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1. Introduction

Recurring training has become a practical ne-
cessity in modern machine learning systems:
models are rebuilt or updated as data evolve,
pipelines change, and monitoring reveals degra-
dation. In this lifecycle view, training time
and energy consumption are not merely engi-
neering metrics - they become operational costs
that accumulate across cycles and translate into
environmental impact through associated emis-
sions [7, 14, 15].

This thesis addresses the problem of reducing
the computational footprint of supervised deep
learning training, with a focus on training time,
energy consumption, and the resulting emissions.
The optimization lever is data-driven: if the ef-
fective training set can be reduced while preserv-
ing most of the task-relevant information, then
the number of optimization updates decreases
and end-to-end training cost drops without mod-
ifying the downstream training pipeline.

We work in a stationary regime: subset selec-
tion is performed once, before training, and the
task-relevant distribution is assumed stable over
the horizon of a training cycle. The selection
stage must be easy to integrate, must not re-
quire invasive access to training internals, and

must remain strictly cheaper than full training
in time, energy, and memory.

Contributions. The thesis makes two dis-
tinct and complementary contributions.

The first is GAIT (Green AI Training), a mod-
ular decision-support framework for cost-aware
subset selection. GAIT’s role is not to define
how subsets are selected, but to make the con-
sequences of selection decisions comparable and
auditable: it standardizes how training time and
energy are projected across candidate subsets
via hardware-calibrated profiling, and how sav-
ings are reported in a baseline-referenced, re-
producible form. Critically, GAIT is selector-
agnostic - it operates as a pipeline layer that
wraps any compliant selection method and pro-
duces versionable cost artifacts regardless of the
underlying selector. This decoupling is the key
architectural contribution: it separates the what
to select problem from the how much does it cost
problem, and does so without requiring access to
training internals or modifying the downstream
pipeline.

The second contribution is a new training-
free, one-shot, supervised subset selection
method designed to operate effectively within



the GAIT regime. The method builds a target-
aware hardness prior from local neighborhoods
in a fixed representation space and draws diverse
subsets via weighted sampling without replace-
ment, with optional geometry-based regulariz-
ers for robustness at aggressive pruning rates.
Together, the two contributions form an inte-
grated system: GAIT provides the measurement
and accountability layer, while the proposed
selection method provides a competitive, low-
overhead selector that operates within GAIT’s
constraints.

2. Related Work: Dataset Sub-
set Selection

Dataset subset selection (often called coreset se-
lection) aims to retain a small subset of training
examples that preserves most of the predictive
utility of the full dataset. It is worth distin-
guishing it from adjacent regimes: active learn-
ing constructs a labeled dataset via sequential
oracle queries rather than compressing an ex-
isting one; dataset distillation synthesizes new
training examples rather than selecting origi-
nals; and dataset pruning typically emphasizes
removing noisy or harmful samples rather than
approximating full-data utility under an explicit
budget. This thesis operates strictly in the su-
pervised coreset selection regime: a fully labeled
pool is given and the objective is to select a size-
k subset that preserves downstream predictive
performance.

A useful way to read the coreset literature is
through three axes: the signal source (training-
free vs. training-dependent), the schedule (one-
shot vs. iterative), and the mechanism used to
convert a signal into a size-constrained sub-
set. Recent surveys emphasize that, in end-
to-end pipelines, selection overhead - represen-
tation extraction, neighborhood /similarity con-
struction, and optimization - can dominate the
savings from training on fewer samples if not
controlled [11].

Under the constraints of this thesis, three points
are central. First, training-dependent meth-
ods (EL2N [13], forgetting-based scoring, Grad-
Match [5], bilevel objectives) can be effective
at small budgets because the signal is close to
the learning objective, but they couple selection
to the training stack and increase overhead via
warm-up training or gradient computation; in

reported benchmarks, the most expensive meth-
ods require runtimes on the order of hours or
days [11], making them incompatible with the
production constraints targeted here. Second,
training-free selectors avoid this coupling but
typically rely on geometry-only signals, cover-
age, density and pairwise similarity that are
agnostic to the task target; at moderate bud-
gets, this agnosticism limits their utility com-
pared to methods that exploit label information.
Third, many training-free selectors rely on simi-
larity structures that become infeasible if imple-
mented densely (O(n?) memory /time), motivat-
ing sparse neighborhood designs and lightweight
sampling mechanisms.

