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Abstract

The machine learning (ML) component of an ML-enabled system

evolves through retraining, fine-tuning, and optimization, so previ-

ously valid test results may no longer hold. A single evolution step

can worsen performance on some test cases while improving oth-

ers, making regression test prioritization inherently directional. We

present Gradient-based Behavior Vector-Parameter Delta (GBV-PD),

the first approach to operationalize the behavior vector space for

evolution-aware regression test prioritization. GBV-PD represents

each test case as a gradient-based vector (GBV), a low-dimensional

projection of its loss gradient under the original model. It then

projects the observed parameter update of the evolved model onto

the same PCA basis and uses the resulting alignment to estimate

whether each test case’s loss is likely to increase or decrease, with-

out running the evolved model on test cases during prioritization.

In an empirical study across classification and regression tasks,

GBV-PD consistently outperformed non-directional baselines and

remained competitive with a full-gradient reference, while offering

better time and storage profiles for repeated updates via reusable

GBV caching. These results show that behavior-space ideas can

be operationalized into a practical and efficient mechanism for

repeated-update regression-test prioritization of evolving ML com-

ponents within ML-enabled systems.

CCS Concepts

· Software and its engineering→ Software testing and debug-

ging; Software evolution; Maintaining software; · Computing

methodologies→ Machine learning.
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1 Introduction

Many software systems are becoming ML-enabled, with their core

functionality depending onmachine learning (ML) components [21].

This shift changes not only how such systems are built, but also

how they should be tested [33]. In conventional software, behavior

changes are usually tied to explicit code modifications, allowing

regression testing to focus on test cases relevant to those modifica-

tions. In ML-enabled systems, however, behavior can change even

when the architecture remains fixed, because model parameters

may evolve through retraining, fine-tuning, optimization, or the

incorporation of additional data [3]. Such evolution can alter the

model’s decision boundaries in ways that are not directly visible

in the code, making it difficult to determine whether previously

reliable test results still hold.

This challenge becomes especially important during mainte-

nance. Under limited testing budgets, practitioners therefore face a

familiar but challenging question: łWhich tests should be rerun first

after updating ML components?ž This is a well-known regression

testing problem, but one complicated by the fact that the relevant

behavioral changes are driven by parameter changes rather than ex-

plicit program edits [21, 32]. After ML model evolution, the evolved

model may behave worse on some test cases and better on others,

but these changes are not known in advance [3, 22]. An effective

test prioritization approach must therefore account for the łdirec-

tionž of the evolutionśhow the parameter updatesśto distinguish

regressions from improvements.

Existing approaches only partially address this issue. Black-box

testing [34], which relies only on inputs and outputs, provides

limited insight into how the model has changed internally. Meth-

ods based on internal signals, such as neuron coverage [25] and

surprise adequacy [15], capture aspects of model responses. Still,

they are not designed to prioritize tests based on the model evolu-

tion. Some also require executing the evolved model on a large test

set, which becomes costly when updates are frequent in modern

MLOps pipelines [16, 26], including parameter-efficient fine-tuning

workflows such as LoRA [13].

To directly account for evolution, we formulate regression test

prioritization as a directional ranking problem in a shared vec-

tor space, prioritizing test cases based on the alignment between

each test-case vector and the observed parameter update Δ𝜃 as a

vector. We represent each test case as a Gradient-based Behavior

Vector (GBV), a low-dimensional vector derived from the gradient

of the loss with respect to the original model parameters. These
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vectors form a Behavior Vector Space (BVS), in which test cases

are positioned not by surface-level input features but by their be-

havioral sensitivity to model changes [7]. Our key insight is that

when a model’s parameters change, the resulting shift in loss for a

specific test case can be approximated by the inner product of the

test case’s GBV and the parameter update vector. This allows us

to infer model behavior from the łdirectionž of the updateśthat is,

whether a given parameter shift is likely to increase or decrease

the loss for a specific test caseświthout execution of the evolved

model.

We operationalize this idea into a novel method for regression

test prioritization: GBV-Parameter-Delta (GBV-PD). Our method

precomputes the gradients for individual test cases once on the

original model and compresses them into GBVs using Principal

Component Analysis (PCA). For any subsequent model update

within the same architecture, it simply computes the parameter

delta (which is much cheaper than running the updated model on all

test cases) and projects it onto the same PCA basis. The alignment

between a test case’s GBV and this projected update vector provides

a lightweight estimate of performance shifts. By combining this

directional estimate with the original loss, GBV-PD effectively pri-

oritizes test cases so regressions can be detected earlier than might

otherwise be possible. To the best of our knowledge, this is the first

method to leverage BVS for efficient regression-test prioritization

without executing the evolved model on the test suite in iterative

ML development.

The main contributions of this paper are as follows.

- A novel formulation of post-update regression test prioritization

for evolving ML components as a directional ranking problem,

which explicitly considers the łdirectionž of model updates to

distinguish regressions from improvements.

- A novel prioritization method, GBV-PD, that operationalizes BVS

for iterative ML development for the first time by projecting

model parameter updates onto reusable GBVs, thereby enabling

test prioritization without running the evolved model on test

cases.

- An empirical evaluation across image classification and behavior-

cloning tasks, with a replication package [8], demonstrating that

GBV-PD consistently outperforms non-directional baselines, re-

mains competitive with a full-gradient directional reference, and

offers a more favorable time and storage profile under repeated

updates.

2 Problem Definition

Evolution-Aware Regression Test Prioritization. We consider ML-

enabled systems in which the core ML component evolves through

parameter updates that preserve the architecture. Let 𝑓𝜃 denote

the original model and 𝑓𝜃+Δ𝜃 the updated model. Let 𝑇 = {𝑡𝑖 }
𝑛
𝑖=1 =

{(𝑥𝑖 , 𝑦𝑖 )}
𝑛
𝑖=1 be a test set, where each test case 𝑡𝑖 consists of an input

𝑥𝑖 and its expected class label or target value 𝑦𝑖 . The output of

the prioritization procedure is a full ranking 𝜋 = (𝜋1, . . . , 𝜋𝑛) over

the tests, where 𝜋 𝑗 is the 𝑗-th test case to execute. Under a limited

testing budget that permits the execution of only 𝑘 ≤ 𝑛 test cases,

practitioners run the sequence of test cases 𝑆𝑘 = (𝑡𝜋1 , . . . , 𝑡𝜋𝑘 ) based

on the top-𝑘 prefix of ranking. The goal is therefore to construct a

ranking whose early prefix exposes as many relevant post-evolution

behavior changes as possible.

