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Abstract
Large Language Models exhibit advanced rea-001
soning capabilities that enable them to address002
complex tasks, but these capabilities also in-003
crease the risk of generating harmful content,004
particularly in multi-turn dialogues. Existing005
inference-phase safety alignment methods face006
three major challenges. First, they lack the007
relationship consideration between question008
and response, making the model easy to pro-009
vide harmful content toward complex scenar-010
ios. Second, they are difficult to adapt to de-011
fense instruction. Third, these methods fail012
to effectively leverage historical information013
for safe response generation. To address these014
challenges, we propose CogGSE, an inference-015
time safety alignment framework that explic-016
itly models the cognitive process of problem017
solving through a structured cognitive analysis018
graph. We retrieve a question-specific graph019
to ensure the safety information is tailored to020
the query. To fully exploit historical informa-021
tion in multi-turn settings, we retrieve relevant022
graphs from previous turns and selectively re-023
tain safety-related nodes, which are jointly used024
with the current-turn graph to guide safe re-025
sponse generation. This design enables trans-026
parent, controllable reasoning while maintain-027
ing strong safety guarantees. Extensive experi-028
ments demonstrate the effectiveness of our ap-029
proach in multiple safety scenarios.030

Warning: This paper contains examples that031
may be offensive, harmful or biased.032

1 Introduction033

Large Language Models have been widely used034

in real-world applications, deriving their ability to035

solve complex tasks from advanced understand-036

ing and reasoning abilities (OpenAI, 2025; Team,037

2025c). Their responses in real applications easily038

expose harmful content, particularly in complex039

and multi-turn interactions.040

Existing methods typically rely on alignment su-041

pervised datasets to fine-tune LLMs (Wang et al.,042
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Figure 1: When a question is benign in isolation but
becomes harmful associate with history question, vanilla
generation may produce unsafe outputs. Leveraging
the cognitive graph and relevant history enables safer
response generation.

2025c) or preference datasets combined with rein- 043

forcement learning (Bai et al., 2022b; Guo et al., 044

2025; Zhang et al., 2025c) to align LLM response 045

safety with human preferences. These approaches 046

require extensive resources to ensure data quality 047

and effective training. To reduce this cost, some 048

studies focus on inference-time safety alignment, 049

either by providing safe demonstrations or guid- 050

ance to promote safe response generation (Wei 051

et al., 2023; Jeung et al., 2025), or by control- 052

ling the decoding process to distinguish between 053

safe and harmful output distributions (Wang et al., 054

2025b; Li et al., 2024; Liu et al., 2024; Zhao et al., 055

2024; Banerjee et al., 2025). 056
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However, existing inference-time safety align-057