The gap this thesis addresses is therefore not
a choice between the two families, but the ab-
sence of a training-free selector that incorporates
a supervised, target-aware hardness signal while
remaining compatible with one-shot, overhead-
bounded operation. This thesis positions itself
explicitly in that regime, and GAIT provides the
framework layer that makes cost accountability
portable across any selector operating within it.

3. GAIT Framework

GAIT (Green Al Training) is a modular,
decision-support framework that standardizes
how subset candidates are generated, profiled,
and compared under a fized training context.
GAIT is designed as a deterministic pipeline
stage producing versionable artifacts to ensure
traceability, reproducibility, and auditability of
cost-aware decisions.

Operating regime (framework bound-
aries). GAIT is context-conditioned: its out-
puts are meaningful only with respect to (i) the
dataset (and any fixed representation used for
selection), (ii) the training configuration (model,
batch size, optimizer/recipe, epoch budget, pre-
cision, evaluation cadence), and (iii) the tar-
get execution environment (hardware/software
stack and available telemetry). Within this
regime, GAIT targets selection protocols that
are one-shot, training-free by default, and low
overhead, so that selection remains subordinate
to the savings enabled at training time.

Modules and artifacts. GAIT is organized
into three modules, each emitting a versioned



artifact that acts as the interface to downstream

stages:

e Selection generates candidate subsets across
budgets and exports a subset specification (in-
dices/IDs, subset size, method and seed, rep-
resentation/preprocessing identifiers).

e Profiler calibrates environment-specific pre-
dictors of training time and energy on the tar-
get machine and exports a curve bundle (fit-
ted curves, probe protocol metadata, environ-
ment fingerprint, and fit-quality indicators).

e Estimation combines subset specifications
and the curve bundle to export an estima-
tion report containing projected time/energy
(optional emissions), baseline-referenced A-
estimates, and conservative risk signals.

Profiler: calibration by probe runs.
Floating-point operations (FLOPs) alone are of-
ten insufficient to predict realized time/energy
because throughput depends on the concrete
hardware/software stack and on system effects
(data pipeline, scheduling, warm-up). GAIT
therefore adopts calibration: the Profiler runs a
small number of short probe trainings at selected
dataset fractions, keeping the training configu-
ration fixed and changing only the number of
samples per epoch. Since early epochs can be af-
fected by transient overhead (initialization, com-
pilation, caching), GAIT separates a short burn-
in phase from steady training and aggregates
totals as burn-in contribution plus steady con-
tribution. The resulting curve bundle is reusable
across budgets within the same context, and its
fit-quality indicators (coverage/error summaries
and extrapolation flags) provide a lightweight
confidence layer for downstream estimates.

Large-scale validation: accurate projec-
tions with minimal calibration. To test
calibration in a realistic long regime and to
highlight amortization, we evaluate GAIT on
a compute-intensive setting: ResNet50 fine-
tuning (all layers unfrozen) on Food1l01 (~
100,000 images) for 50 epochs. Budgets are
generated via RandomSelector to isolate cost
estimation from selection quality. The Profiler
uses only two probe points (M = 2), each
a 4-epoch micro-training (Epyyn = 1 burn-in
epoch plus 3 steady epochs), to calibrate a curve
bundle for the full configuration. Table 1 re-
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Figure 1: Illustration of GAIT’s anchored risk
envelope: subset accuracy (solid), conservative
lower envelope from the KL-based proxy via
Pinsker (dashed), and full-pool reference (dot-
ted) for Facility Location across budgets.

ports predicted vs. measured totals. Despite
the multi-hour horizon, errors are already be-
low ~6% at 10% budget and rapidly decrease
as the budget increases; from 20% onward, time
error stays below 1% and energy error becomes
very small. This matches a scale effect: as uti-
lization increases, fixed overheads are amortized
and time/energy scale more smoothly with sub-
set size, making low-variance curves highly ac-
curate.

Estimation: projections, deltas, and con-
servative risk. Given a candidate subset S
(budget m = |S|) and a target training plan,
Estimation queries the curve bundle to project
T(S) and £(S) (and optional emissions via
a deployment-provided carbon intensity), then
reports baseline-referenced A-estimates against
the full pool V. Beyond cost, GAIT reports
a conservative distributional risk proxy to flag
candidates that may be non-representative. The
proxy is distributional (not algorithmic): it con-
trols expectation shifts due to distribution mis-
match and can be instantiated through total
variation bounds, using a KL—TV conversion
via Pinsker’s inequality when convenient [1].
When a trusted full-pool reference performance
is available, GAIT can convert the proxy into an
anchored conservative envelope; Fig. 1 shows an
example.

