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Abstract

Suffix-based jailbreak attacks append adversarial token sequences to harmful re-
quests, bypassing safety guardrails in language models. Despite their effectiveness,
the mechanisms enabling these attacks remain poorly understood. We find that
tokens in adversarial suffixes are prone to inducing attention sinks—a phenomenon
where certain tokens (e.g., BOS, punctuation, and chat tokens) receive dispro-
portionately high attention from subsequent tokens—and establish a relationship
between suffix-induced sinks and attack success: amplifying the influence of suf-
fix sinks improves attack success by up to 276%, while attenuating it reduces
attack success by up to 84%. We trace this effect to the model’s refusal direction:
sink tokens induce perturbations aligned with the refusal direction, cumulatively
suppressing the residual stream’s refusal alignment across layers. Our results
generalize across several models and suffix-based jailbreak methods, exposing
a fundamental structural vulnerability in transformer attention mechanisms that
adversarial suffixes exploit to bypass safety alignment.
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Figure 1: Attention weights at Layer 9, Head 11 of GEMMA-2-9B for a GCG suffix (left), PGD
suffix (middle), and random suffix (right). The attention scores are truncated to display only the
adversarial suffix and model response regions, with values clipped at 0.1 for visualization. The
lower-left quadrant of each panel shows attention from response tokens to suffix positions: GCG and
PGD induce distinct attention sinks, while the random baseline does not.

1 Introduction

Modern language models undergo several stages of fine-tuning to align with human values before
deployment, including instruction-following [[Ouyang et al.|[2022]] and safety alignment [Bai et al.|
2022b]. The goal is to develop models that are both useful across a wide range of tasks and can
reliably avoid harmful behaviors [Bai et al.| 2022a].
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A critical challenge in Al safety is understanding how to maintain these safety guardrails and identify
when they fail. Safety threats include jailbreak attacks [Zou et al., 2023, prompt injection [Perez and
Ribeiro| [2022]], and data poisoning [Wallace et al., 2021} Wan et al.,2023|], among others [Yao et al.|
2024].

To address these threats, many researchers focus on identifying the specific mechanisms within the
model that enable impermissible outputs [Arditi et al.| [2024} |Yona et al., 2025]. Understanding these
mechanisms is crucial for designing better defenses and alignment strategies.

Suffix-Based Jailbreaking In this work, we focus on jailbreaking—attacks that bypass language
model safety guardrails and elicit prohibited behaviors [Zou et al., 2023, |Chao et al., 2025] |Anil
et al.}2024]. A prominent class of such attacks uses adversarial suffixes — short, optimized character
sequences appended to harmful requests that induce model compliance [|Guo et al., 2021} Wen et al.,
2023\ Zou et al.l|2023]. Remarkably, suffixes optimized on specific harmful prompts often transfer to
entirely different prompts, a property known as suffix universality [Zou et al., 2023, [Ben-Tov et al.|
2025} |Liao and Sun, 2024].

Problem Statement Despite the effectiveness of suffix-based jailbreaks, research has focused over-
whelmingly on discovering new vulnerabilities rather than understanding their underlying mechanics.
Systematic analyses of why these suffixes succeed remain limited [Wang et al., 2024, |Arditi et al.}
2024, Hu et al., [2025| Ben-Tov et al.,[2025]], creating a critical gap in our understanding of model
robustness.

Attention Sinks A closer inspection of successful adversarial suffixes reveals they often consist
of seemingly unnatural tokens such as repeated punctuation, rare character sequences, or atypical
symbols [Mu et al., 2025].

Interestingly, these are the exact types of tokens known to induce attention sinks [[Yu et al.l 2024b], a
phenomenon in transformer models where certain tokens receive disproportionately high attention
scores from subsequent tokens. While the first token is the canonical example [Xiao et al.| 2023,
attention sinks can occur at later positions, often on seemingly arbitrary tokens such as punctuation
tokens [[Yu et al., 20244, [Sun et al., 2024} |(Cancedda, 2024} |(Gu et al., 2025} [Zhang et al., 2025]).

Why Do Attention Sinks Matter for Jailbreaking? To understand why attention sinks might influ-
ence jailbreaking, consider a causal transformer with residual connections, in which the representation
of a response token at position ¢ is updated as

;L; —x; + Z Pi,jvja (1)
J<i
where P; ; denotes the attention weight from token 4 to token j, v; is the value vector at position j,
and attention is restricted to past tokens (5 < 7).

