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Abstract

Data poisoning is a training-time attack that undermines the
trustworthiness of learned models. In a targeted data poison-
ing attack, an adversary manipulates the training dataset to
alter the classification of a targeted test point. Given the typ-
ically large size of training dataset, manual detection of poi-
soning is difficult. An alternative is to automatically measure
a dataset’s robustness against such an attack, which is the
focus of this paper. We consider a threat model wherein an
adversary can only perturb the labels of the training dataset,
with knowledge limited to the hypothesis space of the vic-
tim’s model. In this setting, we prove that finding the ro-
bustness is an NP-Complete problem, even when hypothe-
ses are linear classifiers. To overcome this, we present a
technique that finds lower and upper bounds of robustness.
Our implementation of the technique computes these bounds
efficiently in practice for many publicly available datasets.
We experimentally demonstrate the effectiveness of our ap-
proach. Specifically, a poisoning exceeding the identified ro-
bustness bounds significantly impacts test point classification.
We are also able to compute these bounds in many more cases
where state-of-the-art techniques fail.

Extended Version —
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Introduction
Data poisoning is a training-time attack wherein an adver-
sary perturbs the training dataset to alter the predictions of
the trained models (Biggio, Nelson, and Laskov 2012). Here,
the perturbation is called poisoning. Manually determining
whether a training dataset is poisoned or not is challenging
due its size. Consequently, this attack affects the trustworthi-
ness of machine learning models and hinders their deploy-
ment in industries (Kumar et al. 2020).

Targeted data poisoning refers to an adversary manipu-
lating the training data to alter the prediction of a single (or
a small fixed subset of) test data. While targeted data poi-
soning can be sophisticated, such as backdoor attacks that
use patterns called triggers, we focus on trigger-less attack.
In such an attack, an adversary targets a specific test point
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and aims for the victim’s classifier to classify this point as a
desired class. An example is a loan applicant adversary who
poisons the training data so that the model trained on the
poisoned data approves the adversary’s loan.

We consider a practical adversary who can poison the
training dataset only by contaminating labels. While con-
taminating the features of a dataset can be difficult, labels
can be easily manipulated as label errors are common, espe-
cially when they are collected from external sources (Ade-
bayo et al. 2023). Furthermore, we assume that the adversary
has knowledge of only the hypothesis space of the victim’s
classifier, but not the training procedure or the actual classi-
fier. In other words, the victim’s training procedure is treated
as a black-box. In this setting, we define robustness as:

The minimum number of label perturbations in the
training dataset required for a classifier from the hy-
pothesis space to classify the test point as desired.

For example, consider the dataset Pen-based Handwrit-
ten Digit Recognition (Alpaydin and Alimoglu 1996). In the
dataset, a test point shown in Figure 1 represents the hand-
written digit ‘0’. However, our tool finds that it can be la-
beled as the digit ‘4’ by changing the labels of just two points
in the training dataset, out of thousands.

The above notion of robustness is not only useful to mea-
sure confidence in the training data, but also in contesting a
model’s predictions. When a model produces an undesirable
decision, the user may want to identify the minimal set of
training point labels that potentially influenced the outcome.
If any of these labels are incorrect, the user can flag and con-
test the decision. This application is directly addressed by a
solution to the robustness problem defined above.

In our setting of targeted black-box poisoning by label
perturbation, we focus on linear classifiers in this work.
While existing data poisoning work typically considers lin-
ear classifiers (Biggio, Nelson, and Laskov 2011, 2012;
Xiao, Xiao, and Eckert 2012; Xiao et al. 2015; Suya et al.
2024; Zhao et al. 2017; Paudice, Muñoz-González, and
Lupu 2019; Yang, Xu, and Yu 2023), our setting considers a
weaker threat model. Moreover, linear models are still rele-
vant as they perform well on many tasks (Ferrari Dacrema,
Cremonesi, and Jannach 2019; Tramer and Boneh 2020;
Chen et al. 2021; Chen, Ding, and Wagner 2023) and are
subject of several recent related works (Yang, Xu, and Yu
2023; Yang, Jain, and Wallace 2023; Suya et al. 2024).
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Figure 1: A test point (leftmost plot) and two training points
all originally labeled as digit ‘0’. Our tools finds that modi-
fying only these two training points as digit ‘4’ can change
the test point’s label to digit ‘4’.

