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Abstract

Strategic classification is an emerging area of modern machine learning research1

that models scenarios where input features are provided by individuals who might2

manipulate them to receive better outcomes, e.g., in hiring, admissions, and loan3

decisions. Prior work has focused on supervised settings, where human experts4

label all training examples.5

However, labeling all training data can be costly, as it requires expert intervention.6

In this work, we initiate the study of active learning for strategic classification,7

where the learning algorithm takes a much more active role compared to the classic8

fully supervised setting in order to learn with much fewer label requests.9

Our main result provides an algorithm for actively learning linear separators in10

the strategic setting while preserving the exponential improvement in label com-11

plexity over passive learning previously achieved in the simpler non-strategic case.12

Specifically, we show that for data uniformly distributed over the unit sphere, a13

modified version of the Active Perceptron algorithm [Dasgupta et al., 2005, Yan14

and Zhang, 2017], can achieve excess error ε after requesting only Õ
(
d ln 1

ε

)
15

labels and making an additive Õ
(
d ln 1

ε

)
mistakes compared to the best classifier,16

when the Ω̃(ε) fraction of the inputs are flipped. These algorithms are computa-17

tionally efficient with number of label queries substantially better than prior work18

in strategic Perceptron [Ahmadi et al., 2021] under distributional assumptions.19

1 Introduction20

Overview We initiate the study of active learning algorithms that classify strategic agents. Active21

learning is a well-established framework within machine learning that selectively queries labels,22

allowing algorithms to achieve higher accuracy and efficiency than traditional supervised learning23

methods. This is particularly useful when labeling data is expensive or time-consuming, which24

includes canonical examples in strategic classification such as hiring, admissions, and loan lending.25

Strategic classification addresses the challenge of learning classification rules when the data provided26

by agents is not truthful. In these scenarios, agents modify their feature vectors to appear more27

favorable to the classifier, typically in pursuit of a positive classification outcome. This manipulation28

introduces additional obstacles beyond the standard problems in learning accurate classification rules29

from true data. The goal of this research is to develop active and noise tolerent algorithms in strategic30

settings, that is classification algorithms that can efficiently and accurately classify strategic agents31

while minimizing the number of queries for labels. The challenge lies in simultaneously addressing32

the strategic manipulation of data and optimizing the learning process to require fewer labeling33

requests, thus improving efficiency.34

Active learning algorithms work on the premise that we can learn by only obtaining the labels of35

a few select very informative examples. Typically, the decision of whether to request the label of36

an example or not is based on the features of that example. Since we consider the strategic setting37
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where the features might have been manipulated, there is a danger that we end up asking for labels of38

examples that might not be so informative after all, therefore derailing the active learning process39

and obtaining classifiers that do badly under original data distribution. In this work, nonetheless,40

we overcome these challenges in several important cases by showing how to make existing active41

learning algorithms robust, using properties of the learned classifiers to update only on points that42

can be guaranteed to be manipulated.43

Furthermore, ideas from active learning have been transformative in improving the design of passive44

learning algorithms. In several challenging learning problems, where existing passive learning45

methods failed to achieve optimal guarantees, incorporating techniques from active learning has led46

to significant breakthroughs [Awasthi et al., 2014, 2015, 2016, 2017]. In this work, we demonstrate47

how active learning principles can overcome fundamental limitations in classifying strategic entities.48

Specifically, we show that while prior passive learning algorithms struggled in this setting, selectively49

ignoring certain labels and focusing on informative queries leads to stronger theoretical guarantees50

and more robust performance.51

1.1 Setup52

We consider an online linear classification problem in which the individuals being classified are53

strategic, as in Ahmadi et al. [2021]. Each individual arriving at the classifier wishes to be classified54

positively and, if necessary, will manipulate their feature vector to achieve this outcome. More55

formally, an individual’s true feature vector is zt, but they may choose to report a manipulated vector56

xt if it results in receiving a positive classification. The manipulation comes at a cost, which reflects57

how far their reported vector xt is from their true vector zt.58

Specifically, we model individuals as utility-maximizing agents, where the utility is defined as the59

value received from the classification outcome minus the cost of manipulation. If an individual60

is classified as positive, their value is 1, otherwise, it is 0. Thus, the goal of each individual is to61

maximize:62

max
xt

[value(xt)− cost(zt,xt)],

where value(xt) = 1 if the manipulated vector xt is classified as positive and 0 if classified as63

negative. The cost function cost(zt,xt) quantifies the cost of manipulating the features from zt to64

xt. In this setting, if an individual can manipulate their features at a cost of at most 1 to change their65

classification from negative to positive, they will do so in the least costly way; otherwise, they will66

not manipulate their features.67

We consider a more challenging setting than Ahmadi et al. [2021], namely the active learning setting,68

where we only aim to ask for labels of selected samples in order to minimize the need for human69

intervention. In such active learning scenarios, even in the simpler non-strategic setting, distributional70

assumptions are needed to provably show improvements in label complexity in active scenarios71

over non-active ones [Dasgupta et al., 2005, Balcan et al., 2007, 2006, Balcan and Urner, 2014,72

