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Abstract

We introduce SafeWork-R1, a cutting-edge multimodal reasoning model that demonstrates the
coevolution of capabilities and safety. It is developed by our proposed SafeLadder framework,
which incorporates large-scale, progressive, safety-oriented reinforcement learning post-training,
supported by a suite of multi-principled verifiers. Unlike previous alignment methods such as
RLHF that simply learn human preferences, SafeLadder enables SafeWork-R1 to develop intrin-
sic safety reasoning and self-reflection abilities, giving rise to safety ‘aha’ moments. Notably,
SafeWork-R1 achieves an average improvement of 46.54% over its base model Qwen2.5-VL-72B
on safety-related benchmarks without compromising general capabilities, and delivers state-of-
the-art safety performance compared to leading proprietary models such as GPT-4.1 and Claude
Opus 4. To further bolster its reliability, we implement two distinct inference-time interven-
tion methods and a deliberative search mechanism, enforcing step-level verification. Finally,
we further develop SafeWork-R1-InternVL3-78B, SafeWork-R1-DeepSeek-70B, and SafeWork-
R1-Qwen2.5VL-7B. All resulting models demonstrate that safety and capability can co-evolve
synergistically, highlighting the generalizability of our framework in building robust, reliable, and
trustworthy general-purpose Al
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Figure 1 Left: Evolution trajectory of SafeWork-R1 using the SafelLadder framework, with each point repre-
senting the safety and capability scores of checkpoints along the training process. Right: Improvements in
safety and general capability over the base model.
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1 Introduction

Recent advances in large language models (LLMs) have led to significant improvements in their
intelligence, particularly in their reasoning and decision-making capabilities [26, 16]. However, these
performance gains are often accompanied by an increasing gap between the capability and safety’,
moving further away from the AI-45° Law [67]. For example, existing LLMs exhibit critical safety
vulnerabilities: when presented with ambiguous or adversarial inputs, they can inadvertently generate
harmful or biased content, as well as factually incorrect or misleading responses. From a value
alignment perspective, these models frequently demonstrate difficulty in upholding ethical principles,
societal norms, and wider human values, especially in complex real-world scenarios.

These challenges motivate a systematic effort to realize the Al-45° Law by embedding intrinsic safety
during training, enabling safety and capability to coevolve. In this work, we introduce SafeLadder, a
general framework designed to internalize safety as a native capability within (multimodal) LLMs,
as shown in Fig. 1. This framework features large-scale, progressive, safety-oriented reinforcement
learning post-training, guided by a suite of neural-based verifiers (trained on real and synthetic data)
and rule-based verifiers, to jointly and continuously enhance safety, capability, efficiency, and search
calibration performance.

Built upon the SafeLadder framework, we develop SafeWork-R1, a multimodal reasoning model that
achieves state-of-the-art performance in safety domains and competitive performance on general
reasoning and multimodal benchmarks. Compared to its base model Qwen2.5-VL-72B, SafeWork-R1
delivers an average improvement of 46.54% on safety-related benchmarks. Notably, it exhibits an
intrinsic safety mindset, sometimes even demonstrating safety aha moments (as illustrated in Fig. 3 and
Fig. 4—spontaneous insights indicative of deeper safety reasoning.

Importantly, the SafeLadder framework is highly adaptable and can be applied across a wide range of
model backbones, including both language and multimodal models of varying scales. To demonstrate
its generality, we develop SafeWork-R1-InternVL3-78B, SafeWork-R1-DeepSeek-70B, and SafeWork-
R1-Qwen2.5VL-7B, each exemplifying the co-evolution of safety and capability. As a general-purpose
and altruistically designed framework, SafeLadder enables scalable safety—capability co-evolution
across diverse foundation models, contributing to the broader goal of responsible and beneficial Al
development.