4. Problem Formulation and
Operating Assumptions

Let D = {(x;,y:)}_; be a labeled training pool
of i.i.d. samples from an unknown distribution
P over X x Y, with index set V' = {1,...,n}.
For a budget £ < n, the subset selection prob-
lem aims to select S C V, |S| = k, such that



Budget  treal tpred
(%) ) ()
10 6391 6055
20 9116 9063
30 12045 12069
50 18022 18091
75 25553 25617

€real €pred APE; APE.
(GVh) (Wh) (%) (%)
0.2744 0.2582  5.26 5.89
0.4097 0.3975 0.58 2.98
0.5431 0.5367 0.20 1.18
0.8175 0.8154 0.39 0.26
1.1643 1.1636 0.25 0.06

Table 1:

percentage errors (APE).

a model trained on the induced subset Dg =
{(zi,v:) : © € S} achieves performance compara-
ble to training on the full pool. Operationally,
the thesis considers a budget grid and produces
multiple candidates that must be comparable
under a fixed training context.

A standard formal reading is the (idealized)
bilevel objective:

Sp € arg min  Rp(fs),

CV: |S|=k <1>

s € arg mein Rs(0),

where Rp(0) = E(x y)~pl[f(0; X,Y)] is the pop-
ulation risk and ]?ig is the empirical risk on Dg.
Since P is unknown and the bilevel objective is
intractable, practical methods rely on surrogates
computed from representations, similarities, or
lightweight supervised signals [9, 11].

Operating assumptions (GAIT-aligned).
The operative assumptions of this thesis re-
flect production boundaries and motivate both
GAIT and the proposed method: (i) model-
agnostic integration: selection does not re-
quire architecture-specific hooks or access to
model internals; (ii) training-free selection:
selection avoids gradients, training losses, or in-
termediate optimization states; (iii) one-shot
execution: the subset is computed once prior to
training (not iteratively refined); (iv) low over-
head and memory-safety: selection must re-
main negligible relative to the intended train-
ing savings and avoid dense O(n?) similarity
kernels. These constraints intentionally restrict
the method space, but improve deployability in
standardized pipelines where modifying training
code or running expensive selection routines is
often infeasible.

Large-scale simulation (Food101, ResNet50 fine-tuning, 50 epochs): Profiler accuracy after
calibrating the curve bundle with only M = 2 probe runs (4 epochs each).

Errors are absolute

5. Methodology

This thesis proposes a supervised subset-
selection family designed to satisfy the operat-
ing constraints introduced in Section 4: training-
free, one-shot, and low-overhead (time/memory)
while remaining applicable to both regression
and classification. The method is defined as a
modular pipeline: (i) build a target-aware hard-
ness prior from local neighborhoods in a fixed
representation space, (ii) optionally regularize
it with geometry-only components for robust-
ness at aggressive pruning, and (iii) draw a size-
k subset via weighted sampling without replace-
ment (WRSWoR).

Problem setup. Let D = {(zj,v;)}, be
i.i.d. samples from an unknown stationary dis-
tribution P over X x ), with index set V =
{1,...,n}. Given a budget k < n, the ideal
objective is to find S C V, |S| = k, such that
training on Dg yields performance close to train-
ing on D. Since training-dependent bilevel for-
mulations are incompatible with the constraints
above, we instead construct a training-free scor-
ing prior 7 € A" and sample S without re-
placement according to 7.

Representation space and neighbor
queries. Let ® : X — R? be a fixed repre-
sentation mapping (standardized features or
frozen embeddings) and define z; = ®(z;). We
compute neighbors in a standardized selection
space

52' = Std(Zi), dij = ng - 2]'H2. (2)
Let N; be the set of the K mnearest neighbors
of i (excluding @), with distances {d;;}jen;. All
signals below reuse this sparse KNN structure
(no dense n x n kernels).



V1: target-aware local hardness prior.
We define a local, target-conditioned hardness
score using kernelized K NN neighborhoods. Let
h; be a data-dependent bandwidth given by the
distance to the K,-th neighbor:

hi=dik,), 1<K, <K. (3)

Define normalized Gaussian kernel weights

This corresponds to local kernel smoothing of
conditional moments (Nadaraya—Watson-style)
[12, 16].

