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ABSTRACT

Real-world deployment of active learning (AL) typically forces practitioners to
choose an acquisition strategy before any data is labeled. This is a daunting task:
strategy performance varies widely across settings (e.g., datasets and surrogate
model architectures) and cannot be assessed without deployment. Existing strategy
selection methods explore one strategy from a portfolio at each round and identify
the optimal one using bandit feedback or model retraining. Many acquisition rounds
are therefore spent exploring strategies rather than collecting the most informative
data. Such overhead is a major barrier to AL-driven design of high-throughput
experiments, such as genetic perturbation screens and directed evolution, where
AL runs consist of only a few rounds with large batch sizes. This regime permits
a natural alternative: acquiring data using multiple AL strategies within a single
batch. We refer to this as soft strategy selection and introduce FractAL, a method
specifically designed for this task. FractAL infers a per-strategy reward using
influence-function-based data attribution, which requires no additional retraining,
and then computes budget shares for each strategy in the portfolio using online
mirror descent. We benchmark FractAL across seven active learning setups span-
ning classification, regression, and genetic perturbation effect prediction. The
results highlight that strategy selection is a hard problem: every existing method
performs worse than random sampling on at least one setup. FractAL, however,
matches or outperforms every baseline, including random sampling, on all seven
setups. Its allocations concentrate budget on the strongest strategies in the portfolio
while pruning the weakest. FractAL is therefore a reliable choice for real-world
deployments, where the optimal strategy is unknown in advance, an important
step towards making active learning practical for high-throughput experiments and
modern scientific discovery.

1 INTRODUCTION

Designing informative scientific experiments is a central challenge across the life and chemical
sciences, arising in directed evolution of proteins (Tran et al., 2026), antibody engineering (Frey
et al., 2025), perturbation biology (Rood et al., 2024), and molecular design (Smith et al., 2018). In
these fields, researchers decide which genes, proteins, antibodies, or compounds to include in each
experiment. Active Learning (AL) automates this process. At each experimental round t ∈ [T ], an
acquisition strategy A selects a batch Bt of size B from the input pool Dpool. Then, outcomes are
measured at selected inputs, and the surrogate model fθ is retrained on the augmented training set
Dtrain (Settles, 2009; Ren et al., 2021). The goal of a strategy is to maximize model performance
under experimental budget constraints.

Many AL strategies have been proposed, targeting model uncertainty (Houlsby et al., 2011), batch
diversity (Sener & Savarese, 2018), pool representativeness (Yehuda et al., 2022; Hacohen et al.,
2022), or combinations of these. However, the number of strategies keeps growing, and no single one
performs well across domains, datasets, and model architectures (Munjal et al., 2022; Hacohen et al.,
2022; Lüth et al., 2023; Werner et al., 2024).
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Table 1: Comparison with related work on three axes: support for batch sampling, fractional budget
allocation across the strategy portfolio, and the ability to operate without additional model training.

Related work Batch Sampling Fractional Budget
Allocation

No Retraining /
Aux. Models

ALBL (Hsu & Lin, 2015) ✗ ✗ ✓
AutoAL (Wang et al., 2025) ✓ ✗ ✗
SelectAL (Hacohen & Weinshall, 2023) ✓ ✗ ✗
FractAL (this work) ✓ ✓ ✓

Adaptive strategy selection methods address this problem by choosing a single strategy At at each
round t out of a portfolio P = {A1, . . . ,AK}. This may be naturally framed as a multi-armed bandit
(MAB) problem (Baram et al., 2004; Hsu & Lin, 2015; Pang et al., 2018) in which each strategy
is one arm of the MAB, and at each round the learner observes a reward from the previous round
(e.g., accuracy on a validation dataset) and selects the next arm using a bandit solver. Strategy-wise
performance may also be estimated by retraining the model after removing a subset of training points
selected according to that strategy’s own criterion (Hacohen & Weinshall, 2023).

Both approaches are, however, poorly suited to the design of high-throughput biological experi-
ments (Rood et al., 2024; Huang et al., 2024; Yang et al., 2025; DeMeo et al., 2025), where assays
efficiently provide results for thousands of inputs at once, but experimental time remains dominated
by biological timescales. In these settings, with few rounds (small T ) and large batch sizes (large B),
relying on a single strategy at each round is unnecessarily risky.

We instead introduce the problem of soft strategy selection. In this setting, we allocate fractions ptk
of each round’s budget B to all strategies in the portfolio P , where the vector pt ∈ ∆K−1 lies in
the (K − 1)-dimensional probability simplex. This results in a batch Bt =

⋃K
k=1 Btk, composed

of strategy-specific sub-batches. We propose FractAL, the first method designed to address this
problem. FractAL estimates a strategy-wise reward vector rt by attributing changes in validation risk
to individual strategies via influence functions (Koh & Liang, 2017), and then updates the allocations
using online mirror descent on the probability simplex.
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Figure 1: Performance gain over random
sampling for the six adaptive strategy se-
lection methods, across the seven setups
of Section 4 (Appendix G).

After introducing the necessary background (Section 2),
we present FractAL in detail (Section 3). We demon-
strate that FractAL surpasses bandit- and retraining-based
baselines on multiple classification and regression prob-
lems, including recent high-throughput genetic perturba-
tion screening datasets (Figure 1, Section 4). These exper-
iments also highlight that FractAL concentrates budget on
the strongest strategy in each portfolio while pruning the
weakest. Moreover, it is the only strategy selection method
that outperforms random selection across all datasets (Fig-
ure 1), suggesting that fractional budget allocation is key
to improving AL performance.

2 BACKGROUND

FractAL builds on two distinct lines of work: adaptive strategy selection for active learning and
influence functions for data attribution. A comparison with existing adaptive strategy selection
methods appears in Table 1.

2.1 ADAPTIVE STRATEGY SELECTION FOR ACTIVE LEARNING

Adaptive strategy selection has been well studied, and existing work falls broadly into three paradigms:
bandit-based, retraining-based, and differentiable search methods.
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Bandit-Based Strategy Selection. Early approaches formulate strategy selection as a multi-armed
bandit (MAB) problem where AL strategies act as experts (Hsu & Lin, 2015; Baram et al., 2004;
Pang et al., 2018). For example, ALBL (Hsu & Lin, 2015) relies on the Exp4.P solver (Beygelzimer
et al., 2011) with importance-weighted accuracy rewards. All these methods select a single point per
iteration; in the batch setting, this amounts to committing each round to a single strategy, preventing
strategy-level reward attribution within a batch.

Retraining-Based Strategy Selection. SelectAL (Hacohen & Weinshall, 2023) uses a derivative-
based surrogate test to switch between predefined low-budget and high-budget strategy families. At
each round, each strategy selects points to remove from the training set, and the strategy yielding
the largest risk increase after retraining is selected for the next round. The original specification of
SelectAL is limited to K = 2 strategies, but its main selection principle generalizes to any portfolio
size, so we adopt it as a baseline. Evaluating K strategies over T AL rounds requires O(KT ) model
retrainings, which becomes expensive when the surrogate model fθ is costly to train.

Differentiable Strategy Search. AutoAL (Wang et al., 2025) makes strategy selection differentiable
via bi-level optimization with two co-trained auxiliary networks (SearchNet and FitNet). The bi-level
optimization, however, introduces a substantial number of hyperparameters and adds computational
overhead per iteration.

2.2 INFLUENCE FUNCTIONS

Influence functions (Hampel, 1974) quantify the impact of individual datapoints on a model’s
performance. A datapoint’s influence estimates how the validation loss would change if that point
were removed from the training set. This is done by first approximating the resulting perturbation to
the model parameters, and then propagating it to the validation loss via a first-order Taylor expansion
around the converged parameters (Koh & Liang, 2017).

Influence functions have previously been used as forward-looking AL acquisition heuristics, by esti-
mating the influence at unmeasured inputs x ∈ Dpool and selecting the highest-ranked candidates (Liu
et al., 2021; Xia & Henao, 2023). This approach, however, requires the construction of a pseudo-label
for each unmeasured input (e.g., enumerating all possible labels, or training a different surrogate
model) (Xu & Kazantsev, 2019), which makes it impractical for single- and multi-task regression
settings. Here, we instead estimate per-strategy rewards using retrospective influence of training
points x ∈ Dtrain whose outputs have already been measured.

3 FRACTAL: FRACTIONAL ACTIVE LEARNING

FractAL has two main components. We first define a strategy-wise reward signal, computed via
influence-based attribution instead of retraining (Section 3.1). Based on this signal, we then update
the allocation pt+1 via online mirror descent on the probability simplex ∆K−1 (Section 3.2).

3.1 STRATEGY-WISE INFLUENCE ATTRIBUTION

At round t ∈ [T ], our training data Dt
train =

⋃t
t′=0 (xi, yi)i∈Bt′ is composed of the inputs and

outputs for the union of all batches up to round t, where each batch Bt =
⋃K

k=1 Btk is composed of
sub-batches Btk of size nt

k = |Bt
k| selected by strategy Ak. After updating the model parameters θ̂t

by training the model fθ on Dt
train, we assess the contribution of each strategy’s sub-batch Btk to the

validation risk. For ϵ ∈ RK , we define the perturbed training risk:

Ft(ϵ, θ) := R(Dt
train; θ) +

K∑
k=1

ϵk
nt
k

∑
(x,y)∈Bt

k

L ((x, y); θ) , (1)

in which each coefficient ϵk reweights every point acquired by strategy Ak. We denote the minimizer
of the perturbed risk as θ̂tϵ := argminθ Ft(ϵ, θ) so that θ̂t0 = θ̂t recovers the unperturbed parameters.
The strategy-wise influence vector I(θ̂t) ∈ RK is defined as the gradient with respect to ϵ of the
validation risk evaluated at the perturbed parameters, taken at ϵ = 0. Its k-th component Ik(θ̂t)
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thus quantifies the first-order change in validation risk under upweighting of Ak’s sub-batch. Under
standard regularity assumptions on the loss function and the optimality of θ̂t, it admits a closed-form
expression:
Proposition 1 (Strategy-wise Influence Decomposition). Assume the loss L is twice continu-
ously differentiable in θ near θ̂t, that θ̂t minimizes the training risk, and that the Hessian
Hθ̂t = ∇2

θR(Dt
train; θ̂

t) is positive definite. Then the k-th component of the influence vector is
given by:

Ik(θ̂t) = −∇θR(Dval; θ̂
t)⊤H−1

θ̂t

 1

nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

) . (2)

The proof appears in Appendix A. We define the reward of strategy k at round t as rtk ≜ −Ik(θ̂t).
The sign of rtk indicates whether Ak’s sub-batch reduced (rtk > 0) or increased (rtk < 0) validation
risk, while the magnitude reflects the size of the effect.