We make five contributions in this paper. We first estab-
lish a theoretical result showing that the problem of finding
robustness is NP-Complete. To address this challenge, we
propose techniques that approximate robustness. In this di-
rection, our second contribution is a partition-based method
that computes a lower bound for robustness. Third, we intro-
duce an augmented learning procedure designed to find an
upper bound for robustness. Our fourth contribution is a pro-
totype tool ROBUSTRANGE, which implements our novel
techniques. Finally, we evaluate ROBUSTRANGE on 15 pub-
licly available datasets of different sizes. Our experiments
reveal several interesting facts: the average robustness can
be as low as 3%, ROBUSTRANGE performs better than a
SOTA tool (Yang, Xu, and Yu 2023), even when the SOTA
tool knows the victim’s classifier and learning procedure.

Related Work
Data poisoning attacks have received considerable attention
as a primary security threat during the training stage of ma-
chine learning (Barreno et al. 2010; Tian et al. 2022). De-
pending on the adversary’s goals, these attacks can be either
indiscriminate or targeted. In an indiscriminate attack, the
adversary aims to maximize the overall loss of victim’s clas-
sifier, which was the focus of many works (Biggio, Nelson,
and Laskov 2011, 2012; Xiao, Xiao, and Eckert 2012; Xiao
et al. 2015; Suya et al. 2024). In contrast, a targeted attack
aims to alter the prediction of a specific test point while min-
imally affecting overall loss, which is the focus of this paper.

A targeted attack can be achieved by assuming differ-
ent capabilities of the adversary. For instance, an attacker
can add/modify/remove training points without changing
labels (Shafahi et al. 2018; Suciu et al. 2018; Zhu et al.
2019; Yang, Jain, and Wallace 2023), posses full or par-
tial knowledge of the victim’s learning process (Cinà et al.
2021; Şuvak et al. 2022; Paudice, Muñoz-González, and
Lupu 2019), or trigger poisoning when the test point is em-
bedded by certain patterns (Chen et al. 2017; Saha, Subra-
manya, and Pirsiavash 2020; Gu et al. 2019). We assume a
more constrained attacker who can only perturb labels, lacks
knowledge of the victim’s learning process (black-box), and
targets a specific test point.

There are techniques that construct a poisoned dataset
with stronger threat model. In particular, (Zhao et al. 2017)
also considers label perturbations and a black-box victim
model, but requires a bound on robustness to compute the

poisoned dataset, along with an objective model. The work
in (Paudice, Muñoz-González, and Lupu 2019) also com-
putes a perturbation set, but it similarly requires a bound and
the victim’s loss function. The work closest to ours is (Yang,
Xu, and Yu 2023), which aims to find the minimal label-
perturbed set. However, it only computes an upper bound,
and, more importantly, requires knowledge of the victim’s
model and loss function to determine the influence func-
tion (Koh and Liang 2017).

(Gao, Karbasi, and Mahmoody 2021) gives a relation-
ship between the dataset size and maximum allowed per-
turbations, whose accuracy has been subsequently improved
in (Wang, Levine, and Feizi 2022a). The work in (Han-
neke et al. 2022) characterizes the optimal error rate when
the dataset is poisoned. In these works, data points are either
removed or inserted. Furthermore, these works characterizes
bounds on targeted data poison, while we compute upper and
lower bounds. An orthogonal line of work is that of certified
robustness (Rosenfeld et al. 2020; Levine and Feizi 2020;
Wang, Levine, and Feizi 2022b; Jia et al. 2022), which gives
a model that predicts with guaranteed robustness.

Problem Setting
Preliminaries
Consider the task of binary classification from d dimen-
sional input features X ⊆ Rd to binary output labels Y =
{+1,−1}. The goal of the classification task is to find a
function (called classifier) f : X → Y that has a small
generalization error. In machine learning, f is derived from
a given set of hypotheses (called hypothesis space) H and a
set of labeled training dataD. We assumeH is a set of linear
functions fw,b of the form fw,b(x) = sign(wTx+ b), where
w ∈ Rd is the weight parameter, and b ∈ R is the bias pa-
rameter. The labeled training data D is generated from an
i.i.d over X ×Y . GivenH andD, the classification task is to
find a model fw,b ∈ H that minimizes a loss function (e.g.,
hinge loss) over D.

Threat Model
We model the overall workflow via causative targeted attack
(Barreno et al. 2010), which is a game between a victim and
an attacker, that proceeds as follows:

1. The victim generates a clean training data Dc =
{(xi, yi) | i ∈ [m]} from an i.i.d over X × Y .

2. The attacker poisonsDc by perturbing (a subset of) labels
to get Dp = {(xi, y

′
i) | i ∈ [m], y′i = yi or y′i = −yi}.

