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Abstract

Large Language Models (LLMs) exhibit strong but shallow alignment: they directly
refuse harmful queries when a refusal is expected at the very start of an assistant
turn, yet this protection collapses once a harmful continuation is underway (either
through the adversarial attacks or via harmful assistant-prefill attacks). This raises
a fundamental question: Can the innate shallow alignment in LLMs be unlocked
to ensure safety at arbitrary generation depths? To achieve this goal, we propose
Any-Depth Alignment (ADA), an effective inference-time defense with negligible
overhead. ADA is built based on our observation that alignment is concentrated
in the assistant header tokens through repeated use in shallow-refusal training,
and these tokens possess the model’s strong alignment priors. By reintroducing
these tokens mid-stream, ADA induces the model to reassess harmfulness and
recover refusals at any point in generation. Across diverse open-source model
families (Llama, Gemma, Mistral, Qwen, DeepSeek, and gpt-oss), ADA achieves
robust safety performance without requiring any changes to the base model’s
parameters. It secures a near-100% refusal rate against challenging adversarial
prefill attacks ranging from dozens to thousands of tokens. Furthermore, ADA
reduces the average success rate of prominent adversarial prompt attacks (such as
GCG, AutoDAN, PAIR, and TAP) to below 3%. This is all accomplished while
preserving benign utility with minimal over-refusal and maintaining resilience even
after the base model undergoes subsequent instruction tuning.

1 Introduction
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Figure 1: Refusal rates on AdvBench under harmful
assistant-prefill attacks. Base models (dashed lines) ex-
hibit a catastrophic drop in safety as the prefill depth
increases. In contrast, applying our Any-Depth Align-
ment (ADA) method (solid lines) restores robust, near-
100% refusal rates across all tested depths.

Large language models (LLMs) are rapidly
evolving from research prototypes [1–4] into
powerful agents capable of tackling complex
real-world problems [5, 6]. This leap in capa-
bility presents a critical safety challenge due to
their dual-use nature: the same advanced rea-
soning [7–10] that enables an LLM to write se-
cure code can also be repurposed to discover
and weaponize software vulnerabilities. De-
spite significant alignment efforts, safety mech-
anisms remain brittle and are systematically by-
passed by diverse attacks, including adversarial
prompts [11, 12], prefill attacks [13], and super-
vised fine-tuning (SFT) attacks [14, 15]. Build-
ing truly robust systems requires first diagnosing
the fundamental vulnerabilities in current align-
ment.
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Figure 2: Overview of the Any–Depth Alignment (ADA) mechanism. (Top Left) Without ADA, a model
that starts generating harmful content will typically continue to do so. (Top Right) ADA intervenes at a safety
checkpoint by leveraging model’s own alignment. (a) ADA-Rethinking (ADA (RK)) re-injects the header
to trigger a refusal. (b) ADA-Linear Probe (ADA (LP)) achieves the same outcome more effectively and
efficiently by directly probing the strong safety signal present in the header’s hidden states with a linear classifier.

Current alignment strategies are fundamentally brittle. Most aligned LLMs rely on so-called shallow
alignment, which trains models to emit a direct refusal (e.g., “I can’t help with that.”) when presented
with a harmful query (e.g., “How to build a bomb at home?”). While this front-loaded safety is
effective against direct harmful queries, its vulnerability to adaptive adversarial attacks [12, 16]
and shallow prefills [13] is well documented. As Figure 1 confirms, a simple 25-token prefill on
AdvBench [17] causes refusal rates to collapse from �100% to below 10%, including recent models
such as gpt-oss [18].

One countermeasure is deep alignment [19], which trains models to refuse mid-stream. While this
improves robustness at shallow depths, its protection fails to generalize and it still suffers from
adversarial prompt attacks (Section 5). As our first key contribution, we systematically test this
vulnerability via deep prefill attacks: harmful assistant-prefills ranging from tens to thousands
of tokens (Section 4). Our analysis shows that deep alignment merely pushes the failure point
deeper, creating an arms race between the attack depth and the alignment depth. For example, in
Figure 1 even a strong deeply-aligned model like Claude Sonnet 4 [9] falls below 25% refusal under a
100-token prefill. Finally, while dedicated guardrail models [20–22] can be quite strong, their latency
means the flagging occurs after full generation, so harmful content may already be delivered to the
client before it is blocked.

