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Abstract

The rapid advancement of large language models (LLMs) has made machine-
generated text increasingly difficult to distinguish from human-written text. While
recent studies explore leveraging internal representations of language models
to uncover deeper detection signals, these raw features often exhibit substantial
overlap between classes, limiting their discriminative power. To address this
challenge, we propose Steer-to-Detect (S2D), a two-stage framework for detecting
LLM-generated text. In the first stage, S2D learns a steering vector that is injected
into the hidden states of a frozen observer LLM, producing representations with
improved class separability. In the second stage, detection is performed via a
hypothesis testing procedure based on the steered representations. We establish
finite-sample, high-probability guarantees for Type I and Type II errors, providing
a theoretical characterization of the procedure. Empirically, S2D achieves strong
and consistent performance across a range of settings, including out-of-distribution
scenarios and adversarial perturbations.

1 Introduction

Large language models (LLMs) are increasingly deployed across a broad range of domains, including
education, finance, legal services, customer support, and writing assistance [1–5]. Despite their
widespread adoption, their use has raised growing societal concerns, including the spread of misin-
formation, academic misconduct, and the erosion of trust in written content [6–9]. A key reason is
that LLM-generated text often closely resembles human writing, making it difficult to distinguish
between the two. This challenge highlights the need for reliable detection of LLM-generated text.

Early work on this problem suggests that as long as distributional differences exist, reliable detection
is possible in principle, particularly with sufficiently long samples [10]. Building on this observation,
a prominent line of work seeks to explicitly introduce such differences during generation, most
notably through watermarking methods that embed structured patterns identifiable with statistical
guarantees [11, 12]. While effective under controlled settings, these approaches rely on access to
the generation process and are not applicable when watermarking is absent or not widely adopted.
This limitation motivates passive methods, which aim to infer the origin of a text directly from
observed samples without any control over the generation process. A detailed taxonomy is provided
in Section 1.1.

A key challenge in the passive setting is that the distributional differences between human-written
and LLM-generated text can be subtle, particularly for short or moderate-length samples. This raises
a natural question: rather than relying solely on these weak signals, can we amplify them to improve
detectability? Recent studies suggest that hidden representations of LLMs encode behavior-relevant
information that is not fully captured by final-layer outputs [13–17]. These hidden representations
provide a richer feature space in which the differences between human- and machine-generated
text may become more pronounced. This observation motivates our central question: Can we
reshape LLM hidden representations to amplify such differences and enable reliable detection of
machine-generated text?
Preprint.
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Our Contributions. In this paper, we propose Steer-to-Detect (S2D), a novel method for detecting
LLM-generated text. At a high level, S2D employs a surrogate model as an “observer” and intervenes
in its representation extraction process. Specifically, during the forward pass on input text, we steer
hidden representations by adding a universal vector, thereby modifying how representations are
formed. The vector is learned to enhance the separability between human-written and LLM-generated
text. This approach avoids expensive model fitting and extends to other binary detection tasks.

On the theoretical side, we establish finite-sample control of the Type I (or false positive) error
and derive an explicit upper bound on the excess Type II (or false negative) error. In addition, we
provide a quantitative characterization of robustness, demonstrating the reliability of the detector in
risk-sensitive settings.

Empirically, we conduct extensive experiments and show that S2D achieves strong and consistent
performance across both in-distribution (ID) and out-of-distribution (OOD) settings. Further analyses
demonstrate robustness to paraphrasing, adversarial perturbations, and variations in input length.
In short, we propose a simple yet effective approach that enhances detectability by steering hidden
representations.

1.1 Related Works

Table 1: Taxonomy of passive detection.

Rewrite Non-rewrite

Train-free [10, 18] [19–21]

Train-based [22–24] Ours & [25–28]

LLM-generated Text Detection. Active meth-
ods modify the generation process and are beyond
the scope of this work [29–31], so we focus on
passive detection. As summarized in Table 1, pas-
sive detectors can be organized along two axes:
whether labeled training data are required and
whether detection relies on auxiliary rewritten or
perturbed variants of the input text. This yields
four broad categories: train-free rewrite-based [10, 18], train-free non-rewrite-based [19–21], train-
based rewrite-based [22, 24], and train-based non-rewrite-based methods [25–28]. Rewrite-based
methods incur additional cost due to auxiliary text generation, whereas non-rewrite-based methods
avoid this overhead. Our method falls into the train-based, non-rewrite-based category. Prior work in
this setting typically relies on final-layer outputs such as logits or derived scores, leaving intermediate
representations underexplored [16]. More recent studies have begun to use hidden representations for
detection [32, 33], with RepreGuard [33] showing that hidden representations can provide stronger
signals than final-layer outputs. Unlike these methods, we do not treat representations as fixed
features. Instead, we shape their geometry to better separate human-written and LLM-generated text.

Representation Engineering. Representation engineering studies how information encoded in
the hidden states of LLMs can be analyzed, interpreted, and manipulated to understand, monitor, or
control model behavior [34, 13, 35, 16, 36–42]. This line of work includes both methods for charac-
terizing what hidden representations encode and intervention-based approaches that modify them.
Among these, activation steering has emerged as a prominent technique that perturbs intermediate
activations along task-specific directions (often represented as steering vectors) in representation
space, enabling targeted behavioral changes without updating model parameters [43, 44]. Recent
studies apply activation steering to improve factual reliability, control generation style, and monitor
model behaviors such as hallucinations and toxic content using internal representations [45–49, 41].
Despite these advances, the use of representation-level interventions for LLM-generated text detec-
tion remains relatively underexplored. In this work, we repurpose activation steering to reshape the
geometry of hidden representations, transforming raw hidden states into features that better separate
human-written and LLM-generated text.

2 Our Method: Steer-to-Detect (S2D)

Problem Formulation. Let X denote the space of all text sequences (possibly of varying length).
We assume that human-written and LLM-generated texts are drawn from two distributions, P0 and
P1, respectively. Given an observation x ∈ X , detection is formulated as the binary hypothesis test:

H0 : x ∼ P0 (human-written) versus H1 : x ∼ P1 (LLM-generated). (1)
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Figure 1: Overview of Steer-to-Detect (S2D). Phase I (top row) applies a steering vector to reshape
the observer LLM’s hidden representations, enhancing the separation between human-written and
LLM-generated text. Phase II (bottom row) scores unseen texts and rejects the null hypothesis when
the score exceeds a calibrated threshold.

2.1 Method Overview

We begin with an overview of our method. We employ a surrogate model as an “observer” and extract
hidden representations during the forward pass on input text. Representations of LLM-generated
and human-written text exhibit systematic differences, which, although subtle, provide a sufficient
signal for detection [33]. Motivated by this observation, we intervene in the representation formation
process by injecting a lightweight, learnable steering vector v into intermediate hidden states during
the forward pass. This modifies how representations are formed and enhances their separability
between the two types of text. Based on the resulting representations, we construct a hypothesis test
for detection. The overall framework is illustrated in Figure 1.

More specifically, let fθ : X → Sd−1 denote the representation map of an observer model, which
embeds a text sequence into a d-dimensional vector on the unit hypersphere (to be specified later). To
enable intervention in the representation space, we introduce a steering vector v ∈ Rd and denote the
resulting steered representation map by fθ,v.

Our method proceeds in two stages, as introduced earlier. In the first stage, we estimate the steering
vector v from training data Strain = {(xi, yi)}n1

i=1 and fit parametric class-conditional models to the
steered representations. In the second stage, we construct a likelihood-ratio statistic based on the
estimated models and use it to test whether a given text is human-written or LLM-generated. We next
describe (i) the computation of fθ and the introduction of v in Section 2.2, (ii) the learning of v in
Section 2.3, and (iii) the detection procedure in Section 2.4.

2.2 Representation Extraction and Steering

Representation Extraction. We define the mapping fθ by extracting hidden states from an observer
model with L Transformer blocks and hidden dimension d. For a sequence x ∈ X , let hℓ,t(x) ∈ Rd

denote the hidden state at layer ℓ(≤ L) and token index t. Prior work [50, 13, 16, 33] suggests that
tokens near the end of a sequence encode richer contextual information and exhibit more pronounced
differences between human-written and LLM-generated text, as later tokens aggregate broader
preceding context in causal LLMs. Motivated by this observation, we focus on the final K ∈ (0, 1]
fraction of valid (non-padding) tokens,1 indexed by IK(x). In addition, intermediate layers capture
complementary information beyond the final layer [16], so we aggregate hidden states from the last
N layers to obtain a more stable sequence-level representation. Mathematically, we define

fθ(x) =
m̄(x)

∥m̄(x)∥
∈ Sd−1 with m̄(x) :=

1

N · |IK(x)|

L∑
ℓ=L−N+1

∑
t∈IK(x)

hℓ,t(x) ∈ Rd,

where |IK(x)| denotes the number of selected non-padding tokens.

Remark 2.1 (Representation Norms and Directionality). In Appendix E, we provide empirical
support for this modeling choice fθ. In modern Transformer models, representation norms are often

1Non-padding tokens refer to tokens corresponding to actual text content, excluding padding tokens.
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approximately uniform after root mean square normalization, leaving directional variation as the
primary source of information [17, 51, 52]. For example, in meta-llama/Llama-3.1-8B, the mean
norm is around 18.8 across four different datasets; see Figure 5 in the appendix for details. We also
observe that fθ(x) | y exhibits unimodal structure (see Figure 6 in the appendix), which motivates
the use of the vMF model in deriving (2).

Representation Steering. Although the base extractor fθ(·) captures high-level semantic infor-
mation, the resulting class-conditional distributions may still overlap in latent space, even in out-of-
distribution settings (see Appendix F.1 for evidence).

To improve separability, we introduce a learnable steering vector v ∈ Rd and define a steered
extractor fθ,v(·). We implement steering as an additive intervention on intermediate activations of
the observer model by injecting a vector v at a chosen layer ℓ:

hℓ,t(·)← hℓ,t(·) + v.

In the default setting, the intervention is applied at an intermediate layer ℓ ≤ L−N +1. Importantly,
the method is not sensitive to the exact choice of ℓ: as long as the intervention is applied within
intermediate layers, performance remains stable (see Section 4.2).

This is the only modification to the model: after the injection, the observer model remains fixed,
and the perturbed activations propagate through subsequent Transformer blocks without further
intervention, producing a new representation. Intuitively, since the model captures rich semantic
structure from large-scale pre-training, the steering vector v introduces a direction that enhances
its intrinsic discriminative capability. Applying the same token selection, layer aggregation, and
normalization yields the steered representation fθ,v(·) ∈ Sd−1 for the downstream hypothesis test.

2.3 Phase I: Learning the Steering Vector via Likelihood Maximization

Likelihood-Based Modeling. A remaining question is how to learn the steering vector v, which is
addressed in Phase I of our method. The steering vector aims to enhance the separability of latent
representations across classes. To quantify this, we formulate a classification problem where the
feature is given by fθ,v and the response is the ground-truth label (yi = 1 for LLM-generated text and
yi = 0 for human-written text). More specifically, we model the conditional distribution fθ,v(xi) | yi
as a von Mises–Fisher (vMF) distribution, a directional analogue of a Gaussian on the unit sphere.2
As a result, the posterior distribution yi | fθ,v(xi) under a uniform prior (i.e., p(yi = c) = 0.5 for
any c ∈ {0, 1}) is

p (yi | fθ,v(xi),µ0,µ1) =
exp

(
κµ⊤

yi
fθ,v(xi)

)∑
c∈{0,1} exp (κµ

⊤
c fθ,v(xi))

. (2)

Here, µc ∈ Sd−1 denotes the mean direction for class c ∈ {0, 1} and κ > 0 is a shared concentration
parameter. We prove this derivation of (2) in Appendix B. To estimate the steering vector, we collect
a labeled training set Strain = {(xi, yi)}n1

i=1 and maximize the following log-likelihood:

(v̂, µ̂0, µ̂1) = argmax
v∈Rd,µ0,µ1∈Sd−1

1

n1

n1∑
i=1

log p (yi | fθ,v(xi),µ0,µ1) . (3)

Optimization Procedure. In practice, we adopt a two-timescale optimization scheme to optimize
(3). Specifically, the steering vector v is updated via gradient ascent on a slower timescale (i.e., using
a smaller step size η), while the class mean directions µc are updated on a faster timescale (i.e., using
an exponential moving average (EMA) with coefficient ρ ∈ (0, 1)) over normalized class-specific
embeddings [53]. The observer model remains fixed throughout the optimization, and we choose
0 < η ≪ ρ ≤ 1 to introduce two time scales. The full procedure is provided in Appendix A due to
space constraints.
Remark 2.2 (Gradient analysis). Intuitively, this objective in (3) encourages the steering vector
to reshape the representation space so that class-wise representations become more separable.
In Appendix H.1, we characterize the gradient of the population version of (3), which provides
theoretical support for this effect.

2In the vMF model, we have p(fθ,v(xi) | yi,µ0,µ1) ∝ exp
(
κµ⊤

yi
fθ,v(xi)

)
for the same κ,µ0,µ1 in (2).
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2.4 Phase II: Detection via the Log-Likelihood Ratio Test

Log-Likelihood Ratio Test. Detection naturally reduces to a log-likelihood ratio test. Under the
posterior vMF model in (2), the Neyman–Pearson (NP) lemma [54] implies that the most powerful
test is based on the log-likelihood ratio:

S(x) = log

(
p(fθ,v(x) | y = 1,µ1,µ0)

p(fθ,v(x) | y = 0,µ1,µ0)

)
= κ(µ1 − µ0)

⊤fθ,v(x). (4)

Thus, the test reduces to projecting the steered representation onto the discriminative direction
µ1 − µ0. In practice, we plug in the estimates (v̂, µ̂0, µ̂1) obtained from (3) to form the empirical
score Ŝ(x). The resulting detector is ϕ̂(x) := 1

(
Ŝ(x) ≥ τ̂

)
, which rejects the null hypothesis H0

when the score exceeds the threshold τ̂ . Accordingly, x is classified as LLM-generated if ϕ̂(x) = 1,
and as human-written otherwise.

