcing implementation might sacrifice compared with mean-latency control.

H1 expects the refitting cascade to improve accuracy on these synthetic streams at a comparable mean proxy
cost to a learned static cascade; a refitted single-model arm would be needed to isolate routing. H2 expects
exit entropy to add useful alarms beyond delayed labels, but there is no label-only detector arm. H3 asks
whether worst-case admission trades accuracy for a hard deadline, but that comparison is not implemented.

The questions and hypotheses define the intended comparisons. Because neither a preregistration record nor
the named experiment artifacts were available in the reviewed materials, the numerical results below are

described as author-reported. The system model also distinguishes abstract cost units from elapsed time.
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3.2| System Model and Notation

Items arrive as X4, X, ... with arrival-to-response deadline D. A cascade has L levels m; through m;. Let 8c; be
the incremental cost of traversing level 1, so that total cost for an exit at z is C(z) = X<, 8¢). This definition is
necessary to reconcile the experiment's endpoint costs 1, 3, and 10 with a cascade that can stop after each
level: the corresponding incremental costs would be 1, 2, and 7 if work is shared exactly as assumed. The
implementation and feature-reuse account have not been supplied. Let T; bound a level's elapsed service time,
and let q,,,, and T,,., bound upstream waiting and routing/output overhead. Admission can enforce D only
if these quantities are genuinely bounded and a feasible initial/fallback path exists. Confidence gates 8;(t),
optional pool weights, and delayed labels control later choices. Table 1 defines the core notation.

Table 1. Principal notation for the ABACUS framework.

Symbol Meaning Unit

X Ttem atindex t -

D Conditional arrival-to-response deadline ms

L Number of cascade stages -

m, Model at stage 1 -

o¢ Incremental cost of level 1; total C(Z) = Y1.<, 6C, cost units
T Certified upper bound on service time at level I, if available ms

0, (t) Exit threshold at stage | and time t -

7, Exit stage selected for item t -
ALp Label delay ms
P et Set of change-point detectors -
A Cost weight in the objective -
A(t) Running accuracy estimate -
C(t) Running cost per item -

3.3 | Formal Problem Statement

The objective prices accuracy and incremental computation on a stream. With z, the exit level, 8¢ the
incremental cost, and A a cost weight, an illustrative epoch objective is

maximize E[1{correct:} — A ¥, 8¢]- 1)

admissible (6,w/

Eg. (1) describes a quality-versus-cost target, not a proven online optimum. A hard arrival-to-response
promise additionally requires a certified bound on queueing, dispatch, stage execution, and output for every
admitted path. In particular,

Omax T Tover T Dlepath(z) TI < D for every admitted exit path z. 2)

The bound in Eg. (2) is conditional: Statistical tail percentiles are not worst-case certificates; shared-system
queues may be unbounded; and an item that cannot complete even the first level needs a specified, bounded
fallback. The simulation in Section 5 uses none of these timing bounds and constrains mean assigned cost
instead. Updating thresholds must preserve an actually feasible path set if this conditional deadline design is
ever deployed.
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4| Proposed Methodology

4.1| Architecture Overview

The broader ABACUS design has an item loop, a window-level adaptation loop, and a slower model-
maintenance loop. The item loop would route an item through admitted stages and log its exit. Adaptation
would update thresholds and optional pool weights from arrived labels and proxy statistics, while maintenance
could retrain models. The experiment in Section 5 implements a narrower version: confidence gates, an
entropy-plus-delayed-accuracy alarm, recent-window refits, threshold retuning, and proportional feedback on
average assigned cost. It does not implement the certified item path, general detector battery, or pool-weight
and projected-gradient updates.

Placing updates outside the immediate inference loop can reduce response-path work, but their compute,
synchronization, and contention must still be measured. In the reported simulation, roughly ten refits per
10,000-item run are counted as events; their Central Processing Unit (CPU) time and effect on an actual

serving deadline are not included in the assigned per-decision cost.
4.2| Hard-Deadline Cascade Control

A deadline-aware implementation would reserve bounded time for queueing, routing, output, and a fallback
before admitting a model stage. It would run level 1 only if the remaining certified budget covers 1; and any
required return path. If even the initial level cannot finish in time, the service must reject, abstain, or return a
predetermined fallback within a stated bound. Conditional feasibility requires isolation or another defensible
queue bound, measured and conservatively certified execution times, and bounded preemption or non-
preemptive stages. Thresholds alone cannot enforce a hard deadline, and a measured high percentile is not a

deterministic upper bound. None of these mechanisms was executed in the reported experiment.