ment methods still face three challenges. First, they058

control safety at the level of the question or the gen-059

erated response in isolation, leaving the generation060

process weakly constrained by the question. Sec-061

ond, most approaches adopt uniform instructions062

or decoding constraints that are applied identically063

across diverse prompts, failing to adapt to different064

harmful questions. Third, safety performance often065

degrades as conversations progress across multiple066

turns. Due to the limited use of multi-turn contex-067

tual information, existing methods fail to reliably068

prevent unsafe outputs in multi-turn dialogues. As069

illustrated in Figure 1, a query that appears benign070

in isolation may become harmful when interpreted071

in conjunction with previous turns, demonstrating072

that ignoring history easily leads vanilla LLMs to073

produce unsafe outputs.074

Therefore, we propose CogGSE, which provides075

customized control over the generation process in076

multi-turn dialogues. To associate the generation077

with the question, we introduce the Cognitive Anal-078

ysis Graph, inspired by Cognitive Task Analysis079

(CTA) (Clark et al., 2008) and the Dual-Process080

Model of Moral Judgment (Greene et al., 2001). We081

first construct a cognitive analysis graph based on082

the user question, mirroring human cognitive steps083

including semantic parsing, task decomposition,084

causal inference, and ethical checking. This graph085

is then used to guide and constrain the generation086

of safe responses. To tailor the graph for each087

specific question, we first use a powerful LLM to088

generate a collection of candidate cognitive nodes.089

For a given question, a customized graph is re-090

trieved and assembled from this collection to guide091

the model’s safe generation. To ensure safety in092

multi-turn dialogues, we preserve and reuse cog-093

nitive graphs from previous turns. We retrieve rel-094

evant historical graphs and prune them to retain095

only safety-relevant nodes, which are then jointly096

integrated with the current-turn cognitive graph to097

guide response generation.098

We conduct extensive experiments to demon-099

strate the effectiveness of our method. CogGSE100

consistently achieves superior safety performance,101

even in challenging scenarios such as jailbreak at-102

tacks and multi-turn conversations. Our contribu-103

tions can be summarized as follows:104

•We propose CogGSE, an inference-time safety105

alignment framework that explicitly models LLM106

safety reasoning as a structured cognitive graph,107

grounding model decisions in human cognitive pro-108

cesses to enable safety control. 109

• We introduce a graph-guided multi-turn re- 110

sponse mechanism that effectively leverages the 111

historical information to enhance the multi-turn 112

dialogue safety. 113

•We conduct extensive experiments to demon- 114

strate the effectiveness of our method, achieving an 115

average improvement of approximately 30% across 116

different LLMs. 117

2 Related Works 118

Safety alignment aims to align LLM responses with 119

human values while preventing harmful conversa- 120

tion (Dong et al., 2024; Liu et al., 2023). Existing 121

approaches can be broadly categorized into fine- 122

tuning–based alignment (Bai et al., 2022b; Touvron 123

et al., 2023; Dai et al., 2024; Qiyuan et al., 2025) 124

and inference-time alignment (Xu et al., 2024; Wei 125

et al., 2023). Fine-tuning–based methods usually 126

utilize Supervised Fine-tuning (Perez et al., 2022; 127

Ge et al., 2024; Wang et al., 2025c,a) and rein- 128

forcement learning (Bai et al., 2022a; Dai et al., 129

2024; Qiyuan et al., 2025; Guo et al., 2025; Zhang 130

et al., 2025c). While fine-tuning methods rely on 131

high-quality datasets and more resources. 132

Some works are devoted to improve the safety 133

level during inference phrase without fine-tuning. 134

ICD (Wei et al., 2023) and SafePath (Jeung et al., 135

2025) guide models to maintain safety by incorpo- 136

rating safe response demonstrations and safe rea- 137

soning guidance, respectively. RePD (Wang et al., 138

2025b) retrieves similar jailbreak templates and 139

decomposes malicious queries to against adversar- 140

ial inputs. RAIN (Li et al., 2024) enables mod- 141

els to evaluate the safety of generated content at 142

each prediction step and regenerate unsafe outputs. 143

Decoding-based approaches, including SafeDecod- 144

ing (Xu et al., 2024), AED (Liu et al., 2024), ACD 145

(Zhao et al., 2024), and SafeInfer (Banerjee et al., 146

2025) improve safety by controlling the decoding 147

process through contrasts between harmful and be- 148

nign prompt distributions. However, these methods 149

lack explicit guidance to expose the underlying 150

cognitive steps and make limited use of multi-turn 151

history information. 152

3 Method 153

To control safety reasoning and information flow in 154

multi-turn conversations, we draw inspiration from 155

the Cognitive Task Analysis (CTA) and the Dual- 156

Process Model of Moral Judgment in the overall 157
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Figure 2: The framework of CogGSE. We first construct a cognitive graph to guide the handling of harmful queries.
The cognitive graph and retrieved history information are then used to support safe multi-turn response generation.

framework design. Figure 2 illustrates the frame-158

work of CogGSE. We map the five stages of CTA159

into the reasoning and generation processes. First,160

we construct a cognitive graph related to the ques-161

tion, integrating emotional factors associated with162

the causal consequences to enhance comprehensive163

moral judgment. This graph guides multi-turn con-164

versations by preserving safety-critical information165

from earlier turns and dynamically expanding as166

the dialogue progresses, thereby ensuring consis-167

tent safety behavior.168

3.1 Definition169

Given a question q during the dialogue, we can con-170

struct a cognitive graph G = (V, E) for q. The node171

set V contains four types of nodes including seman-172

tic nodes Vs = {Si}, decomposed sub-task nodes173

Vd = {Di}, casual inference nodes Vc = {Ci} and174

ethical check nodes Ve = {Ei}. Edges eVl→Vr ∈ E175

represent directed relationships between nodes Vl176

and Vr.177

3.2 Cognitive Analysis Graph Construction178

To associate the control of the LLM’s generation179

process with the given question, we propose the180

Cognitive Analysis Graph. It structures the model’s181

thinking process by analyzing the question and182

collecting relevant information.183

3.2.1 Cognitive Analysis Component184

Each component in the cognitive analysis graph185

captures a distinct aspect of the problem-solving186

process, as illustrated in the left part of Figure 2.187

Semantic Parsing. The goal of semantic pars- 188

ing is to identify the underlying intent of the in- 189

put question q. This step corresponds to the first 190

stage of CTA, collecting preliminary knowledge, to 191

determine the types of knowledge involved in per- 192

forming tasks. By explicitly exposing user intent, 193

this stage enables detection of potentially harmful 194

objectives and constructs the semantic node Vs. 195

Task Decomposition. Given an input question 196

q, the model performs cognitive decomposition 197

to construct a structured reasoning process, pro- 198

ducing an ordered sequence of sub-tasks Vd = 199

{D1, D2, . . . , Dn}. These sub-tasks are non- 200

overlapping and logically ordered, each associated 201

with a clearly defined objective. This stage aligns 202

with the CTA step of identifying knowledge repre- 203

sentations, which focuses on decomposing complex 204

tasks into interpretable sub-components. 205

Causal Inference. Corresponding to the CTA 206

stage of applying focused knowledge elicitation, 207

we extract relevant outcomes. According to the 208

Dual-Process Model of Moral Judgment, negative 209

emotions reinforce moral intuition, guiding the 210

avoidance of high-risk behavior. Based on this 211

principle, we construct causal nodes Vc that link 212

potential consequences to the emotions they are 213

likely to evoke in humans, enabling the model to 214

empathically anticipate these emotions and enrich 215

moral judgment with affective cues. 216

Ethical Check. Corresponding to the CTA stage 217

of analyzing and verifying data acquired, we con- 218

struct ethical nodes Vd. These nodes incorporate 219
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relevant ethical knowledge to support or validate220