3. The victim finds a model fw,b ∈ H that minimizes a loss
function over Dp.

4. The attacker has a target test point with label (xt, yt) ∈
X × Y , where (xt, y) is not in Dc for any y ∈ Y . The
attacker wins the game if the victim learns a model fw,b

fromDp such that fw,b(xt) = yt. Otherwise, victim wins
the game.

We assume an attacker who can only perturb labels inDc,
and is aware of the victim’s hypothesis space, but not the
training procedure, the loss function, or the model’s weights.
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Robustness
The robustness r of a dataset Dc = {(xi, yi) | i ∈ [m]}
with respect to a target test point (xt, yt) is the minimum
number of label perturbations required for the attacker to
win the above game. Sans knowledge of the victim’s loss
function, we define robustness as follows. Let P be the set
of all (possibly) poisoned datasets Dp = {(xi, y

′
i) | i ∈

[m], y′i = yi or y′i = −yi} s.t. there exists fw,b ∈ H with:

1. fw,b(xi) = y′i, ∀i ∈ [m]

2. fw,b(xt) = yt

Then r = minDp∈P

∑m
i=1 I(y′i ̸= yi), where I is the indica-

tor function.
Note that some authors prefer to define robustness as the

maximum number of label perturbations in Dc such that no
classifier in H learned from the poisoned data classifies the
test point xt as yt. Clearly, this is r−1, where r is as defined
above. For computational simplicity, we use the definition
provided above.

Computing Robustness
A naive way to compute robustness is by perturbing labels
of subsets of the training dataset Dc in increasing order of
subset size, and finding whether there exists a classifier that
satisfies all required conditions for the poisoned dataset. The
time complexity of such an algorithm is clearly exponential
in |Dc|. Hence, a natural question is whether this algorithm
can be improved. Theorem 1 shows that this is unlikely.

Theorem 1. Given a dataset Dc = {(xi, yi) | i ∈ [m]} and
a target test point (xt, yt), deciding whether its robustness r
is less than a threshold κ is NP-Complete, when H is a set
of linear binary classifiers.

Proof Sketch. In NP: Given a witness classifier fw,b ,
we can check whether (a) fw,b(xt) = yt, and (b)∑m

i=1 I(fw,b(xi) ̸= yi) < κ in polynomial time. Alterna-
tively, given a witness poisoned datasetDp = {(xi, y

′
i) | i ∈

[m]}, we can check in polynomial time if (a)
∑m

i=1 I(y′i ̸=
yi) < κ, and (b) there exists a linear classifier fw,b that sat-
isfies fw,b(xt) = yt and fw,b(xi) = y′i for all i ∈ [m]. The
latter can be done by standard techniques for solving linear
systems of equations, viz. Gaussian elimination.

NP-hardness: We show this by reduction from the ver-
tex cover problem. Let G = (V,E) be an undirected graph,
where V is the set of vertices, and E ⊆ V × V is the set of
edges. A vertex cover of G is a subset C of V such that
for every edge (u, v) ∈ V , at least one of u, v is in C.
Given G and a threshold κ, the vertex cover problem asks
whether G has a vertex cover C s.t. |C| < κ. It is well
known (Karp 2009) that the vertex cover problem is NP-
complete. We give below a polynomial-time reduction from
the vertex cover problem to the problem of deciding if the
robustness of a dataset w.r.t. a target test point is less than
a threshold. This proves NP-hardness of deciding if robust-
ness is less than a threshold.

Let V = {v1, . . . vn} be the set of vertices in G. We create
a training dataset Dc ⊆ X × Y , where X = {0, 1}n+1 and
Y = {+1,−1}. Thus, every x ∈ X can be thought of as a

0-1 vector of n+1 dimensions. Below, we use x[j] to denote
the jth component of vector x, for j ∈ {1, . . . n+ 1}.

For every vi ∈ V , we add a training datapoint (xi, yi) to
Dc, where (a) xi[j] = 1 iff i = j, and (b) yi = −1. We
say that these datapoints encode vertices in V . Similarly,
for every edge (vi, vj) ∈ E, we add a training datapoint
(xi,j , yi,j), where (a) xi,j [k] = 1 iff either i = k or j = k or
k = n + 1, and (b) yi,j = +1. We say that these datapoints
encode edges in E. As an example, if V = {v1, v2, v3}
and E = {(v1, v2), (v2, v3), (v3, v1)}, then Dc = DV

c ∪
DE

c , where DV
c = {

(
(1, 0, 0, 0),−1

)
,
(
(0, 1, 0, 0),−1

)
,(

(0, 0, 1, 0),−1
)
} encodes the three vertices, and DE

c =

{
(
(1, 1, 0, 1),+1

)
,
(
(0, 1, 1, 1),+1

)
,
(
(1, 0, 1, 1),+1

)
} en-

codes the three edges. Notice that for Dc defined above,
there exists a linear classifier fw,b such that fw,b(xi) = yi
for all (xi, yi) ∈ Dc. Indeed, if w[j] = −1 for j ∈
{1, . . . n}, w[n+1] = 3, and if b = 0, then sign(wTx+b) =
y for all (x, y) ∈ Dc.