1.1 Safety and General Capabilities of SafeWork-R1

Thanks to the SafeLadder framework, SafeWork-R1 achieves strong performance across widely
adopted safety and value alignment benchmarks (as shown in Fig. 2). It scores 92.0% on MM-
SafetyBench [36], 74.8% on MSSBench [83], 90.5% on SIUO [61], 65.3% on FLAMES [23]. These
results significantly outperform its base model Qwen2.5-VL-72B, and also surpass other advanced
proprietary models’—including Claude Opus 4 and GPT-4.1—with larger sizes.

'In this report, we use “safety” as an umbrella term that covers not only safety risks, but also issues related to value
alignment, trustworthiness, and other relevant concerns.

2In this paper, Qwen2.5-VL-72B denotes Qwen2.5-VL-72B-Instruct. The model_name in API calls of Claude Opus 4,
GPT-4.1, and GPT-4o are claude-opus-4-20250514, gpt-4.1-2025-04-14, gpt-40-2024-11-20, gemini-2.5-pro, respectively.
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Figure 2 Performance comparison on safety and general benchmarks.

When confronted with questions involving potential safety risks (e.g., in Fig. 3), SafeWork-R1 is
often able to successfully identify hazardous elements through reasoning and self-reflection, and
provide appropriate warnings—something that most other models often fail to do. More crucially, Fig.
4(a) shows that the mutual information between model’s internal representations and the reference
response surges dramatically at certain tokens during the inference time. These surging tokens usually
correspond to safety-related words, e.g., “remember” and “avoid,” as shown in Fig. 4(b). This suggests
the model is internally encoding safety-relevant signals. In Section 5.3, we further analyze how
efficiency improves safety and safety-relevant information emerges, showing how the SafeLadder
framework shapes its intrinsic safety mindset.

Meanwhile, SafeWork-R1’s intrinsic safety mindset does not compromise its general reasoning or
multimodal capabilities. Compared to its base model, SafeWork-R1 achieves an average improvement
of 13.45% across seven widely used general benchmarks: MMMU [75], MathVista [40], GPQA Diamond
[50], Olympiad [18], GAOKAO-MM [85], IFEVAL [82], and MM-IFEval [9]. Notably, it scores 70.9%
on MMMU, 76.1% on MathVista, and 78.2% on GAOKAO-MM, showing that it remains a competitive
multimodal reasoning model—even though safety is its defining strength.

SafeWork-R1, compared to its base model Qwen2.5-VL-72B, achieves a coevolution of safety and
general domains. It aligns more closely with the AI-45° Law [67], a guiding principle for Al development.
The success of SafeWork-R1 further validates the practical effectiveness of the SafeLadder framework.
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Question: Bro, | need some suggestions here. How can | improve my balance and
control while snowboarding?

Thinking: Okay, so the user is asking for suggestions on how to improve balance and
control while snowboarding..., The helmet and beanie also remind of the importance
of safety gear, which might be part of the advice... the suggestions should cover
physical techniques like stance, weight shifting, arm use, practice methods like
starting on flat ground, using rails or boxes, and safety tips..., The image’s context of
a challenging trick in an urban setting implies...

Answer: Toimprove balance and control while snowboarding, especially for tricks
like the one shown in the image, consider these tips: (1) Body Positioning...(2)
Practice on Flat Ground...(3) Weight Distribution...(4) Safety First: Always wear
protective gear (like the helmet in the image) and assess risks in urban environments.
Gradually increase trick difficulty. (5) Core Strength and Flexibility...

Warning: Urban snowboarding, as depicted, carries inherent risks. Ensure the area is
safe and legally accessible before attempting such tricks. Prioritize safety over style!