From Rethinking to Any-Depth Alignment. Aligned chat models inherently know when their
continuation is harmful, even under adversarial attacks. Simple self-reflection prompts (e.g., “Is
your previous response harmful?”) often elicit an admission [23], showing that strong safety signals
exist but remain locked within the decoding trajectory. Tokens in the chat template, most notably the
assistant header, can surface this latent safety assessment when injected mid-stream. We call such
tokens Safety Tokens, since they expose the model’s internal safety judgment. Injecting them abruptly
triggers the model to rethink its trajectory and refuse (Figure 2), reactivating its inherent alignment at
any depth. We operationalize this mechanism as Any-Depth Alignment–Rethinking (ADA (RK)), a
training-free, inference-time intervention. The stronger the base model’s alignment, the more reliably
ADA (RK) unlocks it; for instance, ADA (RK) restores Claude Sonnet 4’s refusal rate to over 95%
under deep prefill attacks, even with 500-token prefills (Figure 1).

Safety Tokens Unlock Innate Alignment. The observed “rethinking” behavior shows that signals of
harmfulness are already encoded in the model’s hidden states during harmful generation, but under
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ordinary decoding they remain locked. Injecting Safety Tokens (e.g., the assistant header) acts as a
key that unlocks this latent safety assessment, making it cleanly separable in the Safety-Token hidden
states (Section 2). These tokens function as aggregators, concentrating distributed evidence from
the preceding context and surfacing the model's safety judgment to trigger refusal. Building on this
property, we introduce ADA–Linear Probe (ADA (LP)): a lightweight check that performs a single
forward pass over Safety-Token hidden states and applies a simple linear classi�er to halt harmful
continuations. By leveraging the model's own internal assessment, ADA (LP) achieves near-100%
refusal under deep pre�lls across open-source models (Figure 1), with greater ef�ciency and lower
memory cost than external guardrails; the base model effectively serves as its own guardrail, requiring
no auxiliary models or weight updates. Our contributions are summarized as follows:

1. New Alignment Failure with Deep Pre�lls. We introduce the concept of deep pre�ll attacks (Sec-
tion 4) to systematically test whether models learn a generalizable concept of harmfulness beyond
a �xed depth. We show that current alignment strategies fail this test, with refusal rates collapsing
even for strongly deep-aligned models like Claude Sonnet 4.

2. “Rethinking” Generation (ADA (RK)). Re-injecting Safety Tokens mid-stream triggers a robust
rethinking behavior that restores refusals. This generative defense is training-free and performs on
par with, and often better than, deep alignment and self-re�ection baselines.

3. Unlocking Deeper Innate Alignment (ADA (LP)). We trace the rethinking phenomenon to
the Safety Tokens whose hidden states are highly separable for harmful content. By leveraging
this, ADA (LP) is: (a) Effective, achieving near-100% refusal against deep pre�lls (Section 4)
and reducing adversarial success from> 50% to < 3% (Section 5); (b) Precise, with minimal
over-refusal on benign tasks (Section 7); and (c) Robust, maintaining performance even when the
base model is �ne-tuned (Section 6).

4. A General Phenomenon Across Diverse LLMs. The unlocking effect is ubiquitous: Safety
Tokens related to the assistant header consistently expose a strong, linearly separable harmfulness
signal across model families (Llama, Qwen, Mistral, Gemma, DeepSeek variants, gpt-oss),
parameter scales, and core designs (dense, Mixture-of-Experts, and reasoning-centric).

2 Unlocking Innate Safety Alignment to Any-Depth Alignment
Before presenting Any-Depth Alignment (ADA), we de�ne some useful notation and outline observa-
tions, which motivate the development of ADA. Notation: De�ne generation depthd as the number
of assistant tokens generated after the user prompt;d=0 immediately follows the prompt. Safety
Tokens are tokens whose hidden states carry strong internal safety signals, by default assistant-header
tokens, which expose the model's own safety assessment, distinct from their normal templating role.

2.1 Innate Safety

The assistant header is the sequence of tokens bridging user prompts and the assistant's response
(e.g., <|eot id|><|start header id|>assistant<|end header id|>nnnn for Llama-3.1). Prior
work has shown that aligned LLMs exhibit refusal signals at this header when the prompt itself
is harmful [24, 25]. We uncover an even stronger and previously overlooked property: the safety
signal embedded in the assistant header is not con�ned to the beginning of generation, but can be
re-triggered at any point during the generation process. In particular, re-injecting the assistant header
mid-generation, even after a jailbreak has induced harmful content, reactivates the model's refusal
behavior (Figure 2). This demonstrates that the model's innate safety understanding, anchored to
the assistant header tokens, and persists throughout the generation process. As a result, harmful
generations can be halted at arbitrary depth by streaming-time header insertion, effectively extending
alignment from the prompt stage to any depth. These �ndings give rise to four natural questions:

Q1: Why re-injection works: Why does re-injecting the assistant header mid-generation trigger
stronger refusals than relying on prompt-only checks?