Finally, we construct the test datapoint (xt, yt), where
xt[j] = 0 for all j ∈ {1, . . . n}, xt[n+ 1] = 1 and yt = −1.
For the abve example, (xt, yt) =

(
(0, 0, 0, 1),−1

)
. Notice

that the linear classifier discussed above that correctly clas-
sifies all datapoints in Dc no longer gives fw,b(xt) = yt.

With Dc and (xt, yt) defined as above, we claim that
the graph G has a vertex cover of size less than κ iff the
robustness of Dc w.r.t. (xt, yt) is less than κ. The only if
part is easy to prove. Suppose C is a vertex cover of G, and
|C| < κ. We construct the poisoned dataset Dp by changing
the label (to +1) of only those datapoints in Dc that encode
vertices in C. A linear classifier fw,b(x) = sign(wTx + b)
for Dp that also satisfies fw,b(xt) = yt can now be ob-
tained as follows: w[i] = 3 for all vi ∈ C, w[i] = −1
for all vi ̸∈ C, w[n + 1] = −1 and b = 0. In our
running example with 3 vertices, considering the vertex
cover C = {v1, v2}, we get Dp = {

(
(1, 0, 0, 0),+1

)
,(

(0, 1, 0, 0),+1
)
,

(
(0, 0, 1, 0),−1

)
,

(
(1, 1, 0, 1),+1

)
,(

(0, 1, 1, 1),+1
)
,
(
(1, 0, 1, 1),+1

)
}.

To prove the if part, let S be the subset of datapoints
in Dc whose labels are flipped to obtain Dp, and suppose
|S| < κ. Let fw,b be a linear classifier corresponding to
Dp that satisfies fw,b(xt) = yt. From the definition of
(xt, yt), it follows that w[n + 1] + b < 0. Note that for ev-
ery non-poisoned datapoint (xi,j ,+1) corresponding to an
edge (vi, vj) ∈ E, we must also have fw,b(xi,j) = 1, or
w[i] +w[j] +w[n+1]+ b ≥ 0. This requires at least one of
the datapoints corresponding to vi or vj to be poisoned, as
otherwise, we would have w[i] < 0 and w[j] < 0, which is
inconsistent with w[i]+w[j]+w[n+1]+ b ≥ 0. In general,
the set S may contain datapoints encoding both vertices and
edges in G. We describe below a process for successively
transforming S, such that it eventually contains only data-
points encoding vertices in V . Specifically, for every data-
point (xi,j ,+1) in S that encodes an edge (vi, vj) in graph
G, we check if the datapoint encoding vi (or vj) is also in
S. If so, we simply remove (xi,j ,+1) from S; otherwise,
we add the datapoint corresponding to vi (resp. vj) to S and
remove all datapoints corresponding to edges incident on vi
(resp. vj) from S. By repeating this process, we obtain a
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poisoned dataset D′
p in which every poisoned datapoint cor-

responds to a vertex in V . Let the corresponding set of dat-
apoints whose labels have been flipped in D′

p be called S′.
Following the same reasoning as in the proof of the ”only if”
part above, the linear classifier fw,b corresponding toDp can
be modified to yield a linear classifier fw,b

′ for D′
p that also

satisfies fw,b
′(xt) = yt. Since the datapoint corresponding

to every edge (vi, vj) ∈ E has its label unchanged inD′
p, the

datapoint corresponding to either vi or vj must have been
poisoned in D′

p. Hence, the set of poisoned datapoints must
correspond to a subset of vertices that forms a vertex cover
of G. Since we added at most one datapoint corresponding
to a vertex in S when removing a datapoint corresponding
to an edge from S, we have |S′| ≤ |S| < κ.

Since perturbing subsets results in an exponential algo-
rithm, it does not scale even for a small dataset. To overcome
this, we propose to compute an approximation of robustness
r . Notice that the victim is interested in how low the robust-
ness of their dataset is, to ensure that it is not susceptible to
an attack, while the attacker’s interest lies in how high the
robustness is, so that the attack is likely to succeed without
detection. Considering these perspectives, we compute both
a lower bound ř and an upper bound r̂ of robustness r , such
that it is guaranteed that ř ≤ r ≤ r̂ .