Threshold Calibration. In high-stakes scenarios such as academic integrity assessment, falsely
labeling human-written text as LLM-generated corresponds to a Type-I error with substantial practical
and ethical consequences. In such settings, controlling the false positive rate (FPR) is more important
than optimizing a balanced trade-off between detection power and false alarms. Accordingly, we
calibrate the threshold using an independent calibration sample Scal = {x−

i }
n2
i=1 drawn from the null

distribution, and define

τ̂α := inf

{
τ :

1

n2

n2∑
i=1

1
(
Ŝ(x−

i ) ≥ τ
)
≤ α

}
. (5)

This empirical calibration enforces the target Type-I error level on the calibration set. Moreover,
Theorem 3.1 shows that the resulting test achieves approximate control of the population Type-I error
in finite samples with high probability.
Remark 2.3 (Threshold from Youden index). In Appendix C, we describe an alternative threshold
selection strategy based on the Youden index, which is commonly used in standard benchmarking
settings [33, 55–57]. While this approach is not designed to control the Type I error, our empirical
results indicate that it can nevertheless achieve competitive false positive control in practice.

3 Theoretical Analysis

In this section, we provide a theoretical analysis of our method. We begin by establishing finite-
sample guarantees for Type I error control, and then characterize the excess Type II error arising from
parameter estimation. Finally, we study the effect of null distribution shifts on the resulting test. All
proofs are deferred to Appendix G.

Type-I Error Control. We show that empirical threshold calibration ensures Type I error control
with high probability. Let Ŝt denote the score function at training iteration t, trained on Strain, and
define the detector ϕ̂(x) := 1

(
Ŝt(x) ≥ τ̂α,t

)
, where τ̂α,t is the empirical threshold at iteration t,

computed from an independent null sample Scal = {x−
i }

n2
i=1 as in (5). Theorem 3.1 shows that this

procedure controls the Type I error up to a finite-sample deviation that vanishes as n2 increases.
Theorem 3.1 (Type-I Error Control). Let α, δ ∈ (0, 1). With probability at least 1 − δ over the

randomness in Scal and Strain,
∣∣∣P0

(
ϕ̂(X−

test) = 1
)
− α

∣∣∣ ≤√log(2/δ)/(2n2) + 1/n2.

Excess Type-II Error. Next, we study the Type-II error. In general, analyzing the power of the
detector is challenging due to the complex and implicit behavior of LLM-extracted representations.
To facilitate analysis, we consider a simplified setting in which the extracted features fθ,v(X) follow
a class-conditional vMF model with certain ground-truth parameters µ0 and µ1. This assumption
allows us to define the corresponding oracle likelihood ratio test (i.e., S in (4)) based on this true
model, and to study the excess Type-II error of the plug-in detector Ŝ relative to this oracle benchmark.
In particular, it enables us to disentangle the contributions of estimation and calibration.
Theorem 3.2 (Excess Type-II Error (informal)). Assume the extracted features fθ,v follow a vMF
distribution, and the EMA coefficient ρ and learning rate η are chosen sufficiently small, satisfying
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0 < η ≪ ρ < 1. Under regularity conditions, there exists a constant c ∈ (0, 1) such that, with
probability at least 1 − 2δ, for all 0 ≤ t ≤ T , the gap P1(ϕ̂(X

+
test) = 0) − P1(ϕ(X

+
test) = 0) is

bounded by

O

((
(1− cρ)t +

√
ρ log

2T

δ
+

η2

ρ2

) 1+γ̄
2

︸ ︷︷ ︸
Estimation Error

+

√
log(2/δ)

n2
+

1

n2︸ ︷︷ ︸
Calibration Error

)

where n2 is the calibration sample size and γ̄ characterizes the local concentration of the score
distribution (i.e., S under P0) around the threshold τ⋆α.3

Theorem 3.2 establishes an upper bound on the excess Type-II error, which characterizes the sub-
optimality of the learned score function Ŝ. The bound consists of two components: an estimation
error arising from learning the ground-truth parameters µ0 and µ1, and a calibration error due to
estimating the critical value τ̂α,t.

The second term follows from Theorem 3.1 and reflects the finite-sample effect of threshold calibra-
tion; it decreases as the calibration sample size n2 increases. The first term can be further decomposed
into several parts: an optimization term exhibiting geometric decay (1−cρ)t, a variance term induced
by stochastic training

√
ρ log(2T/δ), and a higher-order lag term η2/ρ2. When t is sufficiently large

and the two-timescale condition η ≪ ρ < 1 holds with ρ sufficiently small, the estimation error
becomes negligible.

Effects of Distributional Shift. Prior work has highlighted performance degradation under domain
shifts in LLM-generated text detection [58, 59], and proposed database-based strategies to mitigate
such a mismatch. However, these approaches do not explicitly characterize the impact of distribution
shift. In Appendix H.2, we quantify this effect by analyzing the detector under a Wasserstein
perturbation with magnitude E . Proposition H.2 provides finite-sample bounds for both Type-I and
Type-II errors under the shifted distributions. In particular, when E > 0, both errors may deteriorate,
reflecting the impact of distribution mismatch.

4 Experiment

In this section, we present a comprehensive evaluation of the proposed S2D detector.

Datasets. Following previous setups [33, 60], we evaluate S2D on the DetectRL benchmark [61],
which covers four domains that are particularly vulnerable to misuse by LLMs, including academic
writing (arXiv Archive4), news summarization (XSum [62]), creative writing (WritingPrompts [63]),
and user reviews (Yelp [64]). For each domain, the benchmark provides 2800 pairs of human-
written text and LLM-generated text. The LLM-generated texts are generated by four widely used
LLMs: GPT-3.5-Turbo [65], Claude-Instant [66], Google-PaLM [67], and Llama-2-70B [68]. To
ensure robust evaluation, we repeat the experiment over five independent runs with different random
samplings of the training data. In each run, we randomly sample 512 human-written/LLM-generated
text pairs to form the training set, while using a fixed, disjoint test set of 1,000 pairs.

Baselines. We compare S2D against nine different detectors across train-free and train-based cate-
gories. The train-free baselines include: Likelihood [69], Log Rank Ratio (LRR) [69], Fast-DetectGPT
(FDGPT) [20], and Binoculars [21]. The train-based baselines consist of: RoBERTa-Large [25],
RAIDAR [22], Imitate Before Detection (ImBD) [70], RepreGuard [33], and Learn-to-Distance
(L2D) [23].

Evaluation Metrics. We evaluate detection performance using AUROC and the true positive rate
(TPR) at two fixed false positive rate (FPR) levels, namely TPR@1% and TPR@0.01%. These
metrics capture both overall discrimination and performance in the high-precision regime where false
positives must be tightly controlled. Further experimental details are provided in Appendix D.

3A larger value of γ̄ corresponds to less mass near the threshold and hence an easier estimation problem. See Assumption
3 for the detailed definition.

4https://www.kaggle.com/datasets/spsayakpaul/arxiv-paper-abstracts/data.
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Train ↓ Detector ↓
Test: ChatGPT Test: Llama-2-70B Test: Google-PaLM Test: Claude-Instant

AUROC TPR@1% TPR@.01% AUROC TPR@1% TPR@.01% AUROC TPR@1% TPR@.01% AUROC TPR@1% TPR@.01%

Train-free Methods

N/A

Likelihood 89.91 73.00 0.40 89.32 80.30 5.80 85.73 69.30 13.10 76.72 5.50 0.40
LRR 88.95 78.00 0.01 89.51 81.50 38.80 85.66 73.70 21.30 76.75 7.00 0.20
FDGPT 94.70 51.90 0.06 96.85 70.10 32.90 95.26 66.00 50.40 58.37 4.10 0.70
Binoculars 94.71 90.67 87.00 99.15 96.70 88.90 94.50 91.40 89.30 87.70 37.50 13.70

Train-based Methods

ChatGPT

RoBERTa-L 98.99±.12 98.90±.25 98.10±.45 98.82±.15 63.70±1.5 44.80±2.1 98.08±.22 45.60±2.0 25.40±2.5 98.95±.18 76.90±1.6 15.80±1.5

RAIDAR 99.89±.05 99.90±.08 99.10±.15 98.49±.21 92.20±.85 32.60±1.8 94.53±.60 75.40±1.4 51.90±1.9 87.40±1.1 67.80±1.9 0.10±.05

ImBD 99.94±.04 99.90±.06 98.72±.20 99.98±.02 99.90±.05 93.64±.90 99.65±.10 95.30±.65 84.82±1.1 86.18±1.3 25.20±2.4 9.34±.80

L2D 99.99±.01 100.0±.00 99.90±.05 99.80±.11 99.50±.12 95.50±.70 86.55±1.2 57.80±1.8 31.90±2.2 83.80±2.1 40.10±4.5 12.30±2.40

RepreGuard 99.84±.10 99.80±.00 99.70±.00 99.54±.12 99.43±.04 99.40±.00 97.19±.12 81.40±.21 79.70±.41 98.25±.16 78.53±1.1 70.40±.90

S2D (ours) 99.99±.00 100.0±.00 99.90±.00 100.0±.00 99.95±.00 99.90±.05 98.93±.25 91.93±1.2 90.83±1.1 98.31±.34 83.02±3.8 79.48±4.8

Llama-2

RoBERTa-L 98.97±.20 98.90±.30 98.10±.40 99.90±.05 99.90±.04 97.10±.60 99.82±.06 96.80±.50 83.50±1.2 99.11±.15 90.70±.80 57.90±2.2

RAIDAR 99.98±.02 100.0±.00 92.40±1.2 99.58±.12 96.80±.50 70.80±1.5 97.56±.40 84.10±1.1 61.30±1.8 88.58±1.0 43.70±2.0 6.30±.80

ImBD 99.99±.01 99.90±.05 99.80±.05 99.99±.01 99.90±.04 99.70±.05 99.89±.04 97.50±.40 94.51±.50 94.39±.60 49.70±1.8 27.36±1.9

L2D 99.98±.02 99.90±.05 95.60±.80 99.80±.08 99.30±.15 77.60±1.2 93.82±.90 77.40±1.3 51.40±2.1 94.47±.55 70.80±1.5 2.40±.50

RepreGuard 99.94±.00 99.78±.04 99.62±.08 99.94±.01 99.40±.00 99.35±.09 97.35±.14 82.85±.52 81.32±.78 98.41±.20 81.05±.50 74.28±2.6

S2D (ours) 100.0±.00 100.0±.00 99.90±.00 99.99±.00 99.90±.00 99.80±.00 99.48±.09 95.42±.41 94.50±.56 99.36±.10 91.20±.65 88.63±.95

PaLM

RoBERTa-L 99.99±.01 99.90±.03 99.30±.15 99.97±.01 99.90±.04 80.20±1.5 99.98±.01 99.60±.10 99.50±.15 99.70±.10 99.70±.08 88.70±1.1

RAIDAR 99.96±.02 99.90±.03 71.10±1.8 99.96±.02 99.90±.04 60.90±2.0 99.97±.02 99.40±.15 93.00±.80 99.71±.08 98.10±.30 11.30±1.5

ImBD 99.85±.05 96.45±.50 85.53±1.1 99.93±.03 98.20±.25 95.32±.80 99.78±.08 96.00±.50 88.01±1.1 93.67±.70 44.20±1.8 25.12±2.1

L2D 100.0±.00 100.0±.00 100.0±.00 99.92±.03 100.0±.00 24.50±2.5 99.98±.01 99.70±.08 95.70±.60 99.98±.01 99.90±.03 97.70±.40

RepreGuard 99.92±.00 99.58±.13 99.53±.04 99.94±.00 99.62±.11 99.50±.12 96.95±.17 85.38±.80 84.08±.81 96.28±.50 76.97±2.2 72.40±2.0

S2D (ours) 100.0±.00 100.0±.00 100.0±.00 99.99±.00 100.0±.00 99.60±.00 99.88±.02 98.25±.40 97.60±.52 99.74±.11 94.52±1.6 92.60±1.8

Claude

RoBERTa-L 80.91±1.5 14.00±1.2 9.70±.80 80.26±1.4 18.20±1.6 16.30±1.5 74.82±1.8 26.95±1.8 25.00±2.0 99.97±.01 99.80±.05 99.60±.10

RAIDAR 99.91±.03 99.70±.10 46.70±2.2 97.32±.50 88.90±1.2 56.20±2.0 93.60±.80 73.50±1.4 20.20±1.5 99.98±.01 99.90±.04 94.70±.80

ImBD 99.99±.01 99.90±.04 99.71±.10 99.97±.02 99.90±.04 84.31±1.5 99.88±.04 97.40±.35 91.60±.80 99.05±.15 86.70±1.1 60.14±1.8

L2D 99.92±.02 99.90±.04 82.20±1.5 99.90±.05 99.80±.08 99.10±.20 97.88±.40 92.20±.80 79.80±1.3 99.96±.02 99.90±.04 97.60±.40

RepreGuard 99.92±.00 99.47±.11 99.18±.19 99.89±.01 98.82±.26 98.10±.19 95.08±.27 70.38±.93 68.45±.54 98.42±.26 85.85±.62 81.47±2.0

S2D (ours) 99.98±.03 99.98±.04 99.93±.04 99.99±.01 100.0±.00 99.98±.04 98.92±.20 92.58±.69 89.45±1.6 99.99±.00 99.95±.09 99.95±.09

Table 2: In-distribution and out-of-distribution performance comparison. Methods are catego-
rized into train-free and train-based settings. Our proposed S2D demonstrates robust generalization,
achieving state-of-the-art or highly competitive results across the majority of evaluated scenarios.
Best and second-best results are highlighted in darker and lighter blue, respectively.