Implementation details. The inverse Hessian-vector product vt = ∇θR(Dval; θ̂
t)⊤H−1

θ̂t
from

Eq. 2 is independent of k, so we compute it once per round via the conjugate gradient method (Martens,
2010) and then obtain each rtk via a single inner product. When fθ is parameterized as a deep neural
network, we compute the Hessian with respect to the last layer parameters only (Koh & Liang, 2017)
and regularize it using a damping term (λ = 0.01). Both measures help ensure positive definiteness
(see Appendix B.1).

3.2 FRACTIONAL PORTFOLIO ALLOCATION

Raw reward values rt can be noisy and lead to unstable allocation updates, particularly for strategies
Ak where the sub-batch Btk contained few samples. We therefore use the smoothed reward vector r̄t,
defined as an exponentially weighted moving average over rounds:

r̄t = (1− α)r̄t−1 + α rt, (3)

with r̄0 = 0, and α = 0.5 throughout our experiments. An intermediate allocation qt+1 is defined as
the minimizer of the KL-regularized negative reward:

qt+1 = arg min
q∈∆K−1

[
−ηt⟨r̄t,q⟩+DKL(q ∥pt)

]
, (4)

where ηt = η0/maxk |r̄tk| is an adaptive step size, with η0 = 3 across all experiments. This
proximal-point form, standard in online convex optimization, prevents the allocation from changing
too abruptly between rounds. Solving Eq. 4 yields the exponentiated gradient step:

qt+1
k =

ptk exp(η
tr̄tk)∑K

k′=1 p
t
k′ exp(ηtr̄tk′)

. (5)

The final allocation pt+1 mixes qt+1 with the uniform distribution over the K strategies, using
mixing weight Kpmin:

pt+1
k = (1−Kpmin) q

t+1
k + pmin, (6)

where pmin = 1/B to guarantee that every strategy has a nonzero allocation. The allocation pt+1

then determines sub-batch sizes for the next round. Finally, strategies select their sub-batches
sequentially in decreasing order of allocation, each excluding points already selected, so that the
resulting sub-batches are disjoint (Algorithm 1, Appendix B.2).

4 EXPERIMENTS

We evaluate FractAL against bandit-based and retraining-based strategy selection methods across
three task types: classification (CIFAR-10), single-task regression (KEGG metabolic reaction network,
SARCOS inverse dynamics, and diamond pricing), and multi-task regression (high-throughput genetic
perturbation screens). The screening experiments cover two immune cell types: CD4+ T cells and
bone-marrow-derived myeloid cells. Throughout these experiments, we report the test performance
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Algorithm 1 FractAL: Fractional Allocation for Active Learning Strategy Portfolios

Require: Strategy portfolio P = {A1, . . . ,AK}; pool Dpool; initial labeled set Dinit; validation set
Dval; batch size B; rounds T .

1: Initialize D0
train ← Dinit, p1 ← (1/K, . . . , 1/K) ∈ ∆K−1, r̄0 ← 0

2: for t = 1, 2, . . . , T − 1 do
3: Allocate integer budgets nt

k summing to B
4: Form disjoint sub-batches Btk using Ak ▷ App. B.2
5: Form composite batch Bt =

⊔K
k=1 Btk and update Dt

train ← D
t−1
train ∪ Bt

6: Train fθ on Dt
train to obtain θ̂t

7: Compute reward rtk = −Ik(θ̂t) for k = 1, . . . ,K ▷ Eq. 2
8: Smooth: r̄tk ← (1− α)r̄t−1

k + α rtk
9: Exponentiated gradient step: qt+1

k ← pt
k exp(ηtr̄tk)∑K

k′=1
pt
k′ exp(η

tr̄t
k′ )

10: Enforce exploration floor: pt+1
k ← (1−Kpmin)q

t+1
k + pmin

11: end for

of the surrogate model. We also assess whether each selection method concentrates budget on the
strongest strategies, ranked by their performance when run alone for the entire AL run, which we
refer to as their pure-strategy performance. Unless mentioned otherwise, metrics are averaged over 5
data splits and 10 random seeds per split, with standard error reported over the seeds after averaging
across the splits.

Strategy Portfolio. Within each task type, all strategy selection methods share a common portfolio.
For regression tasks, we use random selection (Random), CoreSet (Sener & Savarese, 2018), Prob-
Cover (Yehuda et al., 2022), and TypiClust (Hacohen et al., 2022) (K = 4). For classification, we
additionally include BADGE (Ash et al., 2020) and three uncertainty-based strategies (Settles, 2009):
least-confidence (LeastConf), maximum-entropy (MaxEnt), and minimum-margin (MinMargin), for
a total of K = 8 strategies. Further details appear in Appendix C.

Baselines. We compare FractAL against five adaptive strategy selection methods and one non-
adaptive control. The first is ALBL (Hsu & Lin, 2015), a bandit-based strategy selection method
which uses the adversarial Exp4.P solver with the validation metric as feedback. The second uses the
same bandit formulation but replaces the Exp4.P solver by the upper confidence bound algorithm
(UCB). Third, we cast soft strategy allocation as a linear bandit problem and solve it with SCRiBLe,
a self-concordant regularized linear bandit solver (Abernethy et al., 2009). Like FractAL, SCRiBLe
produces soft allocations, but it observes only bandit feedback. It therefore isolates the contribution
of influence-based attribution. Finally, we include the retraining-based method SelectAL (Hacohen &
Weinshall, 2023) and the differentiable strategy selection method AutoAL (Wang et al., 2025). As
a non-adaptive control, we also benchmark a uniform allocation across the portfolio (Equal Split).
Specifications of all the baselines appear in Appendix D. We also report the performance of the best
and worst individual strategies for each setup (in terms of pure-strategy performance). Since those
strategies are unknown in advance, these results serve only as a reference range.

Allocation diagnostics. Qualitatively different strategy allocations can yield similar final test
performance, so test metrics alone do not reveal whether a method allocates budget sensibly. A
natural desideratum for a soft strategy selection method is to concentrate budget on strategies that
perform well and prune those that do not. We quantify this for each setup by first identifying the sets
of best- and worst-performing strategies from their pure-strategy test performance (independently of
any adaptive method). We then compute the overlap between each method’s top-ranked strategies
and the best-performing set (Best-Set Overlap), and between its bottom-ranked strategies and the
worst-performing set (Worst-Set Overlap), where the number of top- (or bottom-) ranked strategies
considered equals the size of the Best- (or Worst-)Set (see Appendix E). We report these diagnostics
for the three methods that assign an internal score to every strategy at each round (SCRiBLe, SelectAL,
and FractAL).
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Figure 2: Setup (C1): CIFAR-10. (a) Test accuracy of the three individual strategies. (b–d) Per-round
average budget allocation under FractAL, SelectAL, and ALBL. Solid lines denote the mean and
shaded bands indicate one standard deviation.

Table 2: Test accuracy (↑) on CIFAR-10.

Method (C1) (C2)

Pure strategies (best/worst in hindsight)
Best pure 71.2±0.1

ProbCover
71.2±0.1
ProbCover

Worst pure 58.7±0.2
CoreSet

58.7±0.2
CoreSet

Non-adaptive controls
Random 69.4±0.1 69.4±0.1

Equal Split 67.8±0.1 69.1±0.1

Adaptive strategy selection methods
ALBL 67.5±0.5 68.6±0.3

UCB 67.5±0.1 69.5±0.1

SCRiBLe 67.7±0.2 69.2±0.1

SelectAL 68.3±0.1 69.4±0.1

AutoAL 67.5±0.1 68.3±0.1

FractAL 70.2±0.2 69.8±0.2

Table 3: Test MSE (×10−1; ↓) on regression datasets.

Method KEGG SARCOS Diamonds

Pure strategies (best/worst in hindsight)
Best pure 0.49±0.00

ProbCover
0.72±0.01
ProbCover

0.08±0.01
CoreSet

Worst pure 0.97±0.01
TypiClust

0.79±0.01
Random

0.12±0.01
ProbCover

Non-adaptive controls
Random 0.79±0.02 0.79±0.01 0.11±0.01

Equal Split 0.62±0.01 0.76±0.01 0.08±0.01

Adaptive strategy selection methods
ALBL 0.63±0.02 0.77±0.01 0.09±0.01

UCB 0.61±0.01 0.77±0.01 0.10±0.01

SCRiBLe 0.63±0.01 0.75±0.01 0.09±0.01

SelectAL 0.59±0.01 0.76±0.01 0.09±0.01

AutoAL 0.65±0.01 0.82±0.01 0.10±0.01

FractAL 0.58±0.01 0.74±0.01 0.08±0.01

4.1 CLASSIFICATION BENCHMARK: CIFAR-10

We evaluate FractAL on CIFAR-10 (Krizhevsky et al., 2009) using a ResNet-18 surrogate model (He
et al., 2016) trained from scratch over T = 10 rounds, with test accuracy as the performance
metric. We follow the pre-processing and training protocol of Hacohen & Weinshall (2023) and
consider two portfolio configurations. Configuration 1 (C1) is a three-strategy portfolio — CoreSet,
Random, and ProbCover — chosen to span weak, neutral, and strong strategies based on their pure-
strategy performance (Table 9). This setting tests whether FractAL concentrates budget on the strong
strategy and prunes the weak one. Configuration 2 (C2) deploys all eight strategies simultaneously.
Because most of the eight strategies perform within one standard error of each other and of Random
(Table 9), the selection problem in this setup is considerably harder. Across both configurations,
we use |Dinit| = B = 500 and |Dval| = 1024. Implementation details, including hyperparameter
configurations and optimization protocols, appear in Appendix F.1.