If a stage can be safely interrupted, an anytime implementation may return the deepest completed prediction
[27]. If it cannot, admission must reserve its full certified time before starting it. Certification and re-
certification require a declared platform, load envelope, measurement and analysis method, as well as a
documented fallback when a bound fails. The numerical results below do not include per-item arrival-to-

response latencies or violations.
4.3 | Drift Detection and Signal Design

The broader design could monitor delayed-label error, confidence and exit-rate distributions, and input
features, using detectors such as Page-style sequential tests [22] or ADWIN [25]. The reported experiment is
narrower: an exponentially weighted mean of exit entropy and the accuracy of arrived 200-item label blocks
are compared with prefix-calibrated limits, and an alarm initiates a refit. No input-feature detector, Page-
Hinkley test, ADWIN, or label-only detector comparison is reported. False alarms require an explicit event
definition and matching tolerance, especially on a continuously rotating hyperplane.

Changes in confidence, error, or exit share can prompt investigation but do not uniquely identify covariate,
concept, or recurring shift. For example, miscalibration or a noisy-label burst can change accuracy without a
new concept. A diagnostic controller would compare feature and conditional-label evidence and test its
classifications against known generator states. The supplied two-stream study does not perform that
diagnosis; it uses a common refit action after an alarm.

4.4| Online Adaptation Rule

In the broader design, thresholds and optional pool weights could be updated separately. A proposed
threshold step would use a defined surrogate loss and project onto an actually feasible path set. The source
gives no estimator, smooth surrogate, step-size schedule, or proof for that step, and it was not implemented

in the reported campaign. A candidate exponential-weights update for a K-model pool is
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wic(t—1exp(—nPy¢) A3)

wi(t) = ¥ wi(t—Dexp(—n?;)

Here :”k,t denotes an estimated recent loss and 1 an update rate. Standard full-information multiplicative-
weights analysis [30], [31] assumes suitable bounded observed losses; delayed, selectively observed labels and
confidence surrogates do not inherit that guarantee automatically. The sampling or importance-weighting
scheme, loss range, and proof would have to be stated before claiming regret bounds. No pool-weight update,
threshold gradient, or controller-cost charge was measured in Section 5; the tested controller uses refits and
proportional mean-cost feedback instead.

4.5| The ABACUS Controller

Algorithm 1 is a design sketch for the broader deadline-aware system. The numerical campaign exercises a
subset described separately in Section 5; the algorithm is not pseudocode for the reported simulation. The
sketch assumes valid bounds for queueing, overhead, stages, and a feasible bounded fallback.

Algorithm 1. ABACUS bounded-latency cascade control.

Input: Cascade my, ..., my, with costs ¢} and worst-case times T}, deadline D, cost weight A, window W, detectors Py,
1: Calibrate confidences; set thresholds 8 « 04 and pool weights W « uniform; certify the admissible set given D
2: For each item X do

3:  Remaining bound b < D — ¢, — Tover; use bounded fallback if b cannot admit level 1

4: Forl=1,..,L, admit] only if b > 1 and a completed prediction can be returned in time

5: (predl, confl) «m(x); beb—1

6: If conf} = 6 then exit with pred,

7:  If no confidence exit, return the deepest completed prediction or bounded fallback

8: Every window W do

9:  Update accuracy A, cost C, exit-rate and confidence statistics

10:  In a fully implemented version, run specified detectors on arrived labels and proxy/input channels
11:  Investigate shift type; do not infer it uniquely from confidence or error alone

12:  If full-information or valid estimated losses exist, update optional pool weights by Eg. (3)

13:  If a surrogate and feasible projection are defined, update thresholds

14: Monitor timing bounds; suspend the deadline claim and switch to fallback if certification fails

15:  Rate-limit all changes; log configuration and detector states

16:  If the accuracy target is unreachable within the cost ceiling then flag maintenance

17: Maintenance loop: retrain or replace pool models on recent windows

Output: predictions or declared fallback within D only under certified queue, stage, and overhead bounds.