Hanneke, 2014]. The most widely studied distributional assumption is that the feature vectors zt73

are uniformly distributed, which is the setting we consider in this paper. Formally, we assume that74

the true feature vectors zt of individuals are uniformly distributed within a d-dimensional unit ball75

centered at the origin. In the realizable case, there exists a true classifier u such that u · zt ≥ 0 for76

all positively labeled points and u · zt < 0 for all negatively labeled points. In the nonrealizable77

case, we extend this setting to allow for some fraction of points that do not strictly conform to this78

separation. Specifically, a certain proportion of points may have labels inconsistent with the best79

homogeneous linear classifier u, reflecting noise in the data.80

The task for the learning algorithm is to overcome these manipulations and accurately classify the81

true features, zt, while minimizing the number of labeling queries. By integrating active learning, we82

aim to limit the number of labels requested from a costly oracle, thereby reducing the labeling effort83

needed to achieve high classification accuracy. Additionally, we aim to develop algorithms that are84

robust against strategic manipulation, ensuring that agents cannot easily game the system to receive85

positive classifications unjustly.86

One of the main challenges in this setup is designing classifiers that can operate effectively with87

manipulated data, without relying on access to the true features of agents. Traditional active learning88

algorithms do not account for such strategic behavior, which makes them vulnerable to manipulation.89
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Moreover, the online nature of the problem introduces additional difficulties, as the classifier must90

adapt in real-time to changing behaviors from the agents and evolving data distributions.91

By studying the interplay between active learning and strategic behavior, we aim to provide a new92

class of learning algorithms that efficiently learn from strategically manipulated data with minimal93

labeling requests. These algorithms will have broad applications, from financial systems where94

individuals manipulate credit scores, to online platforms where users alter their behavior to achieve95

better outcomes.96

1.2 Technical Contributions97

This work addresses several critical challenges in active learning for strategic classification, advancing98

the state of the art in handling strategic behavior, noise, and realistic data distributions. When the99

examples are drawn from a uniform distribution over a unit sphere, our contributions are summarized100

as follows:101

1. Active Strategic Classification: We extend active learning guarantees from non-strategic to102

strategic settings, providing theoretical and algorithmic foundations for robust classification103

in the presence of manipulation. In the realizable case, our results imply we can achieve104

genralization error ε after requesting Õ
(
d ln 1

ε

)
labels and making Õ

(
d ln 1

ε

)
mistakes.105

2. Noise in Strategic Classification: In the nonrealizable case, can achieve excess error106

Θ(ε) after requesting only Õ
(
d ln 1

ε

)
labels and making an additive Õ

(
d ln 1

ε

)
mistakes107

compared to the best classifier, when the Ω̃(ε) fraction of the inputs are flipped. We resolve108

an open problem posed by Ahmadi et al. [2021] regarding handling noise in classification,109

moving beyond perfect separability. Previous techniques were insufficient for addressing110

this issue.111

1.3 Adapting Algorithms for Strategic Settings112

Our main technical contribution is to integrate techniques from strategic classification and active113

learning. Remarkably, we show how ideas that were developed for noise tolerance of active learning114

algorithms and were not originally designed for strategic settings can be adapted in the strategic115

setting. These adaptations leverage the behavior of utility-maximizing strategic agents. Notably, once116

these adaptations are made, the main steps of the proof remain similar.117

Threshold adjustment for positive classification. A key adaptation in the algorithm is the intro-118

duction of a positive threshold for the dot product with the classifier’s weight vector to determine119

positive classification. In other words, we raise the bar for a point to be classified as positive. To120

illustrate, consider the case where the original data is separable. In the early phases, when the121

classifier’s direction may significantly deviate from the true one, this threshold may not be optimal.122

However, as the algorithm converges, this adjustment ensures that truly positive points are either123

already on the correct side of the boosted threshold or can manipulate to reach it. For negative points,124

this modification imposes a cost too high to justify manipulation. A similar analysis holds even when125

the data is not fully separable but contains a limited amount of noise. Although a similar modification126

was applied successfully in Ahmadi et al. [2021] in the realizable setting, this adjusted classification127

rule could not be integrated with an appropriate update rule in the nonrealizable setting.128

Focusing label-queries on unmanipulated examples. Prior results on active learning define label-129

requesting regions and only query examples in that region. The algorithm we propose requests labels130

only for points classified as negative and within the label-requesting region. The key observation is131

that, by the nature of utility-maximizing agents, any point classified as negative remains unmanipu-132

lated. Thus, these examples reflect their true positions and provide reliable information. Additionally,133

assuming a uniform distribution, these queried examples serve as a representative set of all examples134

in the label-requesting region. We note that similar modification was done in Yan and Zhang [2017],135

however it was introduced in a different context and not motivated by strategic considerations.136