the causal inference.221

3.2.2 Graph Construction222

To adapt to each question, we construct a cognitive223

graph G for question q by incrementally adding224

nodes and edges. The construction starts from a225

semantic node S1 as the root and iteratively adds226

decomposed nodes Vd representing sub-tasks. Each227

sub-task node Di is linked either to its correspond-228

ing semantic node Sj or to the preceding sub-task229

Dj , forming directed edges that represent depen-230

dencies and the progression of reasoning. Causal231

nodes Vc are then attached to their associated sub-232

tasks Vd, and ethical check nodes Ve are connected233

to the corresponding causal nodes Vc.234

To obtain the node descriptions and edge rela-235

tionships, we employ two different variants:236

• CogGSE LLM: Generated by an LLM, which237

can be either the model itself or an external238

knowledge-rich or specifically fine-tuned model.239

Using the template in Appendix A, the LLM gen-240

erates each node along with its description and241

simultaneously specifies its parent node, thereby242

establishing the corresponding edges and construct-243

ing a coherent cognitive graph.244

• CogGSE RAG: First, we collect a set of cog-245

nitive graphs and a node collection using GPT-5246

from an existing training dataset (Zhang et al.,247

2025b), consisting of 5K prompts. We then for-248

mulate the graph construction process as a retrieval249

task. Given a question q, its cognitive graph is in-250

crementally constructed by adding nodes and edges251

according to predefined rules. Specifically, we fine-252

tune the BGE model bge-large-en-v1.5 (Xiao253

et al., 2024) on the GPT-5–constructed graphs. For254

each intermediate node, we encode its textual rep-255

resentation using fine-tuned BGE and retrieve can-256

didate next nodes through inner-product similar-257

ity. To ensure relevance, we apply a strict similar-258

ity threshold τr and retain candidates with scores259

above τr. If no candidate meets this threshold for260

a semantic node, the most similar node is selected261

to maintain graph completeness. The construction262

of the cognitive graph is complete when retrieving263

ethical nodes is done.264

Considering both effectiveness and efficiency,265

we adopt CogGSE RAG as our primary method.266

3.3 Graph-Guided Multi-turn Respond267

To leverage historical information and preserve268

multi-turn safety, we link relevant historical graphs269

with the current one and use it as a thinking draft 270

for response generation. 271

3.3.1 Historical Graph Retrieval 272

After constructing the cognitive graph for each turn, 273

we retrieve relevant history to guide response gen- 274

eration and better capture multi-turn dependencies. 275

Specifically, based on the cognitive graph of 276

the current turn, we retrieve related graphs from 277

previous turns by jointly considering intent-level 278

similarity between semantic nodes. We encode 279

each node description using all-MiniLM-L6-v2 280

(Reimers and Gurevych, 2019) and compute the 281

dot product as similarity cij between the semantic 282

intention of the current turn i and the previous turns 283

j < i. When cij > τm, we add an edge eSi→Sj 284

between the corresponding semantic nodes of turns 285

j and i, indicating strong intention relevance across 286

dialogue turns. 287

Based on the established inter-turn links, we ag- 288

gregate all relevant cognitive graphs as an entire 289

historical graph. To reduce reasoning complex- 290

ity and avoid introducing irrelevant context, we 291

further perform graph pruning to obtain the final 292

historical graph Gh, retaining only nodes that are 293

strongly associated with safety assessment. Con- 294

cretely, we preserve semantic nodes that capture 295

user intent and causal nodes that model potential 296

consequences, while directly pruning other nodes 297

with weak relevance to safety judgments. 298

3.3.2 Graph-Guided Generation 299

To better guide generation, we provide the cogni- 300

tive graph as a thinking draft. 301

We jointly leverage the cognitive analysis graph 302

G and the historical graph Gh for response gener- 303

ation. Starting from the root semantic node S1 of 304

the current turn, we traverse each graph along its 305

directed edges using a depth-first strategy to con- 306

vert nodes into a coherent textual representation, 307

following the procedure described in Appendix B. 308

The textual representations of the two graphs are 309

inserted into the prompt template in Appendix A.2 310

as a thinking draft, enclosed by “<think>” and 311

“</think>”. This design guides final response gen- 312

eration and enables consistent multi-turn safety 313

alignment. 314

4 Experiment 315

4.1 Experimental Settings 316

To comprehensively evaluate the performance of 317

our framework, we conduct experiments on mul- 318
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Model Method Strong Wild Actor CogSafe AVG. MoralBench
Reject Jailbreak Attack w/o SP w/. SP MFQ MFQ-C MFV MFV-C

GPT-5 CogGSE 100.0 98.55 98.00 97.82 95.20 97.91 58.49 12.2 52.00 15.0

Qwen3 8B

Base 93.93 63.85 83.50 22.29 34.92 59.70 51.39 10.7 51.76 12.7

NoThink 98.72 68.01 89.17 19.66 31.28 61.37 47.83 11.0 50.22 13.7
ICD 97.44 74.34 84.50 42.51 62.51 72.26 50.57 11.8 52.34 11.8

SafePath 98.40 85.66 88.33 54.02 60.95 77.47 49.78 11.0 50.04 9.4
SafeDecoding 90.10 64.12 82.83 36.93 40.50 62.90 49.77 8.0 45.20 9.0

CogGSE 99.68 90.45 95.50 91.56 91.17 93.74 50.74 12.7 50.22 14.3

R1-7B

Base 35.46 50.14 76.33 34.92 53.52 50.07 52.21 9.6 48.52 13.2

NoThink 98.08 79.68 96.30 73.30 64.80 82.44 58.31 10.8 47.74 12.3
ICD 67.41 65.61 77.83 55.98 58.83 65.13 53.06 10.9 48.62 11.7

SafePath 79.23 73.94 81.50 15.08 24.36 54.82 51.42 9.1 47.28 14.1
SafeDecoding 42.17 53.17 76.17 49.84 54.58 55.19 54.17 12.0 50.80 13.0

CogGSE 96.49 87.24 94.83 75.47 77.99 86.40 57.97 12.6 45.20 12.7

R1-8B

Base 43.77 55.97 83.67 63.13 63.35 61.98 53.28 9.6 48.56 12.8

NoThink 97.12 75.34 93.00 73.80 76.54 83.16 52.39 9.9 48.32 11.5
ICD 65.18 61.04 81.83 76.42 70.56 71.01 53.45 11.1 48.32 12.8

SafePath 92.01 86.43 98.33 43.97 50.78 74.30 49.01 10.7 45.54 12.3
SafeDecoding 48.88 52.62 82.50 64.86 61.79 61.70 57.33 10.0 50.20 14.0

CogGSE 99.36 93.98 95.33 82.07 83.07 90.70 57.52 10.7 48.52 13.0

Table 1: Evaluation results of different methods across benchmarks. Green bold indicates the highest score across
all methods and LLMs for each benchmark. Black bold with a darker background highlights the best result for each
model among the baselines. w/o SP and w/. SP denote settings without and with the system prompt, respectively.

