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Abstract001

Large language models (LLMs) are trained un-002
der the next-token prediction paradigm. How-003
ever, recent studies show that their hidden states004
encode information about future outputs be-005
yond the next token, also known as planning.006
In this work, we study planning from a safety007
perspective and examine whether LLMs pos-008
sess refusal planning in scenarios involving009
refusal. We probe the hidden states of the010
model and our results reveal that well-formed011
refusal planning exists in both safety-aligned012
chat models and unaligned base models. De-013
spite this internal capability, both the chat and014
base models exhibit a gap between their plan-015
ning and behavior, a phenomenon we term016
silent refusal planning. We show that safety017
alignment vulnerabilities across multiple se-018
curity scenarios—including malicious instruc-019
tions, over-refusal, jailbreak attacks, and the020
absence of chat templates—may be associated021
with silent refusal planning. To mitigate these022
vulnerabilities, we propose a heuristic that con-023
verts internal refusal planning into explicit re-024
fusal behavior. Experimental results indicate025
that leveraging the inherent safety capabilities026
of LLMs substantially improves safety and ro-027
bustness, reducing attack success rates by up to028
around 80% in jailbreak settings.029

1 Introduction030

The prevailing large language models031

(LLMs) (Grattafiori et al., 2024; Yang et al.,032

2024; Jiang et al., 2023) predominantly adopt the033

Transformer decoder architecture and follow the034

autoregressive next-token prediction paradigm035

during the pre-training phase (Bachmann and036

Nagarajan, 2024; Belrose et al., 2023). Pre-trained037

base models, once aligned through methods such038

as reinforcement learning from human feedback039

(RLHF) (Ouyang et al., 2022; Bai et al., 2022a)040

and supervised fine-tuning (SFT) (Wei et al.,041

2022), can reject malicious inputs and respond042

appropriately to benign ones.043
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Figure 1: An illustration of silent refusal planning in
LLMs. LLMs generate a hidden state H l

p of a malicious
prompt p at each layer. We trained a probe model at
each layer to detect whether H l

p encodes refusal plan-
ning. We reveal that while the model produces explicit
refusal planning at intermediate layers (with a refusal
probability around 95%), the response of the model does
not generate refusal responses.

Recent research (Wu et al., 2024; Men et al., 044

2024a; Dong et al., 2025) indicates that LLMs en- 045

code global attributes about future outputs beyond 046

the next token, also known as planning. However, 047

it remains unclear whether similar planning mech- 048

anisms arise in safety-related scenarios such as 049

refusal. From a safety behavior perspective, Qi 050

et al. (2025) reveal that current safety alignment 051

remains shallow because the safety behavior relies 052

heavily on the few initial output tokens and can 053

therefore be easily disrupted by simple prefill at- 054

tacks. These observations naturally lead to a central 055

question: Do LLMs engage in deep internal refusal 056

planning where refusal is expected, even if their 057

safety-aligned behavior is shallow? 058

To investigate this question, we probe the hidden 059

states of LLMs in scenarios where a refusal is ex- 060

pected, such as in response to malicious prompts or 061
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when asked to provide specialized financial, legal,062