FractAL achieves the highest test accuracy (70.2 ± 0.2) in C1 among selection methods and is the
only one to surpass the Random baseline (Table 2). The allocation dynamics in Figure 2b-d explain
this gap: FractAL down-weights CoreSet’s share toward zero and concentrates budget on ProbCover,
while ALBL oscillates between strategies and SelectAL allocates roughly equal shares to CoreSet and
Random, despite the substantial gap in their pure-strategy performance. FractAL leads both allocation
diagnostics by a wide margin (Table 4, Welch’s t-test against the next best baseline, p < 0.05 for
both). SCRiBLe, which shares FractAL’s soft allocation but observes only validation feedback, does
no better than a uniform allocation. Neither scalar validation feedback nor deletion-based scoring
separates the strategies as cleanly as influence-based attribution.
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Table 4: Best-Set Overlap (↑) and Worst-Set Overlap (↑) across all seven setups. Chance is the
expected overlap under a uniform allocation, |set|/K (set cardinalities in Table 6).

Chance SCRiBLe SelectAL FractAL

Setup Best-Set
Overlap

Worst-Set
Overlap

Best-Set
Overlap

Worst-Set
Overlap

Best-Set
Overlap

Worst-Set
Overlap

Best-Set
Overlap

Worst-Set
Overlap

CIFAR-10 (C1) 0.33 0.33 0.34±0.03 0.35±0.05 0.46±0.02 0.41±0.03 0.79±0.02 0.89±0.02

CIFAR-10 (C2) 0.25 0.13 0.24±0.01 0.10±0.02 0.29±0.02 0.17±0.02 0.46±0.01 0.61±0.01

KEGG 0.50 0.25 0.51±0.01 0.29±0.03 0.50±0.01 0.24±0.01 0.58±0.01 0.31±0.02

SARCOS 0.50 0.75 0.51±0.01 0.75±0.01 0.53±0.02 0.77±0.01 0.54±0.01 0.79±0.01

Diamonds 0.50 0.50 0.52±0.02 0.52±0.01 0.51±0.01 0.51±0.01 0.52±0.02 0.52±0.02

BMDMs (B1) 0.25 0.50 0.26±0.02 0.50±0.01 0.59±0.03 0.56±0.01 0.70±0.10 0.62±0.01

T Cells (B2) 0.25 0.50 0.20±0.03 0.50±0.01 0.25±0.01 0.49±0.00 0.57±0.12 0.61±0.05

In the harder C2 setup, the strategy selection methods are separated by much smaller performance
margins. FractAL is still highest among adaptive methods (69.8 ± 0.2) and is the only one to
significantly exceed Random performance (Welch’s t-test, p < 0.05). The allocation diagnostics are
more informative here. FractAL remains well above chance on both (one-sample t-test against chance,
p < 0.05), with the larger gap on Worst-Set Overlap reflecting its consistent pruning of CoreSet to
zero (Table 4, Figure 6b), while the closest baseline barely clears chance on either. This setup shows
that FractAL remains effective with a larger portfolio.

4.2 REGRESSION BENCHMARKS

We evaluate FractAL on three regression datasets: KEGG metabolic reaction network (Naeem &
Asghar, 2011), SARCOS inverse dynamics (Vijayakumar & Schaal, 2000), and diamond pricing
(Diamonds; Vanschoren et al., 2014), with input dimensions 27, 21, and 29 respectively. We follow
the pre-processing of Holzmüller et al. (2023) and use a three-layer multi-layer perceptron (MLP)
as the surrogate model. We report mean squared error (MSE) on the held-out test set. All methods
use |Dinit| = B = 500 and |Dval| = 1024 over T = 10 rounds. Implementation details appear in
Appendix F.2.

FractAL achieves the lowest test MSE among selection methods on all three regression datasets
(Table 3). FractAL also leads both allocation diagnostics on KEGG and SARCOS, with a tie on
Diamonds (Table 4). On Diamonds, the margins are narrow because the pure strategies perform
similarly (Table 10), leaving little room to improve from uniform allocation. Allocations from bandit
baselines either oscillate (KEGG, SARCOS) or remain near uniform (Diamonds), never converging
on a stable allocation (Figures 7–9). This suggests that their feedback is too noisy to effectively
discriminate between strategies in this setup.

These datasets also illustrate the failure mode that motivates adaptive strategy selection. CoreSet,
which performed the worst on CIFAR-10 (Table 9), is among the strongest on all three regression
setups (Table 10). Conversely, ProbCover is strongest on KEGG and SARCOS but weakest on
Diamonds. No fixed strategy is safe across these setups, which emphasizes the need for adaptive
selection.

4.3 DESIGN OF HIGH-THROUGHPUT GENETIC PERTURBATION SCREENS

Pooled genetic screens such as Perturb-seq, with a single-cell transcriptomics readout (Dixit et al.,
2016), and Optical Pooled Screens (OPS), with an imaging readout (Feldman et al., 2019), make it
possible to alter the function of thousands of genes in a single experiment and measure their effects
on cells. These data are key to training predictive models of cellular responses to perturbations across
biological contexts, which is central to inferring gene regulatory circuits, identifying therapeutic
targets, and engineering cellular phenotypes (Rood et al., 2024; Roohani et al., 2024). A recurring
difficulty is that perturbation effects measured under one set of conditions (e.g., a different modality,
timepoint, or cellular context) may not generalize well to another (Dibaeinia et al., 2026).

This motivates an experimental design problem where one chooses which perturbations to profile in
order to maximize the predictive accuracy of the resulting model. This is a well-defined active learning
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task (Huang et al., 2024). Because each round of wet-lab experimentation takes weeks but provides
measurements for hundreds of perturbations in parallel, this setting also matches FractAL’s operating
regime (DeMeo et al., 2025). We evaluate FractAL on two practical instances of perturbation
prediction, each testing a different aspect of generalization: cross-modal prediction from imaging to
transcriptomic data (B1), and cross-temporal prediction within a single cell type (B2).

Datasets. For the cross-modal task (B1), we rely on matched Perturb-seq and OPS datasets of
primary mouse bone-marrow-derived myeloid cells (BMDMs) under immune stimulation (Kudo
et al., 2026), retaining the 514 perturbations with significant effects in both modalities. The goal is
to predict each perturbation’s effect on gene expression (quantified as the log-fold change between
perturbed and control cells; Boyeau et al., 2023) from embeddings of the imaging data. For the
cross-temporal task (B2), we rely on a genome-scale Perturb-seq screen of primary human CD4+ T
cells profiled at multiple time points after T cell receptor stimulation (Zhu et al., 2026), retaining the
709 perturbations with significant effects at both time points. The goal is to predict the late-stage
transcriptional response (48 hours post-stimulation) of each perturbation from observations of its
early-stage response (8 hours post-stimulation), testing the model’s ability to extrapolate across the
temporal dynamics of T cell activation. Data processing details for both tasks appear in Appendix F.3.

Table 5: AUPRC (↑) for perturbation pre-
diction tasks.

Method (B1): BMDMs (B2): T cells

Pure strategies (best/worst in hindsight)
Best pure 0.4377±0.0005

CoreSet
0.3696±0.0002

CoreSet

Worst pure 0.4165±0.0011
Random

0.3403±0.0045
Random

Non-adaptive controls
Random 0.4165±0.0011 0.3403±0.0045

Equal Split 0.4279±0.0006 0.3442±0.0065

Adaptive strategy selection methods
ALBL 0.4289±0.0018 0.3548±0.0021

UCB 0.4323±0.0013 0.3590±0.0015

SCRiBLe 0.4299±0.0006 0.3557±0.0006

SelectAL 0.4346±0.0010 0.3579±0.0012

AutoAL 0.4336±0.0005 0.3603±0.0008

FractAL 0.4363±0.0006 0.3642±0.0013

Experimental setup. Across both tasks, we use an
initial labeled set of size |Dinit| = 35, batch size
B = 35, and a validation set of size |Dval| = 40. The
held-out test sets are of size |Dtest| = 103 (B1) and 141
(B2), corresponding to roughly 20% of each dataset.
Batch sizes are small because paired measurements
of this kind are recent, and the resulting datasets are
still limited in size. We run active learning for T = 6
rounds (measuring roughly 40–50% of the total pool)
using a single-layer MLP as the surrogate model. Clas-
sical regression metrics such as MSE are known to be
misaligned with the downstream task of identifying
which genes respond to a perturbation (Zhu et al., 2025;
Littman et al., 2025). We therefore report the area un-
der the precision-recall curve (AUPRC) for detecting
differentially expressed genes. The portfolio comprises
Random, CoreSet, ProbCover, and TypiClust.

Results. FractAL achieves the highest test AUPRC
among adaptive methods on both perturbation predic-
tion tasks (Table 5). It also leads every allocation diag-
nostic (Table 4). FractAL steadily concentrates budget
on the strongest strategy (here, CoreSet) on both tasks,
whereas the bandit baselines (UCB, SCRiBLe, ALBL) never settle on a stable allocation (Fig-
ures 3, 10 and 11). This behavior is consistent with the bandit feedback signal being too sparse to
confidently commit budget within the few rounds available in this setting. FractAL also downweights
the weakest strategy (Random), whereas the closest baseline (SelectAL) still retains substantial
allocation to it. On B2, FractAL is the only method to significantly outperform chance on Worst-Set
Overlap (one-sample t-test against chance, p < 0.05). This suggests the influence-based reward is a
more reliable signal for pruning than SelectAL’s deletion-based test.