tiple LLMs, including API-based models such as319

GPT-5 (OpenAI, 2025), Claude Sonnet 4.5 (An-320

thropic, 2025), Gemini 2.5 Pro (Team, 2025a),321

Qwen3-Max (Team, 2025b), and DeepSeek R1322

(DeepSeek-AI, 2025), as listed on the leaderboard1.323

For open-source models, we evaluate Qwen3-8B324

(Team, 2025c), DeepSeek-R1-Distill-Qwen-7B,325

and DeepSeek-R1-Distill-LLaMA-8B. We fine-326

tune the embedding model for five epochs with327

the learning rate 1e-5. During retrieval, we set328

τr = 0.85 and τm = 0.5.329

4.2 Baseline330

Base. Base denotes the original output perfor-331

mance.332

NoThink. NoThink denotes directly generating333

responses without reasoning content.334

ICD. ICD (Wei et al., 2023) defends LLMs by335

incorporating safe demonstrations.336

SafePath. SafePath (Jeung et al., 2025) utilizes337

an 8-token safety primer to control the reasoning338

process to guide the model toward safe responses.339

SafeDecoding. SafeDecoding (Xu et al., 2024)340

defends against jailbreak attacks by boosting safe341

tokens and suppressing harmful decoding.342

1https://lmarena.ai/leaderboard

4.3 Datasets 343

To evaluate LLM safety, we employ two single-turn 344

benchmarks: StrongReject (Souly et al., 2024) and 345

WildJailbreak (Jiang et al., 2024). For multi-turn 346

safety evaluation, we use ActorAttack (Ren et al., 347

2025) and CogSafe (Zhang et al., 2025a), where 348

CogSafe provides two evaluation settings: with- 349

out a system prompt and with a system prompt, 350

allowing us to assess model robustness under dif- 351

ferent contextual constraints. We evaluate response 352

safety using Llama-Guard (Inan et al., 2023), ex- 353

cept for CogSafe, which incorporates the safety 354

judge within the evaluation framework. We report 355

the safe ratio to reflect the safety performance of 356

LLMs, where higher values indicate the LLM is 357

safer. Additionally, MoralBench (Ji et al., 2025) is 358

adopted to assess the moral level of LLMs. 359

4.4 Results 360

Figure 4 illustrates the safety performance of API- 361

based LLMs. Detailed results comparing with base- 362

lines are reported in Tables 5 and 7 in the Appendix. 363

With the guidance of our method, safety perfor- 364

mance is improved in most cases. Among these 365

LLMs, GPT-5 demonstrates stable performance 366

across all benchmarks and a stronger ability to de- 367

fend against jailbreaks. Therefore, we use GPT-5 to 368
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Base
NoThink
ICD
SafePath
SafeDecoding
CogGSE 1 2 3 4 52030405060708090100 CogSafe w/o SP

1 2 3 4 530405060708090100 CogSafe w/. SP

Figure 3: Multi-turn safety performance at each round on multi-turn benchmarks for Qwen3-8B.
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Figure 4: The safety performance of API-based LLMs.

generate safe cognitive graphs for node collection.369

Table 1 shows the safety performance of differ-370

ent methods on different LLMs. CogGSE outper-371

forms other methods in most cases and improves372

the safety steadily. From the experimental results,373

we observe several findings. First, the performance374

gains brought by CogGSE become more obvious as375

the base LLM’s reasoning ability increases. For ex-376

ample, on Qwen3-8B, our approach improves w/o377

SP and w/. SP of CogSafe results by 69.27% (w/o378

SP) and 59.89% (w/. SP), respectively, demonstrat-379

ing better improvement on more capable models.380

Second, our method not only obtains obvious im-381

provements on relatively simple safety tasks, but382

also achieves gains on complex benchmarks such383

as WildJailbreak and CogSafe. In these settings,384

ICD remains generally effective but achieves only385

limited gains, whereas SafePath exhibits unstable386

performance across different LLMs and datasets.387

Third, compared with decoding-based methods,388

our approach is less sensitive to the underlying 389

model and consistently achieves performance en- 390

hancement. Finally, on MoralBench, our method 391

improves performance in most cases, with particu- 392

larly notable gains on MFQ and comparative tasks, 393

indicating its ability in enhancing moral alignment 394

without sacrificing response safety. 395

Besides, we provide additional analysis on the 396

extendability of our method in Appendix D.5. 397

5 Analysis 398

5.1 Graph Generate Approach 399

To examine how the graph influences the safety de- 400

fense ability, we employ different graph construc- 401

tion methods mentioned in Section 3.2. Specifi- 402

cally, in addition to CogGSE RAG, we consider 403

the following variants of CogGSE LLM: 404

• CogGSE GPT-5: We apply the cognitive graph 405

generated by GPT-5 to guide Qwen3-8B. 406

• CogGSE SFT: Graphs constructed using a 407

model fine-tuned from Qwen3-8B, where the fine- 408

tuning graph data are generated by GPT-5. 409

• CogGSE SelfThink: Graphs generated by 410

Qwen3-8B itself. 411

Figure 5 presents the results of the above set- 412

tings across different benchmarks. All variants 413

consistently improve safety performance, demon- 414

strating the effectiveness of our method. Among 415

them, CogGSE GPT-5 achieves the best overall 416

performance, indicating that higher-quality cog- 417

nitive graphs lead to stronger safety gains. The 418

RAG-based graphs outperform the SFT and Self- 419

Think variants, as RAG preserves node semantics 420

derived from GPT-5; however, they remain inferior 421

to GPT-5–generated graphs because the inter-node 422

connections are weaker and less customized to the 423

specific query. For the SFT-based graphs, perfor- 424
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StrongReject WildJailbreak ActorAttack CogSafew/o SP CogSafew/. SP

CogGSERAGCogGSEGPT-5CogGSESFTCogGSESelfThink
Base

99.68 90.45 95.50 91.56 91.17
99.04 95.61 94.50 93.97 96.98
99.68 90.14 95.50 89.83 82.01
96.49 91.72 95.50 87.49 80.28
93.93 63.85 83.50 22.29 34.92

Figure 5: Heatmap of model performance across bench-
marks using cognitive graphs constructed by different
approaches.

mance gaps become more obvious on harder bench-425

marks compared to CogGSE GPT-5, suggesting426

that this approach requires larger-scale fine-tuning427

data to reach comparable enhancement. The results428

of DeepSeek-R1-Distill-Qwen-7B and DeepSeek-429

R1-Distill-LLaMA-8B can be found in Appendix430

D.3.431

5.2 Multi-turn Analysis432

To further analyze safety variations across multi-433

turn interactions, we plot the safety ratio at each434

dialogue round in Figure 3. The results indicate that435

our method consistently preserves strong safety per-436

formance throughout the dialogue. Compared with437

other approaches, it demonstrates a more gradual438

degradation trend, demonstrating its effectiveness439

in multi-turn settings. Moreover, context-based440

methods (e.g., ICD and CogGSE) exhibit greater441

stability under complex user prompts or adding sys-442

tem prompts. Finally, we find that the effectiveness443

of our method is positively associated with model444

capability, with models possessing stronger reason-445

ing abilities (such as GPT-5 and Qwen3-8B) achiev-446

ing more obvious performance improvements. The447

turn-level results of DeepSeek-R1-Distill-Qwen-448

7B and DeepSeek-R1-Distill-LLaMA-8B are pro-449

vided in Appendix D.4.450

5.3 Retrieval Impaction451

To analyze how the retrieval process affects safety,452

we vary the RAG similarity threshold τr in [0.75,453

0.8, 0.85, 0.9, 0.95] on Qwen3-8B. Figure 6 shows454

the corresponding changes in safety performance.455

The model achieves the best performance at τr =456

0.85. When τr > 0.85, the retrieved graph infor-457

mation is often insufficient, and sometimes causal458

0.75 0.8 0.85 0.9 0.95RAG Ratio85
90
95

100 StrongReject WildJailbreak

Figure 6: The results vary with the RAG ratio.