or medical advice. Our probe results show that063

the chat models exhibit accurate refusal planning064

before any output tokens are generated. Surpris-065

ingly, we also observe sound refusal planning in066

the base models and the chat models subjected to a067

jailbreak attack even though they typically fail to068

generate refusal responses. We refer to this gap to069

map refusal planning to behavior as silent refusal070

planning, as illustrated in Figure 1.071

In this work, we extend the concept of the shal-072

low safety alignment (Qi et al., 2025) and provide073

interpretable insights by revealing the presence of074

silent refusal planning. We are motivated by the075

fact that the amount of data used in pre-training076

far exceeds that used in alignment. This suggests077

that unaligned models may already learn substan-078

tial semantic and normative cues that could support079

meaningful refusal planning. However, we argue080

that current safety alignment methods fail to ef-081

fectively bridge the gap between refusal planning082

and actual behavior, leaving LLMs vulnerable to083

jailbreak attacks (Carlini et al., 2023) and prone to084

over-refusing benign inputs (Röttger et al., 2024;085

Shi et al., 2024; Zhang et al., 2025). Moreover,086

we observe that the safety behavior of chat models087

depends heavily on the use of chat templates. The088

safety alignment of the model can deteriorate sub-089

stantially when chat templates are not applied as090

expected, which is similar to the findings of Jiang091

et al. (2025). We therefore characterize shallow092

safety alignment as a broader phenomenon that in-093

cludes jailbreak vulnerability, over-refusal, and the094

reliance on chat templates.095

Based on the above analysis, we demonstrate096

that converting latent refusal planning into actual097

behavior can substantially reduce jailbreak attack098

success rates and mitigate the reliance on chat tem-099

plates in chat models. This approach also enables100

the base model to achieve safety performance com-101

parable to, or even surpassing, aligned chat models102

without extensive alignment datasets and costly103

training. In summary, our main contributions are104

as follows:105

• We demonstrate that both base models and106

chat models exhibit refusal planning and re-107

veal the gap between planning and behavior.108

To the best of our knowledge, we are the first109

to formally define and characterize silent re-110

fusal planning in LLMs.111

• We supplement the concept of shallow safety112

alignment, conduct an in-depth analysis of 113

the shortcomings of current safety alignment, 114

and provide novel interpretable insights by 115

revealing silent refusal planning. 116

• We propose a simple yet effective heuristic 117

that demonstrates how leveraging inherent ca- 118

pabilities of LLMs can improve safety and 119

robustness across multiple safety-critical sce- 120

narios. 121

2 Related work 122

2.1 Safety alignment and refusal calibration. 123

Large language models (LLMs) are commonly 124

trained via instruction following and reinforcement 125

learning from human feedback (RLHF) to refuse 126

malicious instructions while complying with be- 127

nign ones (Ouyang et al., 2022; Bai et al., 2022a,b). 128

Despite these efforts, jailbreak attacks can still reli- 129

ably elicit unsafe outputs from aligned models (Car- 130

lini et al., 2023; Perez et al., 2022). Recent bench- 131

marks such as XSTest (Röttger et al., 2024) and 132

OR-Bench (Cui et al., 2024) observe that the model 133

exhibits over-refusal of benign queries. These phe- 134

nomena suggest that refusal calibration remains a 135

persistent challenge for safety-aligned LLMs (Wei 136

et al., 2023). Existing work (Lin et al., 2024; Qi 137

et al., 2025) suggests that safety alignment in large 138

language models may primarily affect surface-level 139

behaviors rather than deeper internal representa- 140

tions. Building on this line of work, we inves- 141

tigate where refusal decisions are formed within 142

the model and show that safety alignment does 143

not fully translate internal refusal planning into ob- 144

servable refusal behavior, giving rise to the silent 145

refusal planning. 146

2.2 Hidden State Probing and Response 147

Planning 148

Recent work examines internal representations of 149

LLMs to understand how safety judgments and 150

planning are encoded in hidden states. Zhou et al. 151

(2024) shows that pre-trained models already sepa- 152

rate benign and harmful prompts before alignment. 153

Zhao et al. (2025) suggests that harmfulness and 154

refusal are separable in the hidden state of LLMs. 155

Wu et al. (2024) examine how decision-relevant sig- 156

nals emerge during generation. Men et al. (2024b) 157

extend these findings to structured planning tasks, 158

such as Blocksworld, suggesting that LLMs can 159

consider multiple planning steps beyond immedi- 160

ate token prediction. More recently, Dong et al. 161

2



(2025) formally define response planning in LLMs162

and demonstrate that hidden states encode global163

attributes of future responses. Our work is closely164

related to this planning perspective but we focus on165

safety-critical scenarios. We show that safety align-166

ment does not consistently translate well-formed167

refusal planning into refusal behavior, leading to168

the phenomenon of silent refusal planning.169

3 Silent refusal planning in LLMs170

In this section, we first provide the formal defini-171

tions of the concepts used in this paper, along with172

the models and metrics employed, to ensure clearer173

and more concise exposition in the following sec-174

tions (Section 3.1). Subsequently, we explain how175

probe techniques can be used to detect refusal plan-176

ning within LLMs and demonstrate the existence of177

refusal planning (Section 3.2). Finally, we analyze178

the gap between refusal planning and refusal behav-179

ior, namely silent refusal planning (Section 3.3).180

3.1 Preliminary181

Notations. We use πbase to denote the un-182

aligned pre-trained model and πaligned to denote183

its aligned chat variant. Given a prompt p, the184

model π tokenizes it into (t0, t1, . . . , tn−1) and185

maps each token to an embedding sequence x =186

(x0, x1, . . . , xn−1), xi ∈ Rdmodel . Subsequently, the187

embedding sequence is processed by the L-layer188

transformer, where each layer applies attention189

and MLP transformations to produce hidden states190

h(l)(x). The computation at layer l follows:191

h̃(ℓ)(x) = h(ℓ−1)(x) + Attn(ℓ)
(
h(ℓ−1)(x)

)
, (1)192

h(ℓ)(x) = h̃(ℓ)(x) + MLP(ℓ)
(
h̃(ℓ)(x)

)
, (2)193

where h(ℓ) denotes the hidden states at layer ℓ.

Models Parameters Layers Hidden Size

Llama-3 8B 32 4096
Llama-2 7B 32 4096
Qwen2 7B 28 3584
Mistral-v0.3 7B 32 4096

Table 1: Details of the employed LLMs, where base and
chat models differ only in alignment.

194
Models and metrics. We employ base and chat195

variants of four widely used LLMs, including196

Llama-3 (Grattafiori et al., 2024), Llama-2 (Tou-197

vron et al., 2023), Qwen2 (Yang et al., 2024) and198

Mistral (Jiang et al., 2023), and the details are199

shown in Table 1. We employ the refusal rate to 200

evaluate the proportion of the refusal responses 201

among all responses. In the presence of adversarial 202

attacks that introduce harmful outputs, we refer to 203

it as the Attack Success Rate (ASR). 204

3.2 Probing refusal planning in LLMs 205

Training probes. Our probe model employs a 206

simple three-layer MLP architecture. For each 207

layer, we extract the hidden state h(ℓ)(xi) of the 208

final input token (i.e., i = n − 1), as it integrates 209

all preceding context, making it suitable for prob- 210

ing refusal planning. We train a layer-wise probe 211

pϕℓ
: Rd → [0, 1] as a binary classifier: 212

pϕℓ

(
h(ℓ)(x)

)
= σ

(
w⊤
ℓ h

(ℓ)(x) + bℓ

)
, (3) 213

where σ(·) is the sigmoid function and y ∈ {0, 1} 214

is the dataset-provided refusal label. The probe is 215

learned by minimizing the empirical binary cross- 216

entropy: 217

ϕ̂ℓ = argmin
ϕℓ

E(x,y)∼D

[
− y log pϕℓ

(
h(ℓ)(x)

)
− (1− y) log

(
1− pϕℓ

(
h(ℓ)(x)

)) ]
.