A crucial insight guiding this approach is the symmetry in the classification process. Consider the set137

of misclassified points. Similar to the non-strategic setting, our algorithm is designed such that, in138

expectation, the number of truly positive points misclassified as negative is equal to the number of139
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negatives misclassified as positive. The key fact is that by ignoring the half that has been misclassified140

as positive and only considering those misclassified as negative, the algorithm still achieves similar141

guarantees.142

Why is this beneficial? The key reason is that points misclassified as negative have not been143

manipulated, making them suitable for use in the update steps. But why is it acceptable to ignore144

points misclassified as positive? Intuitively, for hyperplanes crossing the origin, every positive point145

on one side has a corresponding negative point with opposite coordinates. Observing one provides the146

same directional information about the true classification vector as the other. Since both contribute147

identically to the update process in Perceptron-based algorithms as well as Dasgupta et al. [2005]148

and Yan and Zhang [2017]’s modification, we can confidently focus solely on points misclassified as149

negative.150

Beyond uniform distribution. Although we focus on the uniform distribution for simplicity, the151

ideas extend more generally. Our results do not rely strictly on uniformity and still hold, with152

diminished guarantees, as long as the underlying distribution is smooth enough—specifically, when153

the probability density of points along any given ray is scaled by a fixed constant relative to any154

other ray. While we do not formally prove this, the key insights remain valid under such smoothness155

conditions.156

1.4 Related Literature157

Active learning has a long-standing history in machine learning [Balcan and Urner, 2014]. The central158

idea is that a learner can achieve better generalization with fewer labeled examples by selectively159

querying the most informative ones. Settles [2012] provides an extensive survey of active learning160

algorithms and their applications, highlighting the potential efficiency gains of this approach. From a161

theoretical perspective, key paradigms and analysis frameworks include disagreement-based active162

learning, first studied in the presence of noise by Balcan et al. [2006], and further developed by many163

others [Dasgupta et al., 2007, Koltchinskii, 2010, Beygelzimer et al., 2010, Hanneke, 2007]. Another164

widely studied and more practical paradigm is margin-based active learning, where the algorithm165

queries only points near the current decision boundary. Our work falls into this category [Yan and166

Zhang, 2017, Dasgupta et al., 2005, Balcan et al., 2007, Balcan and Long, 2013, Awasthi et al., 2014],167

and is most closely related to Yan and Zhang [2017], as discussed in Section 3.1.168

The study of strategic classification has gained increasing attention in recent years, motivated by the169

need to understand how individuals or entities may “game” machine learning systems. Hardt et al.170

[2016] introduced foundational models for strategic classification, where individuals manipulate their171

feature vectors to obtain more favorable outcomes. This line of work has since been extended to172

examine how classifiers can be designed to be robust to such manipulations, including contributions173

by Brückner et al. [2012] and Milli et al. [2019]. Several other works explore variations of the174

strategic classification model, including Dong et al. [2018], Braverman and Garg [2020], Harris et al.175

[2023], but all rely on fully labeled training data. Strategic classification is typically motivated by176

applications such as admissions, hiring, and financial decision-making (e.g., loan lending), where177

individuals have incentives to modify their input data. In all of these domains, acquiring labeled178

data—required in all prior work—is often costly, as it typically involves human expert judgment.179

This highlights the importance of developing algorithms that can learn effectively with fewer labeled180

examples.181

Prior work on online binary (±1) classification in strategic settings—aimed at optimizing classification182

accuracy—has primarily focused on two cases: (i) when the original data is perfectly separable, as183

in Ahmadi et al. [2021], who showed that guarantees achievable in this setting can fail under even184

slight inseparability (noise); and (ii) when the data is not separable, but the algorithm’s performance185

degrades arbitrarily with the level of noise, as in Chen et al. [2020]. In both cases, prior work falls186

short of providing robust guarantees in the presence of moderate noise, especially while maintaining187

low label complexity.188

The intersection of active learning and strategic classification is a relatively new area of research.189

Most active learning models assume truthful data, whereas strategic classification assumes that190

agents may manipulate their features. The challenge we address is how to integrate active learning191

techniques in the context of strategic agents who provide manipulated data, thus balancing the need192

for efficient learning with robustness against manipulation.193
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2 Model and Preliminaries194

Strategic Manipulation and Utility Model. We study an online classification problem where a195

sequence of examples in Rd arrives one at a time. Each example corresponds to an individual with196

d attributes, who wishes to be classified positively. Individuals have the ability to manipulate their197

attributes at some cost. Let zt denote the true, unmanipulated instance vector of the t-th individual,198

and let xt be the reported (potentially manipulated) vector observed by the classifier.199

We consider two settings:200

• Realizable Case: There exists a true classifier u such that all positive examples satisfy201

u · zt ≥ 0, and all negative examples satisfy u · zt < 0.202

• Non-Realizable Case: Some fraction of examples may have labels inconsistent with the203

classifier u, introducing label noise.204

We assume individuals are utility-maximizing agents who manipulate their attributes to achieve a205

positive classification while minimizing manipulation cost. Each individual derives a value of 1 if206

classified as positive and 0 otherwise. The cost of manipulation, denoted as cost(zt,xt), quantifies207

the effort required to modify zt to xt. The individual’s goal is to maximize:208

max
xt

[value(xt)− cost(zt,xt)].