Lower Bound Robustness ř via Partitioning
We observe that the problem of finding robustness for lin-
ear classifiers can be formulated as an optimization prob-
lem. In particular, it can be encoded as a mixed-integer linear
program (MILP) using the big M method (Bazaraa, Jarvis,
and Sherali 2011), assuming a known bound on the range of
the linear classifier function. A solution to this optimization
problem determines the weights of the function that classi-
fies the test point as required, while minimizing misclassifi-
cations on the training dataset. More formally, for a dataset
Dc and a test point (xt, yt), we encode the problem as the
following optimization problem:

Variables:
• w1, . . . , wd , b ∈ R as weights and bias, and
• δ1, . . . , δm ∈ {0, 1} as indicators for label perturbations.

Objective: Minimize
∑m

i=1 δi
Constraints:

yt (w · xt + b) ≥ ϵ

yi (w · xi + b) +M δi ≥ ϵ, ∀i ∈ [m]

yi (w · xi + b)−M (1− δi) ≤ −ϵ, ∀i ∈ [m]

Parameters: M ≫ 0 is a large integer constant, ϵ ≈ 0,
and (xi, yi) ∈ Dc.

A solution to the problem provides weights and bias
(w1, . . . , wd , b) that classifies the test point xt as yt and
minimizes the sum of perturbed labels in Dc, denoted by∑m

i=1 δi. The first constraint ensures that yt = sign(w ·xi+
b). For each point (xi, yi) ∈ Dc, the next two constraints
ensure the following:

δi =

{
0 yi = sign(w · xi + b)

1 yi ̸= sign(w · xi + b)

For instance, δi = 0 makes the second constraint
yi (w · xi + b) ≥ ϵ, which in turn makes yi = sign(w ·
xi + b). Similarly, δi = 1 makes the third constraint
yi (w · xi + b) ≤ ϵ, which makes yi ̸= sign(w ·
xi + b). These constraints additionally adds the conditions
yi (w · xi + b) < M and yi (w · xi + b) > −M , resp..

Hence, a solution gives the robustness r (where r =∑m
i=1 δi), along with the labels that were perturbed (yi for

which δi is 1). A solution exists only when w · xi + b is in
the interval (−M ,M ).

Since the complexity of solving such optimization prob-
lems is exponential, we can get robustness in this way for
only small datasets. To scale this, we propose an optimiza-
tion approach that finds a lower bound of robustness. In this
approach, the dataset is partitioned into smaller size, then
robustness is computed individually for each partition, and
finally the results are summed. Although this sum provides a
lower bound, it significantly improves the scalability as the
optimization problem is on small sized sets.

Consider the partition of Dc into k ∈ N disjoint subsets
D1

c . . .Dk
c , where each subset Dj

c contains m/k points, ex-
cept for the last subset, which contains the remaining points.

For each partition Dj
c we compute robustness r j by en-

coding it as the optimization problem(as before). Finally, we
compute the sum of these robustness ř =

∑k
j=1 r

j .

Theorem 2. For datasetDc and a test point (xt, yt), ř ≤ r .1

Upper Bound Robustness r̂ via Augmentation
In addition to the lower bound, we also compute an upper
bound of robustness. For this purpose, we train a linear clas-
sifier on an augmented version of the training dataset Dc.
The augmentation biases the learning to train a classifier
that classifies the test point xt as yt. While theoretically this
classifier may not minimize the label perturbations of Dc, in
practice we observe that it will give a tighter upper bound.
Moreover, this procedure will be quick, as it requires only
learning a classifier, hence scales for large datasets.

In order to find such a classifier, we restrict our objec-
tive to learn a classifier fw,b ∈ H such that fw,b(xt) = yt.
Since not all classifiers can achieve this objective, we first
introduce a targeted augmentation scheme, wherein k′ ∈ N
identical copies of the test point (xt, yt) are added to Dc.
Let the augmented set be D′

c = Dc

⋃
{(xt, yt)}k

′
, where

{(xt, yt)}k
′

is a multi-set of k′ copies of (xt, yt).
We then train a classifier on D′

c by minimizing the empir-
ical loss with respect to a loss function l :

fw,b = arg min
fw,b∈H

1

m + k′


m∑
i=1

l(fw,b(xi), yi)+

k′∑
j=1

l(fw,b(xt), yt)