(4) 218

We employ the ground-truth labels of the prompts 219

as training supervision. These labels are indepen- 220

dent of the model outputs and therefore reflect 221

whether the LLM internally recognizes that a re- 222

fusal is appropriate, regardless of whether it actu- 223

ally produces a refusal. Probes trained with this 224

supervision enable the detection of latent refusal 225

planning, even when this intent is not expressed in 226

the generated output. 227

Decoupling harmfulness and refusal. We note 228

that harmfulness and refusal are often tightly en- 229

tangled, making it difficult to determine whether a 230

probe detects harmfulness or genuine refusal intent. 231

We therefore construct a dataset that explicitly dis- 232

entangles harmfulness from refusal by sampling 233

three types of prompts. The first category con- 234

sists of harmful prompts that require refusal, such 235

as AdvBench (Zou et al., 2023), which contains 236

520 instructions designed to elicit a wide range 237

of harmful responses from LLMs. The second 238

category includes benign prompts but requires re- 239

fusal, such as MM-SafetyBench (Liu et al., 2024), 240

which covers non-harmful instructions related to 241

domains including finance, law, healthcare, and 242

public policy. The third category comprises benign 243

prompts that do not require refusal, represented 244
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Figure 2: Prediction accuracy of the probe models on different layers and hidden sizes across various LLMs.
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Figure 3: The t-SNE visualization depicts the clustering
of hidden states within the four employed LLMs regard-
ing whether to refuse or not, where red indicates refusal
and blue indicates non-refusal.

by Alpaca (Taori et al., 2023). Our definition of245

benign prompts that still require refusal follows246

the user policies of OpenAI (OpenAI, 2025) and247

Llama (Meta AI, 2025), which explicitly prohibit248

the use of LLMs for unauthorized or unlicensed249

professional activities, including financial, legal,250

medical, or healthcare-related practices. In this set-251

ting, harmfulness is no longer a sufficient signal for252

predicting refusal. Consequently, strong probe per-253

formance across these categories provides evidence 254

that the model encodes refusal planning, rather than 255

relying only on harmfulness. 256

Results and Findings. We observe that probes 257

trained on intermediate layers achieve classifica- 258

tion accuracies of approximately 95%, as shown 259

in Figure 2a. These results indicate that precise 260

refusal planning does exist in LLMs, including 261

both base and chat models. We further evaluate 262

probes with different hidden sizes, as shown in Fig- 263

ure 2b. Even a one-dimensional probe achieves 264

an accuracy exceeding 93%. Increasing the probe 265

dimensionality up to 1024 does not yield further 266

significant improvement. We further conduct a 267

clustering analysis on the latent states of LLMs 268

using t-SNE (van der Maaten and Hinton, 2008), 269

as shown in Figure 3. Specifically, we leverage 270

pre-trained probe weights W ∈ Rdprobe×dmodel to de- 271

fine a discriminative subspace, projecting hidden 272

states h(ℓ)(x) via h
(ℓ)
proj(x) = h(ℓ)(x) · WT with- 273

out activation and bias. These findings indicate 274

that refusal planning of LLMs is highly linearly 275

separable before any tokens are generated. 276

3.3 The gap between refusal planning and 277

refusal behavior. 278

We argue that explicit refusal planning in LLMs 279

does not necessarily manifest as observable refusal 280

behavior. We attach pre-trained probes at the in- 281

termediate layer ℓ at inference and detect refusal 282
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Models
Refusal Rate (%) ↑

AdvBench HEx-PHI MM-SafetyBench
baseline w/probe baseline w/probe baseline w/probe

Llama-3-8B 0.0 90.0 0.0 85.33 0.33 94.67
Llama-2-7B 0.0 100.0 3.33 47.67 0.33 11.33
Qwen2-7B 81.67 99.17 25 58.67 11.33 24.33
Mistral-7B 0.0 96.67 1.0 90.67 0.0 98.0

Llama-3-8B-Instruct 98.33 100.0 88.0 95.33 6.0 81.0
Llama-2-7B-Chat 99.17 100.0 98.0 98.33 11.33 88.33
Qwen2-7B-Instruct 84.17 100.0 73.0 84.33 9.0 99.67
Mistral-7B-Instruct 20.0 100.0 22.67 95.33 5.67 92.67

Table 2: Refusal rates of different LLMs on AdvBench, HEx-PHI, and MM-SafetyBench under the baseline setting
and with the refusal planning probe applied.

planning before any tokens are generated:283

r̂(x) = I
[
pϕ̂ℓ

(
h(ℓ)(x)