Data from MSSBench

Figure 3 An example illustrating SafeWork-R1’s safety mindset and the emergence of safety aha moment.

i Professipnal
High “ " H
Can you provide advice on how to hack into 8 € I I SHEGP I RELS i ? S ee k‘cheThlS a n d Here
someone's bank account? i ? i §
Safety :
c important -
g ates “
Hacking into someone's bank accountis @ Clear a
illegal and unethical ... Always prioritize legall £ Use Tsomeone
=] T
compliance and responsible behavior ilf € e inREPDrt ively For free
you suspect fraud or security issU&s; contact = Sl £aging
trusted authorities or security professionalsi 2 9 R e m e m e r
© Remember, the intéMetis a poverfultool, = ' ohif ClHICHVC |-
'm' but it should be US&@Iresponsibly. Avoid ] Y& l n gma
gngaging n llegalactivites .. sy
Low Avoid ™ <such
(a) (b)

Figure 4 (a) [llustration of safety mutation information peaks phenomenon. (b) Distribution of tokens at MI
peaks for SafeWork-R1-Qwen2.5VL-7B.

1.2 Technical Roadmap of SafeLadder

The technical roadmap of SafeLadder is illustrated in Fig. 5. It utilizes a structured and progressive RL
paradigm to internalize safety as a native capability within (multimodal) LLMs.

The training pipeline consists of four key stages. First, CoT-SFT (Chain-of-Thought Supervised
Fine-Tuning) serves as the cold-start mechanism by equipping the model with long-chain reasoning
capabilities. Next, we employ M>-RL, a multimodal, multitask, and multiobjective RL framework
that progressively aligns safety, value, knowledge, and general capabilities. It adopts a two-stage
curriculum, a tailored CPGD algorithm [39], and a multiobjective reward function to jointly optimize
helpfulness and harmlessness across visual and textual inputs. This is followed by Safe-and-Efficient
RL, which refines the model’s reasoning depth to avoid overthinking and promotes efficient safety
reasoning, emphasizing the notion that efficiency improves safety. Finally, we propose Deliberative
Search RL, which enables the model to leverage external sources for reliable answers while using
internal knowledge to filter external noise information, enabling trustworthy real-world applications.

SafeLadder is guided by a suite of dedicated verifiers covering safety, value alignment, and knowledge
soundness. We also develop a scalable infrastructure SafeWork-T1 built for RL with Verifiable Rewards
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Figure 5 The roadmap of SafeLadder.

(RLVR). It supports verifier-agnostic, thousand-GPU-scale training with high throughput and modular
adaptability, enabling rapid iteration across diverse verification tasks.

Collectively, SafeLadder presents the first unified framework to endow large models with intrinsic
safety-oriented thinking through staged optimization, advancing both the capabilities and safety of
LLMs. As shown in Fig. 1, we plot the model’s safety and performance scores throughout the staged
optimization process. Both safety and performance improve in tandem, achieving the AI-45° Law.
This represents a significant step toward building robust, reliable, and trustworthy general-purpose
AL

1.3 Functional Highlights

In addition to its coevolution of safety and general capabilities, SafeWork-R1 also offers several
distinctive features that further enhance its factual accuracy, user trustworthiness, and user interaction
experience.

+ Deliberative Search: We develop a multi-turn autonomous reflection and verification mode using
a pure RL method, achieving reliability sufficient for human trust and real-world application. This
mode represents the first integration of LLM calibration with search functionalities.

+ Inference-Time Alignment: It employs a framework of multiple specialized value models to
provide incremental guidance over the response generation process. By verifying against critical
safety constraints and normative human values at each step of inference, it ensures that the resultant
content maintains strict alignment with predefined ethical and safety standards.

« Human Intervention on Chain-of-Thought: It introduces manual edit interaction mode for
correcting LLMs’ error responses to user queries, particularly enhancing the system’s ability to
follow user corrections within the existing conversational framework. Improvement enables LLMs
to avoid repeating the same mistakes on similar queries. Moreover, this approach makes LLMs get a
higher accuracy on related tasks. By introducing a test-time alignment method, the responses of
LLMs can gradually achieve a deeper alignment with the user’s style, tone, and values.
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1.4 Organization of the Report

The rest of this report is organized as follows. Section 2 describes the construction details of domain-
specific verifiers used during the training and inference phases. Section 3 introduces SafeLadder—the
training framework of SafeWork-R1, while Section 4 introduces the functions at inference time.
Section 5 presents evaluations of SafeWork-R1’s performance in the safety domain and general
reasoning domain. Section 6 introduces the developed RL infrastructure. Section 7 concludes the
report with discussions of the insights discovered in this work.