4.4 AGGREGATE RESULTS, ABLATIONS, AND RUNTIME

Aggregate performance. Metrics within a single experiment separate methods only by narrow
margins. We therefore summarize performance across all seven setups, normalizing the metric so that
0 corresponds to matching random performance and 1 to matching the best strategy in the portfolio
for that setup. FractAL attains the highest mean gain (0.689) and is the only method with a positive
worst-case gain (0.222): every other method falls below Random on at least one setup. It is also the
top-ranked method on average (mean rank 1.14 of 7, median 1), ahead of the next closest method,
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Figure 3: Setup (B2): T cell perturbation prediction. (a) Test AUPRC of the four pure strategies.
(b–d) Per-round average budget allocation under FractAL, SelectAL and ALBL. Solid lines denote
the mean and shaded bands indicate one standard deviation.

SelectAL (3.14, median 3). FractAL’s advantage reflects consistent competitiveness across every task
we evaluate (Appendix G).

Ablation Studies. We conduct a series of ablation studies to isolate the contribution of each
component of FractAL to its performance across the three task domains (Appendix I). FractAL’s
performance is robust to the choice of the smoothing parameter α. Mirror descent outperforms
an additive update with clipping and renormalization. Soft fractional allocation improves over
hard allocation (i.e., picking one strategy per round) on five out of seven setups while tying on the
remaining two. Finally, the influence-based reward matches the performance of a retraining-based
signal, and the two correlate well (Spearman’s ρ = 0.7).

0 10 20 30 40 50
Runtime per AL run (min)

ALBL
UCB

SCRiBLe
SelectAL

AutoAL
FractAL

Acquisition
Allocation Update

Figure 4: Runtime for an AL run on (C2).

Runtime Analysis. We report the runtime for an
entire active learning run on the CIFAR-10 dataset
(C2, K = 8) on a single NVIDIA L40S GPU (Fig-
ure 4, exact numbers in Appendix J). For FractAL
and each of the baselines, we evaluate the time spent
querying strategies in the portfolio and assembling
the batch (Acquisition) versus the time spent on com-
puting the reward signal and the allocation (Allo-
cation Update). FractAL and SCRiBLe query every
strategy each round, so their acquisition time is longer
than that of the methods that commit to one at every
round (ALBL, UCB, SelectAL). Allocation-update
time varies much more across methods: 0.5 min for
FractAL, compared with 19.8 min for SelectAL and 28.5 min for AutoAL, which represents at least a
40-fold reduction compared to methods that involve additional model training. The runtime advantage
of our method grows with both the portfolio size K and the size of the surrogate model, since FractAL
computes a single inverse-Hessian-vector product per round regardless of K, while retraining-based
attribution scales linearly in both. The bandit baselines have a faster allocation update than FractAL,
but they perform poorly in this study (Table 4). Overall, FractAL completes an entire AL run 2.5×
faster than the second-best-performing method in the study (SelectAL), and 5× faster than AutoAL.

5 DISCUSSION

We addressed the problem of strategy selection in active learning, where strategies perform unpre-
dictably across tasks, datasets and model architectures. We proposed FractAL, a fractional allocation
framework that acquires data from multiple strategies in parallel and updates their budget shares at
each round using influence-based reward attribution. Aggregated across the seven setups, FractAL is
the only method whose worst-case performance exceeds that of random sampling; every baseline falls
below it on at least one setup (Appendix G). Across classification, regression, and high-throughput ge-
netic perturbation screens, FractAL consistently up-weights the strongest strategy, and down-weights
the ones with poor performance. In contrast, bandit-based baselines oscillate between strategies,
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and retraining-based methods underperform in this study. The allocation advantage is clearest in the
iteration-scarce, large-batch regime that motivates the framework, where each round of feedback
must carry substantial signal to be useful.

Several directions warrant further investigation. Influence functions are known to be fragile in deep
networks (Basu et al., 2021), and alternative data valuation frameworks — Shapley values (Ghorbani
& Zou, 2019), gradient similarity (Pruthi et al., 2020), or Banzhaf values (Wang & Jia, 2023) —
may stabilize the reward signal under more complex surrogates. Beyond strategy selection, the
fractional allocation framework extends to allocate budget across competing priors (e.g., protein–
protein interaction networks (Szklarczyk et al., 2025) or gene ontology annotations (Aleksander et al.,
2025)). Finally, we also see this problem as a promising direction for active experimental design
more broadly.
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A PROOF OF PROPOSITION 1

Proposition 1 (Strategy-wise Influence Decomposition). Assume the loss L is twice continu-
ously differentiable in θ near θ̂t, that θ̂t minimizes the training risk, and that the Hessian
Hθ̂t = ∇2

θR(Dt
train; θ̂

t) is positive definite. Then the k-th component of the influence vector is
given by:

Ik(θ̂t) = −∇θR(Dval; θ̂
t)⊤H−1

θ̂t

 1

nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

) . (2)

Assumptions. These assumptions are standard in the influence-function literature (Koh & Liang,
2017). They do not hold exactly for deep networks trained by stochastic gradient descent using
early-stopping. We describe those, as well as practical workarounds in Appendix B.

Proof. We adapt the standard influence-function derivation (Koh & Liang, 2017; Xu & Kazantsev,
2019) to our portfolio setting, where the perturbation vector ϵ ∈ RK has one component per strategy
rather than one per training point. The proof proceeds in two steps. First, we derive the parameter
sensitivity dθ̂t

ϵ

dϵ at ϵ = 0 via the implicit function theorem. Second, we apply the chain rule to obtain
the closed form for Ik(θ̂t).

Step 1: Parameter Sensitivity We first recall the perturbed risk from Eq. 1: for a perturbation
vector ϵ ∈ RK ,

Ft(ϵ, θ) = R(Dt
train; θ) +

K∑
k=1

ϵk
nt
k

∑
(x,y)∈Bt

k

L ((x, y); θ) . (7)

The perturbed parameter θ̂tϵ is its minimizer:

θ̂tϵ := argmin
θ
Ft(ϵ, θ), (8)

with θ̂t0 = θ̂t.

By optimality, it satisfies the first-order condition:

∇θR
(
Dt

train; θ̂
t
ϵ

)
+

K∑
k=1

ϵk
nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂tϵ

)
= 0. (9)

Let ∆ϵ := θ̂tϵ − θ̂t. As ϵ→ 0, we have ∆ϵ → 0.

Since L is twice continuously differentiable and Hθ̂t is positive definite, the implicit function theorem
applied to Eq. 9 implies that, for ϵ near 0, the minimizer θ̂tϵ near θ̂t is a continuously differentiable
function of ϵ. In particular, ∆ϵ = O(∥ϵ∥) as ϵ → 0. Taylor-expanding Eq. 9 around θ̂t and
discarding terms of order ϵ∆ϵ and higher:

0 =∇θR(Dt
train; θ̂

t) +∇2
θR(Dt

train; θ̂
t)∆ϵ +

K∑
k=1

ϵk
nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

)
+O(∥ϵ∥2). (10)

Since θ̂t minimizes R(Dt
train; ·), the first term vanishes: ∇θR(Dt

train; θ̂
t) = 0. Recognizing

∇2
θR(Dt

train; θ̂
t) = Hθ̂t and using the regularity assumption to invert it, we solve for ∆ϵ:

∆ϵ = −H−1

θ̂t

 K∑
k=1

ϵk
nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

)
+O(∥ϵ∥2)

 (11)

This expresses the parameter shift ∆ϵ as a function of ϵ, with each ϵk scaling its strategy’s gradient
contribution.
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Step 2: Chain Rule for the Influence Vector By definition, the k-th component of the influence
vector is the partial derivative of the validation risk at the perturbed parameter, evaluated at ϵ = 0:

Ik(θ̂t) =
∂

∂ϵk
R
(
Dval; θ̂

t
ϵ

) ∣∣∣∣
ϵ=0

. (12)

Applying the chain rule:

Ik(θ̂t) = ∇θR(Dval; θ̂
t)⊤

∂θ̂tϵ
∂ϵk

∣∣∣∣
ϵ=0

. (13)

The Jacobian column on the right is read off from Eq. 11 by differentiating with respect to ϵk at ϵ = 0
(higher order terms of ϵ vanish here at ϵ = 0):

∂θ̂tϵ
∂ϵk

∣∣∣∣
ϵ=0

= −H−1

θ̂t

 1

nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

) . (14)

Substituting into the chain rule expression:

Ik(θ̂t) = −∇θR(Dval; θ̂
t)⊤H−1

θ̂t

 1

nt
k

∑
(x,y)∈Bt

k

∇θL
(
(x, y); θ̂t

) , (15)

which matches Eq. 2.
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B IMPLEMENTATION DETAILS FOR FRACTAL

B.1 PRACTICAL ESTIMATION OF INFLUENCE SCORES

Proposition 1 assumes an exact empirical risk minimizer and a positive-definite Hessian, and is stated
for the full parameter vector. None of these holds exactly in our setting. We describe below how each
departs from the idealized statement, the approximation we use in response, and empirical evidence
that the resulting estimator remains reliable.

Optimality of the trained parameters. The derivation uses the first-order optimality condition
∇θR(Dt

train; θ̂
t) = 0 to eliminate the leading term of the Taylor expansion. In practice however, θ̂t

is obtained by solving a stochastic optimization problem with a first-order method, using an early
stopping criterion on the validation set. Therefore, this condition holds only approximately.

Positive definiteness of the Hessian. The Hessian of the training risk at the trained parameters,
Hθ̂t = ∇2

θR(Dt
train; θ̂

t), need not be positive definite. For the multiclass softmax head used on
CIFAR-10, it is provably singular since a common shift of all logits leaves the loss unchanged. We
therefore add an explicit damping term before inversion in every setup, so that the system we invert is
Hθ̂t + λdampI with λdamp = 0.01.

Last-layer restriction. Exact computation of the influence scores may become intractable for
surrogate models with a large number of parameters. We therefore restrict the Hessian to the last-
layer parameters θL (Koh & Liang, 2017). In the case of ResNet-18, this corresponds to the final
linear classification layer, and for the MLPs it is the final fully connected layer.