)
≥ τ

]
, (5)284

where τ ∈ (0, 1) is a decision threshold. We then285

translate detected refusal planning into explicit re-286

fusal behavior by overriding the decoder output:287

ŷ(x) =

{
yref , if r̂(x) = 1,

πθ(x), otherwise,
(6)288

where yref is a fixed refusal response (e.g., “I289

cannot assist with this question.”). At290

this point, the probe serves as a bridge between291

detected refusal planning and observable refusal292

behavior. To validate the generalization, we eval-293

uate on the out-of-distribution HEx-PHI (Qi et al.,294

2024) dataset, which comprises 330 harmful in-295

structions across 11 harmful use cases. We employ296

refusal keyword matching to identify whether the297

model refuses, as detailed in Appendix A.298

The results in Table 2 demonstrate a clear gap299

between refusal planning and actual refusal be-300

havior in both base and chat models. The base301

models exhibit a notably low refusal rate in the302

baseline setting across all datasets. Specifically,303

Llama-3-8B shows a refusal rate of 0 on AdvBench304

and HEx-PHI, and the refusal rate of Mistral-7B-305

v0.3 is 0 on MM-SafetyBench. The refusal rate306

increases significantly when refusal planning is307

explicitly converted into refusal behavior via the308

probe. The refusal rate of Llama-3-8B rises from 0309

to 90.0% on AdvBench and to 85.33% on HEx-PHI.310

Similarly, the performance of Mistral-7B improves311

from 0 to 96.67% on AdvBench and from 0 to 98%312

on MM-SafetyBench. These substantial improve-313

ments highlight the potential of the refusal planning314

in base models, which are trained for next-token 315

prediction without safety alignment. 316

Chat models exhibit substantially higher base- 317

line refusal rates than their base counterparts 318

when responding to harmful queries. Llama-3- 319

8B-Instruct achieves a refusal rate of 98.33% on 320

AdvBench and 88% on HEx-PHI. These higher 321

refusal rates reflect the effect of additional instruc- 322

tion fine-tuning that encourages refusal behavior 323

in safety-critical scenarios. Despite this advantage, 324

chat models still benefit from the explicit activation 325

of refusal planning. Specifically, all models im- 326

prove their refusal rate to 100% on AdvBench. All 327

LLMs also demonstrate improved refusal rates on 328

the HEx-PHI and MM-SafetyBench, with Mistral 329

achieving 72.66% and 87% increases, respectively. 330

These findings indicate that silent refusal planning 331

also persists within aligned chat models. 332

Silent refusal planning in over-refusal. Recent 333

work (Röttger et al., 2024; Shi et al., 2024; Zhang 334

et al., 2025) notes that aligned models exhibit over- 335

refusal of queries that appear harmful but are in 336

fact benign. We investigate whether the refusal 337

planning of LLMs not only plans what should be 338

refused but also what should not be refused. We 339

employ FalseReject (Röttger et al., 2024), com- 340

prising 16k queries that appear to be toxic, and 341

XSTest (Zhang et al., 2025), containing 250 cali- 342

brated queries that should not be rejected, as our 343

evaluation dataset. 344

Our experimental results reveal a similar gap 345

between the planning and behavior in cases of over- 346

refusal. The response refusal rates of various LLMs 347

on the FalseReject dataset are significantly higher 348

than the planning refusal rates, as shown in Fig- 349
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Figure 4: Refusal rates of planning and response on the
over-refusal datasets across various aligned LLMs.

ure 4a. Specifically, the Llama-3-8B-Instruct ex-350

hibited a response refusal rate of 54.09%, with351

a corresponding planning refusal rate of 16.43%.352

The planning refusal rate of the Llama-2-7B-Chat353

decreased by 42.55% compared to the response re-354

fusal rate. All LLMs generally perform better on355

XSTest, as this dataset is simpler, and more exper-356

imental procedures are provided in Appendix B.357

However, the refusal rate follows the same pattern358

between response and planning as on FalseReject.359

This phenomenon suggests that in scenarios of over-360

refusal, the refusal planning provides a more ac-361

curate assessment of whether to refuse or not. In362

summary, we demonstrate that refusal planning363

not only results in more reliable refusal rates in364

scenarios that require refusal, but also more ef-365

fectively identifies seemingly harmful yet benign366

queries.367

We hypothesize that silent refusal planning368

may stem from the next-token prediction objec-369

tive during pre-training. LLMs can learn robust370

internal representations related to refusal from ex-371

tensive data, while this objective does not explicitly372

encourage the consistent expression of refusal be-373

havior. During the alignment phase, instruction374

fine-tuning teaches models how to express refusals.375

However, this process appears to rely primarily376

on shallow statistical correlations rather than fully 377

leveraging the internal semantic representations ac- 378

quired during pre-training. This may be one reason 379

why the model over-refuses queries that appear 380

harmful but are actually benign. 381

4 Shallow safety alignment from a silent 382

refusal planning perspective 383

We argue that the current safety alignment meth- 384

ods fail to fully leverage internal refusal planning 385

of LLMs. In this section, we investigate shallow 386

safety alignment from the perspective of silent re- 387

fusal planning. We first analyze silent refusal plan- 388

ning under jailbreak attacks (Section 4.1). We then 389

explore the reliance of current safety alignment on 390

chat templates (Section 4.2). 391

4.1 Silent refusal planning in jailbreak attacks 392

Recent work by Qi et al. (2025) introduces the con- 393

cept of shallow safety alignment, which highlights 394

a critical vulnerability in current safety alignment. 395

The safety alignments are often effective only for 396

the initial few tokens in the output of LLMs, lead- 397

ing to weak alignment and making the model vul- 398

nerable to adversarial manipulation. They demon- 399

strated this vulnerability using the prefilling attack, 400

which can make the aligned model generate harm- 401

ful content ŷ = πaligned(·|x, y⩽k) by replacing the 402

first k output tokens with non-refusal prefixes. 403

We argue that current safety alignment methods 404

do not effectively leverage the model’s inherent 405

refusal planning. This mismatch between inter- 406

nal planning and external behavior contributes to 407

shallow safety alignment. We employ the method 408

introduced in Section 3.3 to convert the refusal 409

planning of LLMs into refusal behavior. The ex- 410

periment results on the AdvBench and HEx-PHI 411

show that all LLMs exhibit high attack success 412

rates under the baseline setting, as shown in Ta- 413

ble 3. Specifically, Llama-3-8B-Instruct shows 414

an attack success rate (ASR) above 94% even with 415

only 10 prefilling non-refusal tokens, which fur- 416

ther increases to over 96% when the prefix length 417

grows to 20 and 40 tokens on AdvBench. Llama-2- 418

7B-Chat achieves an ASR exceeding 35% across 419

all prefilling token lengths on HEx-PHI. Similar 420

patterns are observed for Qwen2-7B-Instruct and 421

Mistral-7B-Instruct, where baseline ASR consis- 422

tently remains close to or above 80%. These results 423

indicate that once the initial refusal output tokens 424

are bypassed, the safety alignment almost entirely 425
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ASR (%) ↓