Regression and Improvement. After model evolution, the updated

model may fail on some test cases that the original model handled

correctly, and may handle correctly some test cases on which the

original model previously failed. We refer to these as regression (R)

and improvement (I) cases, respectively. For classification, let

𝑐𝜃 (𝑥,𝑦) = 1[argmax 𝑓𝜃 (𝑥) = 𝑦],

where 1[·] is the indicator function, which returns 1 when its ar-

gument is true and 0 otherwise. We assume that the output 𝑓𝜃 (𝑥)

of a classification model is not the class label itself, but a vector of

class-wise scores or probabilities. For each test 𝑡𝑖 = (𝑥𝑖 , 𝑦𝑖 ):

𝑡𝑖 ∈ R ⇐⇒ 𝑐𝜃 (𝑥𝑖 , 𝑦𝑖 ) = 1 ∧ 𝑐𝜃+Δ𝜃 (𝑥𝑖 , 𝑦𝑖 ) = 0,

𝑡𝑖 ∈ I ⇐⇒ 𝑐𝜃 (𝑥𝑖 , 𝑦𝑖 ) = 0 ∧ 𝑐𝜃+Δ𝜃 (𝑥𝑖 , 𝑦𝑖 ) = 1.

For regression tasks, let 𝑒𝜃 (𝑥,𝑦) be a task-specific error function

and 𝜏task > 0 a threshold for meaningful change:

𝑡𝑖 ∈ R ⇐⇒ 𝑒𝜃+Δ𝜃 (𝑥𝑖 , 𝑦𝑖 ) − 𝑒𝜃 (𝑥𝑖 , 𝑦𝑖 ) > 𝜏task,

𝑡𝑖 ∈ I ⇐⇒ 𝑒𝜃 (𝑥𝑖 , 𝑦𝑖 ) − 𝑒𝜃+Δ𝜃 (𝑥𝑖 , 𝑦𝑖 ) > 𝜏task .

These definitions capturemeaningful behavior changes of themodel

on a test case rather than small numerical fluctuations. The concrete

error functions and thresholds are specified per task in Section 4.1.

The resulting labels are available only after evaluation and cannot

be used during prioritization.

Objective. The objective of this work is regression-oriented prior-

itization: rank tests so that members ofR appear as early as possible.

Although practitioners typically focus on potential regressions, we

also consider improvement-oriented prioritization as a complemen-

tary view, since it is not known in advance which test cases the

updated model will perform better or worse on. For a given budget

𝑘 , the ideal rankings are

𝜋 reg
= argmax

𝜋

𝑘∑︁

𝑗=1

1[𝑡𝜋 𝑗 ∈ R], 𝜋 imp
= argmax

𝜋

𝑘∑︁

𝑗=1

1[𝑡𝜋 𝑗 ∈ I] .

Because R and I are unknown at prioritization time, we seek to

approximate these rankings using only the original model and the

parameter update, without evaluating the updated model on any

test cases.

Assumptions. We assume that (1) the original and evolved models

share the same architecture with aligned parameters, as in retrain-

ing or fine-tuning; (2) each test case has a ground-truth label or

target value, allowing both task-loss computation and post-hoc

evaluation; (3) a differentiable task loss L(𝑓𝜃 (𝑥), 𝑦), such as cross-

entropy for classification or a regression loss for continuous outputs,

and its gradient are available for the original model; and (4) the pa-

rameter update Δ𝜃 is small enough that a first-order approximation

preserves the relative ordering of update effects across tests.

Design Requirements. The repeated-update scenario above im-

poses practical requirements on an effective prioritization method.

- Update Sensitivity: it should be sensitive to Δ𝜃 and reflect how

the current parameter update affects each test case, not only how

difficult that case was for the original model.

- Compactness: because per-test learning signals, such as gradients,

are high-dimensional, the method should compress them into

reusable representations.
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- Efficiency: expensive offline computations performed once on the

original model should be reusable across future updates, so that

each new update requires only lightweight online scoring.

- Automation: scoring and ranking should rely solely on artifacts

available at prioritization timeśi.e., the original model, cached

artifacts, and the observed updateświthout manual intervention

or ad-hoc rules specific to updates.

These requirements motivate our gradient-based behavior rep-

resentation and parameter-delta projection method, described in

the next section.

3 Gradient-based Behavior Vector-Parameter
Delta

Figure 1 illustrates our gradient-based operationalization of BVS for

evolution-aware test prioritization. The method addresses the de-

sign requirements by representing each test case compactly, reusing

cached offline computation, and remaining sensitive to the current

parameter update. Each test case is represented as a vector in a

compact behavior subspace derived from its per-test gradient under

the original model.

The key idea is to express the current model update in that same

subspace. Because per-test gradients and parameter updates both

lie in the target-layer parameter space, they can be compared in a

shared coordinate system. Once both are written in the same PCA

coordinates, their inner product provides a compact approximation

of how the update is likely to change each test case’s loss.

Prioritization, therefore, becomes directional: alignment with

the update suggests a loss increase, whereas opposite alignment

suggests a loss decrease. In practice, we operate on a target layer

set 𝐾 rather than all parameters; accordingly, 𝑔𝜃 (𝑥) and Δ𝜃 denote

flattened quantities over 𝜃 [𝐾].

3.1 Gradient-Based Operationalization of
Behavior Vector Space

For a test case 𝑡 = (𝑥,𝑦) under the original model 𝑓𝜃 , we define the

loss ℓ𝜃 and gradient 𝑔𝜃 for a test input 𝑥 as

ℓ𝜃 (𝑥) = L(𝑓𝜃 (𝑥), 𝑦), 𝑔𝜃 (𝑥) = ∇𝜃 [𝐾 ]L(𝑓𝜃 (𝑥), 𝑦) . (1)

Here, ℓ𝜃 (𝑥) is the task-specific differentiable loss used to derive

gradients. Because 𝑔𝜃 (𝑥) is high-dimensional, directly storing one

gradient per test case is expensive. We therefore learn a PCA basis

from per-test gradients computed on a sampled subset of training

data under the original model and project each gradient into a

low-dimensional subspace.

Let 𝜇𝜃 be the mean gradient and 𝐵𝜃 ∈ R
𝑑𝐾 ×𝑚 the PCA basis with

𝑚 ≪ 𝑑𝐾 . We define the GBV as

𝑣𝜃 (𝑥) = 𝐵
⊤
𝜃 (𝑔𝜃 (𝑥) − 𝜇𝜃 ) . (2)

The resulting GBV is a compact representation of how the loss of

test case 𝑥 locally responds to parameter perturbations in the target

layer set. Caching GBVs once allows the same test representations

to be reused across repeated updates. The choice of target layer,

PCA dimension𝑚, and PCA sampling size trades off fidelity against

cost; we study this trade-off in Section 4.5.