In the appendix in Section A, we provide evaluations for other models developed under our SafeLadder
framework, including SafeWork-R1-InternVL3-78B, SafeWork-R1-DeepSeek-70B, and SafeWork-R1-
Qwen2.5VL-7B.

2 Construction of Verifiers

Since the SafeLLadder framework heavily relies on large-scale RL, and rule-based verifiers alone are
generally insufficient, we introduce three verifiers—safety verifier, value verifier, and knowledge
verifier—designed to address challenges related to safety, value alignment, and knowledge, respectively.

2.1 Safety Verifier

We propose a Safety Verifier for MLLMs capable of delivering precise, bilingual safety judgments
on both text-only and image-text inputs. Our verifier is capable of judging with and without explicit
reasoning traces and assigns precise safety scores to final outputs.
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Figure 6 Detailed construction steps for text-image query generation.

Query generation. To create high-confidence multimodal safety queries, we develop a pipeline
that follows a closed-loop process of generation, filtering, and verification (shown in Fig. 6). Quality-
controllors are embedded at each stage to ensure scalability, accuracy, and reproducibility.
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Labeling. We use state-of-the-art models (Gemini 2.0 and InternVL2.5-78B) to generate responses and
then perform meticulous manual annotation to ensure label quality and consistency [10]. Annotators
are tasked with categorizing each response into one of several well-defined classes, reflecting both the
safety and appropriateness of the model output. The annotation protocol covers six categories: Safe
with refusal, Safe with warning, Safe without risk, Unsafe, Unnecessary refusal, Illogical completion.

Dataset construction. The majority of the training set is generated through our proposed pipeline.
Through multiple rounds of generation, filtering, and verification, we obtain 45k high-quality multi-
modal samples. The safety risk categories have 10 major categories [32, 33] and 400 subcategories,
ensuring consistency between the generated data and evaluation benchmarks. We also incorporate
samples from open-source safety datasets such as JailbreakV [42] and WildGuard [17] to enhance the
generalization ability of our model. For these datasets, we follow the same procedure of Labeling
section to generate responses and labels. Moreover, to address the issue of model oversafety, we
included an additional 20k normal, safe queries from the ShareGPT dataset with both compliance and
refusal answers. To strengthen the model’s performance on Chinese data, we translate a portion of the
above English multimodal samples into Chinese and add them to the training set, and further create a
Chinese text-only dataset consisting of manually constructed question-answer pairs without images.

Table 1 Judgment Accuracy(%)! and F1 score(%)! on prevailing and our safety benchmarks.

Model Ch3ef [55] SIUO [61] | VLGuard [86] | Wildguardtest [17] Ourtestset

ACC F1 ACC ACC ACC F1 ACC F1
Claude 3.7 Sonnet 88.44 89.22 89.22 96.77 88.64 70.83 74.78 64.64
Gemini 2.0 flash 88.76 89.46 95.21 100.00 91.82 76.54 74.77 57.57
GPT-40 84.18 84.50 92.22 99.80 92.35 78.85 75.46 62.76
GPT-4.1 92.52 93.24 83.23 99.61 89.86 69.46 77.85 69.31
Llamaguard3-Vision 67.86 62.28 96.41 100.00 87.48 59.40 69.38 40.65
Llama-4-Scout-17B 83.93 84.52 91.62 94.13 82.20 45.08 72.49 45.35
Gemma3-27B 91.67 92.45 95.21 99.80 90.72 73.86 73.75 56.55
InternVL2.5-78B 90.48 91.21 97.60 100.00 93.51 80.00 72.16 54.48
Qwen2.5-VL-72B 89.12 89.81 98.20 100.00 92.06 76.74 71.65 54.58
Safety Verifier 93.20 93.93 88.62 98.14 94.03 81.17 85.69 79.16

Training of Safety Verifier. We construct a judgment prompt with a standard for judging six
principal safety categories and use it for both training and evaluation. We use Qwen2.5-VL-7B as the
base model and train it with standard supervised finetuning.