If manipulation is possible within cost constraints, the agent moves, i.e., changes its feature vector209

to the cheapest point that ensures a positive classification. Otherwise, they remain at zt, i.e., do not210

manipulate.211

We consider the following setting for the Euclidean cost function, where the cost is proportional to212

the ℓ2 distance between zt and xt, i.e., cost(zt,xt) = c∥xt − zt∥2. Here, c represents the per-unit213

movement cost.214

Instance Space and Distributional Assumptions. We denote the instance space by Z and the215

label space by Y . The true feature vectors zt belong to instance space Z = {z ∈ Rd : ∥z∥ ≤ 1};216

a unit d-dimensional ball. The label space Y = {+1,−1}. We assume all examples z are drawn217

i.i.d. from the uniform distribution D over Z . Upon sampling an example, our algorithm observes218

x, whose true instance vector z ∈ Z is drawn from D and whose label is hidden by default. Our219

algorithm is allowed to make queries to a labeling oracle O, which returns the true label for z. In line220

with prior work [Dasgupta et al., 2005, Yan and Zhang, 2017] on nonstrategic settings, the goal of the221

learning algorithm is to classify the true instance vectors accurately while minimizing the number of222

label queries. To achieve this, we leverage active learning techniques, which allow querying labels223

only when necessary, reducing reliance on labeled data from a costly oracle.224

In the nonrealizable setting, where there may not be a homogeneous halfspace including all +1 and225

excluding all −1 examples, we consider a bounded inseparability (noise) measure ν. Specifically, we226

say that our setting satisfies the ν-bounded inseparability (noise) condition for some ν ∈ [0, 1] with227

respect to u, if P[Y ̸= sign(u · Z)] ≤ ν.228

The output of our algorithm is a unit-norm vector w defining a halfspace of the form w · x ≥ b,229

where b ≥ 0. That is, the resulting halfspace is not necessarily homogeneous. We define the error230

rate of the halfspace h as err(h) = P[1(w ·X ≥ b) ̸= Y ].231

For any two vectors w1,w2, let θ(w1,w2) = arccos(v1 · v2) be the angle between them.232

Our algorithm uses norm-1 scaled version of the observed examples for the update function. We use233

the following definition to denote the norm-1 scaled examples.234

Definition 1 (x̂). For any non-zero d-dimensional vector x, we define x̂ as its scaled version whose235

length is equal to 1; i.e., x̂ = x
∥x∥ .236

Online Learning Setting and Learning Objective. Our goal is to design an efficient algorithm237

such that with probability at least 1− δ, outputs a halfspace whose error is at most ε larger than u for238

Z . We require the algorithm to be efficient, use a the minimal number of label queries, and make at239

most Θ(ε) mistakes.240
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We assume that the examples arrive online. Each example is an input provided by a strategic agent.241

The agent knows the current prediction rule. The algorithm has access to the manipulation cost.242

Given the current prediction rule, the agent selects a utility maximizing action x. The algorithm243

observes the potentially manipulated example x. Upon a label query, the algorithm receives the true244

label of the example.245

3 Active and Noise-Tolerant Strategic Perceptron246

In this section, we overcome the challenges of designing active learning algorithms in strategic settings.247

We propose a modified active Perceptron algorithm that adapts to strategic behavior by selectively248

querying labels and leveraging the unmanipulated nature of certain points. The modifications ensure249

that the algorithm remains robust to strategic actions while maintaining the efficiency of active250

learning.251

The proposed algorithm includes key changes to handle strategic manipulations by agents. It focuses252

on querying only examples classified as negative, using the fact that these points are not manipulated253

because agents gain no extra by modifying them. This approach ensures that updates are made using254

true, unaltered data. Other adjustments, such as scaling examples to fit on the unit ball and increasing255

the classification threshold, help the algorithm stay accurate and require a minimal number of label256

queries despite the strategic behavior of agents.257

Theorem 2. Suppose Algorithm 1 has inputs satisfying the ν-bounded inseparability condition with258

respect to halfspace u, initial halfspace v0 such that θ(v0,u) ≤ π/2, target error ε, confidence259

δ, sample schedule {mk} where mk = Θ
(
d
(
ln d+ ln k

δ

))
, and band width {bk} where bk =260

Θ
(

2−k
√
d ln(kmk/δ)

)
. Additionally, ν ≤ Θ

(
ε

ln d+ln ln 1
ε+ln 1

δ

)
. Then with probability at least 1− δ:261

1. The output halfspace v outputs a prediction different from u with probability at most ε.262

2. The number of label queries is O
(
d ln 1

ε ·
(
ln d+ ln 1

δ + ln ln 1
ε

))
.263

3. The number of unlabeled examples drawn is O
(
d ·

(
ln d+ ln 1

δ + ln ln 1
ε

)2 · 1ε ln 1
ε

)
.264

4. The additional number of mistakes that the algorithm makes compared to u is265

O
(
d · ln 1

ε ·
(
ln d+ ln 1

δ + ln ln 1
ε

)2)
.266

5. The algorithm runs in time O
(
d2 ·

(
ln d+ ln 1

δ + ln ln 1
ε

)2 · 1ε ln 1
ε

)
.267

The skeleton of our algorithm is adapted from that of Yan and Zhang [2017], with several key268

modifications to accommodate strategic behavior and a more general instance space—specifically,269

one where true attribute vectors are drawn uniformly from within the unit ball rather than restricted270

to its surface; that is, ∥z∥ ≤ 1 instead of ∥z∥ = 1.271

3.1 The Non-Strategic Active Perceptron of Yan and Zhang [2017]272

We begin by outlining the core ideas behind the algorithm of Yan and Zhang [2017] before describing273