3.2 Parameter Delta Projection

3.2.1 Project Parameter Update into Basis. A GBV stores each test

case in PCA coordinates, whereas model evolution is observed as

the parameter update Δ𝜃 in the original parameter space. To relate

a cached GBV to the current update, we must express the update

in the same coordinates; otherwise, the GBV and the update are

not directly comparable. To use GBVs rather than full gradients, we

project the evolution onto the same PCA basis used for GBV:

𝑧 = 𝐵⊤𝜃 Δ𝜃 . (3)

3.2.2 Compute Projected Delta Loss. Then, our goal is to estimate

the post-evolution loss change Δℓ𝜃 (𝑥) using GBV and parameter

updates in GBV space 𝑧. Let us express Δℓ𝜃 (𝑥) as a function of GBV

and 𝑧. First, let the post-evolution loss change for test input 𝑥 be

Δℓ𝜃 (𝑥) = L(𝑓𝜃+Δ𝜃 (𝑥), 𝑦) − L(𝑓𝜃 (𝑥), 𝑦) .

Treating L(𝑓𝜃 (𝑥), 𝑦) as a function of 𝜃 , a first-order Taylor ex-

pansion at 𝜃 [4] gives

L(𝑓𝜃+Δ𝜃 (𝑥), 𝑦) ≈ L(𝑓𝜃 (𝑥), 𝑦) + 𝑔𝜃 (𝑥)
⊤
Δ𝜃,

and therefore

Δℓ𝜃 (𝑥) ≈ 𝑔𝜃 (𝑥)
⊤
Δ𝜃 .

The post-evolution loss change Δℓ𝜃 (𝑥) is thus estimated by the

inner product between the gradient and the evolution. We decom-

pose the centered gradient into its PCA-subspace component and

residual:

𝑔𝜃 (𝑥) − 𝜇𝜃 = 𝐵𝜃𝑣𝜃 (𝑥) + 𝑟𝜃 (𝑥) .

Substituting this decomposition by GBV, and 𝑧, we obtain

𝑔𝜃 (𝑥)
⊤
Δ𝜃 = 𝜇⊤𝜃 Δ𝜃 + 𝑣𝜃 (𝑥)

⊤𝑧 + 𝑟𝜃 (𝑥)
⊤ (𝐼 − 𝐵𝜃𝐵

⊤
𝜃 )Δ𝜃 .

Since 𝜇⊤
𝜃
Δ𝜃 is constant across tests, it does not affect ranking.

Ignoring the residual term for relative prioritization, we define the

projected delta loss for each test 𝑡𝑖 = (𝑥𝑖 , 𝑦𝑖 ) as

𝑝𝑖 ≡ 𝑝Δ𝜃 (𝑥𝑖 ) = 𝑣𝜃 (𝑥𝑖 )
⊤𝑧. (4)

This quantity is large when the current update points in a similar

direction to the test case’s gradient response in GBV space, and

small or negative when it points in the opposite direction. Accord-

ingly, 𝑝𝑖 is interpreted as a relative directional ranking score. Larger

values indicate that the update is predicted to increase the test loss

moreÐor decrease it lessÐthan for other tests, whereas smaller

values indicate the opposite.

3.2.3 Projection Error of Delta Loss. The accuracy of this proxy

depends on two approximations. First, the Taylor approximation

is more accurate when the loss surface is smooth near 𝜃 and the

update magnitude is small. If the Hessian spectral norm, which

represents the curvature of the loss along the path from 𝜃 to 𝜃 +Δ𝜃

is bounded by a constant 𝛽 , then the first-order approximation error

𝜖taylor (𝑥) satisfies [23]

|𝜖taylor (𝑥) | ≤
𝛽

2
| |Δ𝜃 | |22 .

Second, the projection step is more accurate when the PCA

subspace captures most of the relevant gradient and update mass.

The projection error 𝜖projection (𝑥) satisfies

|𝜖projection (𝑥) | ≤ | | (𝐼 − 𝐵𝜃𝐵
⊤
𝜃 ) (𝑔𝜃 (𝑥) − 𝜇𝜃 ) | |2 · | | (𝐼 − 𝐵𝜃𝐵

⊤
𝜃 )Δ𝜃 | |2 .

476



ASE ’26, October 12ś16, 2026, Munich, Germany Cho et al.

Figure 1: Overall workflow of GBV-PD. Offline, we compute per-test losses and gradients on the original model, learn a PCA

basis, and cache GBVs. For each update, we express the parameter update in the same PCA coordinate system as the cached

GBVs, use their inner products to estimate per-test projected delta loss, and rank tests for prioritization based on regression- or

improvement-oriented criteria.

Algorithm 1: GBV-Parameter-Delta (GBV-PD) for evolution-

aware regression test prioritization

Input :Original model parameters 𝜃 ;
Evolved model parameters 𝜃 ′;
GBV basis 𝐵𝜃 ; Test GBVs𝑉𝜃 = {𝑣𝜃 (𝑥𝑖 ) }

𝑛
𝑖=1;

Original losses ℓ𝜃 = {ℓ𝜃 (𝑥𝑖 ) }
𝑛
𝑖=1;

Mode𝑚𝑜𝑑𝑒 ∈ {reg, imp}; Weight 𝛼
Output :Prioritized ranking 𝜋

1 K ← GetTargetParameterKeys(𝜃, 𝜃 ′ )

2 Δ𝜃 ← Flatten(𝜃 ′ [K] − 𝜃 [K])

3 𝑧 ← 𝐵⊤
𝜃
Δ𝜃

4 for 𝑖 ← 1 to 𝑛 do
5 𝑝𝑖 ← 𝑣𝜃 (𝑥𝑖 )

⊤𝑧

6 𝑟 (ℓ ) ← RankNormalizeDescending(ℓ𝜃 )

7 𝑟 (+) ← RankNormalizeDescending(𝑝 )

8 𝑟 (−) ← RankNormalizeDescending(−𝑝 )

9 if𝑚𝑜𝑑𝑒 = reg then

10 𝑠 ← 𝑟 (ℓ ) + 𝛼 𝑟 (+)

11 else

12 𝑠 ← 𝑟 (ℓ ) + 𝛼 𝑟 (−)

13 𝜋 ← ArgsortDescending(𝑠 )

14 return 𝜋

These bounds are used only to justify relative ranking, not to pre-

dict exact post-update loss. When the update is not too large and

the PCA subspace is faithful, 𝑝𝑖 preserves the relative directional

differences needed for prioritization.

3.3 GBVśParameter-Delta Prioritization

We combine the original loss with the projected delta loss to rank

test cases. Algorithm 1 presents the GBV-Parameter-Delta (GBV-

PD) procedure. Given cached GBVs 𝑉𝜃 , original losses ℓ𝜃 , and the

PCA basis, we first extract the target-layer parameter delta and

project it into GBV space, producing 𝑧 = 𝐵⊤
𝜃
Δ𝜃 (lines 1ś3). For each

test case 𝑡𝑖 = (𝑥𝑖 , 𝑦𝑖 ), we then compute the projected delta loss

𝑝𝑖 = 𝑣𝜃 (𝑥𝑖 )
⊤𝑧 (lines 4ś5).