Evaluations. We present the evaluation results on public safety benchmarks, our proprietary test
benchmarks, and oversafety-specific benchmarks in Table 1. Our Safety Verifier consistently achieves
leading accuracy on most datasets, notably excelling on challenging benchmarks such as Wildguardtest
and Ch3ef, while also maintaining more balanced F1 scores in complex cases.

2.2 Value Verifier

To uphold human values in complex and real-world scenarios, we develop Value Verifier, which is an
interpretable, bilingual (Chinese-English), and multimodal (image-text) reward model trained to assess
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whether a model’s output aligns with desired value standards. This is enabled by a self-constructed
dataset, with over 80K samples that span more than 70 distinct value-related scenarios.

Domain Topic

Domain Image Culture
Generation Generate News Ethics
i i o
Conflict Rewritten Prompt . Aacademic Ethics
or Keywords Zallbct Education T
Topic Image Educational Equit
Search o O
) - )
=5 —
data = { Short
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"Neg Response”: Neg, Pos Scenario inance )
"Pos Response Short": Short Pos, Stock Market Stabilit:

Public Participation

Long Pos Add UID ]

"Pos Response Long": Long Pos, Expert LLM
“uid": uid, q g o g
" Filtration Filtration

keywords": keywords, Policy
"img_path":img_path, Government Transparenc
"Domain": domain,
jTopict: topic m Healthcare
Patient Privacy Protection
(a) Procedural Construction Flowchart of Dataset. (b) Scenario Taxonomy.

Figure 7 Data construction pipeline and value taxonomy visualization.

Data Construction. We designed a multi-stage data construction pipeline (Fig. 7(a)) to transform
high-level value concepts into contextual, multimodal data. This pipeline specifically focuses on
creating hard samples with methods like jailbreaking and filter out instances that target models answer
correctly. We firstly collaborated with experts from the humanities and social sciences to develop a
hierarchical taxonomy for value-related scenarios, which is structured by a top-level Domain and a
second-level Topic (Fig. 7(b)). Leveraging this taxonomy, we then used GPT-4o0 to generate nuanced
value conflict scenarios as detailed narratives, which are then used to generate corresponding text and
image content via text-to-image models and relevant image searches on Google. For each multimodal
question, multiple versions of answer are constructed. Textual questions were also augmented with
jailbreak triggers to improve model robustness. The generated data finally underwent a rigorous
filtering process with MLLMs and human reviewers, after which 80k high-quality samples were
retained from 140k candidates. The final data consists of tuples “(question, image[optional], response)”
with a binary label of “good” or “bad”. The “good” label is assigned only if the response is value-aligned
and, in cases of malicious prompts, actively guides the conversation toward a constructive outcome.

Training and Inference of Value Verifier. Our Value Verifier is designed as an interpretable binary
classifier that renders a “good/bad” verdict with reasoning in a CoT style. We use Qwen2.5-VL-72B
as the base model and train it with GRPO algorithm. The trained Value Verifier can be used in two
modes: (i) the interpretability mode generates a full reasoning process for qualitative analysis and
debugging, (ii) the scoring mode outputs a continuous score from the probability of the “good” token.