Once a classifier fw,b is learned on the augmented dataset,

it is checked whether the classifier correctly classifies the

1Remaining proofs are in the extended version.
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Algorithm 1 ROBUSTNESSINTERVAL(Dc, (xt, yt))
Input: Dc – training dataset, (xt, yt) – test point
Parameter: M , k, k′, l , ϵ – hyperparameters
Output: lower bound ř and upper bound r̂ robust-
ness

1: D1
c , . . . ,Dk

c ← RANDOMPARTITION(Dc, k)
2: for j = 1 to k do
3: r j ← MILPSOLVE(Dj

c , (xt, yt),M )
4: end for
5: ř ←

∑k
j=1 r

j

6: D′
c ← AUGMENT(Dc, (xt, yt), k

′)
7: fw,b ← LEARNCLASSIFIER(D′

c, l)
8: r̂ ←

∑m
i=1 I(fw,b(xi) ̸= yi)

9: return (ř , r̂)

test point xt as yt. If it does, then the number of misclassi-
fied points from the original datasetDc will be the the upper
bound. In other words, r̂ =

∑m
i=1 I(fw,b(xi) ̸= yi).

Theorem 3. For datasetDc and a test point (xt, yt), r ≤ r̂ .

Algorithm
Algorithm 1 gives a formal description of our technique

discussed in previous sections. It takes as input a training
dataset Dc and a test point xt with target label yt. It also as-
sumes hyperparameter M , k, k′, l are set. It starts with com-
puting random k partitions ofDc intoD1

c , . . . ,Dk
c . Then, for

each partition Dj
c it computes its robustness r j by encoding

the problem as a MILP using M and then using a solver to
find the optimal solution. These robustness are then summed
up to get ř . In order to computer r̂ , the algorithm starts with
augmenting Dc with k′ copies of the test point and target
label. This augmented data Dc is then passed to a learning
algorithm along with a loss function (l ). When the learning
algorithm returns a classifier fw,b , r̂ is computed by calculat-
ing the number of misclassifications fw,b makes with respect
to Dc. Finally, the pair (ř , r̂) is returned to the user.

Implementation Details
We implemented Algorithm 1 as a Python tool ROBUS-
TRANGE. It uses SCIP (Bolusani et al. 2024) as the
MILP solver (within Google OR-Tools v9.12) to com-
pute lower bound robustness, and SGDClassifier from
scikit-learn (Pedregosa et al. 2011) (v1.3.2) to learn a clas-
sifier from the augmented dataset. As an optimization, 10
classifiers were learned from the augmented dataset and the
minimum upper bound robustness r̂ among them was cho-
sen. The hyperparameters used had the following values: M
and ϵ in the MILP encoding are set to 1000 and 10−10, resp.,
the number of partitions k had multiple values such as 20,
1000, 250, and 100 depending on the dataset, the number of
augmented test point k′ was set to m + 1, and the loss func-
tion l used were hinge loss, log loss, and modified hueber.

Evaluation
In this section, we present evaluation of our tool ROBUS-
TRANGE on several publicly available datasets with differ-

ent sizes. We first describe the datasets used.

Datasets
We use datasets that represent different classification tasks
where linear classifiers are used. Specifically, we use:
Census Income (Kohavi 1996), Fashion-MNIST (Xiao,
Rasul, and Vollgraf 2017), Pen-Based Handwritten Dig-
its Recognition (Alpaydin and Alimoglu 1996), Letter
Recognition (Slate 1991), Emo (Yang, Xu, and Yu 2023),
Speech (de Gibert et al. 2018), SST (Socher et al. 2013),
and Tweet (Go, Bhayani, and Huang 2009), as well as the
Essays Scoring (Hamner et al. 2012) and the Loan Pre-
diction (Surana 2021) dataset from Kaggle. For the text
datasets, we use both bag-of-words (BOW) and BERT-based
(BERT) representations where indicated. Multi-class clas-
sification datasets were converted to binary classification
datasets by only two classes. This was done for Fashion-
MNIST(Pullover vs. Shirt), Pen-Based Handwritten Digits
Recognition(4 vs. 0) and Letter Recognition(D vs. O).

ROBUSTRANGE was used to compute both robustness
bounds for all test points in each dataset. For datasets with-
out predefined test-train splits (e.g., Census Income, Fashion
MNIST, Letter Recognition, Pen-Based Handwritten Digits
Recognition), 10% of points were randomly sampled as test
data, with the remainder constituted the train data. Dataset
summaries are in Table 1.

In order to evaluate ROBUSTRANGE, we address the fol-
lowing research questions (RQs):

RQ1: How effective is our technique in finding upper
bound robustness r̂?
RQ2: How does upper bound robustness r̂ impact vic-
tim’s training process?
RQ3: How does our technique for finding r̂ compare
against SOTA?
RQ4: How effective is our technique in finding lower
bound robustness ř?

