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Abstract

Data streams in safety-critical environments increasingly combine irregular multivariate telemetry with sparse, high-
level textual context. These heterogeneous signals are temporally misaligned, partially observed, and generated
under nonstationary measurement policies, making rare-event forecasting a difficult learning problem despite the
apparent abundance of logged data. Modern deep sequence models can rank future adverse events well, yet ranking
alone is insufficient when downstream systems must trigger interventions under resource constraints and asymmetric
costs. This paper develops a computer-science—focused methodology for decision-calibrated multimodal forecasting
that treats reliability as a first-class design target rather than a post-hoc diagnostic. We formalize horizon-based
risk prediction under censoring and repeated sampling, define modality-aware representations that degrade gracefully
under missing channels, and derive training and calibration procedures that preserve discrimination while stabilizing
operating thresholds. We further connect calibration to decision-theoretic optimization, showing how miscalibration
interacts with class imbalance, prevalence drift, and selection bias induced by observation masks. The approach
integrates gated fusion, uncertainty-aware objectives, and selective prediction to reduce false-trigger rates without
sacrificing early-warning lead time. We outline evaluation protocols that separate improvements due to information
gain from those due to base-rate stratification and propose drift monitors that are compatible with delayed labels.
The resulting framework provides a principled path from multimodal encoders to actionable risk scores suitable for
streaming deployment, emphasizing reproducible abstractions, provable properties where possible, and auditability

under distribution shift.

1. Introduction

Rare-event forecasting in heterogeneous streams occu-
pies an uncomfortable middle ground between classical
signal processing and modern representation learning
[1]. On one hand, the data are structured enough to
admit formal dynamical descriptions, with measurable
trajectories and identifiable constraints on temporal
smoothness, sampling latency, and sensor noise. On
the other hand, the streams are produced by complex
socio-technical processes in which what is measured,
when it is measured, and how it is described in text
are all entangled with latent state and with operational
decisions. As a result, the learning system does not
observe a stationary stochastic process; it observes an
interaction between latent dynamics and an observa-
tion policy that changes with context, workload, and
perceived risk.

In many deployments, the model’s output is not
merely a score to be inspected after the fact. It is a
control signal that either triggers an automated action,
generates a ranked list for a human operator, or gates

downstream computational resources. In each of these
cases, the numerical meaning of the predicted proba-
bility matters because it determines thresholds, queue
sizes, and cost tradeoffs. Even when the ultimate de-
cision is ordinal, such as selecting the top-k cases for
review, stable probability estimates are valuable be-
cause they yield predictable alert volumes under drift
and enable principled policies for abstention, escala-
tion, and model monitoring. Consequently, a modeling
pipeline that focuses solely on discrimination metrics
risks producing a system that performs well in offline
comparisons yet behaves erratically when embedded in
a decision loop [2].

Multimodality exacerbates these issues. A high-
frequency numeric stream provides granular dynamics
but can be sparse in coverage due to irregular sam-
pling and missingness. A textual stream supplies com-
pressed semantics and human interpretations, but it
is temporally coarse, often delayed, and frequently ab-
sent. Naively concatenating both channels can yield
an overconfident model that relies on artifacts, such as
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Figure 1. End-to-end pipeline. Irregular multivariate telemetry and sparse text are encoded separately, fused with freshness-
aware gating, mapped to horizon risk, then post-processed for numerical reliability before entering a decision policy that

controls alert volume and intervention cost.

the presence of text rather than its content, or mea-
surement frequency rather than underlying state. A
reliable multimodal model must therefore learn a repre-
sentation in which each modality is used conditionally,
with explicit mechanisms that detect staleness, miss-
ingness, and weak alignment, and that limit negative
transfer when a modality is uninformative.

The central thesis of this paper is that decision-
calibrated forecasting can be framed as a constrained
optimization problem in which discrimination, calibra-
tion, and stability are jointly controlled by architec-
tural inductive biases and by post-hoc reliability cor-
rections. Instead of viewing calibration as a minor
adjustment after training, we treat it as a structural
requirement that shapes the choice of losses, sampling
strategies, and fusion operators. This yields a design
lens that is closer to systems engineering than to leader-
board optimization: the goal is not to maximize a sin-
gle metric, but to bound failure modes that are likely
to matter in real streaming deployments [3].

The paper proceeds by formalizing horizon-based
forecasting with repeated predictions under censoring,
making explicit the statistical dependence across time
and the confounding role of observation masks. It then
develops multimodal representation and alignment strate-
gies that explicitly incorporate modality freshness and
that allow the model to reduce to a unimodal pre-
dictor in the absence of text without distributional
shock. The subsequent sections connect calibration

to decision theory and provide mathematical charac-
terizations of temperature scaling, prior-shift correc-
tion, and selective prediction under uncertainty con-
straints. We then address evaluation under shift, in-
cluding stratified analyses that separate base-rate ef-
fects from genuine information gains, and propose mon-
itoring signals that are compatible with delayed out-
come labels. The paper closes with practical consid-
erations for streaming inference, including computa-
tional complexity, caching strategies for text embed-
dings, and reproducible logging that supports retro-
spective audit.

Throughout, the emphasis is deliberately technical
and domain-agnostic. Although the motivating exam-
ples resemble clinical prediction problems, the frame-
work applies equally to industrial telemetry with main-
tenance logs, cybersecurity with analyst notes, con-
tent moderation with moderator rationales, and au-
tonomous systems with diagnostic text. The unify-
ing structure is a multimodal stream with irregular
numeric measurements and sparse text that encodes
high-level latent state, coupled to rare adverse events
that must be forecasted within a finite horizon. In
such settings, reliability is not optional, and the cost
of miscalibration is not merely theoretical; it manifests
as unstable alert rates, brittle thresholds, and untrust-
worthy numerical outputs that undermine system inte-
gration [4].
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Figure 2. Repeated sampling with censoring. Horizon labels overlap heavily across adjacent times, and censoring truncates
valid windows. Training and evaluation benefit from episode-aware sampling/weighting and lead-time—conditioned analyses
that reveal whether signal appears early or only immediately before the event.