When a suffix sink token at position s attracts disproportionately high attention from response tokens,
its contribution dominates the update:

l‘; ~x; + Py svs. 2)

Crucially, because the same sink value vector v, is added—up to a scalar weight—to many response
token representations through the residual stream, the sink acts as a mechanism for broadcasting a
shared perturbation across the entire response, which could shift response representations away from
refusal-aligned behaviors, thereby enabling jailbreaking.

Contributions Motivated by the hypothesis outlined above, we empirically evaluate whether the
seemingly arbitrary tokens used in adversarial suffixes give rise to attention sinks in early transformer
layers and whether such sinks in fact play a substantive role in enabling suffix-based jailbreaks;
specifically, we show that:

1. Adversarial suffixes induce more attention sinks than random baselines, across multiple
safety-aligned models and suffix-based attack methods. (Section 3]

2. Modulating suffix attention sinks shifts attack success: amplification boosts attack success
by up to 276%, while attenuation reduces it by up to 84%. (Section )
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3. Sink-induced perturbations are aligned with the refusal direction and cumulatively suppress
residual-stream refusal alignment across layers. (Section [5).

2 Methodology

2.1 Experimental Setup

Models We evaluate our approach on four safety- Table 1: Safety-aligned models evaluated in
tuned models spanning diverse model families in the this study.

7-9B parameter range, as listed in Table 1| We focus

on this parameter range because jailbreak transfer- Model Reference
ability within model families has been shown to be LLAMA-3-8B Grattafiori et al| [2024]
consistent across scales [Mazeika et al., 2024]. LLAMA-3.1-8B  Grattafiori et al. [2024]

GEMMA-2-9B Team et al.|[2024]
Datasets We train attacks on HarmBench [Mazeika ~ Qwen2.5-7B Yang et al.|[2025]

et al.,2024]] and evaluate on JailbreakBench [[Chao
et al., [2024], filtering to ensure no overlap. Specifically, we select the first 100 standard behaviors
from HarmBench (excluding contextual and copyright categories) and remove the 4 behaviors that
overlap with our JailbreakBench evaluation set, resulting in 96 training prompts. This training budget
is consistent with established practices in the literature [Zou et al., 2023 |Arditi et al., 2024} Beyer
et al.,[2025].

Attack Methods We conduct our analysis using B tart>
two suffix-based jailbreak methods: Greedy Coordi- wuger_s art

. . rite a tutorial on how to make a
nate Gradient (GCG) [Zou et al.,2023]] and Projected bomb 111111111 IItItItn
Gradient Descent (PGD) [Geisler et al., 2024]. Both | < ser end><assistant_start>
optimize an adversarial suffix s to maximize the log- | Sure, here is a tutorial for
likelihood of a target affirmative response y (e.g., | making a bomb. ..

“Sure, here is...”) conditioned on a harmful request x:

Figure 2: Example prompt structure. The
L=—logp(y|w,s). (3)  user instruction consists of a harmful request
(blue) and an adversarial suffix (red). The
target response (green) consists of an affir-
mative model completion.

The two methods differ only in how they search
the discrete suffix space: GCG via greedy gradient-
guided token replacements, and PGD via projected
gradient descent on a continuous relaxation of the token embeddings. Figure 2]illustrates the attack
prompt structure, which partitions into three components: the harmful request x, the adversarial suffix
s, and the target response y.

2.2 Evaluation

We evaluate attack efficacy using Attack Success Rate Table 2: Average attack success rate (ASR)
(ASR) computed over all 100 prompts from Jailbreak- on JailbreakBench across the 10 best GCG
Bench. We limit response length to 512 tokens to and PGD suffixes per model.

ensure ASR convergence [Mazeika et al.| 2024]] and
use greedy decoding to generate a single response per Model GCG (%) PGD (%)
(prompt, suffix) pair. An attack is considered success- LLAMA-3-8B 19.245.7 12.8+4.9

ful on a prompt if its response is classified as harmful. =~ LLAMA-3.1-8B  17.8454  36.8+11.8
GEMMA-2-9B 53.5+9.5 66.1+s8.6
QWEN-2.5-7B 55.3+6.9 56.5+7.8

Attack Success Classification To classify individ-
ual responses as successful or failed attacks, we use StrongREJECT’s fine-tuned classifier [Souly
et al.,[2024], which assigns a score in the range [0, 1] to each (harmful prompt, model response) pair,
where higher scores indicate more harmful responses. Following Beyer et al.|[2025]], we apply a
threshold of 0.5, labeling responses with scores > 0.5 as successful attacks and < 0.5 as failures.