Reliability of the approximation. We validate the resulting scores by comparing them against the
retraining-based signal they approximate. Across rounds on CIFAR-10 (C1), the two rewards rank
strategies consistently, with a Spearman correlation of 0.7 - 0.8 (Table 15). Additionally, substituting
one for the other leaves downstream performance comparable on all seven setups (Table 14).

B.2 FORMING THE COMPOSITE BATCH

At each round t, the composite batch Bt is formed by combining sub-batches independently proposed
by each strategy in the portfolio. We describe here the procedure used to guarantee that the realized
batch contains exactly B unique points with each attributed to a single strategy (Algorithm 1).

Budget rounding. Since Bptk is generally not an integer, we allocate nt
k = ⌊Bptk⌋ points to each

strategy Ak and assign the remainder B −
∑

k⌊Bptk⌋ to the strategy with the largest allocation, Aj

with j = argmaxk p
t
k (ties broken by strategy index). The realized sub-batch sizes therefore sum to

exactly B.

Overlap resolution. All strategies select candidates exclusively from the currently unlabeled pool
Dpool \ Dt−1

train , so no previously acquired point can be re-selected. Within a round, however, two
strategies may independently propose the same unlabeled point. We resolve this by having strategies
select sequentially, in decreasing order of their allocated budget ptk (ties broken by strategy index):
each strategy’s candidate set excludes points already claimed by a higher-allocated strategy earlier
in the same round. This guarantees the realized sub-batches Bt1, . . . ,BtK are disjoint, and that every
acquired point is attributed to exactly one strategy in the reward computation.

Empirical overlap rate. We measured how often this overlap resolution rule is actually invoked
by logging, prior to resolution, how frequently two strategies’ independently-ranked candidate sets
would have proposed the same point. On CIFAR-10 (C2, K=8, B=500), an average of 3 of the 500
points acquired per round were claimed by more than one strategy (0.6% of the batch). The rule
therefore affects well under 1% of any batch, and the choice of tie-breaking order therefore has a
negligible effect on the reported results.
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C ACTIVE LEARNING STRATEGIES

Below we provide details about each of the data acquisition strategies used in our pool. The first four
are suitable for all experiments:

• Random is a strategy that randomly chooses a given number of points from the unlabeled
pool

• ProbCover (Yehuda et al., 2022) selects unlabeled points that maximize coverage of the
data distribution under a probabilistic similarity graph, ensuring chosen samples “cover” as
many other points as possible.

• TypiClust (Hacohen et al., 2022) performs k-means clustering in an embedding space and
samples typical points from the clusters ordered by their respective total size and labeled set
size.

• CoreSet (Sener & Savarese, 2018) iteratively picks the most distant points from the already
labeled points, given an embedding of all the unlabeled inputs. We use the Euclidean
distance as the distance metric in our experiments.

The last four apply specifically to classification tasks in our work:

• BADGE. BADGE (Ash et al., 2020) represents each unlabeled sample as the gradient of
the cross-entropy loss it induces on the last layer of the surrogate model and then samples
diverse points in the gradient embedding space.

• LeastConf strategy picks the samples that have the lowest maximum predicted probability.
• MaxEnt picks samples with highest entropy in the predicted probabilities.
• MinMargin picks the samples which have minimum difference between the probability of

top two predicted classes.
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D STRATEGY SELECTION BASELINES

D.1 ALBL: ACTIVE LEARNING BY LEARNING

ALBL (Hsu & Lin, 2015) utilizes the Exp4.P bandit solver to treat the strategies as experts giving
advice over the unlabeled data points. At iteration t, the solver maintains weights wt

k and determines
the selection probability of experts stk as:

stk = (1−Kpmin)
wt

k∑K
k′=1 w

t
k′

+ pmin (16)

where we set pmin = 1/B. The strategy for the next iteration is then sampled with the distribution st.
Let’s assume the chosen strategy is Ak. Thus, the allocation vector pt ∈ RK is given by

ptk′ =

{
1 if k′ = k,

0 otherwise,
∀k′ ∈ [K], (17)

Conceptually, ALBL acquires the whole batch of points using Ak and receives a partial information
reward rt ∈ [0, 1]K based on validation performance, defined as follows:

rtk =

{
Accuracy on Dval Classification Task

1
1+Loss(Dval)

Regression Task
(18)

and rtk′ = 0 for all k′ ̸= k. This reward is then utilized to update strategy selection weights using an
exponential rule:

wt+1
k = wt

k exp
(pmin

2
(ŷk(t) + v̂k(t)pmin)

)
(19)

where ŷk(t) and v̂k(t) are the reward and variance estimators. The whole algorithm is explained in
Algorithm 2.

Algorithm 2 ALBL: Active Learning by Learning

Require: Strategy portfolio P = {A1, . . . ,AK}; pool Dpool; initial labeled set Dinit; validation set
Dval; batch size B; rounds T

1: Initialization: w1
k = 1,∀k ∈ [K]; D0

train = Dinit
2: for t = 1, 2, . . . T − 1 do
3: Receive advice vectors ξ1(t), . . . , ξK(t), with ξk(t) = ek ∈ {0, 1}K
4: W t =

∑K
k=1 w

t
k

5: for k = 1, . . . ,K do

6: stk = (1−Kpmin)
∑K

k′=1
wt

k′ξ
k′
k (t)

W t + pmin = (1−Kpmin)
wt

k

W t + pmin

7: end for
8: Draw action kt ∼ (st1, . . . , s

t
K)

9: Define allocation vector pt with ptkt = 1 and ptk′ = 0,∀k′ ∈ [K], k′ ̸= kt

10: Sample batch Bt:
Bt ← Sample(Akt , B,Dpool \ Dt−1

train )

11: Query labels for Bt and update the training dataset:

Dt
train ← Dt−1

train ∪ {(x, y) : x ∈ B
t}

12: Retrain model on Dt
train

13: Receive reward rt ∈ [0, 1]K as in Equation 18

14: Set r̂tkt ←
rt
kt

st
kt

and r̂tk′ = 0,∀k′ ∈ [K], k′ ̸= kt

15: for k = 1, . . . ,K do
16: ŷtk = ξk(t) · r̂t
17: v̂tk = 1/stk
18: wt+1

k = wt
k exp

(
pmin

2 (ŷtk + v̂tk ∗ pmin)
)

19: end for
20: end for
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D.2 UPPER CONFIDENCE BOUND (UCB)

UCB is a classic multi-armed bandit algorithm that we apply for active learning. Each arm is a
strategy Ak from the portfolio. At any iteration t, based on the confidence bound calculated from
the mean reward and associated uncertainty, an arm kt is decided to be played. Assume τ is the
performance metric that we use to evaluate the quality of model parameters (typically negative
validation loss for regression tasks and validation accuracy for classification tasks). Therefore, the
partial information reward rt ∈ RK obtained as consequence of the action in iteration t is defined as:

rtk =

{
τ(θ̂t)− τ(θ̂t−1) if k = kt,

0 otherwise,
∀k ∈ [K], (20)

where θ̂t denotes the parameters of the surrogate model obtained after training on Dt
train (see

Algorithm 3).

Algorithm 3 UCB: Upper Confidence Bound

Require: Strategy portfolio P = {A1, . . . ,AK}; pool Dpool; initial labeled set Dinit; validation set
Dval; batch size B; rounds T , exploration parameter c, pseudo-count γ, model performance
metric τ

1: Initialization: D0
train = Dinit; c← 1

2: Initialization: counts nk ← γ, values µ̂k ← 0 for all k ∈ [K]

3: Train model on D0
train and obtain θ̂0

4: for t = 1, 2, . . . , T − 1 do
5: Select strategy:

kt = argmax
k

(
µ̂k + c

√
log t

nk

)
6: Define allocation vector pt with ptkt = 1 and ptk′ = 0,∀k′ ̸= kt

7: Sample batch Bt:
Bt ← Sample(Akt , B,Dpool \ Dt−1

train )

8: Query labels for Bt and update the training dataset:

Dt
train ← Dt−1

train ∪ {(x, y) : x ∈ B
t}

9: Retrain model on Dt
train and obtain optimal parameters θ̂t

10: Receive reward rt ∈ RK as in Eq. 20
11: Update UCB statistics. For all k ∈ [K]:

nk ← nk + 1k=kt

µ̂k ← µ̂k + 1k=kt

[
1

nk
(rtk − µ̂k)

]
12: end for

D.3 SCRIBLE ALGORITHM

SCRiBLe (Abernethy et al., 2009) is a linear bandit solver we apply for active learning in this
work. Specifically, SCRiBLe operates directly on the allocation simplex ∆K−1. At each round it
proposes an allocation vector and observes the resulting validation loss, which it treats as the cost
to be minimized. Consequently, the action space for this algorithm is the convex compact simplex
∆K−1. For the (K-1)-dimensional simplex ∆K−1 = {x ∈ RK : x ≥ 0,

∑
k

xk = 1}, the log-barrier

is:

C(x) = −
K−1∑
k=1

log xk − log(1−
K−1∑
k=1

xk) (21)
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where xK = 1 −
K−1∑
k=1

xk. The algorithm starts close to the center of the simplex, i.e. a uniform

distribution and explores the domain while still being inside the simplex. At any iteration t, the
algorithm perturbs the proportion vector in a randomly chosen direction of eigenvector of∇2C(pt)
and obtains a batch according to this updated proportion. The whole algorithm is described in
Algorithm 4.