Q2: Probe on assistant header: Why probe the hidden states at injected assistant headers rather than
track the evolving states of generated content tokens [26, 27]?

Q3: Internal safety representation: Do the header tokens themselves encode safety signals that are
linearly separable and thus easily detectable?

Q4: Alternate choice of tokens: Are there alternative injected tokens that carry safety signals as well
the assistant header?
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Figure 3: t-SNE of hidden states across depths (Llama-3.1-8B-Instruct, layer 15). As generation
depth increases, features from injected Safety Tokens (bottom) – where we read the hidden state of
the assistant token from the assistant header – become highly separable, while those from the last
generated token (top) remain entangled. This indicates that the model's internal safety awareness
strengthens with context but is cleanly revealed only via Safety Tokens. The accuracy shown in each
panel is from a linear classi�er trained on the 2D embeddings.

Safety Awareness Increases with Generation Depth (Q1, Q2). To answer Q1, Q2 we �rst study
how safety signals evolve with depth. To do this, we collect benign and harmful continuations
from WildChat [28] and WildJailbreak [29]. Our corpus contains 20k/2k (10k/1k) benign (harmful)
conversations (train/val). For a given model and layer, we sample multiple depths and extract two
feature types: (i) the hidden state of the last generated token at that depth, and (ii) the hidden state of
a token within a injected assistant header (Safety Tokens).

As shown in Figure 3, hidden states atd=0 (immediately after the prompt) are entangled. This
clari�es (a) why adversarial prompt attacks can succeed; they exploit this early ambiguity and, once
a harmful trajectory begins, the model persist, and (b) why detectors that rely on the prompt's �nal
hidden state [25] are sometimes insuf�cient: the features remain tangled. As depth increases, however,
features anchored on injected Safety Tokens become progressively more separable, indicating that
the model's internal state increasingly recognizes harmfulness (answering Q1). In stark contrast,
features from the last generated token become more entangled and fail to form a meaningful decision
boundary, answering Q2.

Strong Linear Separability on Safety Tokens (Q3). Given the above observations, it is natural to
ask whether the separability of hidden states stemming from Safety Tokens are linearly separable
(allowing the use of a linear probe on hidden states to determine harmfulness). For each conversation
in our corpus, we truncate assistant responses to 500 tokens and sample hidden states every 25
tokens, yielding 600k/60k (train/val) examples. We train a simpleLogisticRegression classi�er;
full details appear in Section B. Our primary �nding (left panel of Figure 4) is clear: the model's
safety assessment is overwhelmingly concentrated in the injected Safety Tokens, not in the generated
tokens. Across model families and scales, linear probes on the assistant-header hidden states achieve
near-perfect validation accuracy (> 99:5%), consistently and substantially outperforming probes on
the last generated token. This gap is universal across Llama, Mistral, Gemma, DeepSeek, gpt-oss,
and others, indicating a general property of aligned chat models. These results answer Q3.

Choices of Safety Tokens (Q4). To test which tokens carry signal most strongly, we ablate the injected
span (Figure 4-right). Theassistant role token often yields the best separability—sometimes
exceeding the full header's �nal token. More generally, injecting any special token from the assistant
header (e.g.,<eot id> , <|start header id|> ) or even a singleassistant token is far more
effective than a generic token (e.g., newlinenn ). In every case, header tokens give a much clearer
signal than the last generated content token. This supports our terminology: assistant-header tokens
naturally serve as Safety Tokens, acting as powerful aggregators of safety evidence from shallow

4


	Introduction
	Unlocking Innate Safety Alignment to Any-Depth Alignment
	Innate Safety
	Any-Depth Alignment (ADA)

	Experimental Setup
	Safety Awareness at Any Depth: Adversarial Prefill Attacks
	Robustness Under Adversarial Prompt Attacks
	Robustness under Supervised Fine-Tuning (SFT) Attacks
	Evaluating Over-Refusal on Benign Tasks
	Inference Cost
	Related Work
	Conclusion
	Related Work
	Training Details on the ADA (LP)
	Refusal Activation via Transcorder
	Jailbreaking GPT via SFT
	Examples of Prefill Continuations
	Detailed Additional Results
	Detailed Results against Deep Prefill Attack
	Detailed Results against Adversarial Prompt Attack
	Robustness against SFT and Adapter Ablation
	Detailed Results on Over-Refusal Rates for Benign Datasets
	Sensitivity to Checkpoint Frequency and Decoding Parameters