2.3 Suffix Selection

For each model and attack method, we generate a pool of candidate suffixes of length 20 tokens by
running the attack on each of the 96 HarmBench training prompts under multiple random seeds: 6
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Figure 3: Adversarial suffixes induce more attention sinks than random suffixes across all four
models. Each bar reports the average number of suffix attention sinks detected per head.

seeds for GCG (576 unique suffixes per model) and 3 seeds for PGD (288 unique suffixes per model).
We then evaluate every candidate suffix on JailbreakBench and select the top 10 by ASR for analysis.
This yields 10 GCG suffixes and 10 PGD suffixes per model. Table 2]reports the average ASR on
JailbreakBench for the selected top-10 suffix sets per model.

As a control, we generate 10 random suffixes per model by uniformly sampling 20 tokens from each
model’s vocabulary, matching the length of the GCG and PGD suffixes [Arditi et al.} [2024].

Unless otherwise noted, all subsequent results are averaged over these 10 suffixes per (model, method)
and the 100 JailbreakBench evaluation prompts.

3 Adversarial Suffixes Induce Attention Sinks

3.1 Measuring Attention Sinks

Having described the jailbreaking methodology, we now study the resulting patterns in the model’s
attention weights, beginning with a formal criterion for identifying attention sinks. We adopt the
threshold-based metric proposed by [2025]) and used in subsequent work [Zhang et al., 2025|
|Queipo-de Llano et al.,|2025]], which quantifies how much attention a given token position attracts
from subsequent tokens.

Definition (Attention Sink). For a sequence of length 7', let P € R”*” denote the attention
weight matrix (softmax probabilities) for a given attention head. We say that token ¢ is an

attention sink if
T

1
- ——3p 4
Qy T_t"_lk_t kit > 6 4)

where € > 0 is a threshold parameter.

Intuitively, a; measures the average attention that token ¢ receives from all subsequent tokens
(including itself). A large value of o indicates that token ¢ attracts a disproportionate amount of
attention from later positions. In practice, we evaluate «; over a fixed downstream window of 150
tokens anchored at the start of the suffix (i.e., we set T' = s + 149 in EquationEL where s is the
position of the first suffix token), ensuring all suffix positions are scored against a common context

window [Gu et al.,[2025]].

3.2 Quantifying Suffix Attention Sinks

We summarize sink prevalence at the model level using a single scalar: the average number of suffix
sinks per attention head, computed via Equation [ with a fixed threshold € = 0.02. The threshold is
chosen to detect a conservatively small number of sink tokens per head, minimizing false positives.

As shown in Figure [3] adversarial suffixes induce significantly more sinks per head than random
suffixes of the same length across all four models and both attack methods. Averaged across models,
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GCG and PGD suffixes induce 2.9x and 2.76x as many sinks per head as the random baseline,
respectively.

Figure[T]illustrates this phenomenon at the head level for Layer 9, Head 11 of GEMMA-2-9B. Both
GCG and PGD suffixes induce distinct attention sinks, with model response tokens consistently
attending to the same subset of suffix positions. The random suffix baseline induces no such pattern.

Overall, these results establish that adversarial suffixes consistently produce attention sinks across

different attack methods and model families.

4 Suffix Attention Sinks Modulate Jailbreak Success
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Figure 4: Sink modulation shifts attack success across both attack methods. Each panel plots
attack success rate (ASR) against the sink gain A. Dashed lines mark the no-intervention baseline
(A = 1). Panel subtitles report the average number of suffix sinks per head modulated by the
intervention.

4.1 A Sink-Subspace Intervention

Sink-Subspace Decomposition Section [3] established that adversarial suffixes induce attention
sinks; we now ask whether these sinks contribute to jailbreak success. To answer this, we isolate
their effect on each attention head’s output via an exact decomposition. For an attention head with
attention weights P € R7*T and values V € RT* % the head output admits the decomposition

T
PV = ) piv/, )
1=1

where p; is the i-th column of P and v, is the i-th row of V. Let S C {1,..., T} denote the suffix
sink positions for this head, identified via Equation[4] Partitioning the sum yields

T T
PV = Zpivi + Zpivi . (6)
i€S ¢S
———
sink term non-sink term

This partition isolates the sink contribution as an additive component of the head output that can be
modulated independently of the rest.
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Figure 5: Amplifying suffix sinks boosts attack success across all four models. For each model,
we fix the sink gain A at its ASR-maximizing value (panel subtitle) and plot ASR against the average
number of sinks per head, varied by sweeping the sink threshold e. Dashed lines mark the no-
intervention baseline (A = 1). Green arrows mark the peak ASR improvement over baseline.