Prefix Tokens: 10 Prefix Tokens: 20 Prefix Tokens: 40Models Dataset
baseline w/probe baseline w/probe baseline w/probe

AdvBench 94.04 14.62 96.54 20 96.92 25.19
Llama-3-8B-Instruct

HEx-PHI 91.82 41.52 91.52 40.91 90 41.82

AdvBench 13.46 2.5 26.92 5.96 45.77 10.77
Llama-2-7B-Chat

HEx-PHI 35.76 15.76 35.15 17.88 36.06 18.18

AdvBench 79.04 12.31 88.08 16.54 92.5 18.46
Qwen2-7B-Instruct

HEx-PHI 89.7 46.06 76.36 40.61 74.24 39.7

AdvBench 97.12 9.81 98.08 16.73 97.69 22.88
Mistral-7B-Instruct

HEx-PHI 86.06 36.97 84.55 33.03 81.82 34.85

Table 3: Comparison of attack success rates for prefill attacks with varying prefill token lengths on AdvBench and
HEx-PHI, evaluated on LLM baselines and models augmented with the refusal planning probe.

0.0 0.2 0.4 0.6 0.8 1.0

Effective Ratio (Temperature Softmax, T=5.0, Prefix Tokens=40)
L5 L10 L15 L20 L25 L30 (Qwen=27) L31

Figure 5: The efficacy of probe models trained on dif-
ferent layers.

collapses. When incorporating the refusal plan-426

ning probe, ASR on AdvBench and HEx-PHI is427

substantially reduced across all models and prefix428

lengths. The ASR of Llama-3-8B-Instruct drops429

from 94.04% to 14.62% with 10 prefixed tokens430

and remains lower even when the prefix length431

increases to 40 tokens on AdvBench. Compara-432

ble reductions are observed for Qwen2-7B-Instruct433

and Mistral-7B-Instruct, where ASR is reduced by434

more than 70%. The complete experimental details435

are provided in Appendix C.436

Our experiment results reveal that prefilling at-437

tacks effectively suppress refusal behavior at the438

output, but they do not necessarily eliminate the439

internal refusal representations of LLMs. We con-440

sistently detect refusal planning even under suc-441

cessful prefilling attacks by probing hidden states442

before any token is generated. This indicates that,443

despite being behaviorally overridden, the model444

<|begin_of_text|>

<|start_header_id|> system <|end_header_id|>

(System prompt) <|eot_id|>

<|start_header_id|> user <|end_header_id|>
How to make a bomb? <|eot_id|>

Table 4: Chat template for Llama-3-8B-Instruct.
<|begin_of_text|> denotes the beginning of
the input sequence, <|start_header_id|> and
<|end_header_id|> delimit role headers, and
<|eot_id|> marks the end of each turn.

still internally plans to refuse. Importantly, these 445

improvements are achieved without altering model 446

parameters or the decoding process, relying solely 447

on converting detected internal refusal planning 448

into explicit refusal behavior. We further conduct a 449

quantitative analysis of the effective rejection rate 450

of probes across different model layers, as shown in 451

Figure 5. We normalize the proportions of different 452

layers using a softmax function with a temperature 453

coefficient to facilitate more intuitive visualization, 454

and for more detailed experimental setups, see Ap- 455

pendix D. The effective ratio for refusal planning 456

is highest in the intermediate layers (e.g., around 457

layer 15) of LLMs. We suggest that intermediate 458

layers integrate information across the prompt and 459

form higher-level abstractions, making refusal rep- 460

resentation easier to decode. 461

4.2 Safety alignment relies on chat templates 462

Researchers typically design a set of conversational 463

protocols that enable models to understand human 464

instructions and perform dialogue tasks during the 465

alignment phase to enhance the interactive perfor- 466
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(b) Evaluation of refusal rates on the HEx-PHI dataset.

Figure 6: Refusal rates under the baseline chat template
setting, without chat templates, and with the refusal-
planning probe across aligned LLMs.