our adaptations. The algorithm has an outer and inner layer and proceeds in epochs. The outer layer is274

nearly identical to ours, as shown in Algorithm 1, except that it does not incorporate the manipulation275

cost parameter c. The outer layer initializes with a hypothesis vector v0 and invokes the inner layer276

in successive epochs, each with updated parameters such as target error, confidence level, and active277

learning bandwidth. The outcome of each epoch is an updated hypothesis vi, which serves as the278

starting point for the next. The total number of epochs is logarithmic in 1/ε, where ε is the final target279

error.280

The inner layer of the algorithm defines both the update rule and the label-query mechanism. In281

the non-strategic setting, the algorithm specifies a label query region Rt. In the implementation282

of Yan and Zhang [2017], which assumes that examples lie on the surface of the unit sphere, this283

region consists of examples whose dot product with the current hypothesis lies in the interval [b/2, b].284

Compared to earlier active Perceptron algorithms such as Dasgupta et al. [2005], the use of a lower285

bound on the dot product helps ensure that each update makes sufficient progress, thereby accelerating286

convergence. As for the update rule, when the algorithm makes a mistake on a queried example, it287

updates the current hypothesis using wt+1 = wt ± 2(wt · xt)xt. This update rule, first proposed288

by Dasgupta et al. [2005], guarantees that the angle between the current hypothesis and the optimal289
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separator u monotonically decreases. Furthermore, it preserves the unit norm of the hypothesis vector290

as long as |xt| = 1.291

The proof builds on the fact that, with high probability, both the angle between the current hypothesis292

and u and the width of the label query region shrink by a constant factor after each epoch.293

3.2 Our Strategic Variant of the Active Perceptron294

We begin by explaining the new prediction rule, which follows that of Ahmadi et al. [2021] and295

adjusts the classification threshold to account for manipulation costs. We then show that, under our296

strategic utility model, any example that is predicted negative has not been manipulated.297

Prediction Rule. Rather than using the standard threshold vt · xt ≥ 0, our prediction rule raises298

the threshold to vt · xt ≥ 1
c , where c is the cost per unit of manipulation. This adjustment,299

following Ahmadi et al. [2021], accounts for agents’ strategic behavior and ensures that, upon300

convergence to the optimal classifier, (the majority of the) truly positive points either lie on the301

positive side or can manipulate to reach it. Meanwhile, truly negative points remain on the negative302

side and would incur negative utility if they attempted to manipulate and be classified as positive.303

To analyze agent behavior in the strategic setting, we begin by characterizing their actions under the304

given utility structure and prediction rule. The following result formalizes the conditions under which305

agents choose to manipulate their features and the resulting outcomes. In particular, it shows that306

examples classified as negative are guaranteed to be unmanipulated, a property that is essential for307

ensuring the correctness of our update rule.308

Lemma 3 (Strategic Action). Consider the following utility structure for agents, where ∥vt∥ = 1.309

Each agent receives a value of 1 if classified as positive and 0 otherwise, and pays a cost of c per310

unit of movement (manipulation). The agent’s utility is defined as the value received minus the cost311

incurred. Under the prediction rule defined above:312

1. If zt · vt < 0, the agent does not move and is classified negative.313

2. If 0 ≤ zt · vt < 1/c, the agent moves in the direction of vt to a point where xt · vt = 1/c,314

and is classified positive.315

3. If 1/c ≤ zt · vt, the agent does not move and is classified positive.316

Label Query Region. In the modified version of the algorithm, we query labels (and perform updates)317

only for examples that are classified as negative and lie within a specific range. We define this label-318

requesting region as Rt =
{
x
∣∣−b ≤ wt · x̂ ≤ −b

2

}
. This design is essential for both addressing319

the strategic behavior of agents and accommodating instance vectors that are not restricted to the320

surface of the unit sphere. It marks a key point of departure from both classical active Perceptron321

algorithms and previous work on strategic Perceptron. (1) Since we focus on negatively classified322

examples, Lemma 3 guarantees that these examples are unmanipulated; that is, the observed vector x323

coincides with the true vector z. This property does not hold for positively classified examples, and324

thus plays no role in non-strategic active learning. (2) Unlike prior work that restricts attention to325

examples on the surface of the unit sphere, our algorithm also queries examples from the interior.326

For such queries to be representative under a uniform distribution over the unit ball, it is critical that327

the observed (i.e., unmanipulated) examples remain uniformly distributed—something that does not328

hold if examples are manipulated. (3) As we show in Lemma 3, querying within Rt yields uniformly329

distributed samples (after normalization) conditioned on being in that region and classified negative.330

This ensures the correctness of the updates and maintains the convergence behavior of the algorithm.331

Update Rule. The update rule requires only minimal modifications to account for strategic behavior332

and a more general instance space. Since examples may lie anywhere within the unit ball, we333

normalize each queried example to the unit sphere by setting x̂t = xt/∥xt∥. This normalization334

ensures compatibility with the geometric assumptions underlying the analysis and avoids distortions335

due to varying magnitudes. Updates are performed only on examples that are truly positive but mis-336

classified as negative. As established in Lemma 3, such examples are guaranteed to be unmanipulated337

and therefore reflect the true feature vectors of the agents. The update step itself takes the form338

vt+1 = vt+2 (vt · x̂t) x̂t, which mirrors the standard active Perceptron update, except for the added339

normalization. This scaling step is essential for maintaining the unit norm of the hypothesis vector,340

which in turn ensures the correct convergence behavior of the algorithm.341
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Algorithm 1: Active-Strategic-Perceptron Algorithm
Input: Labeling oracle O, initial halfspace v0, target error ε, confidence δ, sample schedule
{mk}, band width {bk}, manipulation cost c.
Output: Learned halfspace v.
Let k0 = ⌈log2(1/ε)⌉.
for k = 1, 2, . . . , k0 do
vk ← Modified-Strategic-Perceptron(O,vk−1,

π
2k
, δ
k(k+1) ,mk, bk, c).

return vk0 .