Regression. For y € R, estimate a local condi-
tional mean and variance:

= Y wiyy, U= Y wig(y; — )

JEN; JEN;

(5)

Large v; indicates locally ambiguous neighbor-
hoods, hence higher target-driven hardness.
Classification. Fory € {1,...,C}, estimate a lo-
cal class distribution pic := >z wijly; = ¢
and define hardness via an uncertainty func-
tional (e.g., entropy, Gini, or margin).

To stabilize scaling across datasets, we apply a
rank normalization s; := Rank01(7;) + ¢ (or the
analogous uncertainty score), and define the V1
weights and prior

Vi1 Vi pit
P = si, = k . (6)
C X!

One-shot subset construction via WR-
SWoR. Given nonnegative weights p (or prior
m), we draw a size-k subset without replace-
ment, so that higher weights imply higher inclu-
sion likelihood while avoiding duplicates [2]. We
implement WRSWoR using the Gumbel-Top-k
construction [6]:

gi; ~ Gumbel(0, 1),
key, := log(m; + €) + g, (7)
$ i= Top-k({key;}1,)
This yields a one-shot selector: no iterative

greedy optimization, no gradients, and no par-
tial/full training to compute scores.

V1+SoftCCS: stratified smoothing for
high pruning. At aggressive pruning rates,
score-only priors can become overly concen-
trated and reduce coverage. Inspired by
coverage-centric selection [17], SoftCCS per-
forms a lightweight smoothing directly in proba-
bility space. We partition samples into B strata
via quantiles of {m)!}, let Z, be the indices in
stratum b, and define a stratum-uniform distri-
bution u; := 1/|Zy;)|. The mixed prior is

ﬂ_ZVl—&-SoftCCS = (1 _ )\) 7.[.7:\/1 + )\ul (8)

Here X € [0, 1]. The resulting prior is then used
for WRSWoR sampling via (7).

V1+DensityMix: radius-based den-
sity /coverage regularization. To mitigate
redundancy in dense regions, we introduce a
geometry-only regularizer derived from KNN
radii. Let TZ(K) := d; (k) denote the distance
from Z; to its K-th neighbor; radii act as an
inverse proxy for local density [8]. Optionally,
we calibrate the neighborhood order to the bud-
get k by selecting K*(k) such that a uniformly
sampled subset of size k has a target expected
coverage. If M(K) is the KNN set of 7, then for
uniform S with |S| =k,

E[COVW(S)] _, ) 9)

and K*(k) is the smallest K (up to a cap)
achieving a desired coverage level. We then set
ri(k) 1= d; g+ (or use a fixed K* if calibra-
tion is disabled).

We map radii to a smooth density score (Gaus-
sian centered at the mean radius), normalize it
to a prior 79" (k), and mix with V1:

mV DM () = (1 ) w4 (). (10)
Here n € [0,1]. Sampling again uses (7).
This variant improves robustness under high
pruning by discouraging overconcentration in
high-density regions while preserving the target-
driven hardness signal.

Computational footprint. All variants
reuse a sparse KNN graph and avoid dense
O(n?) similarities. ~ Conditioned on a pre-
computed Keeq-NN  structure, V1 and
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Figure 2: CIFAR-10: test accuracy vs. budget
(ResNetb0 features), mean over R = 10 runs
with 95% CI.

V1+DensityMix run in O(nK + nlogk)
time and O(n) extra memory, while SoftCCS
adds an O(nlogn) stratification step. Overall
memory is dominated by representation storage
O(nd) and sparse neighborhoods O(nKpeed),

matching GAIT’s low-overhead contract.

6. Experiments

The experimental study evaluates the proposed
training-free, one-shot selection family under
two complementary objectives: (i) quantify the
utility—budget trade-off on representative super-
vised benchmarks under GAIT-compliant con-
straints, and (ii) measure the energy savings
achieved by data-centric training reduction on
an end-to-end pipeline. We report some of the
main results obtained during the experimental
campaign.

Experimental setting. Selection is per-
formed in a shared representation space ex-
tracted from a frozen ImageNet backbone
(ResNet50 and VGG16), standardized and re-
duced via PCA (90% explained variance).
Downstream utility is measured by training
a fixed-capacity MLP head with early stop-
ping on a held-out validation split; all non-
selection hyperparameters are held constant
across methods. All compared selectors satisfy
the same comparability contract: training-free,
one-shot, and memory-safe (sparse kNN graph,
no dense O(n?) kernels). Baselines are Ran-
dom sampling, Facility Location, and Sub-
ZeroCore [10]. Results are reported as mean =+
95% CI over R = 10 repetitions.