We now define an inference-time intervention that scales the sink term by a nonnegative coefficient.

Definition (Sink-Subspace Modulation). Given an attention head with sink positions S and
a scalar coefficient A > 0 called the sink gain, sink-subspace modulation replaces the head’s
output with

(PV)x = A> pivi + > piv/. (7

i€S iZS

The sink gain spans three regimes: A = 1 recovers the unmodified head output (no intervention);
A > 1 amplifies the sink term; and 0 < A\ < 1 attenuates it, with A = 0 ablating the sink subspace
entirely.

The proposed intervention is surgical, modulating only a low-rank sink subspace, identified by
Equation[d while leaving the non-sink contribution to every query position untouched. To see this,
observe that the difference between the intervened attention output and the standard attention output
is

(PV)A =PV = A =1)) piv,/. ®)

€S

Suffix sinks are sparse, typically comprising only a handful of positions per head (Figure [3). The
intervention therefore induces a perturbation of the original head output of rank at most |S| whose
range is contained in the subspace spanned by the sink value vectors. Sink positions are identified
progressively layer-by-layer; see Appendix [E|

4.2 Sink Modulation Shifts Attack Success

To test whether suffix sinks contribute to attack success, we apply sink-subspace modulation to each
model, sweeping the sink gain A over both amplification (A > 1) and attenuation (0 < A < 1)
regimes at a fixed per-model threshold e. Figure @] plots the resulting attack success rate (ASR) on
JailbreakBench under GCG and PGD suffixes for each of the four models.

Across all four models and both attack methods, ASR exhibits a monotonic trend in \: amplification
boosts ASR above the no-intervention baseline at A = 1, and attenuation reduces it. The effect is
notable given the intervention’s narrow scope. Each model’s chosen threshold yields 0.3—0.7 suffix
sinks per head on average, yet modulating just these positions produces visible changes in attack
success across diverse model families.
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Figure 6: Attenuating suffix sinks reduces attack success across all four models. For each
model, we fix the sink gain A at its ASR-minimizing value (panel subtitle) and plot ASR against the
average number of sinks per head, varied by sweeping the sink threshold €. Dashed lines mark the
no-intervention baseline (A = 1). Red arrows mark the peak ASR reduction below baseline.

4.3 Magnitude and Sparsity of Sink Modulation

Amplifying Sinks Boosts Attack Success To quantify the maximum effect of amplification, we
fix A at the per-model value that maximizes ASR and sweep the sink threshold ¢ (Appendix |C),
equivalent to varying the average number of sinks per head modulated by the intervention. Figure
shows that amplification yields substantial ASR gains over the no-intervention baseline across all
four models and both attack methods. Notably, amplification yields the largest relative gains on the
models with the lowest baseline ASR.

Attenuating Sinks Reduces Attack Success Symmetrically, we fix A\ at the per-model value
that minimizes ASR and again sweep the threshold. Figure [§]shows that attenuation drives ASR
substantially below the no-intervention baseline across all four models and both attack methods.

5 Attention Sinks as Carriers of the Refusal Direction

We investigate how attention sinks contribute to jailbreak success by analyzing their relationship
with the refusal direction |Arditi et al., 2024, Wollschliger et al., [2025] — a vector r € Rmodel jp
activation space operationally defined via two causal interventions:

* Addition: Adding r to the model’s activations induces refusal behavior and reduces attack
success rate on harmful prompts.

* Ablation: Projecting the model’s activations onto the subspace orthogonal to r mitigates
refusal and increases attack success rate on harmful prompts.