4.6 | Complexity, Assumptions, and Failure Conditions

The proposed item-loop bookkeeping is O(L) in the number of traversed levels, in addition to model
execution. Detector updates depend on their window sizes and feature dimensions; retraining can dominate
the adaptation workload. Neither worst-case runtime nor maintenance compute was measured in the supplied
experiment. Consequently, an O(L + K) bookkeeping expression cannot establish a deployed timing guarantee
or that adaptation is free under the reported proxy cost.

A deployed version would require calibrated or monitored confidence estimates, certified stage and system
timing bounds, representative arrived labels for the error channel, and a stated loss-observation model before
any online regret result. Gross miscalibration may misroute items; tail events may escape measurement; and
proxy confidence may conceal a real loss of accuracy.

Several failure modes can be monitored, but not every undetected shift or rare tail event is observable before
its consequences. A deployed controller must define how it abstains or downgrades when timing certification
or calibration fails; the simulation does not test these responses.
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Slow drift may remain below detector limits until error accumulates. Simultaneous resource pressure and
predictive shift would compete for the same budget, and a refitted model may invalidate confidence
calibration and thresholds. A deployment would need explicit downgrade, abstention, and coordinated model-
and-threshold update behavior; none of these failure responses is demonstrated in the simulation.

5| Experimental Results and Analysis

5.1| Setup: Streams, Cascade, Policies, and Executed Scale

The source reports a campaign dated 2026-10-11 using two synthetic stream generators: a ten-feature rotating
hyperplane with continuous change and abrupt jumps at t = 2,500 and 7,500, and a three-feature Streaming
Ensemble Algorithm (SEA) variant whose concept threshold changes at the same indices [17], [18]. Each
stream has 10,000 items per seed for ten seeds (110-119). A shared overlay adds six 100-300-item Missing
Completely At Random (MCAR) missingness bursts at 10-30% entry missingness, five label-flip bursts at 5—
15%, and 2% exact duplicates; the bursts are said to begin at least 400 items from scheduled abrupt changes.
Missing values are filled from first-1,000-item feature means, SEA features are scaled by 0.1, and accuracy is
scored against pre-noise labels. These generator specifications are author-reported because stream_gen.py
and the seed-level traces were not furnished. The exact SEA threshold order, class balance, drift schedule,

burst indices, and imputation/training separation require the generator and manifest.

The source reports three candidate exit levels with assigned total feature-acquisition-plus-inference proxy
costs: L0 is logistic regression on the first 20% of features (cost 1), L1 logistic regression on all features (cost
3), and L2 a 100-tree random forest [34] (cost 10). If these are cumulative exit costs for one shared cascade,
the incremental path costs in Eg. (7) are 1, 2, and 7; whether feature extraction and inference are actually
shared must be checked against exp_15.py. The levels are initially fitted on the first 1,000 pre-shift items, with
labels assumed available after a warm start. The comparators are always-L0, always-L2, a fixed 0.8 confidence-
threshold cascade, and a learned static cascade whose thresholds are grid-searched on the prefix for each
mean-cost target B. The simulated ABACUS variant adds an alarm from exit-entropy EWMA (decay 0.9) and
arrived 200-item delayed-label block accuracy, with prefix-calibrated limits (three and 2.5 nominal standard
deviations, respectively). Upon alarm it reportedly refits all levels on the most recent 500 arrived labelled

instances, retunes thresholds in that same window, and enforces a 500-item cooldown. Proportional feedback

rescales both thresholds by clip ( ’m, 0.5,2.0). These choices could ovetfit a short, reused window; an

independent post-refit evaluation and a refitted L1-only comparator would help isolate the cascade's value.
Every mechanism is stated to consume only labels that have arrived after a one-block (200-item) delay; the

timing needs code-level verification.