Algorithm 4 SCRiBLe

Require: Strategy portfolio P = {A1, . . . ,AK}; pool Dpool; initial labeled set Dinit; validation set
Dval; batch size B; rounds T , η > 0, ϑ-self-concordant barrier C, K = ∆K−1

1: Initialization: D0
train = Dinit; p1 ← argminp∈K C(p) = { 1

K , · · · , 1
K }

2: for t = 1, . . . , T − 1 do
3: Compute eigenpairs {(ek, λk)}K−1

k=1 of ∇2C(pt)
4: Sample kt ∼ Unif({1, . . . ,K − 1}), εt ∼ {−1,+1} uniformly
5: pt ← pt + εtλ

−1/2
kt ekt

6: Sample strategy sub-batches: Bti ← Sample(Ai, ⌊pti ∗B⌋,Dpool \ Dt−1
train )

7: Aggregate batch Bt =
K⋃

k=1

Btk;

8: Query labels for Bt and update the training dataset:

Dt
train ← Dt−1

train ∪ {(x, y) : x ∈ B
t}

9: Retrain model on Dt
train and obtain optimal parameters θ̂t

10: Compute cost ct def
= R(Dval; θ̂

t)

11: c̃t ← (K − 1) ct εtλ
1/2
kt ekt

12: pt+1 ← argminp∈K

(
η
∑t

s=1 c̃
s⊤p+ C(p)

)
13: end for

D.4 SELECTAL

SelectAL (Hacohen & Weinshall, 2023) was originally introduced as a retraining-based active learning
framework that treats strategy selection as a choice between two regimes: a “low-budget” regime
focused on representativeness and a “high-budget” regime focused on uncertainty and atypicality.
To determine the optimal regime at each iteration, SelectAL assesses the utility of a strategy as
follows. At any iteration t, it treats the labeled set Dt

train as if it were unlabeled and removes a
small subset of the points, specifically max(⌊0.05 · |Dt

train|⌋, 1) (the 5% value follows the original
publication), chosen according to a candidate strategy’s logic, and measures the resulting change in
model performance. The strategy whose deletion induces the largest drop in performance is judged
most informative and is selected for the subsequent forward acquisition step.

While the original work suggests using one fixed representative strategy for deletion per budget
category (which may differ from the corresponding category’s acquisition strategy), such a constraint
limits the framework’s applicability in complex portfolios like our setup (C2) (Section 4.1). Therefore,
in our implementation, we allow SelectAL to evaluate all K strategies in the portfolio by setting the
forward-selection and deletion-based strategies to be identical for each candidate. This adaptation
ensures a fair comparison by allowing SelectAL to operate over the same strategy pool as FractAL.

D.5 AUTOAL

AutoAL (Wang et al., 2025) frames strategy selection as a differentiable search problem via two
co-trained networks. First, FitNet estimates the informativeness of each unlabeled sample. Sec-
ond, SearchNet learns a continuous weighting over the strategy portfolio. Each candidate strategy
contributes a score to every unlabeled point, and SearchNet combines these into a single per-point
score via gradient-based optimization on the labeled set (relaxing what would otherwise be a discrete
strategy search into a continuous one, in the spirit of differentiable architecture search); the points
with the highest combined scores are then selected for labeling. Unlike FractAL, which allocates

21



Preprint

budget fractionally across strategies to form disjoint sub-batches, AutoAL blends strategies at the
level of individual point scores, and its bilevel optimization introduces additional hyperparameters
and per-round computational overhead from jointly training the two auxiliary networks.
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E ALLOCATION DIAGNOSTICS

We seek to establish a quantitative notion of quality for a strategy portfolio allocation that can
be compared across multiple adaptive strategy selection methods. One potential avenue for this
diagnostic is to consider “pure-strategy” test performance (i.e., running each strategy alone across the
full AL run), to decide on which strategies are empirically best- and worst-performing at each round.
Based on this evaluation, a natural desideratum for a soft strategy selection method is to concentrate
budget on the strategies that perform well and withhold it from those that do not.

This criterion is not valid in general, because samples from different strategies may be complementary.
In those cases, combining samples from a seemingly poor strategy with a strong one could create
synergies and boost downstream performance. Our experiments, however, suggest this does not
happen here. No strategy selection method in our study outperforms the best pure strategy in the
portfolio (Tables 9, 10, 11). Remarkably, this holds even for AutoAL, which blends strategies at
the level of individual point scores rather than allocating budget across them, and can therefore in
principle select points that exploit complementarity between strategies. It nonetheless underperforms
both random and a uniform allocation on every aggregate measure (Table 8). We therefore take the
pure-strategy ranking as our reference, while noting that portfolios with genuinely complementary
strategies remain untested here.

On some tasks, several strategies perform comparably well, so identifying a single best (or worst)
strategy is too strict a standard. A method that correctly favors any strategy within this comparable
set should not be penalized for not isolating the single top performer. We therefore evaluate against
the best and worst sets of pure strategies, of cardinality k (reported per task in Table 6). At each AL
round, Best-Set Overlap is the fraction of the best set that is also among the top-k strategies by the
method’s internal allocation, and Worst-Set Overlap is the fraction of the worst set that is also among
the bottom-k strategies.

To determine k for each task, we take the mean ± one standard deviation at each round of each pure
strategy’s test performance (across seeds, after averaging within splits) and count how many strategies’
bands overlap the best-performing (or, for Worst-Set Overlap, the worst-performing) strategy’s band;
the cardinality of the set is one plus this count. We take the mode of this per-round value across
rounds t=2 to T−1 as the fixed set size reported for that task. This is a practical heuristic rather than
a formal hypothesis test, and portfolios whose strategies are more tightly clustered in performance
naturally have larger cardinality sets.

Table 6: Cardinality of the Best and Worst Sets for the allocation quality assessment for all the
datasets

Dataset |Best Set| |Worst Set|
CIFAR 10 (C1) 1 1
CIFAR 10 (C2) 2 1
KEGG 2 1
SARCOS 2 3
Diamonds 2 2
BMDMs (B1) 1 2
T cells (B2) 1 2
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F EXPERIMENTAL SETUPS

We now discuss the setups used in each experiment in more detail. A summary of different active
learning configurations is presented in Table 7.

Table 7: Active learning configurations for each setup: surrogate model, sizes of the initial labeled,
validation, test and pool sets, and batch size B. All strategy selection methods and pure strategies
share the same configuration within a setup.

Dataset Surrogate Model |Dinit| |Dval| |Dtest| |Dpool| B

CIFAR 10 ResNet-18 500 1024 10000 48976 500
KEGG 3 layer MLP 500 1024 12921 50663 500
SARCOS 3 layer MLP 500 1024 8896 34564 500
Diamonds 3 layer MLP 500 1024 10788 42128 500
BMDMs 1 layer MLP 35 40 103 371 35
CD4+ T cells 1 layer MLP 35 40 141 528 35

F.1 CLASSIFICATION DATASET

Data processing. We follow the data processing recipe from Hacohen & Weinshall (2023). Starting
from the raw CIFAR 10 images, we first apply random cropping of the same size 32 × 32 with a
padding of 4, followed by random horizontal flips. Post these augmentations, the pixel values are
scaled to [0, 1] and are then standardized using the channel-wise mean and standard deviation of
[0.4914, 0.4822, 0.4465] and [0.247, 0.2435, 0.2616] respectively.

Surrogate Model. We use a ResNet-18 (He et al., 2016) as the surrogate model for CIFAR 10.
The ResNet is trained for 50 epochs in each active learning iteration. We used an SGD optimizer,
with 0.9 Nesterov momentum, 0.0003 weight decay, cosine learning rate scheduling with a base
learning rate of 0.025, dropout with probability 0.5 and batch size of 100 examples. We borrow all
the architectural and hyperparameter details from Hacohen & Weinshall (2023). We select the best
checkpoint based on validation accuracy. For ProbCover, we use δ = 0.6 as outlined in Yehuda et al.
(2022).

Embeddings. We used the 512 dimensional L2−normalized SimCLR (Chen et al., 2020) embed-
dings6 for strategies like CoreSet, ProbCover and TypiClust, that operate in the embedding space.
Note that the embeddings remain fixed throughout the AL run, as prescribed in Hacohen & Weinshall
(2023).

F.2 REGRESSION DATASETS

Data processing. All three regression datasets, KEGG, SARCOS and Diamonds use the same
data processing pipeline. We closely follow Holzmüller et al. (2023) for the data processing recipe.
Specifically, we process the input features as follows:

xprocessed
j = 5tanh

(
1

5

xj − µ̂j

σ̂j

)
(22)

where µ̂ and σ̂ are the feature wise mean and standard deviation of the dataset Dpool. This is done to
make sure all input features lie in the range [−5, 5] and simplify the learning process for the MLP.

Surrogate Model. We take inspiration from Holzmüller et al. (2023) for the surrogate model and
use a 3 layer MLP with ReLU activations and 2 hidden layers of 512 dimension each. We use a
weight decay of 0.0003 for regularization and optimize the network using Adam optimizer with a
base learning rate of 0.01. At every AL iteration, the surrogate model is trained for 256 epochs with a
batch size of 64 and a learning rate schedule that decays linearly with the epochs. We select the best
checkpoint based on validation loss.

6Embeddings obtained from: https://github.com/fbickfordsmith/ssl-embeddings
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Embeddings. We use the processed input features concatenated together as the embedding for
each input sample for strategies like CoreSet, ProbCover and TypiClust.

Portfolio. For our portfolio, we choose only Random, CoreSet, ProbCover and TypiClust as they
naturally apply to these setups. MaxEnt, MinMargin and LeastConf are more suited for classification
tasks as they operate with logits and hence are removed from the portfolio for regression setups.

F.3 HIGH-THROUGHPUT PERTURBATION SCREENS

B1 (BMDMs) data processing. Starting from the matched Perturb-seq and OPS count data (Kudo
et al., 2026), we processed the transcriptomic readouts with scanpy for quality control and nor-
malization, used ContrastiveVI (Weinberger et al., 2023) to isolate perturbation-induced variation
from background biological variation, and computed per-perturbation log-fold changes (against non-
targeting controls) with lvm-DE (Boyeau et al., 2023) across 4,000 highly variable genes. Imaging
embeddings were obtained by averaging CellProfiler features (Carpenter et al., 2006) per perturbation
and retaining the top 70 principal components.

B2 (CD4+ T cells) data processing. We used the publicly available genome-scale Perturb-seq
dataset of primary human CD4+ T cells (Zhu et al., 2026), downloaded from the CZI Virtual Cell
Models repository. Per-perturbation log-fold changes against non-targeting controls were computed
at both the 8-hour and 48-hour time points across 4,000 highly variable genes. Input embeddings
were constructed by applying PCA to the 8-hour log-fold changes and retaining the top 70 principal
components; the 48-hour log-fold changes serve as the prediction target.

