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Abstract

Rare events carry most of the risk in large-scale enterprise systems, yet the evidence for them is
scattered across data modalities and drifts over time, so a classifier trained once for accuracy
learns to ignore the minority class. This paper treats the handling of imbalanced multi-modal
time-series data as an exercise in loop engineering: an agentic controller continually adjusts the
class weight, the resampling ratio, and the decision threshold of a fused classifier in response
to measured minority-class performance. We formalise the operating point and its proper
metrics, and prove two results a practitioner can use. First, the agentic threshold-control loop
is a contraction and therefore converges geometrically to a target minority recall. Second,
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1. Introduction

Rare events are the ones that matter most. In a workforce safety system the incident that must be caught is the one that
almost never happens; in fraud, in equipment failure, in clinical deterioration, the positive class is a small fraction of
the data yet carries almost all of the cost. Machine learning trained to maximise accuracy on such data learns the easy
lesson, which is to predict the majority and ignore the minority [22]. Modern systems make the problem harder in
two further ways. The evidence for a rare event is spread across several data modalities at once, structured records,
time-series signals, and dense embeddings, none of which is sufficient on its own [28]. And the pattern that defines the
rare event does not stay still; it drifts as behaviour, equipment, and process change over time [33].

The recent turn toward agentic artificial intelligence, in which a model observes, decides, and acts in a closed loop
rather than emitting a single prediction [37], suggests a different way to attack imbalance. Instead of fixing the training
pipeline once and hoping it holds, an agent can continually engineer the loop: adjust the class weights, the resampling
ratio, and above all the decision threshold in response to what the system is actually achieving on the minority class [1].
We call this discipline loop engineering, and this paper studies it for imbalanced multi-modal time-series classification.

The contribution is fourfold. First, we formalise the operating point of an imbalanced multi-modal classifier and
define the proper metrics for it, so that the objective is minority detection rather than overall accuracy [30]. Second, we
prove two results a practitioner can rely on: the agentic threshold-control loop is a contraction and therefore converges
geometrically to a target minority recall, and multi-modal fusion cannot reduce the achievable detection performance
relative to any single modality. Third, we propose an architecture, the Agentic Imbalance Loop Engine, that binds a
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multi-modal classifier to a three-timescale control loop: a fast threshold loop, a medium reweighting and resampling
loop, and a slow drift-tracking loop. Fourth, we implement everything from first principles and report reproducible
measurements: a convergence study, a modality ablation, an imbalance-severity sweep, and a concept drift stream. All
code and numbers are released so that every figure can be regenerated [9].

2. Background and Related Work

2.1. Learning from imbalanced data

The imbalance problem has a long literature. Resampling rebalances the training distribution, with synthetic minority
oversampling the best known example [21]. Cost-sensitive learning instead reweights errors so that a missed minority
case is penalised in proportion to its true cost [23]. Surveys map the open challenges and the many partial remedies
[24], and the difficulty carries over, sometimes worsened, into deep networks [26], as surveyed for deep learning
[25]. Loss reshaping such as the focal loss down-weights easy majority examples so that training focuses on the hard
minority [27]. In prior work the authors built classifiers specifically for imbalanced and streaming data [8] and for
multi-class imbalance at scale [7], and applied imbalance-aware detection to financial fraud [14].

2.2. Multi-modal learning

When evidence is distributed across modalities, fusion combines them into a single representation [28]. Deep multi-
modal methods have advanced quickly, with a range of early, late, and hybrid fusion strategies [29]. Multi-modal
evidence is common in the authors’ own application areas, from medical imaging with survival prediction [12] to early
disease classification [11] and disease detection [13] and industrial digital twins [4]. Generative augmentation can also
enrich scarce minority data [15].

2.3. Time series, drift, and proper evaluation

Temporal structure is itself informative, and classical models formalise it [35], while recurrent networks learn it from
data [36]. Because the generating process changes, a model that was accurate yesterday can fail today, the phenomenon
of concept drift [33]; adaptive windowing detects the change so the model can be refreshed [34]. Evaluation under
imbalance must avoid plain accuracy. Receiver operating characteristic analysis is standard [30], but under heavy
imbalance the precision-recall view is more informative [31], and it summarises heavy skew better [32]. Sensing
pipelines that feed such systems appear throughout the authors’ work on connected devices [17], access control [19],
and safety monitoring [18].

2.4. Agentic control and loop engineering

Agentic methods close the loop between reasoning and action [37], and a growing literature surveys autonomous
agents that monitor and correct their own behaviour [38]. The control we use is proportional feedback, whose
convergence rests on the contraction mapping principle [40], and whose stochastic form is classical [39]. Feedback
and reinforcement have been central to the authors’ recent systems [2] and reinforcement-driven control [3], as has
attention to data sensitivity [5] and to privacy when signals are pooled [6].