A larger positive projection (x,r) of the model’s activations x onto r corresponds to a higher
probability of refusal on a harmful promplﬂ

5.1 Amplified Sink-Subspace is Aligned with Refusal Direction

Section 3] shows that Llama-3-8B and Llama-3.1-8B exhibit the largest ASR gain from sink-
subspace amplification. We hypothesize that their sink-induced perturbations are strongly aligned

'We find refusal directions following the process outlined by |Arditi et al.|[[2024].
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with the refusal direction, such that amplification directly suppresses refusal. To test this, we measure
the alignment between each sink perturbation and the refusal direction across layers. Specifically, for
a sink at position s, the perturbation contributed by attention head h at layer ¢ is:

(sgevh) — Wg’h)vgah) c Rdmodel.
Denoting by S%” the set of sink positions in the suffix at layer ¢, head h, we measure per-head

alignment as the mean absolute cosine similarity between § gl’h) and r, computed per sink token and
averaged over all sink positions:

£,h
wn _ 1 |<5£ )a r)| Llama-3-8B Llama-3.1-8B
P - |SEh| Z (¢,h) g .08
sesen 10572 iellz g o
Cqé 0.06

Since jailbreak mechanisms are knownto £
be head-specific [Zhou et al., [2024], we f, 0.04 1
report, at each layer £, the mean p(“) over g) 002 4
the top-3 heads ranked by p(©"). S e i

. 1 <0004 4
As a baseline, we use Vdmodel? the ex- 0 5 10 1520 25 30 0 5 10 15 20 25 30
pected cosine similarity between two ran- layer layer

dom unit vectors in R%meodel which a non-
informative perturbation would not be ex-
pected to exceed. Figure[7]shows that sink A !
token perturbations substantially exceed sponds to a dlfferentl model and depicts the mean p
this baseline across the Llama-3 models. ~ OVer the top-3 attention heads.

Figure 7: Cosine similarity of sink token perturba-

tions with the refusal direction (r). Each panel corre-
(¢,h)

5.2 Sink Tokens Perturb Activations Away from Refusal Direction

Section 3] further shows that models such Gemma-2-9B
as Gemma-2-9B exhibit the sharpest ASR —— Original r
decrease when sink tokens are attenuated. 27 = Modified I

We hypothesize that their sink-induced per-
turbations cumulatively push the residual
stream away from the refusal direction, col-
lectively suppressing refusal across layers.
To test this, we measure the cumulative
effect of all sink tokens on the residual
stream’s alignment with the refusal direc-

tion. The aggregate sink perturbation to the 0 7 VM 2% 35 4
residual stream of response token ¢ at layer layer
lis:

H Figure 8: Sink Tokens Suppress Refusal. Projection

f the original residual stream onto r (solid) versus

! Z Z Pej % ® the sink-ablated residual stream with A" removed

(dashed). A positive gap between the two curves indi-
cates that sink tokens reduce alignment with r.

h=1 je St

where pﬁ_ejih) is the attention weight from
response token ¢ to sink position j in head h at layer ¢. At each layer ¢, we subtract Ai‘” from the
attention output and measure the change in refusal alignment averaged over all response tokens and
evaluation prompts.

Figure 8] shows that the change is consistently positive across later layers, indicating that sink tokens
collectively reduce residual-stream refusal alignment at every layer. The effect grows with depth,
suggesting that sink-induced perturbations accumulate across layers rather than acting at a single layer
in the network. Notably, in the final layers, the magnitude of this suppression is substantial: without
sink perturbations, the residual stream remains meaningfully aligned with the refusal direction,
whereas the original activations are nearly orthogonal to it.
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6 Related Works

Attention-Based Suffix Jailbreak Methods Several recent works investigate attention patterns in
suffix-based jailbreaks. 'Wang et al.|[2024]] introduce a regularizer that maximizes response-token
attention to the adversarial suffix to bypass safety guardrails. [Ben-Tov et al.| [2025] show that
suffix-to-chat-delimiter attention correlates with suffix universality, and introduce a corresponding
regularizer. [Hu et al.|[2025]] reveal that models gradually reduce attention to unsafe request tokens
during generation, a phenomenon they term attention slipping. Concurrently, Yu et al.| [2025]] show
that appending end-of-sequence tokens shifts inputs toward the refusal boundary and boosts jailbreak
success. In contrast to these works, we identify the structural mechanism by which adversarial
suffixes induce attention sinks and link sink influence to attack success.