Table 1. Notation for horizon-based risk forecasting

Symbol Meaning Domain
Xit Look-back window of struc- RTxd
tured features
M; Observation mask aligned {0,1}7%¢
with Xz‘,t
Uit Text embedding available at RP U {@}
timet
8; Static covariates for episode i RY
T Event time (first occurrence)  {1,..., L;} U {oo}
ci Censoring time {1,...,L;}

2. FormalRisk Forecasting Under Censoring and Repeated dicator §; = I(t; < ¢).

Sampling
Consider an episode indexed by 7 observed over dis-
crete time steps t € {1,..., L;}, where each step rep-
resents a fixed bin width in the deployed system. Let
Xit € RT*4 denote a look-back window of structured
features, M;; € {0, l}TXd the corresponding observa-
tion mask, u;; € RP U {@} a text embedding available
at prediction time, and s; € RY static covariates. The
learning objective is to estimate the probability that
a target event occurs within a horizon H after time ¢,
with repeated predictions over time.

A convenient abstraction introduces an event time
T; measured in discrete steps, representing the first
time the event initiates, and a censoring time c; repre-
senting episode termination or loss of follow-up. The
observed terminal time is T; = min(t;, ¢;) with an in-

In horizon-based forecast-
ing, the label is defined at each prediction time t as
yi,t = 1(t; € (¢, t+ H]) with the convention that y;; = 0
if £t > T; or if the event has already occurred. This
creates an overlapping-label structure: adjacent pre-
diction times share much of the same future window,
implying strong dependence among labels within an
episode.

The dependence has practical consequences. Stan-
dard i.i.d. generalization arguments become loose be-
cause the effective sample size is closer to the number
of episodes than the number of time points. More-
over, the model can achieve deceptively good perfor-
mance by learning signatures of imminent events that
appear only near the end of the horizon, rather than
true early-warning patterns. This can be analyzed by
introducing a lead-time variable { = T; — ¢t and evalu-
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Figure 3. Modality-aware fusion. A freshness feature and a learned gate constrain cross-modal influence, enabling the
model to default smoothly to the structured-only pathway when text is absent or stale, while still exploiting informative

notes when available.

ating performance conditional on £. A model that is
useful for early warning should retain discriminative
power at larger { rather than collapsing to near-zero
signal until shortly before the event [5].

A risk predictor is a function fg that maps the ob-
served history to a probability,

it = fo (Xit, My, wig, 5;)

Tit = Pyse = 1| Xig, Myt i, 8i) (1)
The conditioning on M; ; is essential in irregular streams
because the mask is informative about the observation
policy. Even if one imputes missing values, the mask
carries signal about whether the value was observed,
which may correlate with latent state and with future
events. Treating the mask as exogenous can lead the
predictor to exploit measurement intensity as a proxy
for risk, yielding high discrimination in a particular en-
vironment but poor transportability when observation
policies change.

A more explicit probabilistic model clarifies this en-
tanglement. Let z;; be a latent state evolving accord-
ing to an unknown transition kernel, and let o;; be
an observation process that selects which components
of z 4 are measured. Then X;; is a noisy function of
(%, 04,t), while M;; reflects o0;; directly. Text genera-
tion can be viewed as a process d;; that produces doc-
uments from (z;,1M;,¢), where n;; encodes social and
operational context such as staffing, workflow, and re-
porting style. The target event time T; is a stopping
time defined on the latent process. Under this view, the
forecasting task is not simply estimating P(t; < t+ H);

it is estimating that probability under a particular ob-
servation and documentation policy. This matters be-
cause changes in policy induce distribution shift even
if the underlying latent dynamics are stable.

One way to connect horizon-based labels to a haz-
ard interpretation is to define a discrete-time hazard
hit = P(t; = t | T; > t,H;;) where H;; denotes the
observed history at time ¢. The horizon risk can then
be expressed via survival probabilities:

H

Pip=1- H (1- ﬁi,tﬂc)
k=1

hitrk = 90 (Hitrk) (2)
This decomposition suggests two modeling strategies.
A direct strategy predicts 7;; with a binary classifier
trained on horizon labels. A hazard strategy predicts
iLi,t at each time and converts hazards to horizon risks.
The hazard approach yields a more structured tempo-
ral model and can support variable horizons, but it
introduces additional dependence because hazards at
adjacent times are correlated [6]. In practice, a direct
horizon classifier can be simpler, while still permitting
lead-time evaluation by conditioning on £.

Repeated sampling also creates multiple negatives
that are nearly identical within an episode, which can
dominate gradients and distort calibration. If an episode
has no event, then all time points are negative, pro-
ducing a large number of correlated negative samples.
If an episode has an event, then early time points
are negative and later time points become positive as
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Figure 4. Reliability correction loop. Post-hoc monotone logit transformations (e.g., temperature plus optional prior ad-
justment) can repair probability scale without sacrificing discrimination, yielding thresholds that correspond to predictable

operating points under class imbalance and drift.

the horizon window overlaps the event, creating struc-
tured label noise if the forecast horizon does not match
the actionable intervention window. For these reasons,
evaluation and training should consider episode-aware
sampling schemes, such as subsampling time points or
weighting time points to reduce correlation-driven bias.