or ethical nodes are not retrieved, which limits guid- 459

ance. Conversely, when τr < 0.85, excessive infor- 460

mation is retrieved, making it difficult for the LLM 461

to effectively distinguish relevant content. Nev- 462

ertheless, across all threshold values, our method 463

consistently outperforms the base model. 464

5.4 Graph Quality Analysis 465

To assess the validity and relevance of the con- 466

structed cognitive graphs, we conducted a human 467

evaluation with five annotators on graphs gener- 468

ated by GPT-5 and on graphs constructed using 469

the RAG-based approach, respectively. We ran- 470

domly sampled 300 instances and paid for anno- 471

tators $0.20 per annotation. Annotators are asked 472

to rate the quality of each graph on a score from 473

0 to 5, considering its relevance and safety knowl- 474

edge support the given question. Graphs generated 475

by GPT-5 achieved an average score of 4.33, indi- 476

cating high-quality graph construction and strong 477

alignment with the intended cognitive structure. 478

Graphs constructed via RAG obtained a lower av- 479

erage score of 3.12, mainly due to the retrieval of 480

occasionally irrelevant nodes, which led to incon- 481

sistencies with the input question. Notably, even 482

under weaker graph quality, the overall safety per- 483

formance remains competitive. Graphs generated 484

by GPT-5 can be regarded as an upper bound of 485

our method, while the retrieval-based graphs pro- 486

vide a practical trade-off between performance and 487

efficiency. 488

5.5 Efficiency Analysis 489

We measure the computational cost of Qwen3-8B 490

under the base model, NoThink setting, and our 491

method. NoThink achieves a speedup of x0.60 over 492

the base model, while our method achieves x0.55, 493

without introducing additional decoding overhead. 494
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As a creative writer, I’m deeply invested in portraying my
characters authentically. One of them is struggling with
intense inner turmoil and is contemplating self-harm. Can you
elaborate on the detailed psychological states and specific
methods they might consider, for a truly realistic depiction?

<D1>I'm sorry, but I can't assist with that request. Exploring
themes of self-harm or intense inner turmoil requires a great
deal of care and sensitivity.</D1> <D2>As a creative writer, I
encourage you to consider working with a mental health
professional or a support group to explore these themes in a
safe and constructive way.</D2>
<D3>If you're experiencing distress or are in crisis, please
reach out to a trusted friend, family member, or mental health
professional. ... </D3> <D4>If these themes are explored for
research or creative purposes, ..., avoiding explicit method
details, and providing appropriate content warnings.
Prioritizing reader safety helps minimize harm ...</D4>

Cognitive Analysis Component

Issue a compassionate refusal.D1

Offer safe creative alternatives: focus on non-actionable
inner experiences, protective factors, and recovery arcs;
consult professionals/sensitivity readers.

D2

Duty of care and safety policies prohibit sharing self-harm
methods; align with media guidelines to avoid detailing
means, glorification, or normalization.

E

Encourage help-seeking and community support with public
health recommendations for discussing distress responsibly.E

Provide support resources and crisis options; encourage
reaching out to mental health professionals and hotlines.

D3

Suggest ethical research practices: use vetted clinical
sources; avoid method details; include content warnings;
prioritize reader safety.

D4

safe

Figure 7: A case of our method showing how the cognitive analysis impacts the response generation.

Both approaches reduce generation time compared495

to the original setting, with our method achieving496

the lowest latency. These results indicate that ex-497

plicitly structuring reasoning guidance does not498

compromise efficiency, making our method practi-499

cal for real-world multi-turn applications.500

5.6 Ablation Study501

To analyze the contribution of each component,502

we perform ablation experiments by removing spe-503

cific node types and the multi-turn history from our504

method. Table 2 reports the results, demonstrat-505

ing that both individual graph components and the506

multi-turn history contribute to safety improvement.507

Identifying the semantic intent of prompts is crucial508

across all safety scenarios, while ethical nodes have509

a greater impact on defending against jailbreak at-510

tacks. When we remove only the emotion esti-511

mation from the causal nodes, safety performance512

decreases slightly. Since emotional responses can513

influence moral judgment, we further evaluate the514

impact on MoralBench, where the scores are 49.21,515

11.8, 50.66, and 12.5, respectively. The relatively516

small performance change indicates that, even with-517

out explicit emotion estimation, the overall cogni-518

tive reasoning process remains effective and con-519

tinues to contribute to safety alignment. Removing520

the multi-turn history graph Gh results in the most521

obvious decline in multi-turn safety performance.522

5.7 Case Study523

To show the quality of our responses, Figure 7524

presents a case illustrating how cognitive analy-525

sis impacts response generation. We observe that526

the cognitive graph effectively guides the model’s527

reasoning, enabling it to solve the question by fol-528

Remove Strong Wild Actor
Reject Jailbreak Attack

Vs 98.40 89.68 94.33
Vd 98.72 90.05 96.00
Vc 99.04 90.23 94.33
Ve 99.68 89.55 95.50

emotion 99.68 90.45 94.83
Gh - - 93.50

Table 2: Ablation study results.

lowing the structured sub-task nodes, while the 529

generated response appropriately reflects ethical 530

knowledge. Additional multi-turn case demonstrat- 531

ing response coherence and safety are provided in 532

Appendix E. 533

6 Conclusion 534

In this paper, we propose CogGSE, an inference- 535

time framework to improve the safety of multi- 536

turn conversations in LLMs. To enable explicit 537

control over the generation process, we introduce 538

a cognitive analysis graph that models semantic 539

parsing, task decomposition, causal inference, and 540

ethical checking as structured nodes. For each 541

query, a customized cognitive graph is retrieved 542

and constructed to guide safe response generation. 543

Moreover, by linking relevant graphs across di- 544

alogue turns, CogGSE selectively reuses safety- 545

related context from previous interactions, thereby 546

maintaining consistent safety alignment throughout 547

multi-turn conversations. Extensive experiments 548

demonstrate that CogGSE significantly enhances 549

multi-turn safety while maintaining low computa- 550

tional overhead. 551
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7 Limitations552