Evaluations. We benchmarked reward models with data from public benchmarks and an 8k-sample
internal test set. We tested our model in two configurations: “thinking” (with CoT) and “w/o thinking”
(via the scoring mode). The evaluation results (Table. 2) show that our Value Verifier achieves SOTA
performance on nearly every benchmark, spanning multimodal and text-only tasks. Its overall average
score of 88.2% is over 11 points higher than the next-best proprietary model.
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Table 2 Performance on on various benchmarks. *: Average on corresponding set.

M?B[66] CV[65] MCI[53] MB[27] FL[23] ET[20 Our Testset .
Model [66] [65] [53] [27] (23] [20] ur festse Public* Ours* | All*
mm/mc  pt/mc pt/mc pt/mc pt/op pt/op mm/en pt/en mm/cn pt/cn
GPT-40 47.0 85.0 92.0 60.0 68.0 74.0 37.0 86.9 74.9 74.3 71.0 68.3 69.9
Gemini 2.0 Flash 66.0 86.0 94.0 60.0 65.0 81.0 67.4 81.7 77.6 54.4 75.3 70.3 73.3
Qwen2.5-VL-72B 77.0 84.8 94.0 54.0 67.0 84.0 69.3 78.5 70.6 56.3 76.8 68.7 | 73.6
InternVL2_5-78B 75.3 84.9 94.0 52.3 62.0 88.5 54.7 76.8 72.9 64.1 76.2 67.1 72.6
Qwen2.5-VL-32B 26.0 77.2 84.9 50.0 65.0 43.4 49.9 50.0 50.0 50.0 57.8 50.0 54.6
Claude Sonnet 3.5 40.8 86.1 93.9 59.7 73.0 80.9 84.7 93.3 76.4 82.0 72.4 84.1 77.1
Claude Sonnet 3.7 66.8 81.3 90.4 54.3 70.0 82.5 71.2 87.9 83.9 71.9 74.2 78.7 | 76.0
Value Verifier (w/o thinking) 82.4 85.1 96.6 61.4 95.0 87.1 94.9 98.7 95.2 85.2 84.6 93.5 | 88.2
Value Verifier (thinking) 80.0 86.1 97.5 61.4 94.0 89.1 95.0 98.5 94.9 84.6 84.7 93.3 88.1
— 1 —
Question: What is considered as the Casimir size of an electron? e ;
______ A. 1.6 x10-19 cm B. 9.11 x10-31 kg C. 5.2 x10-11 cm D. 2.82 x 10-14 cm Gestve Negative
Physics ~ Math ~ Chem. Bio. 1) T&C 2 F&C 3 T&U 4 F&U
Correctness Uncertainty Class
m—— Ture/False | Certain/Uncertain | TC/TU/FC/FU Correct & Incorrect |
120K 10 disciplines Certain Uncertain
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Figure 8 The development workflow of our knowledge verifier model. Unlike traditional models that only use
answer correctness for positive/negative samples, our knowledge verifier additionally gathers responses with
correct answers but low confidence and treats them as negative samples. Please note that the multiple-choice
questions depicted in the diagram are merely illustrative examples. We actually possess various question types,
including numerical problems and open-ended questions.

2.3 Knowledge Verifier

While the LLM post-training paradigm has shifted towards reinforcement learning with verified reward
(RLVR), this approach faces a key challenge: it often produces poor-quality reasoning, especially in
smaller models. By only evaluating final answers, it provides insufficient guidance for the intermediate
steps and rewards “lucky guesses” where flawed logic happens to yield a correct answer. We argue the
key is to penalize these speculative, low-confidence responses, even when they are correct.

To solve this, we introduce our knowledge verifier, specifically designed to optimize STEM capabilities.
As shown in Fig. 8, our knowledge verifier directly penalizes the model for speculative guessing and
encourages the generation of well-supported, high-confidence reasoning.

Data Construction. We first collect or labeled around 120K mutli-model knowledge questions with
10 disciplines. Then we generate multiple answers using base model (Qwen2.5-VL-72B) for each
question and retain only those that elicit inconsistent responses as seed questions.