Detector ↓ No Attack Paraphrasing Attacks Perturbations

Polish Back Trans. DIPPER Character Word Char + Word

AUROC TPR@1% AUROC TPR@1% AUROC TPR@1% AUROC TPR@1% AUROC TPR@1% AUROC TPR@1% AUROC TPR@1%

Binoculars 95.40 62.80 73.54 (−22.9%) 0.53 (−99.2%) 90.93 (−4.7%) 53.73 (−14.4%) 93.67 (−1.8%) 58.14 (−7.4%) 94.76 (−0.7%) 57.73 (−8.1%) 94.23 (−1.2%) 58.73 (−6.5%) 95.01 (−0.4%) 61.07 (−2.8%)

L2D 95.80 88.33 56.14 (−41.4%) 1.20 (−98.6%) 92.36 (−3.6%) 15.73 (−82.2%) 87.72 (−8.4%) 3.20 (−96.4%) 83.43 (−12.9%) 15.20 (−82.8%) 95.70 (−0.1%) 80.13 (−9.3%) 94.21 (−1.7%) 42.13 (−52.3%)

RepreGuard 97.02 85.30 83.88 (−13.5%) 10.53 (−87.7%) 91.67 (−5.5%) 45.33 (−46.9%) 94.23 (−2.9%) 73.67 (−13.6%) 96.32 (−0.7%) 83.87 (−1.7%) 92.88 (−4.3%) 78.67 (−7.8%) 94.29 (−2.8%) 85.00 (−0.4%)

S2D (ours) 98.87 96.68 82.06 (−17.0%) 23.60 (−75.6%) 93.45 (−5.5%) 67.33 (−30.4%) 98.66 (−0.2%) 84.91 (−12.2%) 97.76 (−1.1%) 90.53 (−6.4%) 96.73 (−2.2%) 90.87 (−6.0%) 95.77 (−3.1%) 91.47 (−5.4%)

Table 3: Robustness evaluation. “No Attack” denotes performance on original text, and values
in parentheses indicate the relative percentage change ((Attack− No attack) /No attack× 100%)
compared to this baseline (positive values indicate performance gains under attack). Best and second-
best results are highlighted in darker and lighter blue, respectively.

4.1 Detection Performance and Robustness

Detection under ID and OOD settings. We first evaluate detection performance under both in-
distribution (ID) and out-of-distribution (OOD) settings, as summarized in Table 2. The detector is
trained on text generated by a specific source model and evaluated either on the same generator (ID,
diagonal entries) or on different generators (OOD, off-diagonal entries).

Under the ID setting, S2D performs strongly across all generators when the training and test distribu-
tions are aligned. RepreGuard and L2D are the most competitive baselines, often achieving TPRs
above 99% at low FPR, while other training-based methods are less consistent across generators. L2D
relies on rewriting, whereas S2D uses a single forward pass of the frozen observer model at inference
time; efficiency comparisons are provided in Appendix F.4. In the OOD setting, performance gaps
become more pronounced, and S2D remains competitive against most baselines.

Robustness to Adversarial Attacks. We then evaluate robustness under adversarial manipulations,
including three paraphrasing attacks (i.e., Polish, Back Translation, DIPPER) and three perturbation
attacks (i.e., Character, Word, and Character+Word), following the previous setup [20]. As shown
in Table 3, paraphrasing attacks substantially degrade all detectors, highlighting the challenge of
semantic-preserving rewrites. Nevertheless, S2D is highly competitive and often achieves the best or
near-best performance, whereas baseline methods experience severe degradation. This robustness
stems from S2D’s representation reshaping, which enforces a more discriminative feature space and
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Figure 2: Analysis of S2D performance. (a) Comparison of detection stability across varying
input lengths. (b) Detection performance across steering layers, showing that intermediate layers
consistently achieve the best performance. (c) Performance heatmap as a function of last-token
selection ratio and the number of aggregated layers.

preserves separability even under attacks. In contrast, perturbation-based attacks have a much milder
impact, as they primarily introduce local or surface-level noise.

Robustness to Text Length. Our test set has an average length of approximately 267 tokens, with
95% of the samples shorter than 435 tokens. To examine whether detection performance depends on
input length beyond this typical setting, we further analyze the impact of text length. As shown in
Figure 2a, performance improves monotonically with increasing input length. While the strongest
baseline also benefits from longer context, S2D consistently maintains superior performance.

Comparison with Watermarking Methods. An interesting question is whether S2D can out-
perform existing watermarking methods. Although this comparison is inherently unfair—since
watermarking methods actively embed detectable signals while S2D is a passive detector—it helps
position S2D relative to these approaches.5

Table 4 compares S2D with three watermarking methods, namely Gumbel-max [71], Green-red [11],
and SynthID [72], using their default detectors, which have full knowledge of the watermarking
mechanisms. Interestingly, S2D achieves stronger performance at lower temperature (T = 0.3), where
watermark signals are weaker due to reduced generation entropy. In contrast, watermarking methods
perform better at higher temperatures, where the embedded signals are more pronounced. The
performance of S2D in this setting remains reasonable: even without knowledge of the watermarking
scheme, it still captures distributional artifacts induced by the watermarking generation process. These
artifacts are more pronounced in low-entropy settings, where watermark signals are weak, while at
higher entropy levels, stronger embedded watermark signals favor watermark-specific detectors.

Temp. Method
64 tokens 128 tokens 256 tokens

Gumbel Green-red SynthID Gumbel Green-red SynthID Gumbel Green-red SynthID
AUROC / TPR@1%FPR (%)

0.3
Watermark Det.† 99.9 / 98.0 82.0 / 12.0 81.8 / 15.9 99.9 / 99.7 99.6 / 95.3 84.8 / 28.0 99.9 / 99.9 99.8 /99.4 84.5 / 34.0

S2D (ours) 77.6 / 20.0 96.7 / 60.7 85.1 / 26.0 96.6 / 62.8 98.4 / 81.3 96.5 / 69.0 100 / 98.5 99.9 / 98.6 99.9 / 98.1

0.7
Watermark Det.† 99.9 / 97.0 80.2 / 9.3 99.3 / 89.8 99.9 / 99.8 99.6 / 95.7 99.7 / 95.8 99.9 / 99.9 100 / 99.8 99.5 / 97.5

S2D (ours) 65.4 / 12.3 90.5 / 33.0 70.0 / 10.9 89.3 / 44.7 89.0 / 41.7 84.2 / 32.7 99.6 / 91.7 95.9 / 70.4 97.6 / 79.0
† The defaulted detectors provided by the original watermarking algorithms.

Table 4: Detection performance across different text lengths and temperatures. Comparison with
default watermark detectors. Bold indicates better performance within each setting.

4.2 Ablation Study

Importance of Steering. We assess the role of steering by comparing S2D with a variant without
steering, which does not incorporate the steering vector and instead estimates the vMF parameters
directly from training representations. As shown in Figure 4, S2D w/o steering exhibits substan-

5To reflect a realistic setting, S2D is trained once on human-written and non-watermarked LLM-generated text, without
retraining for specific watermarking schemes, and is directly applied at evaluation.
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Figure 4: Detection analysis. Left: Steering leads to better
separability. Right: Detection performance across training
sizes. Full results are in Figures 7 and 8 in Appendix.

Observer Model AUROC TPR@1% TPR@.01%

Llama-3.1-8B 99.62 ± 0.46 99.05 ± 0.60 97.98 ± 1.37

Mistral-7B-v0.3 68.52 ± 0.94 30.53 ± 5.31 23.28 ± 6.45

GPT-Neo-2.7B 82.38 ± 2.94 32.65 ± 8.91 11.33 ± 5.67

OPT-2.7B 99.86 ± 0.13 98.30 ± 1.79 84.50 ± 8.24

Qwen2.5-7B 99.93 ± 0.13 99.58 ± 0.65 98.65 ± 1.69

Falcon-7B 99.96 ± 0.05 99.40 ± 0.88 98.28 ± 1.83

Falcon-7B-Inst. 99.96 ± 0.05 99.18 ± 1.45 95.90 ± 2.68

Gemma-2-9B 76.54 ± 14.6 19.25 ± 5.37 3.05 ± 2.89

Gemma-2-9B-Inst. 79.09 ± 20.3 37.73 ± 26.6 18.90 ± 14.1

Table 5: Observer stability. Detec-
tion performance (mean± std), averaged
across four training datasets. Full results
are in Table 7 in Appendix.

tially weaker separation between human- and LLM-generated texts, with significant overlap between
the two distributions. This highlights the importance of incorporating the steering vector.

Steering Position. We then analyze the impact of steering position. As shown in Figure 2b,
performance is primarily determined by the layer at which the steering vector is injected: intermediate
layers yield the best results, while early-layer injection is suboptimal. In contrast, variation across
insertion points within a transformer block (namely, residual stream, attention output, and MLP
output) is minimal, indicating that layer depth is the dominant factor.

Token Selection and Layer Aggregation. We analyze the effect of the last-token ratio K and the
number of aggregated layers N (introduced in Section 2.2). As shown in Figure 2c, performance
exhibits a non-monotonic pattern across both factors. Strong performance is observed in two regimes:
the bottom-left region, which uses a small fraction of tokens from a few top layers, and the top-right
region, where deeper aggregation is combined with larger token ratios. In contrast, intermediate
configurations perform worse. This pattern suggests a trade-off between signal concentration and
aggregation. Detection-relevant signals are concentrated in the final layers and later tokens. While
incorporating more layers or tokens can be beneficial when aggregation is sufficiently large and
helps stabilize the representation, intermediate settings tend to introduce noise without sufficient
complementary signal, leading to degraded performance.

Effects of Different Observer Models. As shown in Table 5, S2D achieves strong performance
across various observer models, with Falcon-7B, Qwen2.5-7B, and Llama-3.1-8B yielding near-
perfect AUROC and high TPR at low FPRs. Notably, S2D is not strictly dependent on model scale;
for instance, the lightweight OPT-2.7B yields highly competitive results. While performance varies
with certain models like Gemma-2, the overall success across multiple model families demonstrates
S2D’s robustness and its effectiveness in leveraging latent representations for precise detection.

Shots of Training Dataset. Finally, we investigate the impact of training set size on detection
performance using S2D, RepreGuard, and L2D, since these three methods yielded the best overall
results in the preceding experiments. As shown in Figure 4 (right), S2D achieves strong performance
even in the low-shot regime, while RepreGuard shows moderate sensitivity, and L2D degrades
substantially with limited data. This indicates that S2D can leverage intrinsic differences between
human-written and LLM-generated text in the representation space, with training mainly serving to
reduce distributional overlap. Detailed results are provided in the Appendix F.2.

5 Discussion
We present S2D, a representation-based framework for detecting LLM-generated text. By injecting a
lightweight steering vector into hidden representations, S2D improves class separability and formu-
lates detection as a hypothesis test. The resulting detector provides Type-I error control and a bound
on excess Type-II error. Experiments show that S2D performs well across ID and OOD settings and
remains robust to adversarial perturbations, paraphrasing, varying text lengths, and different observer
models. It also offers a favorable performance-efficiency trade-off compared with existing methods.

An important direction for future work is to relax the vMF modeling assumption. A single vMF
model may not fully capture latent geometry across domains, which may hurt detection performance.
Promising extensions include mixture vMF models and methods that leverage target-domain infor-
mation. Another direction is to explore more flexible steering mechanisms, such as using multiple
vectors or going beyond purely additive steering, to better respect the geometry of the representation
space. We leave these directions for future work.
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nová, and Matúš Mesarčík. Evaluation of LLM vulnerabilities to being misused for personalized
disinformation generation. In Proceedings of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers), pages 780–797, 2025.

[8] Jiashu Xu, Mingyu Ma, Fei Wang, Chaowei Xiao, and Muhao Chen. Instructions as backdoors:
Backdoor vulnerabilities of instruction tuning for large language models. In Proceedings of
the 2024 Conference of the North American Chapter of the Association for Computational
Linguistics: Human Language Technologies (Volume 1: Long Papers), pages 3111–3126, 2024.

[9] Yifan Yang, Qiao Jin, Furong Huang, and Zhiyong Lu. Adversarial prompt and fine-tuning
attacks threaten medical large language models. Nature Communications, 16(1):9011, 2025.

[10] Eric Mitchell, Yoonho Lee, Alexander Khazatsky, Christopher D Manning, and Chelsea Finn.
DetectGPT: Zero-shot machine-generated text detection using probability curvature. In Interna-
tional conference on machine learning, pages 24950–24962. PMLR, 2023.

[11] John Kirchenbauer, Jonas Geiping, Yuxin Wen, Jonathan Katz, Ian Miers, and Tom Goldstein.
A watermark for large language models. In International Conference on Machine Learning,
pages 17061–17084. PMLR, 2023.

[12] Xiang Li, Feng Ruan, Huiyuan Wang, Qi Long, and Weijie J Su. A statistical framework of
watermarks for large language models: Pivot, detection efficiency and optimal rules. The Annals
of Statistics, 53(1):322–351, 2025.

[13] Andy Zou, Long Phan, Sarah Chen, James Campbell, Phillip Guo, Richard Ren, Alexander Pan,
Xuwang Yin, Mantas Mazeika, Ann-Kathrin Dombrowski, et al. Representation engineering: A
top-down approach to AI transparency. arXiv preprint arXiv:2310.01405, 2023.

[14] Hadas Orgad, Michael Toker, Zorik Gekhman, Roi Reichart, Idan Szpektor, Hadas Kotek, and
Yonatan Belinkov. LLMs know more than they show: On the intrinsic representation of LLM
hallucinations. arXiv preprint arXiv:2410.02707, 2024.

[15] Kenneth Li, Oam Patel, Fernanda Viégas, Hanspeter Pfister, and Martin Wattenberg. Inference-
time intervention: Eliciting truthful answers from a language model. Advances in Neural
Information Processing Systems, 36:41451–41530, 2023.

10



[16] Oscar Skean, Md Rifat Arefin, Dan Zhao, Niket Patel, Jalal Naghiyev, Yann LeCun, and Ravid
Shwartz-Ziv. Layer by layer: Uncovering hidden representations in language models. arXiv
preprint arXiv:2502.02013, 2025.

[17] Seongheon Park, Xuefeng Du, Min-Hsuan Yeh, Haobo Wang, and Yixuan Li. Steer LLM
Latents for Hallucination Detection. In International Conference on Machine Learning, pages
47971–47990. PMLR, 2025.

[18] Jingtao Sun and Zhanglong Lv. Zero-shot detection of LLM-generated text via text reorder.
Neurocomputing, 631:129829, 2025.

[19] Jinyan Su, Terry Zhuo, Di Wang, and Preslav Nakov. DetectLLM: Leveraging log rank
information for zero-shot detection of machine-generated text. In Findings of the Association
for Computational Linguistics: EMNLP 2023, pages 12395–12412, 2023.

[20] Guangsheng Bao, Yanbin Zhao, Zhiyang Teng, Linyi Yang, and Yue Zhang. Fast-DetectGPT:
Efficient Zero-Shot Detection of Machine-Generated Text via Conditional Probability Curvature.
In The Twelfth International Conference on Learning Representations, 2024.