3. Notation and Problem Formulation

Each instance carries three modality views, a tabular vector x' € R% , a time series x° € R? summarised by hand-built
features, and an embedding x® € R%, together with a binary label y € {0,1} where y = 1 is the rare minority class
of interest [10]. Fusion concatenates the standardised views into a single vector x = [x'; ¢ (x*); x°], where ¢ extracts
summary features (mean, dispersion, trend, energy, and lag-one autocorrelation) from the series. A classifier produces
a score s(x) € [0, 1], and a decision is taken by thresholding, y = W¥[s(x) > 7].

Let the minority fraction be 7 = Prly = 1] <« % Writing TP, FP, TN, FN for the confusion counts at threshold T,

recall and specificity are
TP TN

RO =m0 =K
TP +FN TN +FP
and precision is P(7) = TP/(TP + FP). Because accuracy is dominated by the majority when 7 is small, we evaluate
with the geometric mean and the balanced accuracy,

ey

Gm(71) = /R(7)S(7), BA(1) = 3 (R(1) +S(1)), 2)

together with the F; score and the area under the precision-recall curve [32]. The objective of loop engineering is to
choose the classifier weighting and the operating point 7 so that the minority class is detected reliably, and to keep
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doing so as 7 shrinks and as the data drift.

4. Mathematical Methods

4.1. The cost-sensitive operating point

If a missed minority case costs cpy and a false alarm costs cpp, the risk-minimising decision predicts the minority class
when its posterior probability exceeds
* CFP
P (3)
CFP + CEN
so a high cost of misses pushes the optimal threshold down [23]. In practice the costs are not known precisely and
the score is not a calibrated probability, which is exactly why the threshold is better found by feedback than fixed by

formula [7].

4.2. The threshold-control loop is a contraction

Fix a trained classifier and treat recall R(7) as a function of the threshold. On the operating interval R is continuous
and strictly decreasing, with a bounded slope 0 < m < —R/(7) < M. To reach a target minority recall p* the agent
applies proportional feedback,

Tip1 = T+ N (R(%) —p*). )

Proposition 1 (Threshold convergence). If0 < 1 < 2/M then the map (4) is a contraction, and the threshold converges
geometrically to the unique T* with R(7*) = p*,

e — | <LFlrg—7*|,  L=max{|l—nm|,|[1-nM|} <1. (5)

Proof. Let g(7) = 14+ N(R(7) — p*), so (4) is Tu+1 = g(t). Then ¢'(t) = 14+ nR' (1) = 1 —n|R'(7)|, and since
m < |R'(1)] <M we have 1 —nM < g'(t) < 1 —nm. For 0 <1 < 2/M both bounds lie strictly inside (—1,1), so
|¢’(7)| <L < 1 forall 7 on the interval. By the mean value theorem g is Lipschitz with constant L, hence a contraction,
and the Banach fixed point theorem [40] gives a unique fixed point 7" with geometric convergence at rate L. At the
fixed point g(t*) = 1* forces R(t*) = p*. O

Proposition 1 is the reason the operating point can be engineered online: the agent does not need the cost ratio of
(3), only the sign and rough scale of the recall gap [39].

4.3. Fusion cannot hurt the achievable performance

Let r*(.#') denote the Bayes-optimal risk attainable using the set of modalities .#, for any fixed loss.

Proposition 2 (Fusion dominance). For any modality subset of C B, r*(#) < r*(&). In particular fusing all
modalities attains a risk no larger than that of any single modality.

Proof. Any decision rule that uses only the features in <7 is a special case of a rule on % that ignores the extra
coordinates 4 \ «7. Hence the feasible set of rules on Z contains that on 2, and minimising the same risk over a
larger set cannot increase its optimum, giving r*(%) < r*(«). O

The proposition concerns the achievable optimum; with finite noisy data an extra modality can still add estimation
variance, so fusion helps in practice only when each modality carries complementary signal [28]. Our experiments are
designed so that it does, and the measured gain confirms it [12].