342

Algorithm 2: Modified-Strategic-Perceptron Algorithm
Input: Labeling oracle O, initial halfspace w0, angle upper bound θ, confidence δ, number of
iterations m, band width b, manipulation cost c.
Output: Improved halfspace wm.
for t = 0, 1, 2, . . . ,m− 1 do

Define region Rt = {x | −b ≤ wt · x̂ ≤ −b
2 }.

Observe x, where z is a fresh draw from D.
while x̂ /∈ Rt do

Predict positive if vt · x ≥ 1
c and negative otherwise.

Observe x, where z is a fresh draw from D.
xt ← x.
Predict positive if vt · x ≥ 1

c and negative otherwise.
Observe label yt of xt by querying oracle O.
if yt = +1 then

Update wt+1 ← wt + 2(wt · x̂t)x̂t.
return wm.

343

4 Discussion344

Inside vs. On-the-Surface Geometric Assumptions. Much of the prior literature on active345

classification assumed, for simplicity and cleaner mathematical formulations, that all examples lie on346

the surface of a unit ball. While this assumption was inconsequential to the goals of previous research,347

it becomes crucial in strategic scenarios, where the relationship between observed and true features is348

strongly influenced by the geometry of the space. In the strategic setting, this assumption provides a349

straightforward case for analysis, as it allows the original unmanipulated positions of examples to350

be completely recovered under mild conditions. Specifically, given a linear classifier and observing351

an example at position x, the true position z of the example on the surface of the unit ball can be352

recovered through an orthogonal projection, leveraging properties of the utility function.353

To illustrate the robustness of our techniques, we relax this assumption—an aspect that was less354

relevant in prior work due to their different focus. While the direction of manipulation can still be355

computed based on the linear classifier in action (as the direction is always perpendicular to the356

classifier), the true unmanipulated position zt is not recoverable from the observed xt because the357

magnitude of the manipulation is unknown.358

Limitations and Future Work. Our current discussion does not capture more complex forms of359

strategic behavior, such as agents with non-linear cost models, collusion, or asymmetric incentives.360

While we conjecture that some of our techniques generalize to broader settings—for example, to361

other smooth or approximately uniform distributions—formal extensions and analysis are left for362

future work. Another natural direction is to explore the robustness of active learning under different363

utility structures or distributional shifts, as well as the integration of fairness or strategic auditing364

mechanisms.365
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of this paper.485
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made in the paper.488
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contributions made in the paper and important assumptions and limitations. A No or490
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much the results can be expected to generalize to other settings.493
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2. Limitations496

Question: Does the paper discuss the limitations of the work performed by the authors?497
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Answer: [Yes]531

Justification: We formally state all assumptions and theorems in the main paper and present532

the proofs in the appendix.533
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• The answer NA means that the paper does not include theoretical results.535

• All the theorems, formulas, and proofs in the paper should be numbered and cross-536

referenced.537

• All assumptions should be clearly stated or referenced in the statement of any theorems.538
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by formal proofs provided in appendix or supplemental material.543
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4. Experimental result reproducibility545

Question: Does the paper fully disclose all the information needed to reproduce the main ex-546

perimental results of the paper to the extent that it affects the main claims and/or conclusions547

of the paper (regardless of whether the code and data are provided or not)?548

Answer: [NA]549

Justification: This paper is theoretical and does not contain experiments.550

Guidelines:551

• The answer NA means that the paper does not include experiments.552

• If the paper includes experiments, a No answer to this question will not be perceived553

well by the reviewers: Making the paper reproducible is important, regardless of554

whether the code and data are provided or not.555

• If the contribution is a dataset and/or model, the authors should describe the steps taken556

to make their results reproducible or verifiable.557

• Depending on the contribution, reproducibility can be accomplished in various ways.558

For example, if the contribution is a novel architecture, describing the architecture fully559

might suffice, or if the contribution is a specific model and empirical evaluation, it may560

be necessary to either make it possible for others to replicate the model with the same561

dataset, or provide access to the model. In general. releasing code and data is often562

one good way to accomplish this, but reproducibility can also be provided via detailed563

instructions for how to replicate the results, access to a hosted model (e.g., in the case564

of a large language model), releasing of a model checkpoint, or other means that are565

appropriate to the research performed.566

• While NeurIPS does not require releasing code, the conference does require all submis-567

sions to provide some reasonable avenue for reproducibility, which may depend on the568

nature of the contribution. For example569

(a) If the contribution is primarily a new algorithm, the paper should make it clear how570

to reproduce that algorithm.571

(b) If the contribution is primarily a new model architecture, the paper should describe572

the architecture clearly and fully.573

(c) If the contribution is a new model (e.g., a large language model), then there should574

either be a way to access this model for reproducing the results or a way to reproduce575

the model (e.g., with an open-source dataset or instructions for how to construct576

the dataset).577

(d) We recognize that reproducibility may be tricky in some cases, in which case578

authors are welcome to describe the particular way they provide for reproducibility.579