[21] Abhimanyu Hans, Avi Schwarzschild, Valeriia Cherepanova, Hamid Kazemi, Aniruddha Saha,
Micah Goldblum, Jonas Geiping, and Tom Goldstein. Spotting LLMs with binoculars: Zero-shot
detection of machine-generated text. arXiv preprint arXiv:2401.12070, 2024.

[22] Chengzhi Mao, Carl Vondrick, Hao Wang, and Junfeng Yang. Raidar: generative AI detection
via rewriting. arXiv preprint arXiv:2401.12970, 2024.

[23] Hongyi Zhou, Jin Zhu, Erhan Xu, Kai Ye, Ying Yang, and Chengchun Shi. Learn-to-Distance:
Distance Learning for Detecting LLM-Generated Text. arXiv preprint arXiv:2601.21895, 2026.

[24] Yifei Huang, Jiuxin Cao, Hanyu Luo, Xin Guan, and Bo Liu. Magret: Machine-generated
text detection with rewritten texts. In Proceedings of the 31st International Conference on
Computational Linguistics, pages 8336–8346, 2025.

[25] Irene Solaiman, Miles Brundage, Jack Clark, Amanda Askell, Ariel Herbert-Voss, Jeff Wu,
Alec Radford, Gretchen Krueger, Jong Wook Kim, Sarah Kreps, et al. Release strategies and
the social impacts of language models. arXiv preprint arXiv:1908.09203, 2019.

[26] Daphne Ippolito, Daniel Duckworth, Chris Callison-Burch, and Douglas Eck. Automatic
detection of generated text is easiest when humans are fooled. In Proceedings of the 58th annual
meeting of the association for computational linguistics, pages 1808–1822, 2020.
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A Algorithm

Algorithm 1: Overall training pipeline for S2D
Input: Frozen observer model fθ, training set Strain, null calibration set Scal (human-written text

only); steering layer ℓs; vMF concentration parameter κ; EMA coefficient ρ; learning rate
η; epochs E; batch size B.

Output: Steering vector v, class mean directions µ̂0, µ̂1, and calibrated threshold τ̂ .

1 Initialize: v← 0 ∈ Rd, and uniformly sample µ̂c ∈ Sd−1 for c ∈ {0, 1};
2 for e = 1 to E do
3 Shuffle Strain and divide into mini-batches;
4 for each mini-batch B ⊂ Strain do
5 (1) Forward with steering: For all x ∈ B, inject v at layer ℓs:

h̃ℓs,t(x)← hℓs,t(x) + v, for all valid token position t.

Extract the steered representation fθ,v(x) ∈ Sd−1 as described in Section 2.2;
6 (2) vMF Loss: Compute batch log-likelihood using the vMF posterior:

LB(v)←
1

|B|
∑

(x,y)∈B

log p(y | fθ,v(x), µ̂0, µ̂1).

7 (3) Steering Update: Take a gradient update step: v← v + η∇vLB(v);
8 (4) Mean Directions Update: For c ∈ {0, 1}, compute the batch mean representation

z̄c(v) and apply EMA:

µ̂c ←
(1− ρ)µ̂c + ρ z̄c(v)

∥(1− ρ)µ̂c + ρ z̄c(v)∥
,

where z̄c(v) =
1

|Bc|
∑

x∈Bc
fθ,v(x), and Bc = {(x, y) ∈ B : y = c} denotes the subset

of samples in the mini-batch belonging to class c, with B = B0 ∪ B1.

9 Threshold Calibration: for each x ∈ Scal do
10 Compute the likelihood-ratio score Ŝ(x) = κ(µ̂1 − µ̂0)

⊤fθ,v(x);
11 Set the threshold τ̂ using Scal according to the chosen calibration scheme;

12 return (v, µ̂0, µ̂1, τ̂ )

B Derivation of the Discriminative Posterior Probability

In this section, we derive the class posterior probability p(yi | fθ,v(xi),µ0,µ1) under the vMF
model. In the vMF model, given a text xi with label yi = c ∈ {0, 1}, its steered representation
fθ,v(xi) follows the following distribution on the unit hypersphere Sd−1, with likelihood

p(fθ,v(xi) | yi = c) = Cd(κ) exp
(
κµ⊤

c fθ,v(xi)
)
,

where Cd(κ) =
κd/2−1

(2π)d/2Id/2−1(κ)
is the normalization constant and µc is the class mean direction. We

assume a shared concentration parameter κ across classes and a uniform prior p(yi = 0) = p(yi =
1) = 1

2 . By Bayes’ theorem,

p(yi | fθ,v(xi)) =
p(fθ,v(xi) | yi)p(yi)∑

c∈{0,1} p(fθ,v(xi) | yi = c)p(yi = c)
.

Substituting the vMF likelihood and the uniform prior gives

p(yi | fθ,v(xi)) =
Cd(κ) exp

(
κµ⊤

yi
fθ,v(xi)

)
· 12∑

c∈{0,1} Cd(κ) exp (κµ⊤
c fθ,v(xi)) · 12

.
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Since Cd(κ) and the prior 1
2 are identical across classes, they cancel out, yielding the softmax form

used in Phase I:

p (yi | fθ,v(xi),µ0,µ1) =
exp

(
κµ⊤

yi
fθ,v(xi)

)∑
c∈{0,1} exp (κµ

⊤
c fθ,v(xi))

.

This shows that maximizing the conditional log-likelihood under the shared-κ vMF model is equiva-
lent to training a logistic-style classifier on the steered directional representations.

C Alternative Threshold Calibration via the Youden Index

In standard benchmarking settings, where a balanced trade-off between the true positive rate (TPR)
and false positive rate (FPR) is desired, one may select the threshold by maximizing the Youden
index [73] on a calibration set. Let the calibration sample be given by Scal = {(xi, yi)}n2

i=1, where
yi ∈ {0, 1} indicates whether xi is LLM-generated (yi = 1) or human-written (yi = 0). For a
threshold τ , the empirical TPR and FPR are defined as

T̂PR(τ) :=
1

n+

∑
i:yi=1

1
(
Ŝ(xi) ≥ τ

)
, F̂PR(τ) :=

1

n−

∑
i:yi=0

1
(
Ŝ(xi) ≥ τ

)
,

where n+ =
∑n2

i=1 1(yi = 1) and n− =
∑n2

i=1 1(yi = 0). The Youden-based threshold is then given
by

τ̂Y := argmax
τ

(
T̂PR(τ) + 1− F̂PR(τ)

)
.

Equivalently, this criterion maximizes T̂PR(τ)− F̂PR(τ), thereby favoring thresholds that achieve
high detection power while maintaining a low FPR.

Empirical comparison of Type-I error control and power. To further understand the practical
behavior of different calibration strategies, we compare the threshold defined in (5), denoted by τ̂α,
with the Youden-based threshold τ̂Y in terms of both their realized Type-I error and empirical power.

We use meta-llama/Llama-3.1-8B as the observer model. Both the training set and the calibration set
are drawn from a mixed dataset comprising outputs from four LLMs together with the corresponding
human-written texts, while evaluation is conducted on four test sets generated by ChatGPT-3.5-Turbo,
Llama-2-70B, Google-PaLM, and Claude-Instant, respectively. For each calibration strategy, the
threshold is computed using the same mixed calibration set, and we report the realized Type-I error
and empirical detection power. Since τ̂Y does not depend on a target level α, it yields a single
operating point once the calibration set is fixed, whereas τ̂α explicitly adapts to the desired Type-I
error level. We focus on the representative operating regime α = 1%.

Table 6: Realized type-I error (%) and empirical detection power (%) under different calibration
strategies at target level α = 1%.

Method ChatGPT-3.5-Turbo Llama-2-70B Google-PaLM Claude-Instant

Type-I Error Power Type-I Error Power Type-I Error Power Type-I Error Power

τ̂Y 0.20 99.70 0.00 99.50 0.20 85.70 0.20 99.80
τ̂α 0.90 100.00 0.80 99.90 0.80 92.10 1.30 99.90

As shown in Table 6, the threshold τ̂α achieves realized Type-I errors close to the target level of
1% across all test sets, with FPRs ranging from 0.80% to 1.30%, which is consistent with the finite-
sample guarantee in Theorem 3.1. At the same time, it maintains strong empirical power, reaching
at least 99.90% on three generators and substantially improving performance on Google-PaLM. By
contrast, the Youden-based threshold τ̂Y yields a single fixed operating point and does not explicitly
target a prescribed Type-I error level. In our experiments, it behaves conservatively, with realized
FPRs between 0.00% and 0.20%, all well below the target level of 1%. Although this still gives strong
detection performance on some generators, it also reduces power by imposing a stricter threshold
than necessary; this is most evident on Google-PaLM, where the TPR decreases from 92.10% under
τ̂α to 85.70% under τ̂Y. Overall, these results show that while τ̂Y is suitable for a fixed balanced
operating point, τ̂α is more flexible with respect to the desired false positive budget and can yield
better power by avoiding unnecessarily conservative thresholding.
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D Experiment Details

This section outlines the experimental setup and evaluation criteria.

Evaluation Metrics. To comprehensively evaluate the discriminative capability of each detector
under different security requirements, we adopt the Area Under the Receiver Operating Characteristic
curve (AUROC) and the True Positive Rate (TPR) at fixed False Positive Rate (FPR) thresholds,
namely TPR@FPR=1% and TPR@FPR=0.01%. Since the empirical ROC curve is defined over
discrete test samples, the TPR values at these specific operating points are obtained via linear
interpolation. This treatment enables consistent and fine-grained comparisons across methods,
particularly in the high-precision regime where false positives must be tightly controlled.

Setup. To ensure comparability, we standardize backbone models across all detectors. We use
meta-llama/Llama-3.1-8B as the base model for scoring, rewriting, and representation extraction.
For training-free methods, the same open-source LLM is used as a surrogate to compute statistics
(e.g., Likelihood, LRR, FDGPT). In Binoculars, meta-llama/Llama-3.1-8B serves as the observer and
meta-llama/Llama-3.1-8B-Instruct as the performer. For training-based approaches (e.g., RoBERTa),
we report both models fine-tuned on our data and publicly available checkpoints6. For rewrite-based
methods, rewrites are generated by meta-llama/Llama-3.1-8B-Instruct with 4 samples, following [23].

For the experiments in Sections 4.1 and 4.2 (excluding the ID/OOD experiments), the detectors are
trained on a mixed dataset composed of outputs from four LLMs and evaluated under diverse settings.
We consistently use meta-llama/Llama-3.1-8B as the observer model, and meta-llama/Llama-3.1-8B-
Instruct for methods requiring rewriting. The rewriting process incurs a substantial computational
cost, amounting to approximately 300 GPU hours on NVIDIA A100 80GB GPUs. For experiments
comparing with watermarking methods, we employ Qwen/Qwen2.5-7B as the base model to generate
watermarked text using three different watermarking schemes.

For our method, unless otherwise specified, we adopt a fixed configuration across all experiments.
The steering vector is injected at layer 11 through the residual connection. Representations are
extracted from the last 8 transformer layers, where we average the final 25% tokens in each layer to
obtain the representation. Training is conducted using AdamW [74] with a learning rate of 1× 10−3,
batch size 8, and 10 epochs. The EMA decay for centroid updates is set to 0.9, and we use a vMF
concentration parameter κ = 2.5. All hyperparameters are kept fixed across datasets and models
without extensive tuning.

E Empirical Motivation for Representation Modeling

Our modeling choices for fθ are supported by the following two empirical properties of hidden
representations observed across models and domains:

1. Norm concentration. By pooling hidden states from the final 20% of tokens across
the last N = 8 layers, we find that the resulting L2 norms are tightly concentrated for
EleutherAI/GPT-J-6B, Qwen/Qwen2.5-7B, and meta-llama/Llama-3.1-8B (Figure 5). This
supports a hyperspherical approximation, where semantic information is primarily encoded
in direction rather than magnitude.

2. Directional unimodality. On the unit sphere, the normalized representations exhibit a
unimodal directional structure within each class (human or LLM), as evidenced by the
distribution of µ̂⊤fθ(x) relative to the estimated class mean directions µ̂ (Figure 6). More-
over, the estimated concentration parameters κ̂ are stable across domains and remain similar
between the human and LLM classes.

These observations support the use of a von Mises–Fisher (vMF) model as a simple and effective
approximation for the directional geometry, with a shared concentration parameter κ.

6https://huggingface.co/openai-community/roberta-large-openai-detector
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Figure 5: Empirical distributions of L2 norms of representations obtained from the last 8 layers and the
final 20% of tokens, across different models and domains. Columns correspond to EleutherAI/GPT-J-
6B, Qwen/Qwen2.5-7B, and meta-llama/Llama-3.1-8B, while rows correspond to the Arxiv, XSum,
Yelp, and Writing datasets. The solid and dashed red lines denote the mean and the ±2σ intervals,
respectively, with exact values reported in the upper-left legends.
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Figure 6: Empirical distributions of projected representations µ̂⊤fθ(x) across domains. Histograms
show empirical frequencies, and dashed curves represent the corresponding estimated densities. The
estimated concentration parameter κ is reported for each case.

18



RepreGuard S2D w/o steering S2D (ours)

G
PT

-3
.5

-T
ur

bo

2 1 0 1 2
Normalized Score

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

De
ns

ity

Score Distribution
Overlap = 0.0097

HAT
LGT

2 1 0 1 2
Normalized Score

0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

De
ns

ity

Score Distribution
Overlap = 0.0078

HAT
LGT

1.0 0.5 0.0 0.5 1.0
Normalized Score

0

5

10

15

20

25

30

De
ns

ity

Score Distribution
Overlap = 0.0000

HAT
LGT

L
la

m
a-

2-
70

B

2 1 0 1 2
Normalized Score

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

De
ns

ity

Score Distribution
Overlap = 0.0128

HAT
LGT

2 1 0 1 2
Normalized Score

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

De
ns

ity

Score Distribution
Overlap = 0.0089

HAT
LGT

1.0 0.5 0.0 0.5 1.0
Normalized Score

0

5

10

15

20

25

30

35

De
ns

ity

Score Distribution
Overlap = 0.0008

HAT
LGT

C
la

ud
e-

In
st

an
t

3 2 1 0 1 2 3
Normalized Score

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

De
ns

ity

Score Distribution
Overlap = 0.1524

HAT
LGT

2 1 0 1 2 3
Normalized Score

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7
De

ns
ity

Score Distribution
Overlap = 0.1410

HAT
LGT

1.0 0.5 0.0 0.5 1.0 1.5
Normalized Score

0

5

10

15

20

25

30

De
ns

ity

Score Distribution
Overlap = 0.0439

HAT
LGT

G
oo

gl
e-

Pa
L

M

2 1 0 1 2 3
Normalized Score

0.0

0.2

0.4

0.6

0.8

1.0

1.2

De
ns

ity

Score Distribution
Overlap = 0.1725

HAT
LGT

2 1 0 1 2 3
Normalized Score

0.0

0.2

0.4

0.6

0.8

De
ns

ity

Score Distribution
Overlap = 0.1827

HAT
LGT

1.0 0.5 0.0 0.5 1.0 1.5
Normalized Score

0

5

10

15

20

25

De
ns

ity

Score Distribution
Overlap = 0.0399

HAT
LGT

Figure 7: Score distributions of different detection methods involving hidden representations across
datasets. Columns denote different methods and rows denote datasets generated by different LLMs.
HAT and LGT denote human-authored text and LLM-generated text, respectively.