UTKFace — Test MAE vs budg

budget

Figure 3: UTKFace (ResNet50): test MAE vs.
budget, mean over R = 10 runs with 95% CI.

Feature-Space Utility Results

Regime-level interpretation. Results
across both tasks reveal three consistent
regimes. At extreme scarcity (b < 0.05),
behavior is dataset-dependent: on CIFAR-10
random sampling is hardest to beat [4], while
on CIFAR-100 coverage-oriented methods (Sub-
ZeroCore) lead because preserving geometric
support across 100 classes is critical at very
small subset sizes [17]; UTKFace already shows
advantages for calibrated variants even at low
budgets, consistent with a continuous regression
target providing a more stable hardness signal.
In the transition regime (b ~ 0.10), lightweight
calibration (SoftCCS or mild DensityMix) pro-
vides its largest relative benefit by mitigating
over-concentration of the hardness prior. From
moderate budgets (b > 0.20) onward, the V1
family is consistently at or near the top across
all benchmarks and backbones: the supervised
hardness signal becomes the dominant driver
once the subset retains broad representational
support. The advantage is most pronounced on
UTKFace, where geometry-only coverage ob-
jectives are poorly aligned with the continuous
regression target (V1 HardnessOnly: MAE 9.04
at =0.30 vs. 10.13 for Facility Location and
11.69 for SubZeroCore).

Energy Trade-off: End-to-End Results

Feature-space results measure predictive util-
ity, but GAIT’s primary motivation is reduc-
ing training cost. We complement the utility
analysis with a dedicated CIFAR-10 end-to-end
study: each method selects a subset at budget b,
a ResNeth0 is trained from scratch for a fixed
horizon, and training-stage energy is measured



Table 2: CIFAR-10 (ResNet50) test accuracy (%) as mean £ 95% CI over R = 10 repetitions. Best
per budget in bold. DensityMix uses v=0.7,17=0.9. SoftCCS uses A\=0.3.

Budget
1% 179.21+0.62 72.2540.75 74.951+0.83
3% 84.17+0.65 80.09+0.55 80.98+0.51
5% 86.111+0.44 82.651+0.27 83.38+0.36
10% 87.86+0.30 85.20+0.25 85.77+0.27
20% 89.16+0.16 87.77+0.25 87.17+0.25
30% 89.78+0.22 89.4440.18 87.91+0.20
50% 90.4440.21 90.2940.18 90.23+0.28

Random FacilityLocation SubZeroCore V1 [hardness-only] V1+4SoftCCS V1+DensityMix

74.94£1.17 77.43£0.64 76.69£1.25
83.021+0.37 83.631+0.46 83.84+0.31
85.84+0.27 85.88+0.43 85.78+0.38
88.07+0.15 88.1140.38 88.17+0.16
89.69+0.33 89.49+0.09 89.514+0.23
90.22+0.33 90.1840.15 90.1440.24
90.87+0.26 90.76+0.07 90.73+0.26

Table 3: UTKFace (ResNet50) test MAE (years; lower is better) as mean + 95% CI over R = 10
repetitions. Best (lowest) per budget in bold. DensityMix uses v=0.7,7=0.9. SoftCCS uses A=0.3.

Budget Random FacilityLocation SubZeroCore V1 [hardness-only] V1+SoftCCS V14DensityMix

1% 30.78+0.70 31.274+0.81 31.334+0.63
3% 27.79+0.99 28.984+0.99 29.36+0.85
5% 25.28+0.96 27.41+0.96 27.67£0.70
10% 17.024+0.97 20.63+1.04 21.324+0.45
20% 11.24+0.36 13.75£0.19 14.54+0.34
30% 9.54+0.71 10.13+0.26 11.69+0.39
50% 8.1910.24 8.2240.24 8.29£0.39

Performance degradation vs Energy saved (CIFAR-10 end-to-end)
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Figure 4: Performance degradation (% relative
to FULL) vs. energy saved (% relative to FULL)
for all methods and budgets, CIFAR-10 end-to-
end (ResNet50 from scratch). Points closer to
the bottom-left are more favorable. Budget lev-
els are annotated.

via CodeCarbon. At fixed budget, training en-
ergy is approximately method-invariant (deter-
mined by subset size and training recipe), so
method comparisons focus on the performance
column while energy is interpreted as a function
of budget.