The original loss and the projected delta loss play different roles.

ℓ𝜃 (𝑥𝑖 ) reflects how the original model already handles test case 𝑡𝑖 ,

whereas 𝑝𝑖 reflects how the update is likely to move that behavior.

We rank-normalize these signals so that they can be combined

despite their different scales and distributions. For regression- or

improvement-oriented prioritization, larger projected increases or

decreases in loss should receive higher priority. Accordingly, 𝑟
(+)
𝑖

and 𝑟
(−)
𝑖 are the descending rank of 𝑝𝑖 and−𝑝𝑖 , respectively (lines 6ś

8). The parameter 𝛼 controls how strongly the current update direc-

tion influences the final ranking relative to the original loss (lines 9ś

12).

GBV-PD outputs a full ranking 𝜋 (lines 13ś14); under a budget

𝑘 , practitioners execute its top-𝑘 prefix. During prioritization, the

procedure uses only cached GBVs, cached losses, and the current

parameter delta. This approach does not require evaluating the

updated model on any test cases.

3.4 Computational Cost

GBV-PD separates one-time offline costs from per-update online

costs. Offline, we compute per-test losses and gradients, learn the

PCA basis, and cache ℓ𝜃 , 𝑉𝜃 , and 𝐵𝜃 . Online, given an update, we

form Δ𝜃 , compute 𝑧 = 𝐵⊤
𝜃
Δ𝜃 , evaluate 𝑝𝑖 = 𝑣𝜃 (𝑥𝑖 )

⊤𝑧 for all tests,

and sort the resulting scores.

Let𝑛 denote the number of tests,𝑑𝐾 the gradient dimension of the

target layer, and𝑚 the GBV dimension. The dominant online costs

are 𝑂 (𝑑𝐾 ) to extract Δ𝜃 , 𝑂 (𝑚𝑑𝐾 ) to compute 𝑧, 𝑂 (𝑛𝑚) to score all

tests, and𝑂 (𝑛 log𝑛) to rank them. Storage is𝑂 (𝑛𝑚+𝑚𝑑𝐾 ) for GBV

caching, compared with 𝑂 (𝑛𝑑𝐾 ) for full-gradient caching. Since

𝑚 ≪ 𝑑𝐾 in typical settings, the cache is substantially smaller.
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Table 1: Experiment settings used in the evaluation. Rows

report the evolution types, GBV configurations, and numbers

of models/configurations for each taskśdatasetśarchitecture

setting.

Task Image Classification
Behavior

Cloning

Dataset CIFAR100
Udacity

Jungle

Architecture ViT-Tiny ResNet18 LeNet5

Evolution Global, Class-specific Global

GBV Dim 64, 128, 256 128, 256, 512 32, 64, 128 16, 32, 64

Gradient

Layer
d abcd, d

# Original

Models
50 50 50 50

# Evolution /

Model
3 3 3 1

# GBV

Configs
12 12 24 24

4 Evaluation

We evaluate GBV-PD along four dimensions:

RQ1 Validity. How well does the GBV-based projected signal

approximate the ranking of update-induced loss changes?

RQ2 Effectiveness. How effectively does GBV-PD place regres-

sion and improvement cases near the head of the ranking,

compared with representative baselines?

RQ3 Efficiency. How practical is GBV-PD’s cost structure in repeated-

update settings?

RQ4 Robustness. How robust is GBV-PD to changes in behavior

vector construction and scoring choices?

GBV-PD’s ranking is built from a projected loss-change signal.

We check whether that signal is a reasonable proxy for the actual

update-induced loss change in RQ1. RQ2 is the primary practical

question: whether the ranking helps post-update testing by priori-

tizing regression and improvement cases early under budget. RQ3

and RQ4 then assess whether the method is deployable and stable

in the repeated-update setting from Section 2.

4.1 Experiment Setup

4.1.1 Tasks, Datasets, and Model Architectures. We evaluate two

tasks: image classification (IC) on the CIFAR-100 [17] and behavior

cloning (BC) on the Udacity Jungle dataset [28], released as part of

Udacity’s behavior cloning project [30]. We chose two complemen-

tary supervised tasks with different prediction targets: classification

for IC and continuous regression for BC. Together, these tasks let

us assess whether the method remains useful beyond classifica-

tion while staying in a label-available, same-architecture setting.

Because the Udacity dataset has no predefined split, we use the

first 80% of instances for training and the last 20% for testing by

index. For behavior cloning, we treat changes in prediction with an

absolute magnitude of at most 10−5 as unchanged to avoid counting

numerically negligible differences as regressions or improvements.

For IC, we evaluate LeNet5 [19], ResNet18 [12], and ViT-Tiny [10];

for BC, we use LeNet5.

4.1.2 Target Models. For each setting, we construct 50 original

models by varying the random seed (42ś46), training epoch (0, 25,

50, 100), and, for nonzero epochs, learning rate (5 × 10−3, 10−3,

5 × 10−4). All models are trained with AdamW on the full training

set without data augmentation. We consider two evolution types.

A global update trains the model for one additional epoch on the

full training set with a learning rate of 10−5. A class-specific update,

used only for CIFAR100, trains for one additional epoch with a

learning rate of 10−4 on data from a single superclass (vehicle_1

or large_carnivores), letting us study both global and localized

behavior changes. For behavior cloning, we use only the global up-

date. These updates are deliberately mild and structure-preserving:

they reflect maintenance-style retraining or fine-tuning while still

producing mixed regression and improvement cases. This is the

kind of evolution targeted by the first-order approximation used

by GBV-PD.

4.1.3 Testing Configurations. Table 1 lists the GBV dimensions

and gradient-layer settings. Here, d uses only the final fully con-

nected layer, whereas abcd uses one layer each from the top, middle,

bottom, and final fully connected layers. PCA-basis construction

combines two initial-sample choices with two sample sizes, yielding

four sampling settings. Unless otherwise noted, we evaluate bud-

gets 𝑘 ∈ {10, 20, 50, 100, 200, 500} and use 𝛼 ∈ {1, 2, 3} for GBV-PD

and Grad-PD; RQ4 additionally considers 𝛼 ∈ {0, 0.5}.

4.1.4 Baselines. Few published methods target exactly the same

goal as we doÐpost-update prioritization for repeated same-archite-

cture updatesÐso we compare against three baseline families. Ran-

dom and Loss-only are simple non-directional references.Neuron

Coverage (NC) [25], SurpriseAdequacy (SA) [15], andTDPR [27]

are stronger model-aware ranking heuristics, but none use the cur-

rent parameter update; they therefore test whether generic diffi-

culty, internal-response, or training-dynamics signals are sufficient.