F Additional Experiment results

F.1 Score Distributions

In this section, we visualize score distributions from four LLMs under different settings. We use meta-
llama/Llama-3.1-8B as the observer model. The training data is generated by GPT-3.5-Turbo. The
evaluated datasets are generated by GPT-3.5-Turbo, Claude-Instant, Google-PaLM, and Llama-2-70B.

In Figure 7, the leftmost column shows scores from RepreGuard [33], the middle column corresponds
to raw representations without steering, and the rightmost column shows scores produced by our
method. Although the first two approaches exploit representation-level separability, a non-negligible
overlap between the two classes remains, which limits detection performance. This issue is particularly
pronounced under OOD settings: RepreGuard exhibits 15.24% and 17.25% overlap on datasets
generated by Claude-Instant and Google-PaLM, respectively, while S2D without steering yields
14.10% and 18.27%. In contrast, our method achieves substantially clearer separation between human-
written and LLM-generated text, even under OOD settings, leading to improved discriminability.

F.2 Shots of Training Dataset

We evaluate the impact of training set size on detection performance. The training sets are randomly
sampled from a mixed-LLM dataset with sizes {16, 32, 64, 128, 196, 256, 384, 512} pairs. We use
Llama-3.1-8B as the base model and Llama-3.1-8B-Instruct as the rewriter, and evaluate performance
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on four test sets (ChatGPT-3.5-Turbo, Claude-Instant, Google-PaLM, and Llama-2-70B). As shown
in Figure 8, S2D achieves strong data efficiency and consistent improvement over baselines, especially
in low-resource settings. We observe a slight performance drop at the earliest stage as training
size increases, since a very small number of samples can perturb the estimated score distribution.
Nevertheless, even with as few as 16 pairs, S2D can still exploit the inherent score gap between
human-written and LLM-generated texts. As more training data becomes available, the estimated
distribution stabilizes, resulting in clearer separation and improved performance.
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Figure 8: Detection performance across different training set sizes.

F.3 Different Observers

Table 7 shows that strong observer models (e.g., Llama-3.1-8B, Qwen2.5-7B, and Falcon-7B) achieve
consistently near-saturated performance across all generators, with high AUROC and stable TPR even
at very low false positive rates. In contrast, weaker models (e.g., Mistral-7B-v0.3, GPT-Neo-2.7B,
and Gemma-2-9B) exhibit both lower accuracy and larger variance across generators, suggesting
sensitivity to distributional shifts and less discriminative features. Notably, instruction-tuned variants
do not consistently improve performance, suggesting that detection effectiveness in S2D is primarily
determined by representation quality, rather than model scale or alignment alone.

F.4 Computational Efficiency

We evaluate the computational efficiency of S2D in terms of both inference latency and training cost,
and compare it against representative baselines including L2D, RepreGuard, and Binoculars.
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Observer Model↓ ChatGPT Llama-2-70B Google-PaLM Claude-Instant Avg.

AUROC TPR@1% TPR@0.01% AUROC TPR@1% TPR@0.01% AUROC TPR@1% TPR@0.01% AUROC TPR@1% TPR@0.01% AUROC TPR@1% TPR@0.01%

Llama-3.1-8B 99.99 99.90 99.80 98.95 98.90 98.10 99.83 98.50 97.40 99.70 98.90 96.60 99.62 99.05 97.98
Mistral-7B-v0.3 68.85 29.20 24.20 67.55 33.80 26.60 67.97 35.40 28.40 69.72 23.70 13.90 68.52 30.53 23.28
GPT-Neo-2.7B 84.44 33.70 8.30 79.97 41.50 19.40 79.63 20.40 6.70 85.46 35.00 10.90 82.38 32.65 11.33
OPT-2.7B 99.95 99.80 82.60 99.93 99.30 94.10 99.66 95.80 74.50 99.88 98.30 86.80 99.86 98.30 84.50
Qwen2.5-7B 99.99 99.90 99.80 99.99 99.90 98.90 99.73 98.60 96.20 99.99 99.90 99.70 99.93 99.58 98.65
Falcon-7B 99.99 99.90 99.80 99.99 99.90 99.60 99.89 98.10 95.70 99.98 99.70 98.00 99.96 99.40 98.28
Falcon-7B-Instruct 99.98 99.90 99.60 99.99 99.90 95.70 99.89 97.00 93.20 99.97 99.90 95.10 99.96 99.18 95.90
Gemma-2-9B 88.01 25.70 5.90 76.25 13.90 0.10 56.10 20.90 5.20 85.79 16.50 1.00 76.54 19.25 3.05
Gemma-2-9B-Instruct 96.25 62.70 32.50 95.66 60.10 29.70 54.10 15.60 7.30 70.34 12.50 6.10 79.09 37.73 18.90

Table 7: Impact of observer model. Detection performance of S2D across various observer models.
Experimental Setup. All efficiency profiling is conducted on a single NVIDIA A100 (80GB) GPU.
To ensure a fair evaluation, the training phase for all trainable methods is conducted on a mixed
dataset comprising 512 text pairs generated by multiple LLMs, and all inference metrics are evaluated
over a correspondingly mixed test set. Our test set has an average length of approximately 267 tokens,
with 95% of the samples shorter than 435 tokens.

For all methods, we adopt meta-llama/Llama-3.1-8B as the observer/proxy model. For Binoculars,
meta-llama/Llama-3.1-8B is used as the observer while meta-llama/Llama-3.1-8B-Instruct serves
as the performer. For L2D, the number of rewrites is set to 4. Unless otherwise specified, we
report per-sample inference latency with a batch size of 1. Peak memory usage is measured using
torch.cuda.max_memory_allocated(). Importantly, for the rewrite-based baseline (L2D), the
reported training and inference times strictly exclude the time required for the auxiliary LLM to
autoregressively generate the rewrites, as these were pre-computed offline.

Method Rewrite? Efficiency Performance (%)

Train Time (s) ↓ Train Cost (GB) ↓ Infer. Time (s) ↓ Infer. Cost (GB) ↓ AUROC ↑ TPR@1% ↑
Binoculars No - - 0.50 58.0 87.70 74.70
L2D Yes 1213.12 45.0 2.03 43.0 98.96 97.60
RepreGuard No 835.62 42.0 0.32 38.0 98.42 81.47

S2D (ours) No 759.46 40.0 0.30 39.0 98.90 97.75

Table 8: Comparison of computational cost and detection performance evaluated on a mixed test set.
Train Cost and Infer Cost denote the peak memory allocated during the respective phases. Binoculars
is a train-free method, hence its training costs are omitted. Note that for L2D, the heavy computational
time required to generate rewrites is excluded from the timing metrics.

Results. During inference, S2D requires only a single forward pass through the frozen observer
LLM. Even when L2D is evaluated under the favorable assumption that rewrite generation is excluded,
S2D still achieves a 5.7× speedup (0.30s vs. 2.03s, (2.03− 0.30) /0.30 ≈ 5.7). Compared with
Binoculars, S2D substantially reduces inference latency and lowers memory usage by avoiding
the need to load two LLMs simultaneously. Compared with RepreGuard, S2D incurs virtually no
additional runtime overhead while maintaining comparable memory usage, indicating that steering
introduces negligible deployment cost. During training, S2D keeps the observer LLM frozen and
optimizes only a lightweight steering vector. As a result, it achieves the lowest training time among
the evaluated trainable detectors while maintaining low training memory cost. Overall, these results
show that S2D provides a scalable and deployable detection framework without sacrificing accuracy.

G Omitted Theoretical Details and Proofs

G.1 Proof of Theorem 3.1

Proof of Theorem 3.1. Condition on the training sample Strain, the estimated scoring function Ŝt is
fixed, and the only remaining randomness comes from the calibration sample Sval = {x−

i }
n2
i=1 with

x−
i

i.i.d.∼ P0.

Define the true survival function T (τ) := P0

(
Ŝt(X−

test) ≥ τ
)

(where X−
test follows the same

distribution of samples in Sval) and its empirical counterpart T̂n2
(τ) := 1

n2

∑n2

i=1 1
(
Ŝt(x−

i ) ≥ τ
)
.

By the definition of the empirical threshold τ̂α,t in Equation (5), it is the infimum of τ such that
T̂n2

(τ) ≤ α. On one hand, by definition, we have T̂n2
(τ̂α,t) ≤ α. On the other hand, because T̂n2

(τ)
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is a step function taking values in multiples of 1/n2, the infimum definition guarantees that the
empirical probability does not fall below α by more than the maximum jump size of the step function.
Therefore, α− T̂n2

(τ̂α,t) ≤ 1
n2

. It implies that∣∣∣T̂n2
(τ̂α,t)− α

∣∣∣ ≤ 1

n2
.

By applying the triangle inequality, we can bound the absolute difference between the population
Type-I error and the target level α

|T (τ̂α,t)− α| ≤
∣∣∣T (τ̂α,t)− T̂n2(τ̂α,t)

∣∣∣+ ∣∣∣T̂n2(τ̂α,t)− α
∣∣∣

≤ sup
τ∈R

∣∣∣T (τ)− T̂n2(τ)
∣∣∣+ 1

n2
.

By using the Dvoretzky–Kiefer–Wolfowitz (DKW) inequality [75], the uniform deviation between
the true and empirical functions is bounded by

P

sup
τ∈R

∣∣∣T (τ)− T̂n2
(τ)
∣∣∣ >

√
log(2/δ)

2n2

∣∣∣∣∣∣Strain
 ≤ 2e

−2n2

(√
log(2/δ)

2n2

)2

= δ.

Hence, conditional on Strain, with probability at least 1− δ, we have

|T (τ̂α,t)− α| ≤

√
log(2/δ)

2n2
+

1

n2
.

Since P0(Ŝt(X−
test) ≥ τ̂α,t) = T (τ̂α,t), we can rewrite the conditional probability as:

P

∣∣∣P0

(
Ŝt(X−

test

)
− α

∣∣∣ ≤
√

log(2/δ)

2n2
+

1

n2

∣∣∣∣∣∣Strain
 ≥ 1− δ,

which yields

P

∣∣∣P0

(
Ŝt(X−

test

)
− α

∣∣∣ ≤
√

log(2/δ)

2n2
+

1

n2

 ≥ 1− δ,

which completes the proof.

G.2 Formal Statement for Theorem 3.2

Theorem 3.2 characterizes the excess Type II error of the detector trained on Strain. To establish
this result, we introduce several additional technical assumptions. We first present and discuss these
assumptions, followed by the formal statement of Theorem 3.2.

Two-Time-Scale Prototype Tracking. Algorithm 1 can be viewed as a two-time-scale stochastic
approximation scheme for solving the empirical objective (6):

LvMF(v,µ0,µ1) :=
1

n1

n1∑
i=1

log p (yi | fθ,v(xi),µ0,µ1) , (6)

where Strain = {(xi, yi)}n1
i=1 consists of i.i.d. samples from P .

We restate the key update steps for clarity and subsequent analysis. At iteration t, let vt denote the
current steering vector. For each class c, define

z̄c,t(vt) =
1

|{(x, y) : x ∈ Bt, y = c}|
∑

(x,y):x∈Bt,y=c

fθ,vt
(x)
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as the average representation of class c over a fresh mini-batch Bt. The update rule is given by

Fast Process (Mean Direction Tracking) µ̂c,t+1 = ΠSd−1

(
(1− ρ)µ̂c,t + ρ z̄c,t(vt)

)
, (7a)

Slow Process (Steering Vector Update) vt+1 = vt + η∇vLvMF

(
vt, µ̂0,t, µ̂1,t

)
, (7b)

where ΠSd−1(x) = x/∥x∥ denotes projection onto the unit sphere. Here, µ̂c,t serves as an estimator
of the population mean direction for class c at iteration t. We consider a two-time-scale regime with
0 < η ≪ ρ ≤ 1, under which {µ̂c,t}1c=0 evolves on the fast timescale while vt evolves on the slow
timescale.

Assumptions. Assumption 1 introduces a generative model under which the representation follows
a vMF distribution at the population optimum. This assumption facilitates the theoretical analysis.
Assumption 1 (Local vMF Model). For every v and each class c ∈ {0, 1}, define Zv = fθ,v(X)
and assume

Zv | Y = c ∼ vMF(µc(v), κ),

that is, its density is given by p(z | Y = c) = Cd(κ) exp
(
κµc(v)

⊤z
)

for any z ∈ Sd−1, where
Cd(κ) is the normalization constant.
Remark G.1 (Gradient Noises). Let Ft denote the filtration generated by the optimization trajectory
up to iteration t. Under Assumption 1, the conditional expectation of the mini-batch average satisfies

E[z̄c,t(vt) | Ft] = Ad(κ)µc(vt),

where Ad(κ) =
Id/2(κ)

Id/2−1(κ)
, and Iν(·) denotes the modified Bessel function of the first kind of order ν.

Based on the observation, we can define the following gradient noise

ζc,t+1 := z̄c,t(vt)−Ad(κ)µc(vt), (8)

for a class c ∈ {0, 1}. We then have that E
[
ζc,t+1 | Ft

]
= 0 and ∥ζc,t+1∥ ≤ 2 almost surely due to

the fact that ∥z̄c,t(vt)∥, Ad(κ), and ∥µc(vt)∥ ≤ 1.
Assumption 2 (Local Tracking Conditions). Define µc,t := µc(vt) and assume that

1. (Bounded drift) There exists Cµ > 0 such that ∥µc,t+1 − µc,t∥ ≤ Cµη.