In the remaining section, we address our research ques-
tions through experiments conducted on an 8-core CPU with
30 GB RAM running Ubuntu 20.04.

RQ1: How effective is our technique in finding
upper bound robustness r̂?
Table 1 reports the average upper bound robustness r̂ (col-
umn r̂ ) computed using the hinge loss function (denoted as
l in Algorithm 1), while Figure 2 shows the average com-
putation time. The average r̂ value ranged from 1% (Digits
Recognition) to 31% (Loan (BOW)) of the training points.
For five datasets (specifically, Census Income, Essays BOW
and BERT, and Letter and Digits Recognition), ROBUS-
TRANGE identified r̂ values as low as 4% (or even less) of
the training points. The average time required to compute r̂
for a test point was under two minutes.

Figure 3 shows the r̂ histogram for the Census Income
dataset, where nearly 60% of test points have robustness
values around 3% of the training points. Similar results for
other datasets are provided in the extended version.

Overall, ROBUSTRANGE was able to compute low r̂ val-
ues for most datasets within a short duration.
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# Dataset d m #xt r̂ r̂IPr(normalized) r̂IPr %Found r̂IPr ρ ρIPr ř

1 Letter Recognition 16 1335 149 38.16 569.62 168.18 66 0.55 0.34 0.68
2 Digits Recognition 16 1404 156 10.79 1305.88 226.54 8 0.17 0.04 0.03
3 SST (BOW) 300 6920 872 1758.08 93.76 66.99 100 0.99 0.61 0.96
4 SST (BERT) 768 6920 872 1141.54 439.64 247.90 97 0.97 0.52 0.00
5 Emo (BOW) 300 9025 1003 1558.92 237.95 167.28 99 0.99 0.52 0.00
6 Speech (BOW) 300 9632 1071 1071.90 624.09 373.20 97 0.61 0.58 0.49
7 Speech (BERT) 768 9632 1071 891.28 931.04 593.20 96 0.54 0.49 0.10
8 Fashion-MNIST 784 10800 1200 1389.91 1037.25 274.13 93 0.98 0.45 0.01
9 Loan (BOW) 18 11200 2800 3548.16 10069.39 42.22 60 0.93 0.46 111.21
10 Emo (BERT) 768 11678 1298 2153.26 2913.84 232.23 77 0.97 0.40 560.45
11 Essays (BOW) 300 11678 1298 495.90 2884.23 1664.89 88 0.21 0.50 0.00
12 Essays (BERT) 768 11678 1298 350.85 3761.81 1245.04 76 0.22 0.39 0.00
13 Tweet (BOW) 300 18000 1000 4256.26 304.15 216.32 99 1.00 0.54 7.70
14 Tweet (BERT) 768 18000 1000 3795.24 352.38 343.72 100 0.99 0.55 0.32
15 Census Income 41 80136 8905 2542.06 66003.10 7012.80 19 0.33 0.07 87.19

Table 1: Here, d , m – dimension and size of datasets, #xt– count of test points, r̂ , ř – avg upper and lower bound robustness
from ROBUSTRANGE, r̂IPr(normalized), r̂IPr – avg upper bound robustness from IP-RELABEL, %Found r̂IPr– % of robust-
ness found by IP-RELABEL, and ρ, ρIPr– avg likelihood of getting desired classification by ROBUSTRANGE and IP-RELABEL.
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Figure 2: Average time taken in seconds per test point by
ROBUSTRANGE (r̂ , ř ) and IP-RELABEL (r̂IPr).

2500 5000 7500 10000 12500 15000
r

0

10

20

30

Pe
rc

en
t o

f p
oi

nt
s 

(%
) Total training points: 80136

Total test points: 8923
Median = 2006.0

Figure 3: Histograms of the distribution of points across r̂
values for the Census Income dataset.

RQ2: How does upper bound robustness r̂ impact
victim’s training process?
To assess the impact of r̂ on the victim’s training process, we
poisoned the training dataset by perturbing the labels of the
training points corresponding to r̂ . We then trained a classi-

fier on the poisoned dataset and compared its accuracy with
the frequency of desired classification for test points (de-
noted by ρ). Since we assume the victim’s training process
is a black-box, we compared all pairs of loss functions.