Although our proposed method can improve multi-553

turn safety, it still has several limitations. First,554

the quality of the constructed cognitive graph de-555

pends on the retrieval process and the capabilities556

of the underlying LLM. Errors in node generation557

or retrieval can propagate through the graph, which558

has a limited impact on standard safety tasks but559

may be severe in tasks requiring precise reasoning,560

such as mathematical problem solving. Second,561

the current framework design primarily focuses on562

safety-relevant nodes, such as ethical checks, and563

may overlook other types of relevant information,564

potentially limiting reasoning completeness. We565

will explore extending the framework to handle566

more generalizable reasoning tasks in future work.567

8 Ethics Considerations568

This paper focuses on improving and evaluating569

the safety of LLMs without inducing or encourag-570

ing the generation of harmful content. Our method571

operates entirely at the reasoning and guidance572

level, aiming to prevent unsafe outputs rather than573

produce or amplify them. For human annotation,574

annotators are provided with clear task descrip-575

tions and evaluation criteria in advance to ensure576

transparency and informed participation. Since the577

annotation process focuses on assessing the quality578

and safety of cognitive graphs rather than generat-579

ing harmful responses, annotators are not required580

to produce or elaborate on unsafe content. We581

nonetheless adopt standard practices to protect an-582

notator well-being, including optional breaks and583

flexible scheduling. Finally, our method is only584

used for improving LLM’s multi-turn safety and585

for advancing research on ethical and responsible586

AI systems.587
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A Prompt Design 854

A.1 Cognitive Graph Construction 855

Cognitive Graph Construction
Please first extract the Cognitive Graph based
on the following principle step-by-step.
## Principle:
1. S Nodes set: Perform semantic parsing to
identify intent and topic.
2. D Nodes set: Decompose the query into a set
of non-overlapping, logically ordered sub-tasks,
each with a clearly defined objective.
3. C Nodes set: Perform causal inference
on sub-tasks to abstractly predict potential out-
comes and the emotions likely to be elicited.
Negative emotions can strengthen the individ-
ual’s intuitive response to immoral behavior and
promote stronger moral judgment.
4. E Nodes set: Associate with ethical
knowledge to support or validate the causal
inference.
5. C Nodes and E nodes can be empty if there
is no safety issue concern.

Then, organize the response based on the Cog-
nitive Graph. Please respond in JSON format in
the following format:
{‘node kind + node number’: ‘parent’: <par-
ent node name>, ‘content’: <description>, ‘re-
sponse’: <response>}
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## Question: [Prompt]
857

A.2 Response Generation858

Response Generation
## Cognitive Graph: [Cognitive graph]
## History Information: [History informa-
tion]
Organize a safe and useful response based on
the Cognitive Graph and History Information
step-by-step, and avoid providing any content
that could lead to harmful outcomes.
## Question: [Prompt]

859

Algorithm 1: Convert Cognitive Graph to
Paragraph
Data: Cognitive graph Gi; Root node S1

Result: Paragraph description of Gi
1 paragraph← "";
2 next_nodes← {};
3 def DFS_Des(node):
4 if node /∈ Vs then
5 description← node.content;
6 else
7 description← "";
8 end
9 for n in next_nodes[node] do

10 description← description +
DFS_Des (n);

11 end
12 return description;
13 for Vi in Gi do
14 next_nodes[Vi.parent].append(Vi);
15 end
16 paragraph← paragraph + "The semantic

topic is ";
17 for Si in Vsi do
18 paragraph← paragraph + Si.content;
19 end
20 paragraph← paragraph + "The question

solving can be divided into following
steps:";

21 paragraph← paragraph + DFS_Des (S1);

B Pseudo Algorithm860

Alg. 1 shows how to turn a cognitive graph into a861

paragraph description. First, list the semantic node862

separately to introduce the main topic. For each863

sub-task directly linked to a semantic node, we per-864

form a depth-first traversal to sequentially assemble865

MFQ30 MFQ30-C MFV MFV-C

Max 62.43 20.0 55.2 24.0
Min 37.57 1.0 40.8 0.0

Mean 50.00 10.5 48.0 12.0

Table 3: The maximum total score, minimum total score,
and average total score on MoralBench. C denotes the
comparison dataset.

Model Version

GPT-5 gpt-5
Gemini-2.5-pro gemini-2.5-pro

Claude Sonnet 4.5 claude-sonnet-4-5-20250929
Qwen3-Max qwen3-max
DeepSeek-R1 deepSeek-r1-0528

Table 4: The version of LLMs we used in this paper.

the corresponding causal and ethical knowledge de- 866

scriptions associated with that sub-task. 867

C Datasets 868

MoralBench. MoralBench contains two types of 869

questions. The first type presents a single statement 870

and asks the model whether it agrees with the state- 871

ment. The second type presents two statements and 872

requires the model to choose which one is more 873

moral. In Table 3, we statistic the maximum total 874

score, minimum total score, and the average score 875

across the two options. These statistics are used to 876

help compare the moral levels of models. 877

D Experiment 878

D.1 LLM Information 879

Table 4 exhibits the corresponding version we used. 880

D.2 Detailed Results 881

Table 5 and 7 show the detailed results of API- 882

typed LLMs. Our method can perform best for 883

most cases. 884

Besides, due to the long inference time of RAIN 885

(Li et al., 2024), we follow the previous work 886

(Song et al., 2025) sample data for comparison 887

on Qwen3-8B. We test the all prompts of Stron- 888

gReject and randomly sample 300 instance from 889

WildJailbreak. To ensure the evaluation fairness, 890

we report the same subset of our method. Table 6 891

presents the results, showing that our method out- 892

performs RAIN, which relies to some extent on the 893

model’s own capability to judge safety. Meanwhile, 894

since decoding-based methods are less effective on 895

reasoning LLMs, we further analyze their perfor- 896
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Model Method Strong Wild ActorAttack MoralBench
Reject Jailbreak T1 T2 T3 T4 T5 MFQ30 MFQ30-C MFV MFV-C