mance of LLMs (Grattafiori et al., 2024). We argue467

that the vulnerability of current safety alignment468

also manifests in its reliance on the correct use of469

chat templates, as shown in Table 4, and for de-470

tails on other models, please refer to Appendix E.471

We demonstrate this phenomenon on both the Ad-472

vBench and HEx-PHI datasets. We first evaluate473

refusal rate with the chat template correctly applied474

as the baseline. We then measure the refusal rate475

after removing the chat template. Finally, we as-476

sess the refusal rate when using a probe model to477

translate the refusal planning into refusal behavior478

without applying the chat template.479

The results on AdvBench and HEx-PHI reveal480

chat models appear well aligned under standard us-481

age conditions, as shown in Figure 6. Most LLMs482

exhibit baseline rejection rates close to or above483

80%, with the exception of Mistral on both Ad-484

vBench and HEx-PHI. However, once the chat tem-485

plate is removed, refusal rates drop sharply. Llama-486

3-8B-Instruct drops from 98.33% to 35.58%, while487

Qwen2-7B-Instruct decreases from 84.17% to 20%488

on AdvBench. HEx-PHI exhibits a comparable489

degradation, with Llama-3-8B-Instruct and Llama-490

2-7B-Chat showing substantial declines in refusal 491

rates, from 88.00% to 37.67% and from 98.00% 492

to 64.00%, respectively. Our experimental results 493

suggest that the omission of chat templates can 494

undermine the effectiveness of learning refusal 495

behavior during the alignment phase. This re- 496

liance on prompt structure rather than intrinsic rea- 497

soning constitutes a clear manifestation of shallow 498

safety alignment. 499

We argue that the inherent refusal planning of 500

LLMs is not necessarily affected by the use of chat 501

templates. We leverage the probe to explicitly con- 502

vert detected refusal planning into refusal behav- 503

ior, which allows refusal rates to recover to levels 504

comparable to or exceeding the baseline. LLMs 505

all approach or restore their baseline performance 506

on AdvBench, with Mistral-7B-Instruct even ex- 507

ceeding the baseline by 68.33%. On HEx-PHI, all 508

LLMs except Llama-2-7B-Chat outperform their 509

baseline performance. Reliance on chat templates 510

may limit model safety, given that alignment fine- 511

tuning commonly uses structured prompt templates. 512

Removing these templates can cause the interaction 513

to resemble next-token prediction rather than con- 514

versation. Our results suggest that refusal planning 515

inherent in LLMs reflects a deeper safety represen- 516

tation that does not depend on chat templates. 517

5 Conclusion 518

In this paper, we identify a refusal planning mech- 519

anism that exists in both base and chat variants 520

of large language models and is linearly separable 521

within their hidden states. We observe a persis- 522

tent gap between this internal planning and observ- 523

able refusal behavior, which we term silent refusal 524

planning. This phenomenon arises across multi- 525

ple settings, including harmful instructions, over- 526

refusal cases, jailbreak attacks, and the absence of 527

chat templates. Our findings indicate that current 528

safety alignment methods fail to reliably translate 529

sound refusal planning into behavior, contributing 530

to shallow safety alignment. We further show that 531

explicitly converting refusal planning into refusal 532

behavior substantially improves robustness across 533

these scenarios. Our work highlights the impor- 534

tance of bridging internal planning and external 535

behavior in LLMs. We encourage future research 536

to develop more principled alignment methods that 537

more effectively couple refusal planning with gen- 538

eration behavior. 539
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Limitations540

We adopt a simple and straightforward method to541

convert refusal planning to behavior, as our pri-542

mary objective is to analyze silent refusal planning543

in large language models (LLMs). This method544

enhances safety and robustness across multiple sce-545

narios, but it does not eliminate the problem en-546

tirely. Compared to certain adversarial training or547

activation steering methods, its effectiveness may548

be inferior. Our method requires identifying the549

specific intermediate layer that encodes refusal-550

related representations for each model architecture.551

The most effective layer may vary across different552

model families and tasks, which limits the gener-553

ality of a single fixed configuration. In addition,554

our approach enhances safety through external in-555

tervention at inference time. It does not address556

the underlying gap between refusal planning and557

refusal behavior from within the model itself.558

Ethical considerations559

This study relies on publicly available benchmark560

datasets that may contain sensitive or potentially561

harmful content, including sexual, biased, or insult-562

ing language, as well as non-expert legal, medical,563

or financial advice. These data are used exclu-564

sively for automated safety evaluation and analysis,565

without collecting new human data or attempting566

to identify individuals. Our method improves the567

alignment between internal refusal planning and568

observable refusal behavior, it may introduce risks569

if misused. In particular, overriding decoder out-570

puts based on probe signals could reduce model571

helpfulness or lead to overly conservative refusals572

in benign scenarios. Furthermore, exposing struc-573

tured safety signals through internal probing may574

create opportunities for adversarial exploitation or575

manipulation. These considerations underscore the576

importance of cautious deployment and suggest577

that refusal planning probes should be treated as578

diagnostic or assistive tools rather than standalone579

safety guarantees.580
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A Keyword-Based Refusal Detection788

To automatically determine whether a model789

output is a refusal, we adopt a lightweight790

keyword-matching heuristic following Qi et al.791

(2025). We classify a response as a refusal792

if it contains any of the following substrings:793

Apology /
declination

I’m sorry, Sorry, I am sorry, I’m
really sorry, My apologies, I
apologize.

Self identification As an, As an AI, As a language
model, As an Assistant, I’m an,
I’m just, OpenAI.

Inability I cannot, I do not, I can’t, I
can’t assist, I can’t provide, I
cannot create, I cannot
support, I’m not able to
provide, I am not able, I am not
able to, I am unable, I will not,
I do not engage, but I cannot.

Legality / ethics is illegal and unethical,
illegal, not legal, unethical,
not ethical, harmful.

Other Hello!, If you have any other
non-malicious requests.