More specifically, we assumed a loss function (l ) for RO-
BUSTRANGE and computed r̂ for each test point. We then
created poisoned datasets by perturbing the labels of 0, r̂

4 ,
r̂
2 , r̂ , 2r̂ , and 4r̂ points (for 2r̂ , 4r̂ , additional random points
were chosen). Each poisoned dataset was used to train a lin-
ear classifier with a loss function. We calculated the classi-
fier’s accuracy and ρ. This process was repeated for all pos-
sible pairs of loss functions, three to compute r̂ and three for
training the classifier.

Figure 4 shows results for the Census Income dataset: the
optimal outcome for all loss functions is when the poisoned
value is r̂ , as higher values sharply reduce accuracy with-
out increasing flip likelihood. Similar trends appear in other
datasets (see extended version), confirming that r̂ computed
from ROBUSTRANGE is an effective poisoning measure.

RQ3: How does our technique for finding r̂
compare against SOTA?
We compare our tool against the IP-RELABEL tech-
nique (Yang, Xu, and Yu 2023). While IP-RELABEL as-
sumes a white-box victim’s model and computes only an
upper bound robustness, we include it in our comparison
as it is the most closely related recent work. The average
upper bound robustness computed by IP-RELABEL is pre-
sented in Table 1 (column r̂IPr). Notably, IP-RELABEL does
not guarantee an upper bound robustness for all points. In
our evaluation, it was able to compute robustness for all
points in only 2/15 datasets (see column %Found r̂IPr). In
contrast, ROBUSTRANGE was able to find robustness for
all test points across all datasets. For a fair comparison,
when IP-RELABEL failed to generate an upper bound, we
assigned the size of the training dataset as the bound (col-
umn r̂IPr(normalized)). Under this metric, ROBUSTRANGE
found lower average robustness for 8 datasets.

21536



0 1 2 3 4

25
50

75
10

0
HingeLoss, HingeLoss

Avg Robustness: 2542.1

Accuracy

0 1 2 3 4

25
50

75
10

0

HingeLoss, LogLoss
Avg Robustness: 2542.1

Accuracy

0 1 2 3 4

25
50

75
10

0

HingeLoss, ModifiedHeuber
Avg Robustness: 2542.1

Accuracy

0 1 2 3 4

25
50

75
10

0

LogLoss, HingeLoss
Avg Robustness: 2541.2

Accuracy

0 1 2 3 4

25
50

75
10

0

LogLoss, LogLoss
Avg Robustness: 2541.2

Accuracy

0 1 2 3 4

25
50

75
10

0

LogLoss, ModifiedHeuber
Avg Robustness: 2541.2

Accuracy

0 1 2 3 4

25
50

75
10

0

ModifiedHeuber, HingeLoss
Avg Robustness: 2542.0

Accuracy

0 1 2 3 4

25
50

75
10

0

ModifiedHeuber, LogLoss
Avg Robustness: 2542.0

Accuracy

0 1 2 3 4

25
50

75
10

0

ModifiedHeuber, ModifiedHeuber
Avg Robustness: 2542.0

Accuracy

Figure 4: Comparison of average accuracy vs ρ for Census Income dataset with {0, r̂
4 ,

r̂
2 , r̂ , 2r̂ , 4r̂} and loss functions.

Additionally, we poison the dataset using each tool’s ro-
bustness and compare the success rate of desired test classi-
fications (columns ρ and ρIPr). In this evaluation, ROBUS-
TRANGE outperforms IP-RELABEL on 12 datasets, includ-
ing 6 where its average robustness is lower.

In summary, our tool assumes a realistic black-box adver-
sary, provides tighter robustness bounds, and more reliably
achieves the desired test point classification.

RQ4: How effective is our technique in finding
lower bound robustness ř?

The average lower bound ř computed by ROBUSTRANGE is
presented in Table 1 (column ř ), along with the average time
taken per test point in Figure 2. ROBUSTRANGE generated a
non-zero average ř for ten datasets. The average time taken
per test point was under four minutes.

While the average lower bound robustness can be low for
some datasets, our tool is capable of generating high low
bounds. For example, consider the histograms in Figure 5
for Census Income dataset. Although the median robustness
was 0, ROBUSTRANGE was able to generate robustness val-
ues greater than 500 for 5% of the test points, and non-zero
robustness for 15% of the points. Therefore, the lower bound
robustness generated by our tool can still be useful for indi-
vidual test points.
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Figure 5: Histograms of the distribution of points across ř
values for the Census Income dataset.

Conclusion and Future Work

In this paper, we have proven that the problem of finding
robustness in targeted data poisoning is NP-complete in the
setting considered, and have introduced effective techniques
for computing lower and upper bound of robustness. An in-
teresting future direction is to extend the lower bound algo-
rithm for non-linear classifiers.
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