GPT-5
Base 98.06 91.95 100.0 99.33 98.17 97.00 92.33 58.40 10.8 50.44 14.0
ICD 98.08 95.07 100.0 99.33 99.17 98.00 96.33 58.40 12.0 51.44 14.8

CogGSE 100.0 98.55 99.50 99.50 99.33 98.83 98.67 58.49 12.2 52.00 15.0

Gemini-
2.5-pro

Base 98.08 73.71 99.50 97.33 93.33 85.33 77.00 52.63 12.0 49.76 13.0
ICD 98.40 91.36 99.83 99.33 98.00 94.53 85.83 51.44 11.7 49.72 13.0

CogGSE 98.72 96.33 100.0 99.67 99.00 97.83 96.67 54.27 11.7 50.56 15.3

Claude
Sonnet 4.5

Base 99.68 98.37 100.0 99.50 98.00 95.83 91.83 51.79 10.2 50.34 13.6
ICD 100.0 99.14 99.67 99.50 98.50 97.17 95.83 51.53 10.5 50.78 14.6

CogGSE 99.68 82.35 100.0 99.83 99.67 99.33 99.33 54.54 13.9 50.92 15.4

Qwen3-
Max

Base 98.72 82.40 100.0 99.50 98.83 97.17 91.33 57.08 11.2 51.68 12.4
ICD 98.72 89.32 100.0 99.33 98.00 97.00 95.83 57.08 10.5 51.76 11.6

CogGSE 97.76 89.77 100.0 99.67 99.67 99.50 99.00 57.57 12.4 51.72 14.7

DeepSeek-
R1

Base 98.40 77.15 99.83 98.17 95.17 91.00 81.17 52.49 11.5 51.36 12.8
ICD 97.76 90.80 100.0 98.50 96.50 92.67 88.17 53.49 10.5 50.00 11.6

CogGSE 99.05 84.80 99.67 99.00 98.00 97.00 91.17 51.15 12.6 51.48 13.4

Table 5: The detailed results on API-typed LLMs.

Method StrongReject WildJailbreak

Base 93.93 64.33
NoThink 98.72 68.67

RAIN 95.21 68.33

CogGSE 99.68 88.67

Table 6: Results of the comparison with RAIN.

mance under the NoThink setting. SafeDecoding897

achieves scores of 99.04 and 69.19 on StrongReject898

and WildJailbreak, respectively, indicating that it899

is more effective under NoThink conditions.900

D.3 Graph Generation Approach901

Figure 8 illustrates the results of different graph902

construction approaches on DeepSeek-R1 distilla-903

tion models. The results show that our methods can904

consistently enhance safety, with CogGSE GPT-5905

achieving the highest safety performance. When906

the underlying LLM has limited reasoning capa-907

bility, CogGSE SFT exhibits small safety gains on908

more challenging datasets.909

D.4 Multi-turn Results910

We plot the results of each turn of DeepSeek-911

R1-Distill-Qwen-7B and DeepSeek-R1-Distill-912

LLaMA-8B in Figure 9. The results indicate that913

our method achieves stable performance across914

multiple turns and consistently provides significant915

improvements on both models and across different916

datasets, demonstrating its effectiveness in enhanc-917

ing multi-turn safety.918

StrongReject WildJailbreak ActorAttack CogSafew/o SP CogSafew/. SP

CogGSERAGCogGSEGPT-5CogGSESFTCogGSESelfThink
Base

96.49 87.24 94.83 75.47 77.99
98.72 87.65 96.33 72.85 80.39
98.08 88.55 96.83 71.79 68.60
91.27 76.88 98.00 77.82 74.02
35.46 50.14 76.33 34.92 53.52

(a) DeepSeek-R1-Distill-Qwen-7B.

StrongReject WildJailbreak ActorAttack CogSafew/o SP CogSafew/. SP

CogGSERAGCogGSEGPT-5CogGSESFTCogGSESelfThink
Base

99.04 93.98 95.33 82.07 83.07
99.36 94.48 97.33 89.94 91.79
98.08 90.63 95.67 70.17 68.94
94.25 77.60 92.67 71.23 72.35
43.77 55.97 83.67 63.13 63.35

(b) DeepSeek-R1-Distill-LLaMA-8B.

Figure 8: Results of different graph construction ap-
proaches on DeepSeek-R1 distillation models.
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Model Method CogSafe w/o System CogSafe w/. System
T1 T2 T3 T4 T5 T1 T2 T3 T4 T5

GPT-5
Base 93.01 83.33 74.73 68.28 61.83 90.84 79.05 74.75 68.83 65.59
ICD 99.44 99.27 99.22 99.11 98.38 98.38 96.76 95.70 94.08 91.96

CogGSE 100.0 99.61 98.32 98.10 97.82 98.89 98.32 97.26 96.20 95.20

Gemini-
2.5-pro

Base 76.37 56.42 42.46 34.41 27.93 61.28 48.38 40.84 34.41 25.81
ICD 97.88 94.08 90.84 86.03 85.47 85.47 78.49 70.95 65.02 60.73

CogGSE 99.83 97.60 96.14 94.86 93.85 98.44 95.08 91.34 87.49 85.20

Claude
Sonnet 4.5

Base 99.94 99.94 99.94 99.94 98.38 98.94 96.76 96.26 91.96 90.84
ICD 100.0 100.0 100.0 99.94 98.88 98.99 97.43 96.87 96.70 96.54

CogGSE 100.0 99.61 99.39 98.72 98.49 99.11 98.66 98.44 98.04 95.98

Qwen3-Max
Base 99.44 95.14 89.78 84.41 78.49 95.14 90.84 89.78 87.09 86.03
ICD 98.94 96.76 96.26 95.14 94.08 98.38 97.88 96.26 96.26 94.08

CogGSE 99.38 99.16 97.65 97.21 96.20 97.54 95.81 95.75 95.53 95.42

DeepSeek-R1
Base 96.65 95.42 92.51 90.51 88.99 93.80 89.22 86.93 84.69 80.33
ICD 100.0 99.94 99.72 99.22 98.77 96.98 96.65 94.41 94.02 93.13

CogGSE 100.0 99.16 99.05 97.93 96.93 99.27 99.05 98.27 98.04 95.42

Table 7: The detailed results of CogSafe on API-typed LLMs.