4.4. Three timescales and drift

The full loop engine adjusts three quantities at three speeds. The threshold T moves fastest, once per evaluation,
under (4). The class weight w and resampling ratio » move on a medium timescale, retraining the classifier when the
operating point alone cannot reach the target. Slowest of all, a drift monitor watches the incoming stream and triggers
a full refresh when the minority pattern has moved [33]. This is the same separation of timescales that stabilises nested
feedback systems: the fast loop settles before the slow loop moves, so the composite tracks a moving target without
oscillation [39]. The drift experiment below shows that freezing the slow loop, while keeping the fast one, is not
enough once the pattern migrates [3].
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S. Proposed Method: Agentic Imbalance Loop Engine

Figure 1 shows the Agentic Imbalance Loop Engine, or AILE. On the forward path the three modality views are
standardised, fused, and scored by a class-weighted classifier, and a decision is taken at the current operating point. On
the control path a validation monitor computes the imbalanced-data metrics of (2), and an agentic controller turns those
measurements into three adjustments: the decision threshold 7 on the fast timescale, the class weight w and resampling
ratio r on the medium timescale, and a full retrain when the drift monitor on the time-series stream reports that the
pattern has moved [15].

f Agentic Imbalance Loop Engine (AILE)

Tabular
features
Time-series \ Multi-modal
features fusion

Operating
point T

Weighted
classifier

Minority
alert

medium fast
T
W, r
Drift Agentic controller metrics Validation monitor
monitor weight w, resample r, threshold © recall, precision, G-mean

\. J

Figure 1. The Agentic Imbalance Loop Engine. The forward path fuses three modality views and scores them with a class-weighted
classifier; the control path measures imbalanced-data metrics and adjusts the threshold on a fast timescale, the class weight and
resampling ratio on a medium timescale, and triggers a full retrain when the drift monitor reports that the minority pattern has
moved.

Algorithm 2 states the engine as pseudocode. The nesting makes the timescale separation explicit: the fast threshold
loop of Proposition 1 runs to convergence inside each medium reweighting step, and the whole thing repeats whenever
the slow drift monitor fires [18].

Algorithm 1: Agentic Imbalance Loop Engine (AILE)
Input: modality views; target recall p*; step n; drift alarm 6.
1. fuse standardised views x = [x'; ¢ (x*);x°]

2. repeat (slow: on drift alarm)

3. setclass weight w <— !, resample ratio r; train classifier

4. repeat (medium: reweight / resample)

5. 7405

6. repeat (fast: threshold control)

7. T+ 7+ 1 (R(t) — p*) on validation (Prop. 1)
8. until [A7| small

9. if G-mean below target then raise w, adjust r

10.  until G-mean stable

11.  monitor stream; if drift score > & then restart at line 2
12. until stream ends

Output: calibrated operating point and minority-class alerts.

Figure 2. The AILE control loop. Lines 6 to § are the fast threshold loop, lines 4 to 10 the medium reweighting loop, and line 11
the slow drift-tracking loop.

6. Experimental Analysis

We implement the classifier, the metrics, and the loop from scratch in Python with a fixed seed, so every number
is reproducible. The data carry a rare minority class whose signal is split across a six-dimensional tabular view, a
twenty-four step time series summarised by seven features, and a five-dimensional embedding. The classifier is logistic
regression trained by gradient descent with class weights; no external learning library is used [20].
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6.1. The threshold loop converges

With all modalities fused and an inverse-frequency class weight, the agentic loop adjusts the threshold by (4) toward a
target minority recall of 0.80. Figure 3 shows the threshold climbing from its default of 0.5 and settling at T* = 0.65,
with recall and Fj stabilising within about ten iterations, exactly the geometric convergence of Proposition 1. Relative
to the default operating point the engineered one lifts precision from 0.19 to 0.30 and F; from 0.31 to 0.44 while
holding recall near the target, and the classifier ranks well overall with a precision-recall area of 0.60 and an ROC area
of 0.96 (Table 1) [8].

Agentic threshold-control loop converges

0.75 1.0

0.70 A
e 0.65 Y B
% =e== Decision threshold T 0.6 LT\"
< 0.60 - —s— Recall =
o F1 o
;[j -0.4 2

0.55 A

0.50 - / 0.2

0.4:5 T T T T T T 0.0

0 5 10 15 20 25

Loop iteration

Figure 3. The agentic threshold-control loop. The decision threshold converges geometrically to T = 0.65 and the recall settles at
the target operating point, matching Proposition 1.

Table 1. Operating point before and after loop engineering (all modalities, three percent minority).

Operating point Recall  Precision F G-mean

Default (1 =0.5) 0.884 0.191 0314 0.890
Loop-engineered (t* = 0.65)  0.837 0.295 0.436 0.889

6.2. Fusion beats any single modality

Table 2 and Figure 4 compare each modality alone against the fused model, each run through the same loop. No single
view is adequate: the best single-modality precision-recall area is 0.30, whereas fusion reaches 0.68, and fusion also
leads on G-mean at 0.87 and on F;. This is the empirical face of Proposition 2, and it holds because the minority signal
was deliberately spread so that each modality contributes complementary evidence [29], as in industrial multi-modal
systems [4].

Table 2. Modality ablation, each configuration loop-engineered. Fusion dominates every single modality.