MetaSel (MS) [1] is the closest prior method for evolving models,

but it was proposed for test selection rather than ranking. To com-

pare it fairly with GBV-PD’s prioritization output, we convert its

per-test score into a ranking and evaluate its top-𝑘 prefixes under

the same budgets and paired statistical protocol. Finally, Grad-

PD is a directional full-information reference that uses the same

parameter-delta idea without GBV compression. This comparison

isolates the value of explicit update-direction modeling, and then

the additional value of compression. Because MS and TDPR are de-

fined only for classification tasks, we evaluate them only on image

classification tasks.

4.1.5 Reproducibility and Additional Results. We implement the

approach in Python 3.13 with PyTorch and CUDA and run exper-

iments on Ubuntu 22.04 with an Intel Xeon Gold 4215R, 128 GB

RAM, and an NVIDIA RTX A5000. All results are reproducible with

the accompanying replication kit [8], which also contains omitted

figures and full results.

4.2 RQ1. Validity

RQ1 is a prerequisite validity check on the ranking signal used by

GBV-PD. For each test case 𝑡𝑖 = (𝑥𝑖 , 𝑦𝑖 ), we compute the actual

post-update loss change Δℓ𝜃 (𝑥𝑖 ) and the projected signal 𝑝𝑖 , then

measure their Spearman rank correlation.
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To study sensitivity to update magnitude, we also evaluate scaled

updates 𝜆Δ𝜃 for 𝜆 ∈ {1, 2, 5, 10, 20}. Here, 𝜆 = 1 corresponds to the

actual maintenance-style updates used in the rest of the evaluation.

In contrast, larger 𝜆 values are diagnostic stress tests that progres-

sively move the update away from the local regime assumed by the

first-order approximation.

Figure 2: Spearman rank correlations across scaled update

magnitudes 𝜆 for a representative subject, IC (LeNet5). The

GBV-vs.-gradient correlation stays nearly flat, whereas both

projected signals lose correlation with the true loss change

as the update grows.

Figure 2 shows a representative result; full subject-wise plots are

included in the replication kit. At 𝜆 = 1, the GBV projection remains

strongly correlated with the true Δℓ𝜃 (about 0.74), indicating that

the compressed representation still captures which tests are most

affected by the update. As 𝜆 increases, both the full-gradient and

GBV projections become less correlated with the true loss change.

The GBV-vs.-gradient curve stays nearly flat across 𝜆, indicating

that PCA compression itself is stable across update magnitudes.

By contrast, both projected signals lose correlation with the true

Δℓ𝜃 as 𝜆 increases, consistent with 𝜖taylor: as the evolution grows,

the first-order expansion becomes less faithful. This pattern is also

consistent with 𝜖projection: themain degradation comes from the first-

order expansion rather than from instability in the compression.

In response to RQ1, the GBV-based projected signal is a

useful proxy for ranking test cases by post-update loss

change. It tracks much of the full-gradient directional sig-

nal in a low-dimensional space, and its validity is strongest

in the low-magnitude evolution targeted by this paper.

This result supports the claim that GBV-PD meets Update

Sensitivity requirement.

4.3 RQ2. Effectiveness

RQ2 asks how effective GBV-PD is for prioritization. For mode

𝑚 ∈ {reg, imp}, let 𝑀𝑚 be the corresponding target set, and let

𝑆𝑘 = (𝑡𝜋1 , . . . , 𝑡𝜋𝑘 ) denote the top-𝑘 prefix of a method’s ranking

𝜋 . We report Precision@k, Recall@k, and nDCG@k using their

standard binary-relevance definitions, together with Enrichment

Ratio (ER):

ER𝑚@𝑘 =

|𝑆𝑘 ∩𝑀𝑚 |/𝑘

|𝑍𝑧 |/𝑛
,

where𝑛 is the test-set size. ERmeasures how concentrated a ranking

prefix is in target cases relative to the base rate. Among these

metrics, nDCG@k is order-sensitive within the top-𝑘 prefix and

therefore captures prioritization quality beyond mere inclusion.

To summarize performance across budgets, we report the area

under each metric curve on a log-scaled budget axis (Metric-AUC).

We prefix metrics with R- and I- for regression- and improvement-

oriented evaluation.

For each subject, the original trained model is the unit of paired

analysis. Metric-AUC values from configurations associated with

the same original model are first averaged, and only matched model-

level observations are compared between GBV-PD and each base-

line. This avoids treating configurations derived from the same

trained model as independent samplesśi.e., pseudo-replicationś

which would inflate the effective sample size and understate vari-

ance. We then apply two-sided Wilcoxon signed-rank tests with

Holm correction.

Figure 3: Representative I- and R-ER@k curves over log-

scaled budgets for IC (ViT-Tiny) (top) and BC (LeNet5) (bot-

tom). For Grad-PD and GBV-PD, (I) and (R) denote

improvement- and regression-oriented rankings. Directional

methods outperform non-directional baselines most clearly

at small budgets.

Table 2 summarizes the average Metric-AUC over all subjects,

and Figure 3 shows representative ER@k curves. MS and TDPR do

not apply to the behavior-cloning subject; those cells are reported

as NaN and excluded from the corresponding paired tests.

Overall, GBV-PD is one of the strongest practical prioritizers

among the compared methods. Across subjects, it consistently out-

performs the non-directional baselines, usually outperforms MS,

and remains broadly competitive with Grad-PD. The advantage

is clearest at small budgets, where prioritization matters most, as

shown in Figure 3, and both GBV-PD modes move target cases

479



Evolution-Aware Regression Test Prioritization of ML-Enabled Systems using Gradient-Based Behavior Vectors ASE ’26, October 12ś16, 2026, Munich, Germany

Table 2: Average Metric-AUC over top-𝑘 prefixes for RQ2 across all subjects. Higher is better. In baseline cells, superscripts

compare against GBV-PD using pairedWilcoxon signed-rank tests withHolm correction (no superscript: GBV-PD is significantly

better; ∗, ∗∗, and ∗∗∗: the baseline is significantly better at corrected 𝑝 < 0.05, 𝑝 < 0.01, and 𝑝 < 0.001, respectively; ∼ and ≈: GBV-PD

or the baseline is numerically better, respectively, without statistical significance). In GBV-PD cells, subscripts report the

number of original models on which GBV-PD outperformed Grad-PD. MS and TDPR are not applicable to BC (LeNet5).