Nominal targets B € {1,1.5,2,3,4,5,6,8,10} are swept for the learned static and adaptive cascades; the fixed
policies have a single realized-cost point. The main operating target is B = 3. Reported measures include
accuracy against pre-noise ground truth, mean assigned exit cost, a trapezoidal area under accuracy versus
nominal B over B =1...10 (AULC), post-change recovery by rolling accuracy, exit shares, and alarm/refit
counts. AULC uses nominal targets rather than realized costs: integrating the rounded adaptive accuracies in
the budget table gives approximately 0.8530 and 0.9163, as stated. The source says Python/scikit-learn [35]
experiments ran on two CPU cores in 383 seconds, but the scripts and run logs were absent from the reviewed
materials. The study does not measure wall-clock per-item latency or retraining cost, enforce a worst-case
deadline, compare a refitted single .1 model, or implement the broader controller in Section 4. Thus H3 is
untested, and H2 lacks a label-only comparator.

5.2| Main Comparison (RQ1)

Table 2 reproduces the author-reported operating-point means and standard deviations over ten seeds, and
Fig. 7 shows the associated accuracy-versus-realized-mean-cost plot. On the rotating hyperplane, ABACUS is
reported at 0.915 + 0.010 accuracy and cost 2.99 versus 0.678 + 0.056 at cost 3.00 for the learned static
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cascade, 0.663 £ 0.063 at cost 4.94 for the fixed-threshold cascade, 0.668 & 0.061 at cost 10 for always-L.2,
and 0.512 + 0.042 at cost 1 for always-L0. For SEA the corresponding reported values are 0.940 & 0.007 at
cost 2.94, 0.899 £ 0.004 at 2.85, 0.894 + 0.005 at 5.58, 0.888 + 0.004 at 10, and 0.747 + 0.006 at 1. At the
nominal target B =3, ABACUS has a large reported accuracy advantage over the learned static cascade at
similar mean assigned cost; it does not Pareto-dominate always-L0, whose cost is lower, or strictly dominate
the SEA learned static cascade in both axes, whose realized cost is 2.85. The source reports hyperplane exit
shares of about 98% at L1 and 0.4% at 1.2, and SEA shares of 28%, 65%, and 7% at 1.0/L.1/L.2. Those shares
are broadly compatible with mean endpoint costs near 3, but seed-level traces and precise accounting are
needed to check them. The static forest was never refitted, so the contrast with ABACUS also compares
model-refresh policies.

Table 2. Author-reported comparison at nominal mean-cost target B = 3.

Policy (Operating Budget B=3) Hyperplane: Accuracy Hyperplane: Cost SEA: Accuracy SEA: Cost

Always-LO (LR, 20% features) 0.512£0.042 1.00%0.00 0.747£0.006 1.00%0.00
Always-L2 (RF, 100 trees) 0.668%0.061 10.00%0.00 0.888£0.004 10.00%0.00
Static threshold cascade (t = 0.8)  0.663%£0.063 4.94%0.39 0.894£0.005 5.58%0.29
Learned static cascade (grid search) 0.678%+0.056 3.00£0.03 0.899£0.004 2.85%0.08
ABACUS (adaptive + drift 0.915%0.010 2.99£0.01 0.940£0.007 2.94%0.02
recalibration)

mean t standard deviation over ten seeds; accuracy against pre-noise ground truth; assigned feature-and-inference proxy cost. Fixed policies
have no budget parameter.

Rotating hyperplane SEA
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Mean cost per decision Mean cost per decision

Fig. 1. Author-reported accuracy against realized mean assigned cost (ten-seed means and
standard deviations): Rotating hyperplane (left) and SEA (right).

The green line connects ABACUS runs at increasing nominal targets B, and the dotted line marks B = 3; it is
the response of this configured policy, not an optimal accuracy-cost frontier. The adaptive operating point
improves accuracy at approximately the learned static cascade's cost and at a lower cost than the fixed 0.8
cascade or always-L.2; always-L0 has a lower cost.

Fig. 2 shows author-reported 200-item rolling accuracy near the first scheduled change. For the rotating
hyperplane, the source gives ABACUS mean recovery of 1,310 items (pet-seed range 1,100-1,800), while its
plotted static policies do not regain the stated pre-change threshold within the remaining horizon. On SEA
the reported mean is 2,330 (range 700—6,100), while learned static and always-L2 reportedly cross the recovery
threshold later, around 6,770 and 6,970 items. The recovery definition is three sustained windows above pre-
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change accuracy minus 0.02, but exact alignment of overlapping windows and censoring must be checked in

the raw traces. Fjg. 2 is a mean curve and cannot by itself verify per-seed recovery times.