2. (Initialization) ∥µ̂c,0 − µc,0∥ ≤ 1/4.

Theorem G.2 (Local Mean Direction Tracking). Fix c ∈ {0, 1} and write µc,t := µc(vt). Consider
the recursion

zc,t+1 = (1− ρ)µ̂c,t + ρz̄c,t(vt), µ̂c,t+1 =
zc,t+1

∥zc,t+1∥
.

Under Assumptions 1 and 2, there exist constants c, C, ρ0, γ0 > 0 such that if 0 < ρ ≤ ρ0 and
η/ρ ≤ γ0, then with probability at least 1− δ, for any class c ∈ {0, 1},

1. For all 0 ≤ t ≤ T , ∥µ̂c,t − µc,t∥2 ≤ (1− cρ)t∥µ̂c,0 − µc,0∥2 + C
(√

ρ log 2T
δ + η2

ρ2

)
.

2. For all 0 ≤ t ≤ T , ∥µ̂c,t − µc,t∥ ≤ 1
4 , ∥zc,t+1∥ ≥ 1

4 , ⟨µ̂c,t,µc,t⟩ > 0.

Theorem G.2 establishes that the proposed exponential moving average update µ̂c,t can accurately
track the evolving class prototypes µc,t under the local vMF model. Despite stochastic gradient noise
and slow drift in the true mean direction, the estimated prototype remains close to the target with high
probability. The result shows a contraction behavior up to a steady-state error, where the averaging
parameter and the drift rate govern the tracking accuracy. Its proof is deferred in Appendix G.4.

Since the score function depends on the class prototypes only through their difference, the tracking
error bound in Theorem G.2 directly translates into a uniform bound on the deviation between the
plug-in and oracle score functions (i.e., Ŝt and St), as formalized in the following corollary.
Corollary G.3. Define the oracle and plug-in log-likelihood ratios with respect to the same steered
representation fθ,vt

(x) as

St(x) = κ(µ1,t − µ0,t)
⊤fθ,vt

(x), Ŝt(x) = κ(µ̂1,t − µ̂0,t)
⊤fθ,vt

(x).
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Under Assumptions 1 and 2, for any δ ∈ (0, 1), with probability at least 1 − δ, there exists some
c ∈ (0, 1) and C > 0 such that the following uniform bound holds for all 0 ≤ t ≤ T :

sup
x∈X

∣∣∣Ŝt(x)− St(x)∣∣∣ ≤ rt(δ, ρ, η),

where

rt(δ, ρ, η) := κC

√
(1− cρ)t +

√
ρ log

2T

δ
+

η2

ρ2
.

Proof of Corollary G.3. By definition, we have∣∣∣Ŝt(x)− St(x)∣∣∣ = ∣∣κ(µ̂1,t − µ̂0,t)
⊤fθ,v(x)− κ(µ1,t − µ0,t)

⊤fθ,v(x)
∣∣

(a)

≤ κ
(
∥µ̂0,t − µ0,t∥+ ∥µ̂1,t − µ1,t∥

)
(b)

≤ 2κ

√√√√(1− cρ)t · 1
16

+ C

(√
ρ log

2T

δ
+

η2

ρ2

)

(c)

≤ κC

√
(1− cρ)t +

√
ρ log

2T

δ
+

η2

ρ2
.

where (a) follows from the triangle inequality and the fact that ∥fθ,v(x)∥ ≤ 1, (b) applies Theorem
G.2, and (c) enlarges the constant C properly.

Assumption 3 (Local Mass Condition Around the Threshold). There exist constants c0, C0 > 0,
exponents γ, γ̄ > 0, and ε0 > 0 such that for all ε ∈ [0, ε0],

c0ε
γ ≤ P0(|S(X)− τ⋆α| ≤ ε) ≤ C0ε

γ̄ .

This assumption imposes regularity conditions on the null score distribution in a neighborhood of τ⋆α.
The upper bound controls the concentration of probability mass near the threshold, corresponding to
a standard margin-type condition in classification theory [76–78, 28]. The lower bound ensures that
there is sufficient probability mass around the threshold, preventing the distribution from being too
sparse in this region.

Theorem G.4 (Formal Statement of Theorem 3.2). Let Assumptions 1 —3 hold. Then there exists a
constant c ∈ (0, 1) such that, with probability at least 1− 2δ over the randomness in the training
procedure and the calibration sample, the excess Type-II error satisfies

P1(R̂t)− P1(R⋆
t ) ≤ O

((
(1− cρ)t +

√
ρ log(2T/δ) + η2/ρ2

) 1+γ̄
2︸ ︷︷ ︸

Estimation Error

+

√
log(2/δ)

n2
+

1

n2︸ ︷︷ ︸
Calibration Error

)

where t ∈ [1, T ] is the iteration index within the total horizon T , ρ ∈ (0, 1) is the EMA coefficient
satisfying ρ ≤ 1/c, η > 0 is the steering learning rate, n2 is the calibration sample size, δ ∈ (0, 1) is
the confidence parameter, and γ, γ̄ are the constants in Assumption 3.

G.3 Proof of Theorem G.4

Proof of Theorem G.4. For notational simplicity, we suppress the time index t. The excess Type-II
error admits the decomposition given in Lemma G.5. We prove Lemma G.5 in Appendix G.5.

Lemma G.5. Let p0 and p1 denote the density functions of P0 and P1, respectively. Define the score
function S(x) = log p1(x)

p0(x)
, and the rejection regions

R⋆ = {x : S(x) < τ⋆α} , R̂ =
{
x : Ŝ(x) < τ̂α

}
.
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Then,

P1(R̂)− P1(R⋆) =

∫
R̂∆R⋆

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣dP0(x)︸ ︷︷ ︸
Estimation Error

+ eτ
⋆
α

(
α− P0(R̂c)

)
︸ ︷︷ ︸
Price of Conservativeness

.
(9)

Here, R̂∆R⋆ denotes the symmetric difference, i.e., R̂∆R⋆ = (R̂ \ R⋆) ∪ (R⋆ \ R̂).

From (9), there are two terms in the decomposition of the excess Type-II error.

(i) The second term quantifies the gap between empirical Type I error and the target level α.
By Theorem 3.1, with probability at least 1 − δ, we have

∣∣∣P0(R̂c)− α
∣∣∣ ≤ ∆n2

(δ) with

∆n2
(δ) :=

√
log(2/δ)

2n2
+ 1

n2
, as a result of which,

eτ
⋆
α

(
α− P0(R̂c)

)
≤ eτ

⋆
α∆n2(δ). (10)

(ii) The first term on the RHS of (9) is due to the estimation error between the oracle score
S and the estimated Ŝ. To bound it, we have to bound the discrepancy of the acceptance
regions in the score space. By Corollary G.3, with probability at least 1 − δ, we have
supx∈X |Ŝ(x)− S(x)| ≤ r(δ, ρ, η).

Since both µc and fθ,v(x) lie on the unit hypersphere, the log-scores are deterministically
bounded within [−2κ, 2κ]. Therefore, the exponential mapping is Lipschitz continuous with
constant e2κ over this domain. For any x ∈ R̂∆R⋆, it follows that∣∣∣∣p1(x)p0(x)

− eτ
⋆
α

∣∣∣∣ = ∣∣∣eS(x) − eτ
⋆
α

∣∣∣ ≤ e2κ |S(x)− τ⋆α| . (11)

Lemma G.6. If
∣∣∣P0(R̂c)− α

∣∣∣ ≤ ∆n2
(δ) and supx∈X |Ŝ(x)− S(x)| ≤ r(δ, ρ, η), by the

lower bound in Assumption 3, we will have

R̂∆R⋆ ⊆

{
x : |S(x)− τ⋆α| < 2r(δ, ρ, η) +

(
∆n2

(δ)

c0

)1/γ
}
. (12)

As a result of the upper bound in Assumption 3, we also have

P0(R̂∆R⋆) ≤

[
2r(δ, ρ, η) +

(
∆n2(δ)

c0

)1/γ
]γ̄

. (13)

Now, we are ready to analyze the first term.∫
R̂∆R⋆

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣dP0(x)

(11)
≤ e2κ

∫
R̂∆R⋆

|S(x)− τ⋆α| dP0(x)

(12)
≤ e2κ

[
2r(δ, ρ, η) +

(
∆n2

(δ)

c0

)1/γ
]
P0

(
R̂∆R⋆

)
(13)
≤ e2κC0

[
2r(δ, ρ, η) +

(
∆n2

(δ)

c0

)1/γ
]1+γ̄

.

(14)

With probability at least 1− 2δ, we have both Theorem 3.1 and Corollary G.3 hold. Conditioned on
this joint event, combining (10) and (14) with the decomposition (9) yields

P1(R̂t)− P1(R⋆
t )

≤ e2κC0

2rt(δ, ρ, η) +
 1

c0

√ log(2T/δ)

2n2
+

1

n2

1/γ

1+γ̄

+ eτ
⋆
α,t

√ log(2/δ)

2n2
+

1

n2


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By applying the basic inequality
√
a+ b+ c ≤

√
a+
√
b+
√
c and (x+ y)p ≤ 2(p−1)+(xp + yp)

to decouple the terms and using Corollary G.3, we abstract the multiplicative constants (including
e2κ, C0, C1, and eτ

⋆
α,t ) into the asymptotic notation to obtain the final explicit finite-sample bound

P1(R̂t)− P1(R⋆
t ) ≤ O

((
(1− cρ)t +

√
ρ log(2T/δ) + η2/ρ2

) 1+γ̄
2

+

√
log(2/δ)

n2
+

1

n2

)
.

We use the fact that
√

log(2/δ)
n2

+ 1
n2

< 1 to simplify the last expression and thus complete the
proof.

G.4 Proof of Theorem G.2

Proof of Theorem G.2. Fix c ∈ {0, 1} and suppress the class index throughout the proof. Write

µt := µc,t, µ̂t := µ̂c,t, z̄t := z̄c,t(vt), A := Ad(κ).

By Assumption 1,

z̄t = Aµt + ζt+1, E[ζt+1 | Ft] = 0, ∥ζt+1∥ ≤ 2 a.s.

Hence
zt+1 = (1− ρ)µ̂t + ρAµt + ρζt+1, µ̂t+1 =

zt+1

∥zt+1∥
.

Define
et := µ̂t − µt, yt := (1− ρ)µ̂t + ρAµt.

Step 1: Bootstrap region and deterministic bounds. Define the bootstrap event

Et :=
{
∥es∥ ≤

1

4
for all 0 ≤ s ≤ t

}
.

Clearly, Et ∈ Ft := σ({ζs}ts=1) is Ft-measurable. On Et, Lemma G.8 yields

∥Π(yt)− µt∥ ≤ (1− c0ρ)∥et∥,

for some c0 ∈ (0, 1) and all 0 ≤ t ≤ T − 1, provided ρ ≤ ρ0 is small enough.

Also, on Et, ⟨µ̂t,µt⟩ = 1− 1
2∥et∥

2 ≥ 1− 1
32 = 31

32 . Therefore,

∥yt∥ ≥ ⟨yt,µt⟩ = (1− ρ)⟨µ̂t,µt⟩+ ρA ≥ (1− ρ)
31

32
+ ρA.

Shrinking ρ0 if necessary, we may ensure ∥yt∥ ≥ 1
2 , ∀ 0 < ρ ≤ ρ0. Since zt+1 = yt + ρζt+1 and

∥ζt+1∥ ≤ 2, we further obtain ∥zt+1∥ ≥ ∥yt∥ − ρ∥ζt+1∥ ≥ 1
2 − 2ρ ≥ 1

4 for ρ0 smaller if needed.
In short, we show that as long as ∥et∥ ≤ 1

4 , we then have ∥yt∥ ≥ 1
2 , ∥zt+1∥ ≥ 1

4 , and ⟨µ̂t,µt⟩ ≥ 0.

Step 2: One-step square-error decomposition. For any γ > 0, Young’s inequality gives

∥et+1∥2 = ∥µ̂t+1 − µt+1∥2 ≤ (1 + γ)∥µ̂t+1 − µt∥2 +
(
1 +

1

γ

)
∥µt+1 − µt∥2. (15)

By Assumption 2, ∥µt+1 − µt∥ ≤ Cµη. We now analyze the first term of (15):

∥µ̂t+1 − µt∥2 = ∥Π(zt+1)− µt∥2.

For simplicity, we set at := Π(yt)− µt. Then

Π(zt+1)− µt = at +
(
Π(yt + ρζt+1)−Π(yt)

)
.

Hence, it follows that

∥Π(zt+1)− µt∥2 = ∥at∥2 + 2
〈
at, Π(yt + ρζt+1)−Π(yt)

〉
+
∥∥Π(yt + ρζt+1)−Π(yt)

∥∥2 . (16)
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Step 3: Taylor expansion of the projection map. Since ∥yt∥ ≥ 1/2 on Et, the map Π(x) =
x/∥x∥ is C2 on a neighborhood of the trajectory. Therefore,

Π(yt + ρζt+1)−Π(yt) = ρJtζt+1 +Rt+1,

where Jt is the Jacobi matrix defined by

Jt := DΠ(yt) =
1

∥yt∥

(
I −Π(yt)Π(yt)

⊤
)
,

and the remainder satisfies
∥Rt+1∥ ≤ CRρ

2∥ζt+1∥2 ≤ 4CRρ
2

for a universal constant CR > 0. Moreover, since ∥yt∥ ≥ 1/2, ∥Jt∥ ≤ 2.

Substituting the above results into (16), we obtain

∥Π(zt+1)− µt∥2 = ∥at∥2 + 2ρ⟨at, Jtζt+1⟩+ Ξt+1, (17)

where Ξt+1 collects all high-order residual terms, defined by

Ξt+1 := 2⟨at,Rt+1⟩+ 2ρ⟨Jtζt+1,Rt+1⟩+ ∥ρJtζt+1 +Rt+1∥2.

Since ∥at∥ ≤ 2, ∥Jt∥ ≤ 2, and ∥ζt+1∥ ≤ 2, it follows that for some universal constant C1 > 0

|Ξt+1| ≤ C1ρ
2.