Subject I-Metric Rand NC SA Loss MS TDPR Grad-PD GBV-PD R-Metric Rand NC SA Loss MS TDPR Grad-PD GBV-PD

Precision 0.03 0.03 0.02 0.00 0.06 0.02 0.25 0.2831/50 Precision 0.02 0.02 0.02 0.00 0.06 0.02 ∗∗∗0.29 0.2916/50

IC Recall 0.02 0.02 0.02 0.00 0.03 0.02 ∗∗∗0.14 0.1416/50 Recall 0.02 0.02 0.02 0.00 0.03 0.02 ∗∗∗0.12 0.1110/50

(ViT-Tiny) nDCG 0.03 0.03 0.03 0.00 0.05 0.02 ∼0.26 0.2930/50 nDCG 0.03 0.03 0.02 0.00 0.06 0.02 ∗∗∗0.37 0.3515/50

ER 1.08 1.21 0.98 0.00 2.19 0.90 ∼10.41 11.1829/50 ER 1.06 1.06 0.93 0.00 2.52 1.00 ∗∗∗13.72 12.5314/50

Precision 0.07 0.04 0.03 0.00 0.18 0.06 0.07 0.1049/50 Precision 0.08 0.07 0.07 0.00 ∗∗0.40 0.07 0.32 0.3344/50

IC Recall 0.02 0.02 0.02 0.00 0.05 0.02 0.05 0.0649/50 Recall 0.02 0.02 0.02 0.00 ∗0.07 0.02 0.05 0.0648/50

(ResNet18) nDCG 0.06 0.04 0.03 0.00 0.17 0.06 0.07 0.1042/50 nDCG 0.07 0.06 0.06 0.00 ≈0.40 0.06 0.31 0.3646/50

ER 1.39 1.03 0.79 0.00 3.96 1.50 1.71 2.6846/50 ER 1.37 1.22 1.18 0.00 5.46 1.15 5.39 6.2148/50

Precision 0.03 0.03 0.03 0.00 0.08 0.03 ≈0.17 0.1720/50 Precision 0.03 0.03 0.03 0.00 0.2 0.03 ∗∗∗0.56 0.470/49

IC Recall 0.02 0.02 0.02 0.00 0.04 0.02 ∗∗∗0.12 0.1114/50 Recall 0.02 0.02 0.02 0.00 0.04 0.02 ∗∗∗0.16 0.140/49

(LeNet5) nDCG 0.03 0.03 0.03 0.00 0.08 0.03 ∗∗0.20 0.1817/50 nDCG 0.04 0.04 0.03 0.00 0.2 0.03 ∗∗∗0.67 0.540/49

ER 1.11 1.17 0.92 0.00 2.49 0.89 ∗∗∗7.05 6.6716/50 ER 1.11 1.07 0.84 0.00 3.42 0.92 ∗∗∗14.88 12.420/49

Precision 0.75 0.81 0.77 1.00 NaN NaN ≈1.49 1.5425/50 Precision 0.67 0.75 0.67 0.69 NaN NaN ≈1.47 1.4818/50

BC Recall 0.33 0.34 0.33 0.37 NaN NaN ≈0.50 0.5120/50 Recall 0.33 0.34 0.34 0.36 NaN NaN ≈0.55 0.5517/50

(LeNet5) nDCG 0.79 0.84 0.81 1.09 NaN NaN ≈1.58 1.6224/50 nDCG 0.70 0.74 0.72 0.70 NaN NaN ≈1.59 1.6017/50

ER 1.68 1.77 1.64 2.07 NaN NaN ≈2.79 2.9225/50 ER 1.70 1.84 1.64 1.60 NaN NaN ≈3.22 3.2718/50

much closer to the top of the ranking. Paired analysis at the original-

model level confirms significant improvements over the applicable

non-directional baselines after Holm correction.

This result matters because it isolates the value of evolution-

direction awareness. Random, Loss-only, NC, SA, and TDPR provide

signals about difficulty, activation patterns, surprise, or training dy-

namics, but none explicitly model how the current update changes

each test case. The consistent gap, therefore, suggests that the

missing ingredient is not simply a better original-model heuristic,

but explicit alignment between per-test behavior and the observed

update direction.

Compared with the two evolution-aware references, GBV-PD

performs better than MS on most subject-metric combinations. The

only cases where MS is significantly better are the two regression-

oriented metrics for IC (ResNet18). Compared with the full-gradient

directional reference Grad-PD, GBV-PD is broadly competitive

rather than uniformly weaker. It is significantly better in some

settings, statistically indistinguishable on BC (LeNet5), and mixed

on IC (ViT-Tiny) and IC (LeNet5). This is important because it shows

that PCA compression retains most of the useful directional infor-

mation and, in some cases, filters out high-dimensional gradient

components that are not particularly helpful for prioritization.

Figure 4 helps explain why the method works. Improvement and

regression cases occupy distinct regions in the joint space of the

original loss and the projected delta. GBV-PD then shifts the early

ranking prefix toward the appropriate hotspot in each mode, rather

than simply preferring globally difficult tests. The projected delta

provides direction, while the original loss supplies complementary

severity information.

Figure 4: Target-case distributions (top) and distributions of

test cases placed near the head of the GBV-PD ranking (bot-

tom) for IC (LeNet5) over original-loss percentile (x-axis)

and projected-delta percentile (y-axis). Improvement and re-

gression cases occupy distinct hotspots, and the two modes

shift the early ranking prefix toward their respective regions.

Numbers denote average enrichment ratios per bin.

In response to RQ2, GBV-PD is effective as a prioritizer. It

consistently places regression and improvement cases ear-

lier than non-directional baselines, usually surpassing MS,

and remains broadly competitive with Grad-PDÐespecially

at small budgets, where prioritization matters most.
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Table 3: Operational requirements and measured costs for

RQ3 on a representative subject, IC (ViT-Tiny). Reported

times and cache sizes are averages over 10 runs. The 100-

update time includes one-time preprocessing and repeated

per-update costs.

Method Loss NC SA MS TDPR Grad-PD
GBV-
PD

Original
Model Pre-
processing

O X X O O O O

Cached
Artifact

Loss None None
Logits/
ODIN
scores

Logits
by

epochs

Full
Gradient

Compact
GBV

Cache Size
≈

50 KB
- -

≈
20MB

≈
60MB

≈
700 MB

≈
20 MB

Access to
Parameter
Delta (Δ𝜃 )

X X X X X O O

Evolved
Model Train
Execution

X X X O X X X

Evolved
Model Test
Execution

X O O X X X X

Pre-
processing
Time (s)

0.94 0.00 0.00 12.25 0.95 3.82 4.31

Per-update
Time (s)

0.00 1.06 5.18 20.19 0.00 1.15 0.96

Total Time
for 100

Updates (s)
0.94 106.50 518.29 2031.09 0.95 118.85 99.82

4.4 RQ3. Efficiency

Figure 5: Cumulative estimated runtime over repeatedmodel

updates on IC (ViT-Tiny). SA and NC grow linearly because

they rerun the updated model on test cases, whereas MS

grows steeply due to its heavy per-update processing. Grad-

PD and GBV-PD amortize their preprocessing cost; GBV-PD

eventually becomes cheaper than Grad-PD. The estimate as-

sumes reuse of a valid cache built at a fixed reference model.