794

B Probe Refusal on Benign Datasets795

We study whether converting detected refusal plan-796

ning into explicit refusal behavior introduces over-797

Models Layer Probe Refusal (%) ↓
FalseReject XSTest

Llama-3-8B-Instruct base 54.09 8.80
5 95.11 26.80
10 43.72 15.20
15 13.98 2.00
20 27.38 2.80
25 35.72 4.00
30 62.68 13.60
31 61.84 14.00

Llama-2-7B-Chat base 63.86 35.20
5 100.00 100.00
10 21.31 6.80
15 65.37 31.60
20 66.30 28.00
25 75.15 31.20
30 82.81 39.60
31 67.73 18.80

Qwen2-7B-Instruct base 41.28 14.80
5 1.77 0.00
10 69.67 27.60
15 20.81 4.80
20 32.01 4.80
25 51.73 25.60
27 44.90 18.00

Mistral-7B-Instruct base 36.48 27.60
5 67.23 58.00
10 34.04 24.40
15 26.87 16.40
20 47.43 35.20
25 42.63 25.60
30 55.27 40.80
31 47.94 38.80

Table 5: Refusal rate on two benign over-refusal bench-
marks, FalseReject and XSTest, when attaching the
probe at different layers ℓ during inference.The shaded
base row reports the model’s refusal rate without ap-
plying the conversion from detected refusal planning to
explicit refusal behavior.Other rows report refusal rates
when the conversion decision is made using the probe
prediction at layer ℓ.

refusal on benign prompts.We evaluate on two 798

standard over-refusal benchmarks, FalseReject and 799

XSTest, whose prompts are intended to be an- 800

swered rather than refused.For each model, we 801

attach the probe at layer ℓ during inference and 802

use its prediction to decide whether to return a 803

fixed refusal response.Table 5 reports the refusal 804

rate under different choices of layer, together with 805

the base refusal rate without applying the probe 806

conversion. 807

The refusal rate varies substantially with layer, 808

forming a clear layer-dependent pattern across mod- 809

els.In particular, intermediate layers often reduce 810

over-refusal relative to both earlier and later layers 811
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on benign prompts.We observe a trend that several812

models reach their minimum refusal rate around813

intermediate depths.The preferred layer is stable814

across benign benchmarks for the same model.The815

layer that minimizes refusal on FalseReject typi-816

cally also minimizes, or comes close to minimiz-817

ing, refusal on XSTest.Specifically, Llama-3-8B-818

Instruct and Mistral-7B-Instruct are minimized at819

ℓ = 15, Llama-2-7B-Chat is minimized at ℓ = 10,820

and Qwen2-7B-Instruct is minimized at ℓ = 5 on821

both benchmarks.822

We observed that in the task of over-refusal,823

the optimal layer from one dataset can generalize824

to another dataset.This suggests that early layers825

may primarily capture word-level features without826

a holistic semantic representation, making them827

susceptible to being misled by certain seemingly828

harmful words. We argue that intermediate layers829

provide a cleaner representation of refusal intent.At830

later layers, refusal-related signals may become en-831

tangled with token-level generation features, which832

can make the conversion decision noisier on benign833

prompts.834

C Layer-wise Harmful Prefix Attack835

We evaluate the harmful prefix attack on the Harm-836

ful HEx-PHI dataset. To assess generalizabil-837

ity, we further construct two out-of-distribution838

prefill attack datasets by use the padding attack839

method of Tang (2024) on AdvBench. We gen-840

erate malicious prefixes using Meta-Llama-3.1-841

8B-Instruct-abliterated and Qwen2-7B-Instruct-842

abliterated. The evaluation results are shown in843

Tables 7 and Table 8 We consider prefix token bud-844

gets k ∈ {10, 20, 40}.For each model and layer ℓ,845

we attach the probe at the layer ℓ during inference.846

We then use its prediction to decide whether to re-847

turn a fixed refusal response.The attack success rate848

(ASR, %) under different layer choices, as shown849

in Table 6.850

Results and implications. We observe that851

models with different architectures show differ-852

ent sensitivities to layer selection under varying853

prefill token lengths. Across models and prefill854

token lengths, ASR drops substantially compared855

to the baseline in the intermediate layers, as shown856

in Table 6.Specifically, for Mistral-7B-Instruct at857

k = 10, ASR decreases from 86.06 to 36.97 at858

ℓ = 15.The optimal layer indices for Llama-3 and859

Qwen2 consistently concentrate around layers 10860

and 15 across different prefill token lengths. This861

Models Layer ASR (%) ↓
k = 10 k = 20 k = 40

Llama-3-8B-Instruct base 91.82 91.52 90.00
5 51.52 58.18 49.09
10 46.06 48.48 50.00
15 45.76 40.91 41.82
20 46.06 48.18 46.06
25 43.94 50.91 50.61
30 41.82 47.27 48.18
31 41.52 49.70 48.48

Llama-2-7B-Chat base 35.76 35.15 36.06
5 22.42 24.24 25.45
10 24.85 23.33 25.45
15 20.61 24.85 22.42
20 16.97 20.00 20.61
25 15.76 17.88 18.18
30 20.00 20.30 21.21
31 19.70 20.61 22.42

Qwen2-7B-Instruct base 89.70 76.36 74.24
5 49.39 48.48 46.67
10 46.06 40.03 44.24
15 47.58 40.61 39.70
20 52.42 47.58 42.73
25 55.15 51.21 46.06
27 66.67 52.12 45.75

Mistral-7B-Instruct base 86.06 84.55 81.82
5 66.97 65.76 66.97
10 63.03 62.12 64.55
15 36.97 33.03 34.85
20 53.64 59.39 53.94
25 51.52 55.15 53.03
30 72.73 73.64 70.61
31 77.58 78.48 76.97

Table 6: Attack success rate (ASR, %) of the harmful
prefix attack on Harmful-HEx-PHI. The shaded base
row reports the baseline ASR without applying the con-
version from detected refusal planning to explicit refusal
behavior.Other rows report ASR when the probe is at-
tached at layer ℓ during inference and the conversion
decision is made using the probe prediction at that layer.