Censoring further complicates evaluation. If the
horizon extends beyond the censoring time, then the
label is undefined because the event might occur after
censoring. A conservative choice sets such labels to
missing and excludes them from training and evalua-
tion [7]. Another choice assumes no event after cen-
soring, which can bias risk downward in episodes that
terminate early. A principled approach is to exclude
time points ¢ for which ¢4+ H > ¢;, which ensures that
the label window is fully observed. This reduces sam-
ple count but avoids a systematic label bias that can
masquerade as calibration error.

The formalism above provides the scaffold for the
remainder of the paper. The core challenge is to build
fo in a way that is robust to the observation policy
encoded by M;;, that exploits text when it adds in-
formation but does not rely on its presence, and that
produces probabilities that are stable enough for deci-
sion integration. Achieving these properties requires
both architectural constraints and explicit reliability
procedures.

3. Multimodal Representation and Weak Temporal Align-
ment
A multimodal streaming predictor can be decomposed
into modality-specific encoders and a fusion operator.
The structured encoder processes irregular multivari-
ate sequences, while the text encoder processes unstruc-
tured language into a vector embedding. The fusion
operator combines them into a shared representation
used by a classifier head. The core technical difficulty
is that the modalities are not aligned: structured mea-
surements may arrive hourly or faster, while text may
arrive sporadically and refer to intervals rather than
instants [8]. Moreover, text may be unavailable for a
nontrivial fraction of episodes, making it an optional
modality whose absence must not cause distributional
discontinuities.

Let Es be a structured encoder and E; a text en-
coder. For prediction at time ¢, define

hijt = Es(Xit, M)

9it = Er(uq )

zijt = P(hit, git, 81)

P = o(w' 24+ b) (3)

The encoders can be implemented in several ways. For
structured sequences, recurrent networks, temporal con-
volutions, and attention-based architectures each offer
different tradeoffs. Recurrent encoders are efficient for
moderate window length T and can incorporate miss-
ingness indicators directly. Attention-based encoders
can model long-range dependencies and variable impor-
tance across time, but they can be expensive and can
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Figure 5. Selective prediction policy. A lightweight uncertainty proxy (variance across stochastic forward passes) enables
abstention rules that trade coverage for lower risk, especially when modality patterns or missingness regimes differ from

training support.

Table 2. Direct horizon classifier versus discrete-time hazard model

Aspect Horizon classifier Hazard model

Target P(t; € (t, t+ H]) Hazard h;; = P(t; = t |
T > t)

Labels Overlapping binary labels per Event-time labels with sur-

)

Horizon handling

Modeling structure
sifier

Lead-time analysis
lead time ¢

Complexity

Fixed deployment horizon H

vival constraints

Multiple horizons via survival
curve composition

Generic binary sequence clas- Structured temporal model

over{t+1,...,t+ H}

Post-hoc by conditioning on Natural via hazards over fu-

ture steps

Simple training and inference  Extra parameters and depen-

dence across time

overfit when the effective sample size is the number of
episodes rather than the number of time points.

A missingness-aware structured representation is of-
ten built by augmenting each time step with both ob-
served values and mask-derived features [9]. For each
time step T within the look-back window, define an aug-
mented vector Z¢ that concatenates normalized values,
observation indicators, and a time-since-last-observed
feature. This gives the encoder explicit access to the
observation policy, allowing it to learn, for example,
that a sudden increase in measurement frequency can
be informative, while also allowing it to condition on
actual values when they exist. A structured encoder
that ignores M;; will implicitly treat imputed values
as real and may develop brittle dependencies on the
imputation scheme.

Text embeddings are typically computed by a pre-
trained language model and projected into the same

latent dimension as the structured embedding. When
text is sparse, a common strategy is to use the most re-
cent document embedding available at prediction time,
resulting in a piecewise-constant g;; that remains un-
changed across many time steps. This can be benefi-
cial because it provides stable context, but it can also
introduce misleading invariances: the model may as-
sume the same textual context is valid throughout the
interval, even when the latent state changes rapidly. A
more robust representation adds a freshness feature 8; ¢
indicating time since the last document, enabling the
fusion module to discount stale text. In addition, an in-
dicator that captures whether any text exists prevents
the model from interpreting a zero vector as meaning-
ful content.

The fusion operator ® is the linchpin of robustness.
Pure concatenation of h; ; and g; 4 is expressive but can
be unstable under missing text, because the distribu-
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Figure 6. Evaluation and monitoring under drift. Robust reporting separates information gain from base-rate artifacts by
stratifying on modality availability and observation masks, while deployment monitoring combines label-free distribution
checks with delayed-label calibration audits that trigger conservative recalibration updates.

Table 3. Key components in heterogeneous streams

Component Signal type Strengths Vulnerabilities
Structured numeric High-frequency teleme- Fine-grained dynamics, Irregular sampling, arte-
stream try early changes factual missingness

Text notes Sparse human-authored Rich semantics and la- Coarse, delayed, pres-

summaries

Static covariates s; Episode-level  descrip-
tors

Observation mask M;;  Measurement  pattern
over time

Lead time ¢ Time to event

tent state

Stable baseline risk strat-
ification

Exposes policy and work-
load

Makes early-warning util-
ity explicit

ence tied to severity

Encode selection effects
and demographics

Easy to overuse as proxy
for acuity

Shrinks near censoring
and episode end

tion of concatenated vectors differs drastically between
the present-text and absent-text regimes. A gating-
based fusion operator introduces an inductive bias that
explicitly interpolates between modalities. Let a gate
a;t € (0,1)™ be computed as a function of both em-
beddings and freshness:

it = 0(Glhi; gi; 555044 + )
Zig = a3t © hig+ (1 a54) © giy (4)

This representation has several desirable properties. When

text is absent, g; ¢+ can be set to zero and §; 4 can be set
to a sentinel value, allowing the gate to learn a;; ~ 1
and reduce the model to a structured-only predictor.
When text is present but stale, the gate can learn to
emphasize h; 4, while still permitting g;; to contribute
long-term context such as chronic conditions or persis-
tent constraints. When text is fresh and informative,

the gate can shift weight toward g;; or toward cross-
modal interactions.