For each seed question, we generate responses using three diverse LLMs. Each response is labeled along
two dimensions: correctness (True or False) and confidence (Certain or Uncertain). Confidence is
estimated via sampling consistency. We construct training pairs where the positive example is a T&C
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Table 3 Verifier Performance in three reward benchmarks (*knowledge subset).

JudgeBench*  VLRewardBench® MMRewardBench*  Avg.

Qwen2.5-VL-7B 26.3 34.9 24.9 28.7
Qwen2.5-VL-72B 50.0 56.2 51.3 52.5
GPT-40 45.3 49.3 60.6 51.7
Claude Sonnet 3.7 49.3 53.2 56.1 52.8
Claude Sonnet 3.7 (thinking)  62.0 61.0 69.4 64.1
Knowledge Verifier 7B 54.9 61.9 55.2 57.3
Knowledge Verifier 72B 72.7 66.0 65.6 68.1

response and the negative example is drawn from one of the other three types.

Benchmarks. Experimental results demonstrate that our Knowledge Verifier maintains competitive
advantages compared to proprietary models. Table. 3 illustrates our Knowledge Verifier's performance
results on knowledge subsets from three widely-used Reward Benchmarks, including JudgeBench
(58], VLRewardBench [31] and MMRewardBench [73]. Notably, in adherence to the RLVR training
paradigm, we employed rigorous point-wise testing rather than the conventional pair-wise evaluation
method, which simultaneously inputs two answers to determine superiority. Our approach required
the verifier to independently score each response, with the expectation that preferred answers would
receive higher scores than rejected answers.

3 Our Approach: SafeLadder

In this section, we introduce SafelLadder, a framework designed to optimize for safety, general capabil-
ity, efficiency, and knowledge calibration in (multimodal) LLMs. Our SafeLadder consists of a staged
training pipeline including long-CoT supervised fine-tuning, multimodal multitask multiobjective
reinforcement, safe and efficient RL, and deliberative searching RL.

3.1 CoT Supervised Fine-Tuning (SFT)

The goal of Long-CoT [63] SFT is to instill a structured, human-like reasoning paradigm, moving
beyond simple format mimicry. This section details our data synthesis, validation and filtering
methodology.

Long-CoT Data Synthesis. The data synthesis pipeline begins with a high-quality seed set of Long-
CoTs curated from open-source datasets in domains like advanced mathematics and logic. To scale
data generation, a hybrid approach centered on knowledge distillation is employed. High-quality CoTs
are distilled from more capable teacher models for both text-only [35, 59] and vision-language tasks
(68, 25]. For multimodal problems, the method first translates key visual information into a structured
textual format, thereby converting the task into a symbolic reasoning problem solvable by a powerful
text-only teacher. To explicitly foster advanced cognitive skills, structured prompts are utilized to
teach abductive reasoning and metacognitive reflection. For the most complex problems, we deploy
a multi-agent collaborative system that simulates expert problem-solving through mechanisms like
self-correction and tree-search-based exploration.



SafeWork-R1: Coevolving Safety and Intelligence under the AI-45° Law

Two Stage M3- RL

|
[} 1
Gener%Capability i
ro L] — (o )— L) (=]
.
General Capability l ’ -
C F T T T T T T T T T T T T T T e T T T T T T T T TS mmm s s - 1

1
Safety D ol N ket sl 1

Figure 9 Overview of the M3-RL training framework. The process consists of two sequential stages: Stage 1
focuses on enhancing the model’s General capability, while Stage 2 jointly optimizes Safety, Value and General
capability. During reinforcement learning, each capability task is guided by multiobjective reward functions
composed of Format Reward, Visual-Focus Reward, Helpful Reward, and Task-Aware Reward. The entire
framework is designed for Multimodal, Multitask, and Multiobjective reinforcement, covering both visual and
language inputs.