Rotating hyperplane SEA
5 1.0 0.975 -
2 /-—’*:- ,/\"
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|
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nC:i 0.5 - —I a1wa\fs-L2 l : : 0.825 A | I | l
2000 3000 4000 5000 6000 2000 3000 4000 5000 6000
Instance index (around first drift) Instance index (around first drift)

Fig. 2. Author-reported rolling accuracy (window 200, step 100; means over ten seeds) around the
first scheduled abrupt change at t = 2, 500: Rotating hyperplane (left) and SEA (right).

The plot illustrates recovery of the refitted policy. The static policies shown do not recover in the hyperplane
horizon; some static SEA policies reportedly cross the recovery threshold later in the full 10,000-item stream.

5.3 | Ablations of Model Refresh and Budget Feedback

Table 3 reports the author-reported B = 3 ablations. Removing alarm-triggered model refits while keeping
mean-cost feedback reduces hyperplane accuracy from about 0.915 to 0.677 and SEA accuracy from 0.940 to
0.900, close to the learned static cascade. Removing feedback but retaining refits leaves accuracy neatly
unchanged (about 0.915 and 0.939) while SEA mean assigned cost shifts from 2.94 to 2.87. At this operating
point and among these ablations, refitting accounts for the reported accuracy gain; this does not show that
cascade routing is intrinsically beneficial, since a matched refitted single-model arm is missing. The source
reports 9.5 hyperplane and 9.9 SEA alarms/refits per 10,000-item run, while only two abrupt change points
were scheduled. Additional alarms cannot simply be labelled false positives without an alarm-to-event window
and a decision about the continuously rotating hyperplane and injected quality bursts. Refitting cost and
contention are absent from the mean assigned-cost column; they are material to any deployment claim.

Table 3. Author-reported B = 3 ablations (mean * standard deviation over ten seeds where given).

Variant (B = 3) Hyperplane: Hyperplane: Hyperplane: SEA: Acc  SEA: SEA:
Acc Cost Alarms Cost Alarms
ABACUS (full) 0.915£0.010  2.99 9.5 0.940£0.007 2.94 9.9
ABACUS, no drift recalibration 0.677+0.056  3.00 0.0 0.900£0.004 2.94 0.0
ABACUS, no budget controller 0.915+0.010  2.99 9.5 0.939£0.007 2.87 9.8

Alarm counts are per 10,000-item run; each alarm is said to trigger a model refit whose resource cost is not
included in the assigned per-decision proxy.

5.4| Observed Budget Response

Table 4 shows the reported response of this controller to increasing nominal mean-cost targets. Trapezoidal
integration across nominal B values from 1 to 10 yields approximately 0.8530 (hyperplane) and 0.9163 (SEA)
from the rounded adaptive table entries; the source gives 0.651 £ 0.053 and 0.883 £ 0.004 for the learned
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static policy, which cannot be recalculated from its absent sweep table. The adaptive policy's observed
accuracy peaks at B = 3 (0.9148 and 0.9397) and then decreases as the controller routes more items toward a
less effective forest. This is a non-monotone response of the specified heuristic, not a non-monotone optimal
accuracy-budget frontier: a policy allowed B = 10 can always choose the B = 3 configuration when the
constraint is an upper bound. At B = 1, adaptive refits still occur, so comparison with never-refit always-L0
mixes routing and refresh. No per-item deadline is imposed, and the proposed hard-versus-soft latency
question H3 remains unanswered.

Table 4. Author-reported ABACUS response by nominal mean-cost target B: realized assigned mean

cost and accuracy over ten seeds.

Budget B Hyperplane: Realized Cost Hyperplane: Accuracy SEA: Realized Cost SEA: Accuracy

1.0 1.00 0.6082 1.00 0.7513
1.5 1.31 0.6580 1.48 0.8228
2.0 1.89 0.7461 1.94 0.8975
3.0 2.99 0.9148 2.94 0.9397
4.0 3.87 0.9031 391 0.9364
5.0 4.60 0.8872 491 0.9318
6.0 5.37 0.8771 5.90 0.9295
8.0 6.70 0.8728 7.86 0.9252
10.0 7.48 0.8699 9.67 0.9221

AULC integrates accuracy over nominal B\in \left[1,10\right], not over realized cost. Learned static AULC
is stated as 0.651 + 0.053 and 0.883 + 0.004; its budget-by-budget values and all seed-level data were not
furnished.