RQ3 asks whether GBV-PD is practical in the repeated-update

setting that motivates evolution-aware testing. Even a strong prior-

itizer is difficult to deploy if it requires large caches or repeatedly

runs the updated model over the test set.

We assess operational practicality on a representative subject,

IC (ViT-Tiny), by comparing preprocessing cost, per-update cost,

cache size, and whether the updated model must be executed on

test cases during prioritization. Reported times and storage are

averages over 10 runs.

Table 3 summarizes required artifacts and measured costs, and

Figure 5 shows cumulative runtime as updates accumulate. The

main comparison is with Grad-PD, which uses the same directional

signal without compression. GBV-PD pays slightly more for one-

time preprocessing due to PCA, but lowers the per-update cost.

After 100 updates, this yields a lower total time. By contrast, NC

and SA scale linearly because they rerun the updated model on test

cases at each update, whereas MS grows steeply due to its heavy

per-update processing.

GBV-PD also reduces storage substantially. As shown in Table 3,

it requires about 20MB of cached GBVs, compared with about

700MB for full-gradient caching, a reduction of more than 35×.

The GBV cache is even smaller than TDPR’s logit cache. Crucially,

GBV-PD retains update-direction awareness without requiring the

test set to execute the updated model during prioritization.

A practical interpretation is that GBV-PD pays once to build

a reusable, compact cache, and each subsequent update requires

only lightweight projection and ranking. This supports the claim

that compression is not only mathematically acceptable but also

operationally useful.

In response to RQ3, GBV-PD achieves operational effi-

ciency. GBV-PD incurs an initial preprocessing cost, but

that cost is amortized through reuse of the compact GBV

cache. It does not require running the evolved model on

the test cases and uses less storage than the Grad-PD. This

result supports the claim that GBV-PD meets Compactness,

Efficiency, and Automation requirements.

4.5 RQ4. Robustness

RQ4 asks whether GBV-PD’s gains reflect a stable mechanism or a

narrow configuration choice. This matters because an advantage

that appears only under one hyperparameter setting would be much

less convincing in practice. We vary delta norm | |Δ𝜃 | |22, the gradient

target layer, the GBV output dimension, the projection ratiośthe

fraction of Δ𝜃 captured by the GBV spaceśand the parameter 𝛼 to

assess sensitivity to these design choices.

Figure 6 shows the ablation results for IC (LeNet5); the other

tasks exhibit the same qualitative trends. The dominant factor is 𝛼 .

When the projected delta loss receives little weight, as with 𝛼 = 0

or 0.5, performance drops markedly, especially at small budgets.

Once 𝛼 > 1, results improve substantially and are often best at

𝛼 = 2 or 3. This indicates that GBV-PD works because the scoring

rule meaningfully emphasizes the update direction, not because it

merely reorders tests by their original losses.

481



Evolution-Aware Regression Test Prioritization of ML-Enabled Systems using Gradient-Based Behavior Vectors ASE ’26, October 12ś16, 2026, Munich, Germany

Figure 6: One-factor-at-a-time ablations for GBV-PD on IC (LeNet5). The strongest effect comes from 𝛼 ; multi-layer gradients

provide a consistent benefit, and output dimension, projection ratio, and update magnitude mainly have secondary effects.

Factors with negligible effects are omitted for readability.

This is an important interpretive result. It shows that GBV-PD

does not work merely because the original loss already identifies

difficult tests. The method improves when the directional term is

given real influence, which supports the paper’s central claim that

update-direction information is the main source of gain.

The next most consistent effect comes from the target layer. Us-

ing multiple layers (abcd) is usually slightly better than using only

the final layer (d), suggesting that update sensitivity is distributed

across the network. Other factors, including output dimension, pro-

jection ratio, and update magnitude, have visible but secondary

effects, while PCA-sampling choices are largely stable.

Overall, GBV-PD is robust across a range of design choices. This

is useful from a deployment perspective: the method is tunable, but

not fragile. In practice, the most reliable setting is to use multi-layer

gradients when feasible and choose 𝛼 > 1.

In response to RQ4, GBV-PD remained broadly robust to

changes in behavior vector construction and scoring set-

tings. The strongest performance effects were observed

with 𝛼 > 1 and multi-layer gradients.

5 Discussion

5.1 Operationalization of Behavior Vector Space

Our work shows that under the same-architecture parameter up-

dates, a gradient-based operationalization of BVS is useful for re-

gression test prioritization. By compressing each test case’s gradient

into a compact GBV and projecting the update-induced parameter

delta onto the same basis, GBV-PD turns post-evolution test case

ordering into a directional ranking problem in a compact space.

This operationalization shows that a task-specific view of behavior

space can be practically useful.

This perspective suggests a pragmatic path for future BVS re-

search. Rather than requiring a full geometric theory from the

outset, BVS can be operationalized around the information that

matters most for a target testing task. In our case, the key aspect is

test-wise sensitivity to parameter updates. The result is a concrete

first step toward broader behavior-space-based testing, with future

extensions to coverage definition, gap localization, and supplemen-

tary test generation.

5.2 Implications for Software Engineering

From a software engineering perspective, the immediate contribu-

tion of this work is a practical prioritization mechanism for con-

tinuously evolving ML components. In MLOps pipelines, models

are repeatedly retrained, fine-tuned, or optimized, and rerunning

the full test suite after each update is expensive. GBV-PD separates

one-time offline computation from lightweight per-update scoring,

thereby amortizing the cost of prioritization across updates.

GBV-PD is intended to complement, rather than replace, even-

tual full-suite execution. In practice, practitioners can execute the

top-𝑘 prefix of the ranking and inspect the most informative test

cases first. Even when a complete rerun is feasible, executing the

top-𝑘 prefix first can reduce the time to the first actionable regres-

sion signal and shorten the feedback loop. Its practical benefit is

therefore earlier feedback under a testing budget.

These properties make GBV-PD well aligned with parameter-

efficient fine-tuning workflows such as LoRA [13]. In such work-

flows, models are adapted through repeated, structure-preserving

parameter updates rather than structural modifications. As a result,

reusable GBV caching and lightweight update-aware scoring can

provide a practical mechanism for prioritizing post-update tests

without rerunning the full test suite after every adaptation step.

The study also suggests that post-update ML testing benefits

from considering regressions and improvements together. A single

update can worsen the model’s behavior on some test cases while
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improving it on others, and this asymmetry is easy to miss if one

looks only for generally difficult inputs. The directional signal used

by GBV-PD helps surface test cases likely to reveal either kind

of change. We therefore view improvement-oriented ranking as a

complementary diagnostic perspective rather than a replacement

for regression-oriented prioritization.