Surrogate model. We use an MLP with a single hidden layer and ReLU activation, followed by a
linear output layer that maps the 70-dimensional input embedding to a 4,000-dimensional log-fold
change vector. The model is trained with SGD (batch size 64) for 600 epochs using a learning rate of
1.0 with a linear scheduler lower-bounded at 0.1. We select the best checkpoint based on validation
loss. Ground-truth labels for each of the 4,000 highly variable genes are obtained by thresholding
absolute log-fold changes, |LFC| > 0.5.

Portfolio. Following similar logic as in Appendix F.2, we choose only Random, CoreSet, ProbCover
and TypiClust for our portfolio in these tasks.

25



Preprint

G PERFORMANCE ACROSS SETUPS

The seven setups report different performance metrics (accuracy, MSE, and AUPRC) which are not
directly comparable, making averaging raw performance differences across setups meaningless. For
a method with terminal performance p on a given setup, we therefore define its relative gain over
Random as

g =
p− prandom

pbest − prandom
, (23)

where prandom and pbest denote the terminal performance of Random and of the best pure strategy on
that setup. By construction, g = 0 corresponds to matching Random and g = 1 to matching the best
pure strategy in the portfolio. The gap from g to 1 measures the cost of not knowing in advance
which strategy is best, and g < 0 indicates performance worse than random sampling.

We report the mean, worst-case, and rank summaries across the seven setups in Table 8. Ranks are
computed per setup among the seven methods and then averaged, with ties resolved from unrounded
performance values.

Table 8: Relative gain and rank among the six adaptive methods and the equal split control, averaged
across the seven setups. Mean Rank and Worst Rank report the average and maximum rank among
the 7 methods (rank 1 = best, computed per setup then averaged/maximized across setups). Median
Rank corresponds to the median value of rank across the setups. Mean Gain and Rank values are
mean ± SE across setups.

Method Mean Gain (↑) Worst Gain (↑) Mean Rank (↓) Median Rank (↓) Worst Rank (↓)

Equal Split 0.230 ±0.214 -0.888 4.29 ±0.77 4 7
ALBL 0.150 ±0.227 -1.055 5.43 ±0.27 6 6
UCB 0.228 ±0.214 -1.055 4.14 ±0.55 4 6
SCRiBLe 0.266 ±0.208 -0.944 4.14 ±0.47 4 6
SelectAL 0.370 ±0.178 -0.611 3.14 ±0.43 3 5
AutoAL 0.027 ±0.251 -1.055 5.71 ±0.77 7 7
FractAL 0.689 ±0.096 0.222 1.14 ±0.13 1 2

FractAL has the highest mean gain (0.689) and the only positive worst-case gain (0.222): every other
method, including the non-adaptive Equal Split control, has at least one setup where its terminal
performance falls below Random’s, with AutoAL, ALBL, and UCB falling short by more than the
entire Random-to-best span in their weakest setup. FractAL is also the top-ranked method on average
(mean rank 1.14 of 7, median 1, against 3.14 and median 3 for the next closest method, SelectAL). We
also note that no method attains g > 1 on any setup (see also Appendix E). These results indicate that
FractAL’s advantage reflects consistent competitiveness across the full range of setups we evaluate.
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H PER-SETUP RESULTS WITH PURE STRATEGIES PERFORMANCE

We report here the performance of every pure strategy in each setup’s portfolio, alongside the one
from all of the adaptive methods (Tables 9, 10 and 11). Note that no adaptive method has prior
knowledge of which strategies perform well, and each strategy selection method must infer it during
the run from its reward signal. The best and worst pure strategies therefore serve as a reference range
rather than as competing methods. In each table we bold the best pure strategy and the best strategy
selection method, marking ties where they occur. Across all setups, FractAL achieves the highest test
performance among the strategy selection methods, and either matches the best pure strategy or ranks
second in the portfolio.

Table 9: Accuracy (↑) on CIFAR-10 at the end of T = 10 rounds.

Method (C1): CIFAR-10 (K = 3) (C2): CIFAR-10 (K = 8)

Individual Strategies

Random 69.4 ±0.1 69.4 ±0.1

CoreSet 58.7 ±0.2 58.7 ±0.2

ProbCover 71.2 ±0.1 71.2 ±0.1

BADGE 69.6 ±0.2 69.6 ±0.2

LeastConf 69.6 ±0.1 69.6 ±0.1

MaxEnt 69.5 ±0.1 69.5 ±0.1

MinMargin 69.7 ±0.1 69.7 ±0.1

TypiClust 68.8 ±0.1 68.8 ±0.1

Strategy Selection Methods

Equal Split 67.8 ±0.1 69.1 ±0.1

UCB 67.5 ±0.1 69.5 ±0.1

ALBL 67.5 ±0.5 68.6 ±0.3

SCRiBLe 67.7 ±0.2 69.2 ±0.1

SelectAL 68.3 ±0.1 69.4 ±0.1

AutoAL 67.5 ±0.1 68.3 ±0.1

FractAL 70.2 ±0.2 69.8 ±0.2

Table 10: Test MSE (×10−1, ↓) on tabular regression datasets at the end of T = 10 rounds.

Method KEGG SARCOS Diamonds

Individual Strategies

Random 0.79 ±0.02 0.79 ±0.01 0.11 ±0.01

CoreSet 0.53 ±0.01 0.73 ±0.01 0.08 ±0.01

ProbCover 0.49 ±0.00 0.72 ±0.01 0.12 ±0.01

TypiClust 0.97 ±0.01 0.77 ±0.01 0.10 ±0.01

Strategy Selection Methods

Equal Split 0.62 ±0.01 0.76 ±0.01 0.08 ±0.01

UCB 0.61 ±0.01 0.77 ±0.01 0.10 ±0.01

ALBL 0.63 ±0.02 0.77 ±0.01 0.09 ±0.01

SCRiBLe 0.63 ±0.01 0.75 ±0.01 0.09 ±0.01

SelectAL 0.59 ±0.01 0.76 ±0.01 0.09 ±0.01

AutoAL 0.65 ±0.01 0.82 ±0.01 0.10 ±0.01

FractAL 0.58 ±0.01 0.74 ±0.01 0.08 ±0.01
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Table 11: AUPRC (↑) for high-throughput perturbation datasets after T = 6 rounds.

Method B1: BMDM B2: CD4+ T Cell

Individual Strategies

Random 0.4165 ±0.0011 0.3403 ±0.0045

CoreSet 0.4377 ±0.0005 0.3696 ±0.0002

ProbCover 0.4305 ±0.0004 0.3441 ±0.0003

TypiClust 0.4301 ±0.0006 0.3413 ±0.0061

Strategy Selection Methods

Equal Split 0.4279 ±0.0006 0.3442 ±0.0065

UCB 0.4323 ±0.0013 0.3590 ±0.0015

ALBL 0.4289 ±0.0018 0.3548 ±0.0021

SCRiBLe 0.4299 ±0.0006 0.3557 ±0.0006

SelectAL 0.4346 ±0.0010 0.3579 ±0.0012

AutoAL 0.4336 ±0.0005 0.3603 ±0.0008

FractAL 0.4363 ±0.0006 0.3642 ±0.0013
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I ABLATION STUDIES

We perform the ablation experiments for our proposed FractAL method. In particular, we test the
sensitivity of the method to the EWMA smoothing parameter, the contribution of the mirror descent
update, the utility of the influence-based rewards as compared to retraining based rewards and the
importance of soft fractional allocation among portfolio strategies. We detail the results of each of
these experiments below.

I.1 SMOOTHING PARAMETER

We sweep over α values for across all setups and report the terminal accuracy. The numbers are
averaged over 5 splits and 10 runs per split. Table 12 contains the accuracy numbers for different
values of the smoothing parameter α. The similar performance across different α values highlights the
robustness of the method to this hyperparameter. No Smoothing (i.e. α = 1.0) performs particularly
worse on two out of seven setups, CD4+ T cells and Diamonds.

Table 12: Terminal Performance of FractAL for different values of the EWMA smoothing parameter
α on all seven setups. MSE numbers represent (MSE ×10−1)

Dataset Metric α = 0.1 α = 0.3 α = 0.5 α = 0.7 α = 1.0

CIFAR-10 (C1) Acc (↑) 70.0 ±0.2 70.1 ±0.2 70.2 ±0.2 70.0 ±0.2 70.2 ±0.1

CIFAR-10 (C2) Acc (↑) 70.0 ±0.2 69.9 ±0.1 69.8 ±0.2 70.1 ±0.2 69.9 ±0.1

KEGG MSE (↓) 0.60 ±0.01 0.60 ±0.01 0.58 ±0.01 0.58 ±0.01 0.59 ±0.01

SARCOS MSE (↓) 0.73 ±0.01 0.76 ±0.01 0.74 ±0.01 0.74 ±0.01 0.74 ±0.01

Diamonds MSE (↓) 0.09 ±0.01 0.09 ±0.01 0.08 ±0.01 0.09 ±0.01 0.10 ±0.01

BMDMs AUPRC (↑) 0.4348 ±0.0008 0.4356 ±0.0006 0.4363 ±0.0006 0.4360 ±0.0008 0.4365 ±0.0008

CD4+ T cells AUPRC (↑) 0.3629 ±0.0013 0.3630 ±0.0013 0.3642 ±0.0013 0.3644 ±0.0013 0.3593 ±0.0050

I.2 ALLOCATION OPTIMIZATION ALGORITHM

We replace the mirror descent allocation update with the following additive update with clipping and
renormalization:

f t
k = max

(
qtk + λ ηt r̄tk, pmin

)
,

qt+1
k =

f t
k∑K

j=1 f
t
j

,
(24)

where we use a fixed λ = 0.15. pt+1
k is then computed as in Equation 6. We benchmark this approach

against FractAL across all setups (Table 13). The mirror-descent update is never worse, and better on
five of seven datasets, supporting its use for navigating the allocation simplex over an additive update
with clipping and renormalization.