Pareto trade-off. Figure 4 shows the
performance—energy Pareto plot. The trade-off
curve is strongly convex: moving from 5=0.50
to b=0.20 yields large additional energy savings
(~16% — ~52%) at a moderate performance
cost (4% — ~11%), while pushing to b=0.10

30.84+1.22 30.8040.49 30.74+0.77
27.76+0.93 27.70+£0.48 27.75+0.97
25.31£0.91 25.11£0.72 25.194+1.05
16.77£1.38 16.77+0.90 16.76+1.06
10.91+0.07 10.96£0.03 10.86+0.23
9.04+0.09 9.16£0.17 9.14+0.13

7.88+0.30 7.98£0.17 7.88+0.37

and below increases degradation steeply for
diminishing energy returns. At the most action-
able operating point 56=0.20, V1 HardnessOnly
incurs —10.35% degradation at 52% energy
savings. Since training energy is approximately
method-invariant at fixed budget, the ratio is
most informative as a cross-budget summary.
At b=0.20, V1 HardnessOnly reaches 0.200
pp/% energy saved (vs. 0.274 for SubZeroCore
and 0.353 for Facility Location); at b=0.30,
V1+8SoftCCS achieves the best ratio over-
all (0.178). Together, these results identify
b € [0.20,0.30] as the practically relevant op-
erating range: substantial energy savings with
contained performance cost. The evaluation
grid also covers extreme pruning rates (b < 0.05)
to characterize selection failure modes, but the
practical relevance of those regimes depends on
application-specific accuracy requirements that
are outside the scope of this work.

7. Conclusions and Future

Work

This thesis addresses the problem of reducing
the computational footprint of supervised train-
ing without modifying the downstream architec-
ture or requiring invasive access to training dy-
namics. The answer is organized around two
complementary contributions that together form
an integrated system.

GALIT provides the framework layer: a selector-



agnostic, modular pipeline that makes training
time and energy comparable across candidate
subsets through hardware-calibrated profiling,
baseline-referenced A-estimates, and conserva-
tive distributional risk signals. Its key architec-
tural property - decoupling cost accountability
from the choice of selector - makes it applica-
ble to any training-free, one-shot method that
respects the operating constraints, and ensures
that cost-aware decisions are reproducible and
auditable across training cycles.

The proposed selection method provides a
competitive selector within the GAIT regime:
a target-driven hardness prior built from local
neighborhoods in a fixed representation space,
with optional geometry-only regularizers for ro-
bustness at aggressive pruning, and one-shot
subset construction via weighted sampling with-
out replacement. Experimental results across
CIFAR-10, CIFAR-100, and UTKFace show
that the V1 family is consistently at or near the
top from b > 0.20 onward, where the supervised
hardness signal becomes the dominant driver
of utility. End-to-end energy measurements on
CIFAR-10 confirm the practical value of the ap-
proach: at b=0.20, V1 HardnessOnly achieves
~52% energy savings with only ~10.35% per-
formance degradation. Interpreting the ratio
(—Aperf)/AE as a cross-budget efficiency sum-
mary, V1 HardnessOnly reaches 0.200 pp/% at
b=0.20 and V1+SoftCCS achieves the best ra-
tio overall (0.178) at b=0.30, confirming that
the supervised hardness signal translates into
a more favourable efficiency profile across the
production-relevant range. The practically rele-
vant operating range, where energy savings are
substantial and performance cost remains con-
tained, is b € [0.20, 0.30].

Open questions and future directions.
Three directions follow naturally from the cur-
rent work. The most immediate extension is
moving beyond stationarity: in non-stationary
retraining settings where covariate shift or con-
cept drift occur, subset selection must be cou-
pled with explicit monitoring and trigger poli-
cies, and cost reporting must extend over a hori-
zon of repeated retrains to account for cumula-
tive time/energy/emissions [3]. A second direc-
tion concerns the selection policy itself: the cur-
rent method is a single selector, but production

systems often require a policy family adapted
per context - drift type, labeling availability, re-
liability constraints - including continual or on-
line settings where subsets must be maintained
incrementally over streaming data. Finally, ex-
tending GAIT to multi-modal tasks (text, time
series, audio, fused inputs) requires modality-
compatible representations and selection inter-
faces so the same workflow - subset specification,
cost deltas, conservative risk - remains applica-
ble beyond image and tabular data.
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