5.5 Statistical Analysis

The source reports paired Wilcoxon signed-rank statistics [36] for seed-matched differences and Holm [37]
adjustment across nine contrasts (Table 5). Conditional on all ten nonzero differences favoring ABACUS

without ties, the two-sided exact minimum p is ZZTO = 0.001953; for twenty it is 2270 =1.907 X 1076, The W =

0 rows are arithmetically compatible with that pattern, and the adaptive AULC means can be checked from
the rounded budget table. However, for ten nonzero untied pairs, W = 6 has two-sided exact p = 0.02734
and W =1 has p = 0.003906, whereas the last two rows report 0.161 and 0.0108. Zeros, tied magnitudes, a
smaller effective n, or an approximate calculation could explain a different procedure; the table should not
call all p values exact until raw differences and software options are provided. Holm decisions for those rows
are provisional. Actual paired ranks, static AULC, and recovery distributions cannot be audited without seed-
level output. The twenty-block pooled result combines two generator types and is exploratory; per-generator
estimates are more interpretable. Demsar [38] concerns multiple datasets, not independent validation of
inference from ten seeds on one generated stream.
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Table 5. Author-reported paired Wilcoxon statistics (W, reported p, and Holm-adjusted p across nine
contrasts; ten seeds per generator and twenty blocks in the exploratory pooled contrast).

Contrast (Paired Wilcoxon Signed-Rank) W p Holm p Outcome

AULC, pooled (n = 20 blocks) 0.0 191x107® 1.72x 1075 ABACUS better (0.8846 vs 0.7672)
AULC, hyperplane (n = 10) 0.0 195x107% 1.56x 1072 ABACUS better (0.8530 vs 0.6513)
AULC, SEA (n = 10) 0.0 195x107% 1.56x 1072 ABACUS better (0.9163 vs 0.8831)
Accuracy at B = 3, hyperplane (n = 10) 0.0 195%x1073 1.56x 1072 ABACUS better (0.9148 vs 0.6775)
Accuracy at B = 3, SEA (n = 10) 0.0 195x107% 1.56x 1072 ABACUS better (0.9397 vs 0.8987)
ABACUS vs no-drift ablation, hypetrplane 0.0 195x107% 1.56x 1072 ABACUS better (10/10)
ABACUS vs no-drift ablation, SEA 0.0 195%x1073 1.56x 1072 ABACUS better (10/10)
ABACUS vs no-budget ablation, hyperplane 6.0 1.61x 107! 1.61 X 107! not significant (Holm)

ABACUS vs no-budget ablation, SEA 1.0 1.08x 1072 216 x 1072 ABACUS better (8/10)

W, reported p, and Holm-adjusted p across nine contrasts; ten seeds per generator and twenty blocks in the exploratory pooled contrast.

The W = 0 p values are consistent with a no-tie exact calculation; the W = 6 and W = 1 rows require seed-
level differences, effective sample size, zero/tie handling, and software options before the test method or

adjusted values can be verified.
5.6 | Findings and Scope

The supplied results support a narrower reading than a hard-latency performance claim. At B = 3 on both
specified synthetic streams, the author-reported adaptive policy substantially exceeds the learned static
cascade at approximately the same assigned mean cost; the no-refit ablation identifies recent-window model
refresh as the principal mechanism in this comparison. Feedback mainly tracks the mean proxy target.
Increasing the target above B = 3 hurts this particular policy because it apparently escalates to a less useful
forest, but the feasible optimum under a larger upper bound cannot get worse by retaining the earlier
configuration. The approximate ten-per-run alarm count flags material maintenance work, not a measured

false-alarm rate or low operational overhead.

The result depends on the specified 200-item label delay, a 500-label refit window, and abrupt synthetic
changes. Label delay, prevalence, gradual or recurring shift, and adversarial confidence shaping were not
varied. The designated pre-noise truth is available in a synthetic generator but may be unobservable in
deployment. An independent evaluation should include a refitted standalone L1 logistic model, a matched
refresh schedule without drift detection, a label-only detector arm, and an alarm/event matching rule. The
source's confidence-entropy and delayed-accuracy detector was the only detector exetcised; input-channel
signals, general pool updates, stage certification, and preemption were not. Assigned inference costs exclude
refit time and serving contention, so neither total compute savings nor end-to-end latency savings can be
inferred from the present table.