Denote 1Et by the indicator function of the event Et and define

∆t+1 := 2ρ⟨at, Jtζt+1⟩1Et

We assert it has the following properties:

(i) Then {∆t+1} is a martingale difference sequence with respect to {Ft}.

(ii) There exists a constant C2 > 0 so that no matter Et holds or not, |∆t+1| ≤ C2ρ.

(iii) There exists a constant C3 > 0 so that no matter Et holds or not, E[∆2
t+1 | Ft] ≤ C3ρ

2.

Using (17) and the definition of ∆t+1, on Et,

∥Π(zt+1)− µt∥2 ≤ ∥at∥2 +∆t+1 + C1ρ
2.

Step 4: One-step recursion on the bootstrap region. By Lemma G.8,

∥at∥2 ≤ (1− c0ρ)
2∥et∥2 ≤ (1− c0ρ)∥et∥2.

Combining this with (15), we obtain that on Et,

∥et+1∥2 ≤ (1 + γ)(1− c0ρ)∥et∥2 + (1 + γ)C1ρ
2 +

(
1 +

1

γ

)
C2

µη
2 + (1 + γ)∆t+1.

We then choose γ := c0ρ
4 . As a result, for ρ0 sufficiently small, we could simultaneously have

that (i) (1 + γ)(1 − c0ρ) ≤ 1 − c1ρ for some constant c1 > 0, (ii) (1 + γ)C1ρ
2 ≤ C4ρ

2, and
(iii)

(
1 + 1

γ

)
C2

µη
2 ≤ C5

η2

ρ . As a result of the above notation simplification, we may rewrite the
recursion as

∥et+1∥2 ≤ (1− c1ρ)∥et∥2 + C4ρ
2 + C5

η2

ρ
+
(
1 +

c0ρ

4

)
∆t+1, (18)

where {∆t+1} is a martingale difference sequence satisfying |∆t+1| ≤ C2ρ and E[∆2
t+1 | Ft] ≤

C3ρ
2.

27



Step 5: Unrolling the recursion. Iterating (18) yields that, on Et−1,

∥et∥2 ≤ (1−c1ρ)
t∥e0∥2+

(
C4ρ

2 + C5
η2

ρ

) t−1∑
j=0

(1−c1ρ)
j+
(
1 +

c0ρ

4

) t−1∑
s=0

(1−c1ρ)
t−1−s∆s+1.

Since
∑t−1

j=0(1− c1ρ)
j ≤ 1

c1ρ
, we obtain that on Et,

∥et∥2 ≤ (1− c1ρ)
t∥e0∥2 + C6ρ+ C7

η2

ρ2
+
(
1 +

c0ρ

4

) t−1∑
s=0

(1− c1ρ)
t−1−s∆s+1. (19)

Now, we apply the concentration inequality in Lemma G.9 to the martingale sequence {∆t+1} (with
c⋆ = c1). There exists a constant C8 > 0 such that, with probability at least 1− δ/2,(

1 +
c0ρ

4

)
sup

1≤t≤T

∣∣∣∣∣
t−1∑
s=0

(1− c1ρ)
t−1−s∆s+1

∣∣∣∣∣ ≤ C8

(√
ρ log

2T

δ
+ ρ log

2T

δ

)
. (20)

We denote the event in (20) as E#. Then P(E#) ≥ 1− δ. Since ρ ≤ 1 and ρ log(2T/δ) ≤ 1, after

enlarging constants we can bound the right-hand side by C9

√
ρ log 2T

δ .

Combining this with (19), we conclude that on the event E# ∩ Et−1, for suitable constants c, C > 0,

∥et∥2 ≤ (1− cρ)t∥e0∥2 + C

(√
ρ log

2T

δ
+

η2

ρ2

)
. (21)

Step 6: Induction on Bootstrap events. Assume now that

∥e0∥2 + C

(√
ρ log

2T

δ
+

η2

ρ2

)
≤ 1

16
. (22)

As a result of this condition, E0 = {∥e0∥ ≤ 1
4} is true. Now, we want to show that for any t ≥ 1, on

the event E# ∩ Et−1, we must have that the event Et is also true. It suffices to show that

∥et∥2 ≤
1

16
,

which naturally follows by combining (22) and (21). We then complete the proof by induction.

G.5 Proof of Lemma G.5

Proof of Lemma G.5. We split this region R̂∆R⋆ into two disjoint parts: R⋆∩R̂c (where the optimal
classifier accepts but the estimated one rejects) and (R⋆)c ∩ R̂ (where the estimated one accepts but
the optimal rejects). It then follows that∫

(R⋆∩R̂c)∪((R⋆)c∩R̂)

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣ dP0(x)

=

∫
R⋆∩R̂c

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣ dP0(x) +

∫
(R⋆)c∩R̂

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣dP0(x)

=

∫
R⋆∩R̂c

(
eτ

⋆
α − p1(x)

p0(x)

)
dP0(x) +

∫
(R⋆)c∩R̂

(
p1(x)

p0(x)
− eτ

⋆
α

)
dP0(x).

Note that ∫
R⋆

(
eτ

⋆
α − p1(x)

p0(x)

)
dP0(x) +

∫
R̂

(
p1(x)

p0(x)
− eτ

⋆
α

)
dP0(x)

=

∫
R⋆∩R̂

(
eτ

⋆
α − p1(x)

p0(x)
+

p1(x)

p0(x)
− eτ

⋆
α

)
dP0(x)︸ ︷︷ ︸

=0

+

∫
R⋆∩R̂c

(
eτ

⋆
α − p1(x)

p0(x)

)
dP0(x) +

∫
(R⋆)c∩R̂

(
p1(x)

p0(x)
− eτ

⋆
α

)
dP0(x).
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Using the property that
∫
A

p1(x)
p0(x)

dP0(x) =
∫
A
dP1(x) = P1(A) for any measurable set A, we have

4

∫
(R⋆∩R̂c)∪((R⋆)c∩R̂)

∣∣∣∣p1(x)p0(x)
− eτ

⋆
α

∣∣∣∣dP0(x)

=

∫
R⋆

(
eτ

⋆
α − p1(x)

p0(x)

)
dP0(x) +

∫
R̂

(
p1(x)

p0(x)
− eτ

⋆
α

)
dP0(x)

= P1(R̂)− P1(R⋆) + eτ
⋆
α

(
P0(R⋆)− P0(R̂)

)
,

which, together with the fact that P0((R⋆)c) = α, implies that P0(R⋆) = 1 − α. Recalling
P0(R̂) = 1−P0(R̂c), we obtain P0(R⋆)−P0(R̂) = P0(R̂c)−α. We then complete the proof.

G.6 Proof of Lemma G.6

Proof of Lemma G.6. By the uniform error bound, we have

{S(X) ≥ τ̂α + r(δ, ρ, η)} ⊆ {Ŝ(X) ≥ τ̂α} ⊆ {S(X) ≥ τ̂α − r(δ, ρ, η)},

which implies

P0(S(X) ≥ τ̂α + r(δ, ρ, η)) ≤ P0(R̂c) ≤ P0(S(X) ≥ τ̂α − r(δ, ρ, η)) .

Since α = P0(S(X) ≥ τ⋆α) , it follows that P0(S(X) ∈ [τ⋆α, τ̂α − r(δ, ρ, η))) ≤ ∆n2
(δ) whenever

τ̂α − r(δ, ρ, η) ≥ τ⋆α, and similarly P0(S(X) ∈ [τ̂α + r(δ, ρ, η), τ⋆α)) ≤ ∆n2
(δ) whenever τ̂α +

r(δ, ρ, η) ≤ τ⋆α.

Now let

uδ :=

(
∆n2

(δ)

c0

)1/γ

,

where c0 and γ are the constants in Assumption 3. By the lower bound in that assumption, for every
ε ∈ [0, ε0],

P0(|S(X)− τ⋆α| ≤ ε) ≥ c0ε
γ .

Hence, if |τ̂α − τ⋆α| > r(δ, ρ, η) + uδ, then the interval between τ⋆α and τ̂α − r(δ, ρ, η), or between
τ̂α + r(δ, ρ, η) and τ⋆α, has length exceeding uδ, and therefore carries P0-mass strictly larger than
∆n2

(δ), a contradiction. We conclude that

|τ̂α − τ⋆α| ≤ r(δ, ρ, η) +

(
∆n2

(δ)

c0

)1/γ

.

Next, consider any x ∈ R̂∆R⋆.

(i) If x ∈ (R⋆)c ∩ R̂, then S(x) ≥ τ⋆α and Ŝ(x) < τ̂α, using the uniform score bound gives

S(x) < τ̂α + r(δ, ρ, η) ≤ τ⋆α + 2r(δ, ρ, η) +

(
∆n2

(δ)

c0

)1/γ

.

(ii) If x ∈ R⋆ ∩ R̂c, then S(x) < τ⋆α and Ŝ(x) ≥ τ̂α, and hence

τ⋆α − 2r(δ, ρ, η)−
(
∆n2

(δ)

c0

)1/γ

< S(x) < τ⋆α.

Combining the two cases, we complete the proof.

G.7 Useful Lemmas

Lemma G.7. Let m > 0. For any x,y ∈ Rd satisfying ∥x∥ ≥ m and ∥y∥ ≥ m,

∥Π(x)−Π(y)∥ ≤ 2

m
∥x− y∥.
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Proof of Lemma G.7. Using Π(x)−Π(y) = x−y
∥x∥ + y

(
1

∥x∥ −
1

∥y∥

)
, we obtain

∥Π(x)−Π(y)∥ ≤ ∥x− y∥
∥x∥

+

∣∣∥y∥ − ∥x∥∣∣
∥x∥

≤ 2

m
∥x− y∥.

Lemma G.8. There exist constants c0, ρ0 ∈ (0, 1), depending only on A, such that for every
0 < ρ ≤ ρ0, every t ≥ 0, and every u ∈ Sd−1 satisfying ∥u− µt∥ ≤ 1

4 ,∥∥Π((1− ρ)u+ ρAµt

)
− µt

∥∥ ≤ (1− c0ρ)∥u− µt∥.

Proof of Lemma G.8. Fix t and u ∈ Sd−1 with ∥u− µt∥ ≤ 1/4. Write

u = αµt + βν, ν ⊥ µt, α2 + β2 = 1.

Since ∥u− µt∥2 = 2(1− α), the condition ∥u− µt∥ ≤ 1/4 implies α ≥ 1− 1
32 = 31

32 . Define

x := (1− ρ)u+ ρAµt = aµt + bν,

where a := (1− ρ)α+ ρA and b := (1− ρ)β. Then

Π(x) =
aµt + bν

r
with r :=

√
a2 + b2.

Therefore, we have that

∥Π(x)− µt∥
2
= 2

(
1− a

r

)
=

2b2

r(r + a)
.

Using the facts that ∥u− µt∥2 = 2(1− α) and β2 = 1− α2, we get

∥Π(x)− µt∥
2

∥u− µt∥2
=

(1− ρ)2(1 + α)

r(r + a)
=: Ψ(α, ρ).

Now α ∈ [31/32, 1], and one checks that r2 = (1−ρ)2+2ρ(1−ρ)Aα+ρ2A2 by definition. Hence,
Ψ is continuous on the compact set [31/32, 1]× [0, ρ1] for any fixed ρ1 < 1, and Ψ(α, 0) = 1 for all
α. Moreover,

∂

∂ρ
Ψ(α, ρ)

∣∣∣∣
ρ=0

= −A(1 + α) ≤ −A · 63
32

< 0,

uniformly over α ∈ [31/32, 1]. Therefore, by compactness and continuity, there exist constants
c0, ρ0 ∈ (0, 1), depending only on A, such that for all α ∈ [31/32, 1] and all 0 < ρ ≤ ρ0,

Ψ(α, ρ) ≤ (1− c0ρ)
2.

Taking square roots yields that∥∥Π((1− ρ)u+ ρAµt

)
− µt

∥∥ ≤ (1− c0ρ)∥u− µt∥.

Lemma G.9 (Weighted martingale concentration). Let {∆t+1}t≥0 be a martingale difference se-
quence with respect to {Ft}. Assume that there exist constants B, V > 0 such that, almost surely,

|∆t+1| ≤ Bρ, E[∆2
t+1 | Ft] ≤ V ρ2 ∀ t ≥ 0.

Fix c⋆, ρ ∈ (0, 1) and define, for each t ≥ 1,

St :=

t−1∑
s=0

(1− c⋆ρ)
t−1−s∆s+1.

Then there exists a constant C > 0, depending only on B, V, c⋆, such that for any δ ∈ (0, 1),

P

(
sup

1≤t≤T
|St| ≤ C

(√
ρ log

T

δ
+ ρ log

T

δ

))
≥ 1− δ.
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Proof of Lemma G.9. Fix t ≥ 1. Define

ξt,s+1 := (1− c⋆ρ)
t−1−s∆s+1, 0 ≤ s ≤ t− 1.

Then {ξt,s+1}t−1
s=0 is a martingale difference sequence with respect to {Fs}, and

|ξt,s+1| ≤ (1− c⋆ρ)
t−1−sBρ.

Moreover,

t−1∑
s=0

E[ξ2t,s+1 | Fs] ≤ V ρ2
t−1∑
s=0

(1− c⋆ρ)
2(t−1−s) ≤ V ρ2

∞∑
j=0

(1− c⋆ρ)
2j .

Since
∞∑
j=0

(1− c⋆ρ)
2j =

1

1− (1− c⋆ρ)2
≤ 1

c⋆ρ
,

it follows that
t−1∑
s=0

E[ξ2t,s+1 | Fs] ≤
V

c⋆
ρ.

Applying Freedman’s inequality [79] yields that, for any u > 0,

P(|St| ≥ u) ≤ 2 exp

− u2

2
(

V
c⋆
ρ+ 1

3Bρu
)
 .

Taking a union bound over 1 ≤ t ≤ T and choosing

u = C
(√

ρ log
T

δ
+ ρ log

T

δ

)
.

for a sufficiently large constant C proves the claim.

H Additional Theory

H.1 Gradient Analysis of the Population Training Objective

The training procedure in Phase I follows a two-timescale scheme: the steering vector v is updated
on a slow timescale, while the class mean directions are updated on a fast timescale. To make the
role of this dynamics clear, we analyze the corresponding population objective.