Cross-modal attention provides a richer interaction
mechanism. Instead of interpolating between two fixed
vectors, cross-attention allows text to reweight struc-
tured temporal features [10]. If H;; € RT>X™M denotes
the matrix of structured hidden states over the win-
dow and g;; € R™ the projected text vector, then a
single-head attention can compute a text-conditioned
summary of the structured trajectory:

qi,t = Wqgi
Kir=Hi Wy Viy=Hij Wy
T T
3;: = softmax %
] ﬁ
it =BatVig (5)
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Table 4. Fusion designs for weakly aligned modalities

Fusion design Description

Advantages Failure modes

Concatenation
MLP

Gated interpolation Learn gate a;¢

modalities

ove

Cross-modal attention

Stack h;; and g;; then

Maximal flexibility and
capacity

Brittle under missing text
or shift in text policy

r Graceful  degradation
when text absent or stale

Gate can collapse to sin-
gle modality

Modality dropout

Text-only branch

Text queries structured
history

Randomly drop text dur-
ing training

Separate text-based pre-
dictor

Aligns phrases to tempo-
ral segments

Robustness to missing
channels

Clarifies marginal value
of textual context

Expensive; may overfit
rare patterns

If too strong, underuses
informative text

Ignores numeric early-
warning signals

The resulting hzt can then be fused with g;; and s;.
This design separates two roles: text selects relevant
temporal segments via (3;; while the structured tra-
jectory contributes fine-grained dynamics. In weakly
aligned settings, this can reduce the tendency for text
to dominate decisions purely through presence, because
it must exert influence through a learned selection over
structured time steps.

Weak alignment also suggests training-time aug-
mentations that simulate temporal uncertainty. For
example, one can randomly jitter the selected note
within a plausible window, or randomly drop text for
a fraction of training samples even when it exists, forc-
ing the model to remain competent without text. Such
stochastic modality dropout is a regularization tech-
nique that can improve robustness under missingness

at deployment. The key is to perform dropout in a way
that matches expected deployment conditions; other-
wise the model may become overly conservative and
underuse text even when it is informative.

Finally, representation learning should respect the
asymmetry of information density. Structured sequences
contain many time steps, each with multiple features,
while text is often a single vector. The model should
avoid allocating disproportionate capacity to the text
projection head relative to the structured encoder, be-
cause high-capacity text heads can memorize idiosyn-
cratic embeddings correlated with outcomes through
spurious pathways [11]. In practice, this means limit-
ing the depth of the fusion network, using dropout on
the text projection, and monitoring performance sep-
arately for text-present and text-absent strata. These



Eclipta Journals

Table 5. Calibration and reliability corrections

Method Parameters

Preserves ranking? Typical use

None (raw logits) -

Temperature scaling Single scalar T'

Nonparametric
function

Isotonic regression step

Platt scaling Affine logit transform

Prior-shift offset Logit shift A from new

prevalence

Per-stratum temperature One T per evaluation

slice

Yes Baseline; often overcon-
fident under heavy im-
balance

Yes Low-variance fix for

global miscalibration

Not guaranteed Flexible but data hungry

for rare events

Yes Lightweight sigmoid re-
calibration

Yes Correct pure prior drift
under stable condition-
als

Within slice Align calibration across

modality regimes

Table 6. Uncertainty mechanisms for selective prediction

Mechanism Uncertainty type

Strengths

Limitations

MC dropout variance Epistemic over weights

Predictive entropy Mixed aleatoric and epis-

temic

Reliability head Empirical error probabil-

ity

Conformal Set size or abstain region

sets

prediction

Entropy regularizer Encouraged uncertainty

without text

Heuristic OOD scores Distance in representa-

tion space

Uses existing network
structure

Cheap scalar from 7; ¢

Learns data-dependent

Multiple forward passes
increase latency

Conflates class imbal-
ance and ambiguity

Needs dedicated labeled

reliability calibration set

Finite-sample coverage Exchangeability violated

guarantees under temporal drift
Prevents unwarranted May suppress true high-
confidence when risk cases

Uit = |%)

Low overhead, label free Hard to map to explicit

decision costs

design choices set the stage for the reliability focus of
the next sections, where calibration is treated not as
an optional add-on but as an integral property of the
deployed predictor.

4. Calibration Theory, Temperature Scaling, and Reli-
ability Correction

A calibrated predictor is one whose probabilities match
empirical frequencies in the long run. In a binary fore-
casting task, calibration can be expressed as P(y =1 |
7= p) = p for all p in the support. In finite samples,
calibration is assessed through binning-based statistics
or through proper scoring rules such as the Brier score
and negative log-likelihood. Calibration matters be-
cause decisions are typically based on thresholds or on
cost-sensitive policies that assume numerical probabil-
ities are meaningful. When calibration is poor, the
same threshold can generate wildly different alert vol-
umes across environments, and cost-sensitive optimiza-
tion becomes unstable.

Neural sequence models often exhibit miscalibra-
tion, particularly when trained under heavy class im-
balance and with losses that emphasize difficult posi-
tives. This is not merely an empirical annoyance; it is
a predictable outcome of optimization dynamics and of
the mismatch between the training objective and the
desired decision environment. When training uses class
reweighting or focal loss, the effective likelihood being
optimized differs from the true likelihood under the de-
ployment class prior [12]. Even when cross-entropy is
used, strong regularization, early stopping, and corre-
lated samples can yield overconfident logits.