Modality F G-mean PR-AUC ROC-AUC
Tabular 0.148 0.808 0.267 0.878
Series 0.113 0.759 0.299 0.870
Embedding  0.086 0.670 0.151 0.789
Fusion 0.262 0.865 0.676 0.961
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Single modality vs multi-modal fusion

1.0
Il G-mean [ PR-AUC I Fl
0.87

Score

Tabular Series Embedding Fusion

Figure 4. Single modality versus multi-modal fusion. Fusion leads on every imbalanced-data metric, most sharply on the precision-
recall area.

6.3. Sustained detection under worsening imbalance

Figure 5 sweeps the minority fraction from twenty percent down to one percent and compares a naive baseline, trained
with unit weights and decided at 0.5, against the loop-engineered engine. The baseline degrades steeply as the class
rarefies: its G-mean falls from 0.83 to 0.22 and its minority recall collapses from 0.72 to 0.05, the familiar failure
of accuracy-driven training on rare classes [26]. The engine holds a G-mean of 0.77 and a recall of 0.62 even at
one percent, because reweighting and threshold control together keep the operating point on the minority class [25],
consistent with scalable imbalance methods [7]. The cost is lower precision at extreme imbalance, the expected trade
for high recall, which the operating point can be moved to reflect once the true cost ratio of (3) is known.
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Sustained detection under worsening imbalance
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Figure 5. Detection under worsening imbalance. As the minority fraction shrinks the baseline collapses while the loop-engineered
engine sustains its G-mean and minority recall.

6.4. Tracking concept drift over time

Finally we stream ten batches in which the minority signal migrates across dimensions and the time-series phase shifts,
emulating concept drift. Figure 6 compares a static model, frozen after the first batch, against the adaptive engine
that re-engineers weights and threshold each batch. The static model decays as the pattern moves away from what
it learned, its G-mean sliding from 0.89 to 0.24; the adaptive engine tracks the drift and holds a G-mean between
0.74 and 0.85, averaging 0.81 against the static model’s 0.60. Loop engineering, in other words, is not a one-time
calibration but a standing capability [19].
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Loop re-engineering tracks concept drift
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Figure 6. Concept drift over a stream. The frozen model decays as the minority pattern migrates; the adaptive loop re-engineers its
operating point each batch and holds performance.

7. Discussion

The four studies line up with the four claims. The convergence study realises Proposition 1; the ablation realises
Proposition 2; the severity sweep shows why an engineered operating point matters most exactly when the class is
rarest; and the drift stream shows why the loop must keep running. Read together they argue that for imbalanced
multi-modal time-series problems the scarce resource is not model capacity but a well-engineered feedback loop that
keeps the decision on the minority class as conditions change [13].

The limitations should be stated plainly. The classifier is deliberately simple, a weighted linear model, so that
the loop rather than the model is under study; a stronger base learner would raise every number but not change the
qualitative findings [27]. Proposition 2 concerns the achievable optimum and can be defeated in finite samples by the
variance a weak modality adds, so fusion should be gated on measured complementarity [11]. The data are synthetic,
chosen so that the mechanisms are visible and reproducible rather than to mimic any one deployment, and pooling real
multi-institution signals would raise the privacy obligations the authors have studied elsewhere [6], and the sensitivity
concerns noted above [5]. Finally the drift monitor here is a simple trigger; richer change detection would let the slow
loop react sooner [34].

Future work points in three directions: replacing the linear base with a multi-modal deep network while keeping
the same control law [29], letting the agent learn the step size and target recall online through a reinforcement signal
[3], and carrying the engine onto event-driven and neuromorphic substrates for low-latency streaming [16].

8. Conclusion and Future Work

We treated the handling of imbalanced multi-modal time-series data as an exercise in loop engineering, in which an
agentic controller continually adjusts the class weight, the resampling ratio, and the decision threshold of a fused
classifier. We formalised the operating point and its proper metrics, proved that the agentic threshold loop is a
contraction that converges geometrically to a target minority recall, and proved that multi-modal fusion cannot lower
the achievable detection performance relative to any single modality. We proposed the Agentic Imbalance Loop Engine,
a three-timescale architecture with a fast threshold loop, a medium reweighting loop, and a slow drift-tracking loop,
and validated it with fully reproducible experiments: the threshold loop converged as predicted, fusion beat every
single modality with a precision-recall area of 0.68 against at most 0.30, the engine sustained a G-mean of 0.77 at one
percent minority where the baseline fell to 0.22, and it held a G-mean of 0.81 under drift where a frozen model fell to
0.60. The lesson is that on rare-event problems the feedback loop is the product, and engineering it well is what keeps
the minority class in view as the data shift [2].
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