For a fixed steering vector v, we then define

J (v) := max
µ0,µ1∈Sd−1

Ex,y[log p(y | fθ,v(x),µ0,µ1)] = Ex,y[log p(y | fθ,v(x),µ0(v),µ1(v))]

where µc(v) denotes the population-optimal mean direction for class c induced by the steered
representation map fθ,v.

The following proposition characterizes how optimizing J (v) reshapes the latent geometry.

Proposition H.1. The gradient of J (v) admits the decomposition

∇vJ (v) = κ ω̄(v)∇v∥µ1(v)− µ0(v)∥2 +
κ

2

(
µ1(v)− µ0(v)

)⊤(
∆1(v)−∆0(v)

)
.

Here, ∆0(v) and ∆1(v) are residual terms defined in (23) as

∆c(v) := Ex

[
p(1− c | x)

(
∇vfθ,v(x)−∇vµc(v)

)
| y = c

]
, (23)

and ω̄(v) ≥ 0 is a data-dependent weight given by

ω̄(v) =
1

8

(
1− Ex

[
tanh2

(κ
2

(
µ1(v)− µ0(v)

)⊤
fθ,v(x)

)])
.
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Proposition H.1 decomposes the gradient of the population objective into two components. The
first term drives an increase in the separation between the class mean directions ∥µ1(v)− µ0(v)∥2,
with a data-dependent weight that emphasizes samples near the decision boundary. The second term
captures a residual effect arising from the mismatch between the sample-level response∇vfθ,v(x)
and the induced movement of the class means.

This decomposition clarifies the optimization dynamics: away from optimality, the first term domi-
nates and pushes the representation toward greater class separation, while the residual term acts as
a correction that depends on local variability. At a stationary point, these two effects balance each
other, characterizing how the objective shapes the resulting latent geometry.

Proof of Proposition H.1. Denote by

LvMF(v,µ0,µ1) := log p(y | fθ,v(x),µ0,µ1) .

Then J (v) = Ex,y

[
LvMF

(
v,µ0(v),µ1(v)

)]
. Differentiating with respect to v gives

∇vJ (v) = Ex,y

[
∇fL⊤

vMF∇vfθ,v(x)
]
+

∑
c∈{0,1}

(
∇vµc(v)

)⊤
∇µc
J (v).

Since µc(v) is the optimal class mean direction on Sd−1, the first-order optimality condition implies
that ∇µc

J (v) is normal to Sd−1 at µc(v). On the other hand, ∥µc(v)∥ = 1 for all v, and differen-
tiating ∥µc(v)∥2 = 1 yields µc(v)

⊤∇vµc(v) = 0, which shows that ∇vµc(v) lies in the tangent

space of Sd−1 at µc(v). Consequently,
(
∇vµc(v)

)⊤
∇µc
J (v) = 0, which implies that

∇vJ (v) = Ex,y

[
(∇fLvMF)

⊤∇vfθ,v(x)
]
. (24)

For simplicity, write p(y | x) := p(y | fθ,v(x),µ0(v),µ1(v)). Under the shared-κ vMF model,

p(y | x) =
exp{κµy(v)

⊤fθ,v(x)}
exp{κµ0(v)

⊤fθ,v(x)}+ exp{κµ1(v)
⊤fθ,v(x)}

.

A direct calculation gives

∇fLvMF = κ
(
µy(v)− p(0 | x)µ0(v)− p(1 | x)µ1(v)

)
,

which can be rewritten as ∇fLvMF = −κ
(
y − p(1 | x)

)(
µ1(v) − µ0(v)

)
. Substituting this into

(24) and conditioning on y yields

∇vJ (v) =
κ

2

(
µ1(v)− µ0(v)

)⊤(Ex[p(0 | x)∇vfθ,v(x) | y = 1]− Ex[p(1 | x)∇vfθ,v(x) | y = 0]
)
,

(25)
where we used p(y = 0) = p(y = 1) = 1/2. For each c ∈ {0, 1}, introduce the residual term

∆c(v) := Ex

[
p(1− c | x)

(
∇vfθ,v(x)−∇vµc(v)

)
| y = c

]
. (23)

Then, we obtain

Ex[p(0 | x)∇vfθ,v(x) | y = 1] = Ex[p(0 | x) | y = 1]∇vµ1(v) + ∆1(v),

and
Ex[p(1 | x)∇vfθ,v(x) | y = 0] = Ex[p(1 | x) | y = 0]∇vµ0(v) + ∆0(v).

Substituting these identities into (25) gives

∇vJ (v) =
κ

2

(
µ1(v)− µ0(v)

)⊤(Ex[p(0 | x) | y = 1]∇vµ1(v)− Ex[p(1 | x) | y = 0]∇vµ0(v)
)

+
κ

2

(
µ1(v)− µ0(v)

)⊤(
∆1(v)−∆0(v)

)
.

(26)
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Under the uniform class prior, we have

Ex[p(0 | x) | y = 1] =

∫
p(0 | x)p(x | y = 1) dx

= 2

∫
p(0 | x)p(1 | x)p(x) dx

= 2Ex[p(0 | x)p(1 | x)].

Similarly, Ex[p(1 | x) | y = 0] = 2Ex[p(0 | x)p(1 | x)]. Using these identities in (26), we obtain

∇vJ (v) = κEx[p(0 | x)p(1 | x)]
(
µ1(v)− µ0(v)

)⊤(∇vµ1(v)−∇vµ0(v)
)

+
κ

2

(
µ1(v)− µ0(v)

)⊤(
∆1(v)−∆0(v)

)
.

By using ∇v∥µ1(v)− µ0(v)∥2 = 2
(
µ1(v)− µ0(v)

)⊤(∇vµ1(v)−∇vµ0(v)
)
, we obtain

∇vJ (v) =
κ

2
Ex[p(0 | x)p(1 | x)]∇v∥µ1(v)−µ0(v)∥2+

κ

2

(
µ1(v)−µ0(v)

)⊤(
∆1(v)−∆0(v)

)
.

Finally, using the logistic form of the posterior under the shared-κ vMF model,

1

2
Ex[p(0 | x)p(1 | x)] = Ex

 exp
{
κ
(
µ0(v) + µ1(v)

)⊤
fθ,v(x)

}
2
(∑

c∈{0,1} exp{κµc(v)
⊤fθ,v(x)}

)2


=
1

8

(
1− Ex

[
tanh2

(κ
2

(
µ1(v)− µ0(v)

)⊤
fθ,v(x)

)])
,

(27)

which yields

∇vJ (v) = κ ω̄(v)∇v∥µ1(v)− µ0(v)∥2 +
κ

2

(
µ1(v)− µ0(v)

)⊤(
∆1(v)−∆0(v)

)
.

This decomposition shows that the population gradient combines a global separation term and a
residual alignment term, which together promote improved class separability.

H.2 Distribution Shift on Two Types of Errors

In practice, the deployment distribution may differ from the source distribution used for training and
calibration. We consider this mismatch as a distribution shift between the source and deployment
distributions. In this section, we quantify its impact via a Wasserstein perturbation and study how it
affects Type I error control.
Assumption 4. We denote by Pc the source distribution of class c used for training and calibration,
and by P̃c the corresponding class-conditional distribution under deployment. Assume there exists a
constant E > 0 such that, for a fixed representation map fθ,v : X → Sd−1, the following holds for
each class c ∈ {0, 1}:

W1

(
(fθ,v)#Pc, (fθ,v)#P̃c

)
≤ E ,

whereW1(µ, ν) := infγ∈Π(µ,ν) E(z,z̃)∼γ [∥z − z̃∥] denotes the 1-Wasserstein distance on Sd−1, and
(fθ,v)#Pc denotes the pushforward measure of Pc under fθ,v.
Proposition H.2. Suppose Assumption 4 holds. For any δ ∈ (0, 1), with probability at least 1−δ over
the randomness of training and calibration samples, the Type-I error under the shifted distribution
P̃0 satisfies

P̃0

(
Ŝt(X) ≥ τ̂α,t

)
− α ≤ inf

ε>0

√ log(2/δ)

2n2
+

1

n2
+ P0

(
τ̂α,t − ε ≤ Ŝt(X) < τ̂α,t

)
+

2κE
ε

 ∧ 1.

The Type-II error under the shifted distribution P̃1 satisfies

P̃1

(
Ŝt(X) < τ̂α,t

)
≤ inf

ε>0

(
P1

(
Ŝt(x) < τ̂α,t + ε

)
+

2κE
ε

)
∧ 1.
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Proposition H.2 characterizes how the Type-I and Type-II errors depend on the magnitude of the
distribution shift E . When E = 0, the bounds recover the in-distribution guarantees in Theorem 3.1.
When E > 0, both errors incur an additional penalty that scales with E , reflecting performance
degradation under shift. The parameter ε captures a trade-off between the local probability mass near
the threshold and the shift-induced error. Overall, the result indicates that the proposed method is
robust to moderate shifts, while its performance degrades gracefully as the distribution shift increases.

Proof of Proposition H.2. For simplicity of notation, we drop the time index t in the proof. Let
fθ,v(x) ∈ Sd−1 denote the representation for x ∈ X . The deployed scoring function is defined
as Ŝ(x) = κ (µ̂1 − µ̂0)

⊤
fθ,v(x). Since the estimated mean directions µ̂1, µ̂0 lie on the unit

hypersphere Sd−1, by the triangle inequality, ∥µ̂1 − µ̂0∥ ≤ ∥µ̂1∥+ ∥µ̂0∥ ≤ 2. The gradient of Ŝ
with respect to the representation f is given by

∥∇f Ŝ(x)∥ = κ∥µ̂1 − µ̂0∥ ≤ 2κ. (28)

Let π ∈ Π(P0, P̃0) be the optimal coupling such that

E(X,X̃)∼π[∥fθ,v(X)− fθ,v(X̃)∥] =W1

(
(fθ,v)#P0, (fθ,v)#P̃0

)
≤ E .

For any ε > 0, we decompose the Type-I error probability under the shifted distribution as

P̃0

(
Ŝ(X̃) ≥ τ̂α

)
≤ Pπ

(
Ŝ(X̃) ≥ τ̂α, ∥fθ,v(X)− fθ,v(X̃)∥ ≤ ε

2κ

)
+ Pπ

(
∥fθ,v(X)− fθ,v(X̃)∥ > ε

2κ

)
.

(29)

For the first term on the RHS of (29), by using (28), we obtain

|Ŝ(X)− Ŝ(X̃)| ≤ 2κ∥fθ,v(X)− fθ,v(X̃)∥ ≤ ε.

Thus, Ŝ(X̃) ≥ τ̂α implies Ŝ(X) ≥ τ̂α − ε. By Theorem 3.1, we know that with probability at
least 1 − δ, over the selection of the calibration sample Scal, the empirical threshold τ̂α satisfies
P0

(
Ŝ(X) ≥ τ̂α

)
≤ α+

√
log(2/δ)/(2n2) + 1/n2. Conditioned on this high-probability event, we

have

P
(
Ŝ(X̃) ≥ τ̂α, ∥fθ,v(X)− fθ,v(X̃)∥ ≤ ε

2κ

)
≤ P0

(
Ŝ(X) ≥ τ̂α

)
+ P0

(
τ̂α − ε ≤ Ŝ(X) < τ̂α

)
.

(30)
For the second term on the RHS of (29), applying Markov’s inequality yields

Pπ

(
∥fθ,v(X)− fθ,v(X̃)∥ > ε

2κ

)
≤ 2κ

ε
Eπ

[
∥fθ,v(X)− fθ,v(X̃)∥

]
≤ 2κE

ε
.

Substituting (30) into (29), we obtain, for any ε > 0, that

P̃0

(
Ŝ(X̃) ≥ τ̂α

)
≤ inf

ε>0

α+

√
log(2/δ)

2n2
+

1

n2
+ P0

(
τ̂α − ε ≤ Ŝ(X) < τ̂α

)
+

2κE
ε

 ∧ 1.

Now we turn to the Type-II error. Let π′ ∈ Π
(
P1, P̃1

)
be the optimal coupling such that

E(X,X′)∼π′

[
∥fθ,v(X)− fθ,v(X̃)∥

]
≤ E . For any ε > 0, we have

P̃1

(
Ŝ(X̃) ≥ τ̂α

)
≥ Pπ′

(
Ŝ(X̃) ≥ τ̂α, ∥fθ,v(X)− fθ,v(X̃)∥ ≤ ε

2κ

)
≥ Pπ′

(
Ŝ(X) ≥ τ̂α + ε, ∥fθ,v(X)− fθ,v(X̃)∥ ≤ ε

2κ

)
= P1

(
Ŝ(X) ≥ τ̂α + ε

)
− Pπ′

(
Ŝ(X) ≥ τ̂α + ε, ∥fθ,v(X)− fθ,v(X̃)∥ > ε

2κ

)
≥ P1

(
Ŝ(X) ≥ τ̂α + ε

)
− Pπ′

(
∥fθ,v(X)− fθ,v(X̃)∥ > ε

2κ

)
.
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Finally, applying Markov’s inequality yields the desired lower bound

P̃1

(
Ŝ(X̃) ≥ τ̂α

)
≥ P1

(
Ŝ(X) ≥ τ̂α + ε

)
− 2κE

ε
,

which equivalently implies that the Type-II error is bounded by

P̃1

(
Ŝ(X̃) ≤ τ̂α

)
= 1− P̃1

(
Ŝ(X̃) ≥ τ̂α

)
≤ P1

(
Ŝ(X) < τ̂α + ε

)
+

2κE
ε

.

Taking the infimum over ε > 0 completes the proof.

I Broader Impacts

The proposed S2D framework contributes to improving the reliability of distinguishing LLM-
generated text from human-written text, which has implications for mitigating risks such as mis-
information, academic misconduct, and erosion of trust in digital content. By leveraging hidden
representations and providing a statistically grounded detection procedure with controlled Type-I
error, our method is particularly relevant in high-stakes scenarios where false accusations (e.g.,
misclassifying human-written text as machine-generated) carry ethical consequences. In addition, the
representation-based nature of S2D allows it to operate without requiring access to the generation
process, making it broadly applicable in real-world settings where watermarking is unavailable.

More broadly, such capabilities may influence how content is created and consumed, potentially
shaping emerging norms around disclosure and authenticity. They may also inform policy discussions
on transparency and responsible AI use, including whether and how generated content should be
labeled. Overall, advances in this area contribute to a broader effort to maintain trust, accountability,
and informed decision-making in an increasingly AI-mediated information landscape.
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