Temperature scaling is a simple and widely applica-
ble post-hoc correction that rescales logits by a single
scalar T > 0 to reduce overconfidence while preserv-
ing ranking. If a model produces a logit {;;, then the
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Table 7. Shift-aware evaluation strata

Stratification variable Example slices

Purpose

Modality availability

episodes
Mask density

quency
Time period

flow change
Entity group

cohort
Lead time ¢

dows

Text-present vs text-absent

High vs low measurement fre-

Pre- vs post-policy or work-

Site, region, device family, or

Early vs late prediction win-

Detect over-reliance on text
presence

Separate acuity from informa-
tion volume

Quantify temporal distribu-
tion shift

Assess transportability across
entities

Check usefulness as an early-
warning system

Table 8. Drift monitoring signals in streaming deployment

Monitor Signal

Needs labels? Typical trigger

Risk histogram Distribution of 7; ;

Fraction above action
threshold

Alert rate

Mask statistics Mean density and pat-

tern counts of M; ;

Time since last available
Uit

Text freshness

Rolling calibration Bin-wise observed vs pre-

dicted rates

Prevalence estimate Recent positive rate per

window

No Shift in mass at high or
low risk

No Sustained change in
alert volume

No Abrupt shifts in measure-
ment policy

No New documentation or
note-taking workflow

Yes (delayed) Systematic over- or un-
derprediction

Yes (delayed) Class-prior drift requir-

ing adjustment

temperature-scaled probability is

(m (it

40 =o(F)
oo =tog( )
' L=y

The parameter T is typically fit by minimizing negative
log-likelihood on a held-out calibration set drawn from
the deployment distribution. The key theoretical prop-
erty is that scaling by T is a monotone transformation
of logits, so any rank-based metric such as AUROC is
unchanged, while calibration can improve substantially
if miscalibration is primarily due to overconfident log-
its rather than to systematic ranking errors.

In practice, the effectiveness of temperature scal-
ing hinges on how well a single scalar can correct the
model’s logit distribution. For many deep classifiers,
miscalibration is approximately uniform across score
ranges, especially when the miscalibration arises from
a global margin increase induced by training dynamics.
In such cases, a scalar temperature can yield large im-
provements in ECE and Brier score without affecting
discrimination. This phenomenon is consistent with
the observation that a strongly discriminative model

(6)

can still be numerically unreliable if its logit scale is
mismatched to the empirical prevalence [13].

A concrete illustration of this reliability gap arises
in multimodal rare-event forecasting settings where fo-
cal loss is used to cope with severe imbalance. Sadanan-
dan (2025) reports that applying temperature scaling
with an optimized temperature T = 0.26 reduced ex-
pected calibration error from 0.2129 to 0.0240 and re-
duced Brier score from 0.0760 to 0.0303 while leav-
ing discrimination metrics unchanged [14], highlight-
ing that post-hoc scaling can repair probability reli-
ability even when the underlying ranking is already
strong. The technical implication is that calibration
should be treated as a distinct axis of model quality
and addressed with explicit procedures rather than in-
ferred from discrimination performance.

Temperature scaling can be derived from a decision-
theoretic perspective. Suppose the downstream policy
triggers an action when 7 > 1, where T is chosen based
on costs Cpp and Cgn under a simple expected-cost
model. If probabilities are miscalibrated, then the ef-
fective cost ratio implied by T differs from the intended
one, leading to either excessive false triggers or exces-
sive misses. If miscalibration is mostly a logit-scale
issue, then temperature scaling rescales { so that the
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Table 9. Systems constraints and mitigations for streaming inference

Constraint Failure mode

Mitigation Implementation note

Causal access only Leakage from future into

past

Missed real-time dead-
lines

Latency budget

Expensive text encoding Throughput collapse on

note bursts

Versioned calibration Mixing models and tem-

peratures

Limited storage Incomplete audit trail

Privacy constraints Inability to share raw

logs

Test with artificial time
shifts

Enforce strict timestamp
filters

Profile worst-case
quence lengths

Incremental state
dates; slim heads

up- se-

Use frozen encoder
keyed by document time

Precompute and cache
embeddings

Jointly version model
and calibrator

Log model and calibra-
tion IDs with outputs

Log compact summaries Preserve enough for drift

and hashes and fairness analysis
Aggregate  monitoring Design privacy-aware au-
statistics dit pathways

Table 10. Pre-deployment checks for decision-calibrated streaming models

Check Metric

Expected range Degradation signal

AUROC and AUPRC with-
out text

Modality-drop test

Discrimination under ex-
tra missingness

Mask-perturbation test

Stratified calibration ECE per slice

Threshold stability Alert rate at fixed cutoff

Reproducibility audit Hash match of inputs

and outputs

Moderate but controlled Collapse when u;; = @
drop

Small, smooth degrada- Highly unstable thresh-
tion olds

One slice much worse
than global

Similar across strata

Within design band onre-
cent data

Large swings across time
windows

Non-deterministic
drifting predictions

Deterministic replay or

implied cost ratio matches observed frequencies more
closely. From this viewpoint, calibration is not merely
about matching frequencies; it is about ensuring that
thresholds correspond to stable operating points.

More complex reliability corrections go beyond a
single scalar. One can fit isotonic regression on logits
to produce a nonparametric calibration curve, or fit
a piecewise linear transformation that better matches
bin-wise frequencies. These methods can overfit when
positives are rare, because calibration bins at high pre-
dicted probabilities may contain very few samples [15].
A scalar temperature has the advantage of low vari-
ance. In rare-event streaming contexts, low-variance
corrections are often preferable because they maintain
stability across time, which is itself a reliability require-
ment.

Calibration under repeated sampling requires ad-
ditional care. If each episode contributes many time
points, and if calibration is evaluated at the time-point
level, then episodes with long durations can dominate
the calibration curve. This is undesirable because long
episodes may correspond to different regimes of obser-
vation policy. A more balanced approach calibrates
at the episode level by selecting representative time
points, or uses cluster-weighted calibration that assigns

equal weight to each episode. Similarly, if calibration
is intended for a policy that triggers once per episode,
then time-point calibration may be a mismatched tar-
get. Reliability should be evaluated at the decision
granularity of the deployed system [16].