In the case of closed-source models, it may be that access to the model is limited in580

some way (e.g., to registered users), but it should be possible for other researchers581

to have some path to reproducing or verifying the results.582

5. Open access to data and code583
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Question: Does the paper provide open access to the data and code, with sufficient instruc-584

tions to faithfully reproduce the main experimental results, as described in supplemental585

material?586

Answer: [NA]587

Justification: This is a theory paper. We do not have any experiments.588

Guidelines:589

• The answer NA means that paper does not include experiments requiring code.590

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/591

public/guides/CodeSubmissionPolicy) for more details.592

• While we encourage the release of code and data, we understand that this might not be593

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not594

including code, unless this is central to the contribution (e.g., for a new open-source595

benchmark).596

• The instructions should contain the exact command and environment needed to run to597

reproduce the results. See the NeurIPS code and data submission guidelines (https:598

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.599

• The authors should provide instructions on data access and preparation, including how600

to access the raw data, preprocessed data, intermediate data, and generated data, etc.601

• The authors should provide scripts to reproduce all experimental results for the new602

proposed method and baselines. If only a subset of experiments are reproducible, they603

should state which ones are omitted from the script and why.604

• At submission time, to preserve anonymity, the authors should release anonymized605

versions (if applicable).606

• Providing as much information as possible in supplemental material (appended to the607

paper) is recommended, but including URLs to data and code is permitted.608

6. Experimental setting/details609

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-610

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the611

results?612

Answer: [NA]613

Justification: This is a theory paper. We do not have any experiments in this paper.614

Guidelines:615

• The answer NA means that the paper does not include experiments.616

• The experimental setting should be presented in the core of the paper to a level of detail617

that is necessary to appreciate the results and make sense of them.618

• The full details can be provided either with the code, in appendix, or as supplemental619

material.620

7. Experiment statistical significance621

Question: Does the paper report error bars suitably and correctly defined or other appropriate622

information about the statistical significance of the experiments?623

Answer: [NA]624

Justification: This is a theory paper. We do not have any experiments with randomness in625

this paper.626

Guidelines:627

• The answer NA means that the paper does not include experiments.628

• The authors should answer "Yes" if the results are accompanied by error bars, confi-629

dence intervals, or statistical significance tests, at least for the experiments that support630

the main claims of the paper.631

• The factors of variability that the error bars are capturing should be clearly stated (for632

example, train/test split, initialization, random drawing of some parameter, or overall633

run with given experimental conditions).634
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• The method for calculating the error bars should be explained (closed form formula,635

call to a library function, bootstrap, etc.)636

• The assumptions made should be given (e.g., Normally distributed errors).637

• It should be clear whether the error bar is the standard deviation or the standard error638

of the mean.639

• It is OK to report 1-sigma error bars, but one should state it. The authors should640

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis641

of Normality of errors is not verified.642

• For asymmetric distributions, the authors should be careful not to show in tables or643

figures symmetric error bars that would yield results that are out of range (e.g. negative644

error rates).645

• If error bars are reported in tables or plots, The authors should explain in the text how646

they were calculated and reference the corresponding figures or tables in the text.647

8. Experiments compute resources648

Question: For each experiment, does the paper provide sufficient information on the com-649

puter resources (type of compute workers, memory, time of execution) needed to reproduce650

the experiments?651

Answer: [NA]652

Justification: This is a theory paper and does not contain experiments.653

Guidelines:654

• The answer NA means that the paper does not include experiments.655

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,656

or cloud provider, including relevant memory and storage.657

• The paper should provide the amount of compute required for each of the individual658

experimental runs as well as estimate the total compute.659

• The paper should disclose whether the full research project required more compute660

than the experiments reported in the paper (e.g., preliminary or failed experiments that661

didn’t make it into the paper).662

9. Code of ethics663

Question: Does the research conducted in the paper conform, in every respect, with the664

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?665

Answer: [Yes]666

Justification: We have read the NeurIPS Code of Ethics and we confirm that our research667

conforms to it.668
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• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.670

• If the authors answer No, they should explain the special circumstances that require a671

deviation from the Code of Ethics.672

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-673

eration due to laws or regulations in their jurisdiction).674

10. Broader impacts675

Question: Does the paper discuss both potential positive societal impacts and negative676

societal impacts of the work performed?677

Answer: [NA]678

Justification: This is a theory paper. We do not foresee any societal impacts.679
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• The answer NA means that there is no societal impact of the work performed.681

• If the authors answer NA or No, they should explain why their work has no societal682
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• Examples of negative societal impacts include potential malicious or unintended uses684