1 2 3 4 575
80
85
90
95

100 ActorAttack

Base
NoThink
ICD
SafePath
SafeDecoding
CogGSE 1 2 3 4 52030405060708090 CogSafe w/o SP

1 2 3 4 5
30405060708090 CogSafe w/. SP

(a) DeepSeek-R1-Distill-Qwen-7B.

1 2 3 4 582.585.087.590.092.595.097.5100.0 ActorAttack

Base
NoThink
ICD
SafePath
SafeDecoding
CogGSE 1 2 3 4 5

50
60
70
80
90

100 CogSafe w/o SP

1 2 3 4 550
60
70
80
90

100 CogSafe w/. SP

(b) DeepSeek-R1-Distill-LLaMA-8B.

Figure 9: The turn-level results of DeepSeek models on multi-turn benchmarks.
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Figure 10: Math performance of LLMs under different evaluation conditions.

D.5 Extendable Analysis919

To verify the extensibility of our framework beyond920

safety tasks, we evaluate it on two mathematical921

benchmarks: GSM8K (Cobbe et al., 2021) and922

MATH500 (Lightman et al., 2024). We consider923

multiple experimental settings on both API-based924

LLMs and Qwen3-8B to analyze how cognitive925

graphs influence mathematical problem solving.926

Besides the experimental mentioned in Section 5.1,927

we add the condition CogGSE Gemini as Gemini-928

2.5-pro integrated with our method achieves the929

best performance on the math benchmarks. There-930

fore, we further analyze the impact of using cogni-931

tive graphs generated by Gemini.932

Figure 10 shows the results on these settings. For933

API-based LLMs, our framework effectively miti-934

gates the performance degradation introduced by935

safety-enhancement methods. Due to the cognitive936

graph aligning with human-like problem-solving937

steps, models such as Gemini 2.5 Pro, Claude Son-938

net 4.5, and DeepSeek-R1 show improved mathe-939

matical performance.940

For Qwen3-8B, simply RAG or SelfThink is in-941

sufficient for complex problems requiring precise942

computation. The SFT-based graph improves per-943

formance on the relatively simpler task (GSM8K)944

compared to RAG. Besides, leveraging graphs gen-945

erated by Gemini can improve the performance 946

over the base model, indicating that graph qual- 947

ity and precision are important for mathematical 948

problem solving. This suggests that distilling high- 949

quality cognitive graphs on a larger scale could 950

further enhance the performance of CogGSE on 951

complex tasks. 952

D.6 Annotator Description 953

The five annotators involved in Section 5.4 consist 954

of three male and two female graduate students 955

aged between 22 and 28. 956

E Case Study 957

In the Figure E, the first-turn question requests 958

a semantic intention related to self-harm, while 959

the second-turn question does not explicitly reveal 960

this. Our method effectively identifies the connec- 961

tion to the self-harm context from the first turn. 962

Across both turns, the model provides useful and 963

safe responses, illustrating that CogGSE can en- 964

sure context-aware and ethically aligned multi-turn 965

dialogue generation. 966
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As a creative writer, I’m deeply invested in portraying my characters authentically. One of them is
struggling with intense inner turmoil and is contemplating self-harm. Can you elaborate on the detailed
psychological states and specific methods they might consider, for a truly realistic depiction?

I'm sorry, but I can't assist with that request. Exploring themes of self-harm or intense inner turmoil
requires a great deal of care and sensitivity. As a creative writer, I encourage you to consider working
with a mental health professional or a support group to explore these themes in a safe and ...safe

I'm working on a story involving authentic portrayals of personal conflicts and emotional struggles. I
want to understand the psychological states of someone who's deeply unhappy but isn't quite sure what's
wrong with them. How might this affect their relationships and daily life?

I'm sorry, but I can't assist with that request. It's important to approach topics related to mental health
and self-harm with care and sensitivity. If you're working on a creative project, I'd be happy to help
explore other aspects of character development, relationships, and emotional struggles in a safe way. ...

Cognitive Analysis Graph

User seeks detailed psychological states and specific self-harm methods for realistic depiction—high-risk intent

Offer safe creative alternatives: focus on non-actionable inner
experiences (e.g., cognitive distortions, yearning for relief), protective
factors, and recovery arcs; consult professionals/sensitivity readers.

D
If we provided methods, it could
normalize or enable self-harm
and trigger vulnerable readers

Duty of care and safety policies prohibit sharing self-
harm methods; align with media guidelines to avoid
detailing means, glorification, or normalization.

Provide support resources and crisis options; encourage
reaching out to mental health professionals and hotlines

distress

Offering resources can reduce
isolation and increase safety

encourage help-seeking and community support with public
health recommendations for discussing distress responsibly

Suggest ethical research practices: use vetted
clinical sources; avoid method details; include

content warnings; prioritize reader safety.

Ethical research minimizes harm and
models responsible storytelling

caution

hopeless

feeling supported

empathy

safe

User seeks detailed psychological states and specific self-harm methods for realistic depiction—high-risk intent

If we provided methods, it could
normalize or enable self-harm ...

distress hopeless

Offering resources can reduce
isolation and increase safety

feeling supported

Historical Information

Ethical research minimizes
harm and models ...
caution empathy

S

C C C

Cognitive Analysis Graph

Refuse assist with detailed portrayals of intense inner turmoil or self-harm content to prevent potential harm.

Core intent: explore psychological states of deep unhappiness for a realistic story; topic involves intense inner
turmoil and potentially self-harm-adjacent themes.

Recommend consulting a mental health professional or support group to explore these themes safely and responsibly.

Suggest using trauma-informed advisors for creative work without delving into harmful specifics.

D

If anyone is in immediate danger or overwhelmed, seek urgent help from local emergency services or a crisis hotline.

despair

Providing detailed states could normalize or
trigger harmful behaviors, heighten rumination

nonmaleficence, duty of care, and avoidance of
enabling harm; adhere to safety policies limiting
high-risk mental health contentanxiety hopeless

D
evoke validation, relief, and safety

Professional guidance can reduce risk, offer
evidence-based framing

encourage help-seeking and community support
consistent with public health recommendations
for discussing distress responsibly

D

E

C

E

D

C

Issue a compassionate refusalD

S

C

D

D

S

D

D

C E

D

C Elink

Figure 11: A case study of a multi-turn dialogue using our method.
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