Calibration must also confront prevalence drift. If
the positive rate changes, then a perfectly calibrated
model under the old prevalence becomes miscalibrated
under the new prevalence, even if class-conditional fea-
ture distributions remain stable. A prior-shift correc-
tion can adjust logits by a constant offset:

Tthew
A =log| ————
g(17Tnevv>
Tlold
-1 —od 7
og<1ﬂold> )

This adjustment is valid under strict prior shift assump-
tions. In multimodal streams, prior shift can be con-
founded with observation-policy shift, so the correc-
tion should be applied cautiously and validated with
delayed labels. Still, the form of the correction high-
lights a central theme: reliability is not a single prop-
erty of the model; it is a property of the model plus
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the environment, and it must be maintained through
explicit monitoring and adjustment mechanisms.

5. Uncertainty Quantification and Selective Prediction

Even a calibrated model can be unreliable on out-of-
distribution inputs, on rare subpopulations, or under
missing modality conditions that were underrepresented
in training. Uncertainty quantification aims to detect
such cases and to express predictive ambiguity in a way
that supports safer decision policies. In streaming de-
ployments, a practical uncertainty strategy is selective
prediction, where the model abstains or defers when un-
certainty exceeds a threshold, thereby controlling risk
at the expense of coverage [17].

Uncertainty in deep models has multiple sources.
Aleatoric uncertainty arises from intrinsic noise and
label ambiguity, such as overlapping feature distribu-
tions between positives and negatives. Epistemic un-
certainty arises from limited data support and model
misspecification, such as novel combinations of miss-
ingness patterns and text contexts. A deployed sys-
tem benefits most from epistemic uncertainty signals
because they can indicate when the model is likely to
be wrong due to insufficient training coverage.

A tractable approach to epistemic uncertainty is
Monte Carlo dropout. By applying dropout at infer-
ence time and sampling multiple stochastic forward
passes, one can approximate a posterior predictive dis-
tribution. Let ?’Eﬁ) be the prediction from sample k£ and
define the mean and variance:

K
1 (k)
it = ?( it
k=1
RS 2
Vit = T /;—1: (¢ —Tit) (8)

The variance v; ; can be used as an uncertainty proxy.
In a selective prediction policy, one can trigger actions
only when 7;; exceeds a risk threshold and ;4 is be-
low an uncertainty threshold, or equivalently abstain
when uncertainty is high. This reduces false triggers in
poorly supported regions but requires careful tuning to
avoid systematically abstaining on the very cases that
matter.

Selective prediction can be framed as a constrained
optimization [18]. Define a decision d;; € {0,1, L},
where | denotes abstention. Suppose the system aims
to minimize expected cost subject to a minimum cover-
age constraint. Let Cyct be the cost of acting when no
event occurs, Cpiss the cost of missing an event, and
Cyer the cost of deferring, which may represent routing
to a human operator. Then a policy that uses both risk
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and uncertainty can be described by thresholds (T, k):

dig=1 if Tit 2T N vt < K
dig =1 ifwv;>x
diy =0 otherwise (9)

The effectiveness of this policy depends on whether v; 4
correlates with error. This correlation is not guaran-
teed, especially under severe class imbalance, where un-
certainty estimates may be dominated by the model’s
uncertainty about rare positives rather than by distri-
bution shift. Therefore, uncertainty policies should be
evaluated with metrics that measure risk conditional
on acceptance, such as selective risk curves.

An alternative approach constructs prediction sets
with guaranteed coverage using conformal prediction.
In binary classification, conformal methods can output
aset {0}, {1}, or {0, 1}, where {0, 1} corresponds to ab-
stention. The method calibrates a nonconformity score
on a calibration set and chooses a threshold that guar-
antees that the true label lies in the set with probability
at least 1 — o under exchangeability assumptions. In
streaming contexts, strict exchangeability is violated
by temporal dependence and drift, but conformal ideas
remain useful as a conceptual tool for designing absten-
tion rules with explicit coverage targets.

Uncertainty also interacts with multimodal fusion
[19]. When text is absent, the model’s epistemic un-
certainty may increase because a modality that could
resolve ambiguity is missing. A fusion network can
expose a modality-availability feature and learn to in-
crease predictive entropy in such cases, effectively rep-
resenting uncertainty about latent context. This can
be encouraged by training objectives that penalize over-
confident predictions when modality inputs are miss-
ing. For example, one can add an entropy regularizer
on predictions from text-absent samples to discourage
extreme probabilities unless supported by structured
evidence:

Lent =AY (i = 2)
it

< (734 log 7t
+ (1 74,) log (1~ 75)) (10)

Such a regularizer must be used cautiously because it
can suppress true positives. The goal is not to force
uncertainty, but to prevent the model from using miss-
ingness as a spurious certainty signal.

A complementary strategy is to model prediction
as a two-stage process. The first stage produces a cali-
brated risk score. The second stage predicts a reliabil-
ity score indicating whether the risk score is likely to
be accurate, based on features such as mask density,
text freshness, and embedding norms [20]. This cre-
ates a meta-model that can learn empirical reliability
patterns even when uncertainty proxies like dropout
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variance fail. The reliability model can be trained on
held-out data by labeling each prediction as correct or
incorrect at a chosen threshold and learning to predict
correctness. While this introduces a dependence on
the chosen threshold, it aligns with deployment where
a threshold is often fixed.