Table 13: Performance comparison of mirror descent vs additive update with clipping and renormal-
ization across all setups.

Dataset Metric Mirror Desc. Additive (clip + renorm.)

CIFAR-10 (C1) Acc (↑) 70.2 ±0.2 69.8 ±0.2

CIFAR-10 (C2) Acc (↑) 69.8 ±0.2 69.8 ±0.1

KEGG MSE (×10−1, ↓) 0.58 ±0.01 0.61 ±0.01

SARCOS MSE (×10−1, ↓) 0.74 ±0.01 0.76 ±0.01

Diamonds MSE (×10−1, ↓) 0.08 ±0.01 0.09 ±0.01

BMDMs AUPRC (↑) 0.4363 ±0.0006 0.4299 ±0.0005

CD4+ T cells AUPRC (↑) 0.3642 ±0.0013 0.3533 ±0.0051

I.3 INFLUENCE REWARD ATTRIBUTION

We test the utility of the influence rewards by swapping them with changes in performance metrics on
the validation set after retraining the model (keeping the fractional allocation framework unchanged).
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More specifically, the retraining reward for a strategy is the difference in performance on validation
set with and without the strategy’s latest sub-batch of chosen points. We perform the experiment
across all our setups and report the numbers averaged over 5 splits and 10 seeds per split (Table 14).

Table 14: Performance comparison with influence vs retraining based reward across all setups.

Dataset Metric Influence Retraining

CIFAR-10 (C1) Acc (↑) 70.2 ±0.2 70.5 ±0.1

CIFAR-10 (C2) Acc (↑) 69.8 ±0.2 70.2 ±0.2

KEGG MSE (×10−1, ↓) 0.58 ±0.01 0.59 ±0.01

SARCOS MSE (×10−1, ↓) 0.74 ±0.01 0.74 ±0.01

Diamonds MSE (×10−1, ↓) 0.08 ±0.01 0.08 ±0.01

BMDMs AUPRC (↑) 0.4363 ±0.0006 0.4383 ±0.0006

CD4+ T cells AUPRC (↑) 0.3642 ±0.0013 0.3514 ±0.0006

The influence reward is on par with the retraining-based reward: it trails by at most 0.4 accuracy
points on CIFAR-10 and matches or outperforms on four of the other five tasks. However, in runtime
cost, influence-based AL run is overall 2.5× faster than the retraining based AL run.

To further establish influence rewards as a sound substitute for retraining reward, we also study the
correlation between the two rewards across rounds for the CIFAR-10 (C1) setup. Specifically, we
report the Spearman rank correlation between the two reward rankings as well as the agreement
(in percentage) between the two rewards for the best and worst performing strategies. Table 15
reports the aforementioned numbers. The rank correlation (±SE) ranges between 0.7 and 0.8, while
the best and worst agreements are generally > 70% indicating that the two rewards rank strategies
consistently. Therefore, the influence estimator is a reliable proxy for strategy utility and hence a
sound substitute for the more expensive retraining-based attribution within the proposed fractional
allocation framework.

Table 15: Correspondence between the retraining based reward and corresponding influence estimates
across different active learning rounds for the CIFAR-10 (C1) setup.

Round Spearman Rank Correlation Best Agreement (%) Worst Agreement (%)

2 0.70 ±0.08 70.0 80.0
3 0.80 ±0.06 80.0 83.3
4 0.78 ±0.04 70.0 86.6
5 0.73 ±0.08 80.0 76.6
6 0.73 ±0.07 76.6 76.6

I.4 SOFT FRACTIONAL ALLOCATION

While preserving the influence-based reward attribution, we replace the proposed soft fractional
allocation with a hard allocation mechanism in which the strategy with the highest reward receives
the entire budget for the round. We call this variant FractAL (Hard). Soft allocation improves on five
of seven setups and is comparable on the remaining two (Table 16). Distributing the budget across
strategies therefore outperforms committing it to the single highest-reward strategy, even when both
use the same reward signal.
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Table 16: Performance comparison of hard versus soft allocation across all setups.

Dataset Metric FractAL FractAL (Hard)

CIFAR-10 (C1) Acc (↑) 70.2 ±0.2 69.3 ±0.1

CIFAR-10 (C2) Acc (↑) 69.8 ±0.2 70.0 ±0.1

KEGG MSE (×10−1, ↓) 0.58 ±0.01 0.60 ±0.01

SARCOS MSE (×10−1, ↓) 0.74 ±0.01 0.74 ±0.01

Diamonds MSE (×10−1, ↓) 0.08 ±0.01 0.09 ±0.01

BMDMs AUPRC (↑) 0.4363 ±0.0006 0.4309 ±0.0010

CD4+ T cells AUPRC (↑) 0.3642 ±0.0013 0.3592 ±0.0017
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J DETAILED RUNTIME ANALYSIS

Table 17 reports wall-clock time for a single complete AL run on CIFAR-10 (C2, K = 8) on one
NVIDIA L40S GPU, decomposed into two phases: Acquisition, the time to query strategies in the
portfolio and assemble the batch, and Allocation Update, the time to compute the reward signal and
update the allocation for the next round.

Table 17: Runtime (in minutes) of different components of a single AL run for different methods. We
use the CIFAR10 (C2, K = 8) setting for these measurements.

Method Acquisition Allocation Update Total

ALBL 1.2 7.3 ×10−5 1.2
UCB 1.5 7.2 ×10−5 1.5
SCRiBLe 8.8 4.6 ×10−4 8.8
SelectAL 3.3 19.8 23.1
AutoAL 20.7 28.5 49.2
FractAL 8.8 0.5 9.3
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K ADDITIONAL BUDGET ALLOCATION PLOTS

For completeness, we provide the performance plots for pure strategies in the portfolio and budget
allocation evolution plots for each of our methods and baselines on all our setups. We often notice that
FractAL increases the allocation to the empirically best strategies across all setups, while reducing
the share of the suboptimal ones in the portfolio. Detailed analysis for each plot is included in its
respective caption.

All allocation and performance plots (Figures 5–11) show rounds t = 2 to t = T − 1. We omit t = 0,
which corresponds to acquiring Dinit, and t = 1, at which every method, including FractAL, starts
from an equal split.
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Figure 5: Setup (C1): CIFAR-10 with K = 3. (a) Test performance of pure strategies. (b–f) Average
per-round budget allocation to Random, CoreSet, and ProbCover under each method. FractAL drives
CoreSet to zero and concentrates on ProbCover. SelectAL allocates roughly equal shares to Random
and CoreSet, while bandit baselines (d–f) oscillate between strategies without converging. Lines
show the mean and shaded bands show ± 1 standard deviation. For test accuracy, standard deviation
is computed across seeds after averaging over splits; for allocations, across splits after averaging over
seeds.
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Figure 6: Setup (C2): CIFAR-10 with K = 8. (a) Test performance of the 8 pure strategies. (b–f)
Average per-round budget allocation to all 8 strategies under each method. FractAL increases the
share of ProbCover and decreases CoreSet over rounds. Lines show the mean and shaded bands
show ± 1 standard deviation. For test accuracy, standard deviation is computed across seeds after
averaging over splits; for allocations, across splits after averaging over seeds.
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Figure 7: KEGG metabolic reaction network experiment. (a) Test performance of the four pure
strategies. (b–f) Average per-round budget allocation under each method. FractAL concentrates
the budget on CoreSet (the second strongest strategy) while suppressing Random and TypiClust.
SelectAL also upweights CoreSet but assigns ProbCover a lower share than Random consistently.
The bandit baselines (d–f) oscillate between strategies without converging. Lines show the mean and
shaded bands show ± 1 standard deviation. For test accuracy, standard deviation is computed across
seeds after averaging over splits; for allocations, across splits after averaging over seeds.
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Figure 8: SARCOS experiment. (a) Test performance of the four pure strategies. (b–f) Average
per-round budget allocation under each method. FractAL and SelectAL upweight CoreSet (one of
the strongest strategies) and suppress Random and ProbCover. SelectAL ranks TypiClust at the
lowest allocation, despite it not being the weakest strategy; FractAL avoids this mistake. The bandit
baselines (d–f) oscillate without converging. Lines show the mean and shaded bands show ± 1
standard deviation. For test accuracy, standard deviation is computed across seeds after averaging
over splits; for allocations, across splits after averaging over seeds.
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Figure 9: Diamonds experiment. (a) Test performance of the four pure strategies, which cluster
within a narrow MSE range. (b–f) Average per-round budget allocation under each method. FractAL
upweights CoreSet (the strongest individual strategy) and reduces the others, with the allocations
aligned with the empirical ranking by the final rounds. The remaining methods (c–f) maintain roughly
uniform allocations. Lines show the mean and shaded bands show ± 1 standard deviation. For test
accuracy, standard deviation is computed across seeds after averaging over splits; for allocations,
across splits after averaging over seeds.
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Figure 10: Setup (B1): BMDM perturbation prediction. (a) Test AUPRC of the four pure strategies.
(b–f) Average per-round budget allocation under each method. FractAL and SelectAL both upweight
CoreSet (the strongest strategy) over rounds, but FractAL drives the other three strategies close to
zero, whereas SelectAL retains substantial allocation to Random. The bandit baselines (d–f) oscillate
between strategies without converging. Lines show the mean and shaded bands show ± 1 standard
deviation. For test accuracy, standard deviation is computed across seeds after averaging over splits;
for allocations, across splits after averaging over seeds.
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Figure 11: Setup (B2): CD4+ T cell perturbation prediction. (a) Test AUPRC of the four pure
strategies. (b–f) Average per-round budget allocation under each method. FractAL consistently
upweights CoreSet (the strongest strategy) and reduces the other three to similar low levels, consistent
with their similar pure-strategy performance. SelectAL temporarily reduces CoreSet’s allocation in
rounds 3–5, and keeps ProbCover proportions high. The bandit baselines (d–f) oscillate between
strategies without converging. Lines show the mean and shaded bands show ± 1 standard deviation.
For test accuracy, standard deviation is computed across seeds after averaging over splits; for
allocations, across splits after averaging over seeds.
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