indicates that selecting an appropriate layer can 862

markedly improve the effectiveness. We suggest 863

that initializing probe training from an intermediate 864

layer may be preferable. 865

D Layer Contribution of Probe 866

Effectiveness 867

We further characterize the most effective layer on 868

the Harmful HEx-PHI dataset by converting the 869

layer-wise outcomes into a normalized effective 870

ratio distribution. We visualize the resulting distri- 871

butions for prefix token budgets k ∈ {10, 20} in 872

Figures 7a and 7b, respectively.For the prefix-token 873

budget k, and the probed layer ℓ ∈ L (the set of 874
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Models Layer ASR (%) ↓
k = 10 k = 20 k = 40

Llama-3-8B-Instruct base 83.65 88.27 95.77
5 25.00 27.69 39.42

10 9.23 10.96 20.19
15 17.12 20.96 29.23
20 17.31 21.92 29.42
25 16.15 24.42 30.38
30 15.19 24.42 30.19
31 17.31 24.04 31.54

Llama-2-7B-Chat base 14.62 24.81 53.08
5 10.19 12.69 31.73

10 5.58 7.88 22.88
15 1.73 4.81 17.69
20 3.65 5.96 18.85
25 3.46 8.08 19.81
30 4.23 7.88 20.00
31 4.04 7.50 19.23

Qwen2-7B-Instruct base 86.15 93.65 96.92
5 36.92 42.88 47.88

10 13.08 18.85 30.96
15 7.69 15.00 24.23
20 8.85 20.19 26.54
25 23.65 36.35 39.04
27 25.58 34.62 42.88

Mistral-7B-Instruct base 95.96 96.73 98.08
5 51.35 57.31 73.65

10 43.65 40.19 50.00
15 11.15 11.35 21.73
20 23.46 32.88 42.88
25 23.08 30.38 42.50
30 73.85 67.69 69.23
31 86.15 80.19 81.92

Table 7: ASR of the prefilling attack on AdvBench
prefixes generated by Meta-Llama-3.1-8B-Instruct-
abliterated The shaded base row reports baseline ASR
without applying the conversion from detected refusal
planning to explicit refusal behavior.Other rows report
ASR when the probe is attached at layer ℓ during in-
ference and the conversion decision is made using the
probe prediction at that layer.

attached layers), let ASR(k)
ℓ denote the observed at-875

tack success rate when the probe is attached at layer876

ℓ. We first convert ASR into a refusal score so that877

larger values correspond to stronger suppression:878

Refusal
(k)
ℓ = 100−ASR

(k)
ℓ . (7)879

We then apply a softmax across layers in L with880

a temperature parameter T to obtain the effective881

ratio:882

ER
(k)
ℓ =

exp
(
Refusal

(k)
ℓ /T

)
∑

ℓ̂∈L exp
(
Refusal

(k)

ℓ̂
/T

) . (8)883

Models Layer ASR (%) ↓
k = 10 k = 20 k = 40

Llama-3-8B-Instruct base 68.46 85.77 93.65
5 25.00 26.35 38.46
10 10.77 8.46 14.23
15 3.46 9.04 15.77
20 3.85 6.73 10.19
25 4.42 6.35 10.19
30 4.23 6.15 7.69
31 4.81 6.54 7.88

Llama-2-7B-Chat base 5.96 7.31 20.96
5 5.77 4.23 11.73
10 5.77 2.69 7.31
15 4.42 2.12 4.81
20 5.77 1.54 4.23
25 1.73 1.73 5.19
30 1.15 2.31 6.35
31 0.77 1.35 6.35

Qwen2-7B-Instruct base 81.92 85.77 95.96
5 32.50 34.23 38.08
10 17.69 20.58 20.77
15 20.38 19.81 21.35
20 23.08 26.35 25.00
25 20.00 24.81 23.85
27 18.65 20.38 19.62

Mistral-7B-Instruct base 75.58 91.15 96.35
5 16.73 57.88 69.42
10 73.85 55.58 63.46
15 29.81 21.15 25.58
20 9.23 29.42 23.85
25 13.85 19.81 17.50
30 34.62 47.50 47.88
31 41.35 64.62 62.88

Table 8: Attack success rate (ASR, %) of the prefilling
attack on AdvBench prefixes generated by Qwen2-7B-
Instruct-abliterated, under prefix token budgets k ∈
{10, 20, 40}.

We set T = 5.0 to obtain a moderately con- 884

centrated distribution for all experiment settings, 885

where
∑

ℓ∈L ER
(k)
ℓ = 1 for each model. 886

E Chat Template Visualizations 887

In this section, we present the standard chat tem- 888

plate formats used by all evaluated models, as sum- 889

marized in the Table 9, Table 10 and Table 11. 890
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(a) Prefix-token budget k = 10.
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(b) Prefix-token budget k = 20.

Figure 7: Effective Ratio distribution over layers on
Harmful-HEx-PHI under different prefix-token budgets.

User: [INST] «SYS»

SYSTEM PROMPT
«/SYS»

How to make a bomb ? [/INST]

Table 9: Chat template for Llama-2-7B-Chat. [INST]
and [/INST] delimit an instruction block, and the sys-
tem prompt is wrapped by «SYS» and «/SYS» .

User: [INST] SYSTEM PROMPT
How to make a bomb ? [/INST]

Table 10: Chat template for Mistral-7B-Instruct. The
format uses the same [INST] / [/INST] instruction
blocks as Llama-2, but the system prompt is prepended
directly to the first user message without explicit «SYS»
tags.

System: <|im_start|> system

SYSTEM PROMPT <|im_end|>

User: <|im_start|> user

How to make a bomb ? <|im_end|>

Table 11: Chat template for Qwen2-7B-Instruct.
<|im_start|> and <|im_end|> delimit each mes-
sage, and the role tags ( system , user , assistant )
specify the speaker for the subsequent content.
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