Ultimately, uncertainty quantification is valuable
only insofar as it improves system-level outcomes. It
should be evaluated not as an aesthetic property but
as a control primitive that trades off coverage against
error under realistic decision costs. In multimodal rare-
event forecasting, the most practical objective is to pre-
vent pathological behavior under missing modality and
shift, while preserving sufficient sensitivity to provide
early warning. Selective prediction offers a mechanism
to formalize this tradeoff and to integrate uncertainty
into the architecture and evaluation pipeline.

6. Shift-Robust Evaluation and Drift Monitoring

Offline evaluation of rare-event predictors is deceptively
simple: compute AUROC and AUPRC on a held-out
set [21]. Yet in heterogeneous streams, distribution
shift is the norm, not the exception. Shifts occur across
time as policies change, across subpopulations as data
collection differs, and across modality regimes as text
availability varies. A shift-robust evaluation protocol
must therefore go beyond aggregate metrics and ana-
lyze performance conditional on shift variables that are
likely to change at deployment.

A first principle is that splitting should be per-
formed at the episode or entity level to prevent leakage
through repeated sampling. If the same entity appears
in both training and test, the model can exploit sta-
ble identity-related features, including subtle linguistic
patterns in text embeddings, to achieve inflated perfor-
mance. Entity-level splitting also better approximates
deployment, where the model is applied to new entities
or new episodes.

A second principle is to stratify evaluation by modal-
ity availability and by missingness. In many systems,
the presence of text correlates with the severity of the
underlying state or with the type of episode, so im-
provements in multimodal models can be partly at-
tributable to base-rate differences rather than to gen-
uine information gain. Stratified metrics can reveal
whether the model performs well because it uses text
semantics or because it uses text presence as a proxy
for a high-prevalence subgroup [22]. Similarly, stratifi-
cation by mask density can reveal whether high miss-
ingness corresponds to a different acuity regime with
a different positive rate, which can mechanically in-
flate AUPRC. These effects are not merely statistical
curiosities; they determine whether a model will gener-
alize when the measurement policy changes.

Shift-robust evaluation also requires calibration anal-
yses that are conditional, not only marginal. A model
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may be globally calibrated but miscalibrated in a criti-
cal subgroup, such as episodes without text or episodes
with sparse measurements. Conditional calibration can
be assessed by computing calibration curves within
strata and comparing ECE across strata. Because pos-
itives are rare, binning must be chosen carefully to
avoid empty bins. Adaptive binning based on quan-
tiles of predicted probabilities can improve stability,
though it changes interpretability because bins vary
across strata.

Beyond stratification, one can perform stress tests
that simulate plausible shifts [23]. A modality-drop
stress test randomly removes text from a fraction of
text-present samples at evaluation time, measuring how
performance degrades. A mask-perturbation stress test
artificially increases missingness by dropping a random
subset of structured values while keeping the mask con-
sistent with the drop, approximating a scenario where
measurement frequency decreases. A freshness stress
test delays text embeddings by simulating staleness.
These tests do not perfectly mimic real shifts, but they
can expose brittle dependencies and provide compara-
tive evidence about robustness.

Drift monitoring in deployment is constrained by
label delay. If the forecast horizon is H, then ground-
truth outcomes for predictions made at time ¢ are not
fully observed until time ¢+ H. This creates a monitor-
ing lag. Therefore, monitoring should combine label-
free signals with delayed label-based checks. Label-free
signals include the marginal distribution of predicted
risks, the rate of high-risk triggers, the distribution of
mask densities, and the proportion of text-present pre-
dictions [24]. If these distributions change abruptly,
the model may be operating in a new regime. Such
signals are not definitive, but they can trigger closer
inspection.

A label-based monitor can be implemented as a
rolling calibration check with delayed reconciliation.
For predictions made in a window [fp, t1], once out-
comes are observed after H steps, compute the empir-
ical event rate among predictions within risk bins and
compare it to the predicted average. The lag implies
that the monitor always operates on historical predic-
tions, but it can still detect persistent drift. In settings
where the environment changes gradually, this is suffi-
cient to trigger recalibration or retraining.

Drift monitors should also account for changes in
class prior. If the positive rate increases due to oper-
ational changes, the model’s probabilities become mis-
calibrated even if the ranking remains good [25]. A
practical monitor estimates the recent positive rate
once labels arrive and compares it to the historical
calibration prior. If the difference is large, a prior-
shift adjustment or a recalibration procedure can be
applied. However, prior estimation in rare events is
noisy, so the monitor should aggregate over sufficiently
long windows and incorporate uncertainty bands.



14

Gerald Navarro et al.

A deeper issue arises when drift is driven by observation-after initialization. For attention-based encoders, in-

policy changes that also change the feature distribution
conditional on the label. In that case, prior-shift correc-
tion is insufficient. One can detect such drift by com-
paring feature distributions, mask distributions, and
embedding norms over time. For example, if the mean
mask density changes while the predicted risk distribu-
tion remains constant, the model may be compensating
by relying more heavily on missingness, which can be
problematic if missingness becomes less informative in
the new regime. Similarly, if text embedding norms
change due to a new documentation template, the fu-
sion module may misinterpret the embeddings, leading
to unpredictable gating behavior.

A robust evaluation and monitoring strategy there-
fore treats shift variables as explicit objects [26]. Modal-
ity availability, mask density, and text freshness are
not nuisances; they are state variables of the socio-
technical pipeline. By logging them, stratifying evalu-
ation by them, and monitoring their distributions, the
system can detect when the conditions under which
calibration was established no longer hold. This is
essential for any deployment that relies on numerical
probabilities and fixed thresholds.

7. Systems Optimization for Streaming Inference and
Reproducible Audit

The technical design of a multimodal predictor is in-
separable from its systems implementation. Training-
time conveniences that violate deployment constraints
can yield a model that is impressive in offline evalu-
ation but infeasible or unsafe in a streaming environ-
ment. Similarly, deployment without reproducible log-
ging and audit trails undermines the ability to diagnose
failures, recalibrate reliably, and demonstrate gover-
nance.