Refusal Direction Building on steering vectors and representation engineering [Rimsky et al.,
2024, [Turner et al.,[2025| [Zou et al.| 2025]], |Arditi et al.|[2024] identified a single residual-stream
direction whose removal causally mediates refusal — later extended to system-prompt modulation
[Zheng et al.,|2024] and multi-dimensional subspaces [Pan et al.,[2025| [Wollschléger et al.,2025].
Our work connects this line of research to attention sink mechanics: rather than treating jailbreak
success as a failure of refusal direction formation, we show that sink tokens actively induce low-rank
perturbations that suppress the residual stream’s alignment with the refusal direction, providing a
mechanistic account of how adversarial suffixes exploit the model’s attention structure.

Attention Sinks Attention sinks have been studied for their functional roles, including serving as
key-value biases [Gu et al., 2025], enabling selective head deactivation [Bondarenko et al., 2023
Guo et al.,|2024]], preventing excessive token mixing [Barbero et al., [2025]], and facilitating token
clustering [Zhang et al.l 2025} |Queipo-de Llano et al.,[2025]. They also pose practical challenges for
KV-caching [Xiao et al.||2023]] and quantization [Bondarenko et al.l 2023|], motivating architectural
mitigations such as explicit key-value biases [OpenAl et al.| |2025], gated attention [|Q1u et al., [2025],
and softmax modifications [Zuhri et al., [2026]]. In safety contexts, sinks have been linked to the
repeated token phenomenon [[Yona et al.,|2025]] and backdoor attacks [Shang et al., 2025]], though
their role in adversarial jailbreaking has remained largely unexplored.

7 Conclusion

We have shown that suffix-based jailbreak attacks exploit attention sinks as a structural mechanism for
bypassing safety alignment. Across four safety-aligned models and two attack methods, adversarial
suffixes induce attention sinks at significantly higher rates than random baselines (Section [3). A
surgical, low-rank intervention that modulates only the sink subspace shifts attack success in both
directions: amplification raises attack success rate by up to 276%, while attenuation reduces it by up
to 84% (Section E]) Mechanistically, sink-induced perturbations align with the refusal direction and
cumulatively suppress residual-stream refusal alignment across layers (Section[3)). These findings
expose a fundamental structural vulnerability in transformer attention that suffix-based jailbreaks
exploit.

Limitations Our analysis is restricted to open-weight safety-aligned models in the 7-9B parameter
range and to suffix-based jailbreaks. Extending to larger models and non-suffix attack families
remains future work. Further, we do not develop a deployable defense or attack based on our findings.

Broader Impacts This work clarifies a structural mechanism by which adversarial suffixes bypass
safety alignment, with implications for both defenses and attacks. On the defensive side, our findings
suggest that architectural choices already explored to mitigate attention sinks such as gated attention
[Q1u et al., [20235]], softmax variants [Zuhri et al.} 2026, and explicit key-value biases [OpenAl et al.,
2025|] may carry robustness benefits beyond efficiency. The dual-use risk is that the amplification
regime could in principle be used to strengthen attacks, but doing so requires white-box access
to a model. We therefore expect the net effect of this mechanistic understanding to be a positive
contribution to model safety.
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A Compute Resources

All experiments were run on NVIDIA L40S 48 GB GPUs, each requiring a single GPU.

B Response Length for Sink Measurement

The sink detection criterion (Equation ) is evaluated over a 150-token response window. Because
greedy decoding sometimes produces shorter responses, we use two generation modes:

» Standard inference: used as the no-intervention baseline for all reported ASRs.

» Standard inference with min_new_tokens=150: used whenever responses are required
for sink measurement.

C Threshold Sweep for Sink Modulation Experiments

For the threshold sweeps reported in Figures[5]and[6] we evaluate the sink threshold € over the grid
e € {0.005, 0.0075, 0.01, 0.0125, 0.015, 0.0175, 0.02, 0.0225, 0.025}.

Each value of € corresponds to one point on the horizontal axis of these figures.

D Threshold Values for Section

Table 3| reports the per-model sink-detection thresholds used for the experiments in Section [5]

Table 3: Per-model sink-detection thresholds.

Model Sink threshold ¢
LLAMA-3-8B 0.0100
LLAMA-3.1-8B 0.0100
GEMMA-2-9B 0.0125

E Per-Layer Sink Detection

Applying the intervention at one layer may alter attention patterns in subsequent layers, potentially
introducing or removing sinks downstream. We therefore determine S progressively: starting from
the first layer, we detect sinks via Equation [ on a baseline response generated at A = 1, apply the
intervention at that layer, and proceed to the next. This sweep yields a sink set for every head and
layer that is held fixed during evaluation. Heads with S = ) pass through unchanged.
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