Evidence status: The manuscript contains a coherent set of author-reported synthetic results, figures, and
summary statistics. The named exp_15.py, stream_gen.py, exp_15_results. JavaScript Object Notation
(JSON), and seed-level traces were not present in the reviewed source or accessible project folder.
Publication-ready reproduction and stronger claims are contingent on supplying these exact artifacts and

regenerating all tables, plots, tests, and cost accounts.

6 | Discussion: Limitations and Counterarguments

6.1| Limitations

The architectural deadline claim depends on actual, certified bounds for queueing, routing, execution, and
fallback on a declared serving platform. The reported study has no elapsed-time trace, so it cannot estimate
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tail latency or guarantee a deadline. Proxy confidence can be misleading under shift, and alarms from quality
perturbations can cause needless refits. The only evaluated streams are synthetic tabular tasks; large vision or
language models introduce batching, loading, and preemption issues not tested here. The three-loop

controllet's joint stability also remains unanalysed.

Assigned feature-and-inference costs are ordinal proxy units, not CPU milliseconds, FLOPs, joules, or prices.
The source's total path-cost notation was inconsistent with the endpoint values 1, 3, and 10; Eq. (7)-now uses
incremental costs, subject to code-level confirmation of shared work. Model-refresh cost was counted in
alarms but excluded from the cost objective, making cost-effectiveness claims conditional on a more complete

account.
6.2 | Alternative Viewpoints and Responses

A simple refitted model could explain much of the improvement. The supplied no-refit ablation shows that
refresh matters, but it does not distinguish a cascade from a periodically refitted L1 logistic model at the same
average cost. A matched refitted single-level baseline and an identical model-update schedule would separate
routing value from refresh value. Any such comparison must charge refitting and feature-acquisition effort

consistently.

Mean-cost control also differs from a per-item response bound. Tail latency and queueing matter to time-
sensitive services [6], but the present experiment contains no wall-clock latency observations and does not
compare worst-case admission against expected-latency scheduling. This is the still-open H3 question.
Similarly, its alarm counts cannot be called false-alarm rates without a defined event-matching rule across

abrupt changes, continuous rotation, and injected data-quality bursts.
7| Conclusion and Future Directions

We formulated a conditional deadline-aware cascade and examined an implemented subset that adapts to two
synthetic shifts under an assigned average-cost target. The author-reported ten-seed campaign gives accuracy
of about 0.915 and 0.940 at proxy mean cost near 3, compared with 0.678 and 0.899 for a learned static
cascade at similar targets. Reported ablations show that drift-triggered refits, rather than the mean-cost
feedback, account for most of this operating-point improvement. The table's non-monotone budget response
concerns the configured controller, not an optimal frontier. These findings are provisional pending the named
code and raw results. They do not verify a hard deadline, deployed latency, or an independent cascade benefit
over a matched refitted single model.

The immediate validation step is to supply exp_15.py, stream_gen.py, exp_15_results.JSON, seeded streams,
and figure generation scripts, with precise timing of label availability, refits, and cost accounting. The next
experiment should add the matched refitted L1 and label-only detector arms, price maintenance, and stress
label sparsity and gradual or recurring shifts. Only after implementing a serving stack with bounded queueing,
stage and overhead times, safe fallback, and a declared load envelope can the hard-deadline admission rule

and H3 be evaluated against a mean-latency alternative.
Data Availability

The source states that synthetic streams were generated by seeded code. No external dataset is named. The
listed generator, seed list, and raw result JSON were not furnished in the reviewed materials. Authors should
provide the stream-generation version, parameters, per-seed outputs, and timing of data-quality events to

support reproduction.
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Code Availability

The source names exp_15.py, stream_gen.py, exp_15_results.JSON, exp_15_f1.png, and exp_15_f2.pngas a
submission package. Only the manuscript with two embedded figures was available in the reviewed folder;
the scripts, raw JSON, and standalone image files should be supplied with the final submission.
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