GBV-PD also occupies a useful point in the design space. Black-

box or non-directional heuristics do not explicitly encode evolution

direction, while full-gradientmethods do, but at substantially higher

storage and runtime cost across repeated updates. GBV-PD retains

update-direction information in a reusable, compact representation,

making it attractive for CI/CD-style testing workflows. At the same

time, the current operationalization remains at the level of the

ML component. Although we motivate the problem through ML-

enabled systems, extending the approach to end-to-end system

assurance will require integrating non-ML logic, control flow, and,

in some domains, closed-loop execution.

5.3 Limitations

GBV-PD relies on a local approximation and is therefore best suited

to small, repeated updates for which the original and evolved mod-

els remain close in parameter space. As updates grow larger, higher-

order effects can weaken the relationship between projected delta

loss and actual post-update behavior. The method also assumes a

fixed architecture with aligned parameters, which makes it natural

for retraining, fine-tuning, and other structure-preserving updates,

but not for architectural changes such as layer insertion or re-

moval, architecture switching, or expert reconfiguration. Finally,

the current formulation assumes supervised settings with labels or

task-specific oracles that support loss computation and post hoc

regression/improvement labeling. This assumption is less natural

in simulation-based evaluation, scenario-based safety testing, or

weak-oracle deployment settings.

6 Threats to Validity

Internal Validity. The study focuses on same-architecture updates

whose magnitudes are small enough for the first-order approxima-

tion. Performance may therefore differ for larger or more disruptive

updates. Results can also vary with the target gradient layer, PCA

sampling strategy, GBV dimensionality, and the weighting parame-

ter 𝛼 . To reduce this risk, we evaluate multiple architectures, update

settings, GBV configurations, and 𝛼 values, and analyze these fac-

tors explicitly in RQ4.

Some baselines are sensitive to implementation details and hy-

perparameter choices. We followed the original designs as closely as

possible and kept the evaluation protocol consistent across methods,

but alternative implementations or additional tuning could affect

absolute results. Moreover, some baselines are defined only for clas-

sification settings, so not every comparison is available for every

subject. In addition, MetaSel is a test selection method rather than

a prioritization method; for comparability under the ranking-based

protocol of RQ2, we induced rankings from its per-test scores. This

enables a common top-𝑘 evaluation setup, but it may not capture

every aspect of MetaSel’s intended use. Finally, our effectiveness

metrics summarize prefix quality across log-scaled budgets, which

emphasizes early ranks, and the behavior-cloning labels depend on

a predefined threshold to distinguish meaningful changes from neg-

ligible numerical differences. Different metric choices or thresholds

could shift the quantitative results.

External Validity. The evaluation covers image classification and

behavior cloning under controlled retraining and fine-tuning set-

tings with aligned parameters. The findings should therefore be in-

terpreted as evidence that GBV-PD is useful in this repeated-update

scenario, not as a claim that it applies unchanged to architecture-

changing updates, unsupervised settings, or tasks without clear per-

test oracles. The current study also focuses on the ML component

rather than the full end-to-end system behavior, so additional work

is needed to assess how well the approach transfers to system-level

testing scenarios involving non-ML logic or closed-loop dynamics.

Finally, the time and storage measurements are reported for spe-

cific models and hardware; the absolute values may vary across

environments, and our cost analysis is intended to highlight rela-

tive structural differences among methods rather than universal

runtime constants.

7 Related Work

Testing of ML-enabled systems has been studied from both model-

aware and black-box perspectives. Model-aware approaches such

as QuoTe [5], IDC [9], and NSS [9] use internal signals, such as ad-

equacy or neuron sensitivity, to identify informative tests, whereas

black-box approaches explore the input or feature space to reveal

faults or improve diversity [2, 34].

DeepGini [11], FAST [6], and TDPR [27] rank test inputs using

uncertainty, feature selection, or training dynamics, but they as-

sume a static model and therefore do not model how the current

update changes individual test cases. Our work differs in evolution-

aware design: we prioritize the order of an existing test suite after

model evolution, and the interaction between cached per-test be-

havior and the observed parameter delta drives the ranking.

The closest line of work addresses evolving ML models. Abba-

sishahkoo et al. [1] propose MetaSel, a test selection method for

fine-tuned DNNs that compares pre-trained and fine-tuned mod-

els; You et al. [31] use regression fuzzing to generate new inputs

that trigger regressions; and Li et al. [20] study how to update

neural networks while avoiding regressions. These works address

selection, generation, or update strategies for evolving models. By

contrast, we study prioritization: given an existing test suite and

a limited budget, we rank test cases so that the top-𝑘 prefix is

more likely to reveal post-update regressions or improvements.

The repeated-update setting is central to this distinction, because it

makes reusable cached representations especially valuable.

Our work is also related to gradient- and representation-based

analysis, including TRAK [24], DataInf [18], Dataset Cartogra-

phy [29], and GRAD-MATCH [14]. These methods use gradients or

training dynamics for attribution, data characterization, or subset

selection. In contrast, we compress per-test gradients into reusable

GBVs and combine them with the current parameter update to

support post-update regression test prioritization.

In summary, first-order gradient approximations are also used

in influence and attribution methods [18, 24], but their objective

is typically to estimate data influence or attribution rather than

regression-test prioritization. GBV-PD instead treats the observed
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parameter delta as an explicit evolution direction and converts

signed, test-wise update effects into a budget-aware ranking of an

existing test suite. It also differs from selection, generation, and

update-repair techniques for evolving models [1, 20, 31] in both

its outputÐa full prioritizationÐand its online requirement, which

does not involve executing the evolved model on the test suite.

8 Conclusion

This paper studied evolution-aware regression test prioritization

for ML components under parameter updates within the same archi-

tecture. We introduced GBV-PD, which builds a compact behavior

vector from per-test gradients and combines it with the parameter

delta to estimate which tests are most likely to regress or improve,

without executing the evolved model on the full test set. Across

image classification and behavior cloning, GBV-PD preserved the

ranking of post-update loss changes, consistently outperformed

non-directional baselines, and remained competitive with the full-

gradient reference Grad-PD. It also offered a more practical cost

profile for repeated updates via reusable GBV caching. These re-

sults show that behavior-space ideas can be operationalized for real

regression testing problems.

Future work includes extending GBV-PD to broader architecture-

changing updates and to weak-or-no-oracle settings such as rein-

forcement learning and simulation-based testing, as well as devel-

oping BVS further through analyses of how prioritization outcomes

reflect changes in behavioral regions and through prospective BVS-

based coverage criteria. We hope that this work lays the ground-

work for practical support for continuous verification and post-

evolution analysis, with the potential to improve the reliability and

maintainability of continuously evolving ML-enabled systems.

Data Availability

Our replication package [8] is publicly available and additionally

contains full experiment results on Figshare.
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