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations685

(e.g., deployment of technologies that could make decisions that unfairly impact specific686

groups), privacy considerations, and security considerations.687

• The conference expects that many papers will be foundational research and not tied688

to particular applications, let alone deployments. However, if there is a direct path to689

any negative applications, the authors should point it out. For example, it is legitimate690

to point out that an improvement in the quality of generative models could be used to691

generate deepfakes for disinformation. On the other hand, it is not needed to point out692

that a generic algorithm for optimizing neural networks could enable people to train693

models that generate Deepfakes faster.694

• The authors should consider possible harms that could arise when the technology is695

being used as intended and functioning correctly, harms that could arise when the696

technology is being used as intended but gives incorrect results, and harms following697

from (intentional or unintentional) misuse of the technology.698

• If there are negative societal impacts, the authors could also discuss possible mitigation699

strategies (e.g., gated release of models, providing defenses in addition to attacks,700

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from701

feedback over time, improving the efficiency and accessibility of ML).702

11. Safeguards703

Question: Does the paper describe safeguards that have been put in place for responsible704

release of data or models that have a high risk for misuse (e.g., pretrained language models,705

image generators, or scraped datasets)?706

Answer: [NA]707

Justification: This is a theory paper. We do not release any data or models.708

Guidelines:709

• The answer NA means that the paper poses no such risks.710

• Released models that have a high risk for misuse or dual-use should be released with711

necessary safeguards to allow for controlled use of the model, for example by requiring712

that users adhere to usage guidelines or restrictions to access the model or implementing713

safety filters.714

• Datasets that have been scraped from the Internet could pose safety risks. The authors715

should describe how they avoided releasing unsafe images.716

• We recognize that providing effective safeguards is challenging, and many papers do717

not require this, but we encourage authors to take this into account and make a best718

faith effort.719

12. Licenses for existing assets720

Question: Are the creators or original owners of assets (e.g., code, data, models), used in721

the paper, properly credited and are the license and terms of use explicitly mentioned and722

properly respected?723

Answer: [NA]724

Justification: This is a theory paper. We do not use any existing assets.725

Guidelines:726

• The answer NA means that the paper does not use existing assets.727

• The authors should cite the original paper that produced the code package or dataset.728

• The authors should state which version of the asset is used and, if possible, include a729

URL.730

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.731

• For scraped data from a particular source (e.g., website), the copyright and terms of732

service of that source should be provided.733

• If assets are released, the license, copyright information, and terms of use in the734

package should be provided. For popular datasets, paperswithcode.com/datasets735

has curated licenses for some datasets. Their licensing guide can help determine the736

license of a dataset.737
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• For existing datasets that are re-packaged, both the original license and the license of738

the derived asset (if it has changed) should be provided.739

• If this information is not available online, the authors are encouraged to reach out to740

the asset’s creators.741

13. New assets742

Question: Are new assets introduced in the paper well documented and is the documentation743

provided alongside the assets?744

Answer: [NA]745

Justification: This is a theory paper. We do not release any new assets.746

Guidelines:747

• The answer NA means that the paper does not release new assets.748

• Researchers should communicate the details of the dataset/code/model as part of their749

submissions via structured templates. This includes details about training, license,750

limitations, etc.751

• The paper should discuss whether and how consent was obtained from people whose752

asset is used.753

• At submission time, remember to anonymize your assets (if applicable). You can either754

create an anonymized URL or include an anonymized zip file.755

14. Crowdsourcing and research with human subjects756

Question: For crowdsourcing experiments and research with human subjects, does the paper757

include the full text of instructions given to participants and screenshots, if applicable, as758

well as details about compensation (if any)?759

Answer: [NA]760

Justification: This is a theory paper, and we did not conduct any research with human761

subjects.762

Guidelines:763

• The answer NA means that the paper does not involve crowdsourcing nor research with764

human subjects.765

• Including this information in the supplemental material is fine, but if the main contribu-766

tion of the paper involves human subjects, then as much detail as possible should be767

included in the main paper.768

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,769

or other labor should be paid at least the minimum wage in the country of the data770

collector.771

15. Institutional review board (IRB) approvals or equivalent for research with human772

subjects773

Question: Does the paper describe potential risks incurred by study participants, whether774

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)775

approvals (or an equivalent approval/review based on the requirements of your country or776

institution) were obtained?777

Answer: [NA]778

Justification: This is a theory paper. We do not conduct any research with human subjects.779

Guidelines:780

• The answer NA means that the paper does not involve crowdsourcing nor research with781

human subjects.782

• Depending on the country in which research is conducted, IRB approval (or equivalent)783

may be required for any human subjects research. If you obtained IRB approval, you784

should clearly state this in the paper.785

• We recognize that the procedures for this may vary significantly between institutions786

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the787

guidelines for their institution.788
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• For initial submissions, do not include any information that would break anonymity (if789

applicable), such as the institution conducting the review.790

16. Declaration of LLM usage791

Question: Does the paper describe the usage of LLMs if it is an important, original, or792

non-standard component of the core methods in this research? Note that if the LLM is used793

only for writing, editing, or formatting purposes and does not impact the core methodology,794

scientific rigorousness, or originality of the research, declaration is not required.795

Answer: [NA]796

Justification: We only use LLMs for writing proposes.797

Guidelines:798

• The answer NA means that the core method development in this research does not799

involve LLMs as any important, original, or non-standard components.800

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)801

for what should or should not be described.802
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