Streaming inference imposes strict causality: the
model at time ¢ may use only information available up
to t. In a look-back window formulation, this means all
structured inputs must be drawn from {t-T+1, ..., t},
and text embeddings must correspond to documents
available at or before ¢. If text embeddings are pre-
computed offline, caching must be keyed by document
timestamp and retrieval must enforce the temporal con-
straint [27]. A common systems pitfall is to cache a sin-
gle embedding per episode and reuse it without time
checks, inadvertently allowing late documents to influ-
ence early predictions. Preventing this requires careful
data engineering, not merely model design.

Computationally, the structured encoder often dom-
inates inference if it processes a long window. However,
in a streaming setting, one can update representations
incrementally rather than recomputing the entire win-
dow at each time. For recurrent encoders, the hidden
state can be updated with each new time step, reduc-
ing inference cost from O(T) per step to O(1) per step

cremental updates are more complex because attention
attends to the entire history, but one can restrict atten-
tion to a sliding window or use approximate attention
mechanisms.

Text embeddings can be expensive if computed by
a large language model. If the text encoder is frozen,
embeddings can be computed when a document arrives
and stored, then reused for subsequent predictions un-
til a new document arrives. This reduces average cost
and aligns with the piecewise-constant nature of text
context [28]. The fusion module must then incorpo-
rate freshness so that the reuse does not imply equal
relevance at all times.

The computational profile of a gated fusion model
is modest. Let m be the latent dimension. If the struc-
tured encoder outputs h;; € R™ and the text projec-
tion outputs g;; € R™, then the gate computation is a
matrix-vector product with cost O(m?) if implemented
densely. In practice, m can be chosen to balance ac-
curacy and throughput. For streaming systems with
strict latency, one can reduce m, use low-rank projec-
tions, or quantize the fusion and classifier layers.

A reproducible audit trail requires logging at multi-
ple layers. At minimum, the system should log the pre-
diction time, the predicted probability, the threshold
decision, modality availability indicators, mask density
summaries, and text freshness. Logging raw inputs is
often infeasible due to privacy or storage, but summary
statistics and hashed identifiers can support drift detec-
tion [29]. For retrospective debugging, it is helpful to
log intermediate quantities such as gate values or atten-
tion entropy, because they reveal whether the model
relied on text or on structured data. Such logs also
support fairness analyses by enabling stratification by
demographic covariates, if those covariates are avail-
able and appropriately governed.

Reproducibility also concerns model versioning and
calibration parameters. A calibrated deployment is a
pair: a base model and a calibration mapping such as
a temperature. If the base model is updated, the cal-
ibration mapping may no longer be valid. Therefore,
the deployment should version the base model and the
calibration mapping together and ensure that each pre-
diction can be traced to a specific version. In addition,
if prior-shift adjustments are applied dynamically, the
estimated prior and the adjustment applied should be
logged, because they affect numerical probabilities and
thresholds.

Another systems concern is the interaction between
retraining and monitoring. Frequent retraining can im-
prove adaptation under drift, but it can also destabi-
lize behavior if calibration is not re-established [30]. A
disciplined approach is to decouple representation up-
dates from calibration updates. The base model can
be retrained or fine-tuned periodically, but calibration
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should be recomputed on a recent calibration set that
matches the intended environment. If calibration sets
are too small due to rare positives, then calibration
updates should be conservative, favoring low-variance
methods such as temperature scaling.

Finally, the system should support counterfactual
and robustness tests as part of a continuous integration
pipeline. Before deploying a new model version, the
system can run modality-drop and mask-perturbation
tests, compute stratified calibration curves, and verify
that alert volume at a fixed threshold remains within
acceptable bounds on a recent validation slice. These
checks are not perfect guarantees, but they operational-
ize reliability as a testable property rather than a hoped-
for outcome.

In summary, streaming deployment requires more
than a high-performing model. It requires causally
valid data access, computational strategies that meet
latency constraints, and logging that supports delayed-
label monitoring and audit [31]. These systems con-
straints feed back into model design, particularly in
multimodal settings where text processing and align-

ment introduce unique risks. A decision-calibrated frame-

work must therefore be implemented as an end-to-end
pipeline that preserves temporal validity, maintains
calibration, and provides visibility into modality us-
age.

8. Conclusion

This paper developed a technical framework for decision-

calibrated multimodal forecasting in heterogeneous stream-

ing environments characterized by irregular numeric
measurements, sparse textual context, severe class im-
balance, and distribution shift. We formalized horizon-
based risk prediction under censoring and repeated
sampling, emphasizing the statistical dependence and
observation-policy confounding that distinguish stream-
ing logs from i.i.d. datasets. We then described modality-
aware representation and weak alignment strategies
that use gating and cross-modal attention to exploit
text when informative while degrading gracefully when
text is missing or stale. Calibration was treated as
a core requirement for decision integration, motivat-
ing reliability corrections such as temperature scaling
and prior-sensitive adjustments, and clarifying how nu-
merical miscalibration translates into unstable thresh-
olds and unpredictable alert volumes. We further dis-
cussed uncertainty quantification and selective predic-
tion as control primitives that can reduce system-level
risk under out-of-distribution conditions, and we out-
lined evaluation and monitoring protocols that sepa-
rate genuine information gains from base-rate artifacts
and that operate under delayed labels. Finally, we ad-
dressed systems constraints for streaming inference, in-
cluding causal data access, incremental computation,
versioned calibration, and reproducible audit logging.
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Taken together, these components provide a principled
pathway from multimodal encoders to operationally
meaningful risk scores, with reliability expressed as a
property that is designed, measured, and maintained
rather than assumed [32].
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