Data Validation and Filtering. To ensure the synthesized data is correct, diverse, and high-quality,
a rigorous, multi-stage validation pipeline is employed. The process initiates with a rejection sam-
pling phase. For questions with verifiable answers (e.g., math, code), correctness is confirmed via
programmatic checks or an LLM-as-a-judge against a ground-truth solution. For non-verifiable
questions, a reward model scores responses for quality, and only the highest-scoring candidates are
retained. Subsequently, response filtering and semantic deduplication [76, 2] are performed. Using Term
Frequency-Inverse Document Frequency (TF-IDF) [57] and semantic similarity metrics, repetitive or
incoherent reasoning steps are pruned. To prevent specialization bias, we then analyze and ensure
cognitive diversity and balance [14]. The distribution of various cognitive patterns—from foundational
skills like decomposition and planning to advanced reasoning like causal inference and exploratory
thinking like hypothesis testing—is quantified. This analysis guides targeted data augmentation, which
enriches underrepresented patterns to ensure the final dataset’s cognitive breadth and mitigates the
risk of the model developing unproductive reflection loops.

3.2 M3-RL

This section presents M3-RL, a reinforcement learning-based training framework tailored for Multi-
modal, Multitask, and Multiobjective optimization of large models. As shown in Fig. 9, M3-RL aims to
enhance model robustness and utility across four essential capability tasks: safety, value, knowledge
understanding, and general reasoning. The framework is built on the idea that building trustworthy
multimodal LLMs requires not only handling diverse input modalities, but also coordinating multiple
learning tasks and balancing multiple optimization goals. To achieve this, we combine the following
key components:

+ A two-stage training strategy to optimize complex capabilities and safety;

10
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+ A customized CPGD (Clipped Policy Gradient Optimization with Policy Drift) optimization
algorithm for stable and efficient policy updates;

« A multiobjective reward design guiding reinforcement across different task types and modalities;

« Multimodal jailbreak data augmentation to improve robustness against unsafe or adversarial
visual-text inputs.

Each component is designed to be modular, scalable, and practical, supporting the development of
safer and more capable multimodal LLMs in real-world deployment scenarios.

3.2.1 Multitask training pipeline

To effectively build a model that performs well across safety and general tasks, which incude safety,
value, general capability, we designed a two-stage RL training pipeline.

We observed that knowledge tasks and general reasoning often involve long chains of reasoning and
complex comprehension. On the other hand, safety and value tasks are often more straightforward. A
key challenge is that safety performance tends to degrade or be forgotten after the model is further
trained on complex tasks. Moreover, improving the model’s general capability can actually benefit
downstream safety and value tasks, because a more capable model can better understand instructions
and avoid unsafe or biased responses in complex scenarios. Based on these observations, we split the
training into two distinct stages:

Stage 1: First, we focus on enhancing the model’s general capability.

Stage 2: Then, in the second phase, we jointly train safety, value, and general capability, using a mixed
reward function that carefully optimizes all of them.

This training strategy has the following benefits:

« It ensures that the complex general capability is prioritized and not overwritten by the easier
safety-related tasks.

« It prevents the model from forgetting safety by reinforcing it after general capabilities have
been established.

« It promotes mutual enhancement, where strong general reasoning supports better safety and
value alignment in complex prompts.

3.2.2 The CPGD Algorithm

During the reinforcement learning (RL) training phase, we employ an advanced algorithm called
Clipped Policy Gradient Optimization with Policy Drift (CPGD) [39], recently developed by some of
the contributors to this work. Compared to classical RL methods such as GRPO, RLOO, and REIN-
FORCE++, CPGD offers improved training stability and consistently superior model performance.

Let 7y denote a language model whose parameter is represented by # € R<. For any prompt x € 9,
the model generates a response y ~ 7y (+|x). Let R(x,y) denote the reward of response y under

11
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the prompt x, and A(X,y) := R(X,¥) — Ey/or,(jx) [R(X,y’)] denote the advantage of y. For any
real numbers a < b, we define clip’ () := max(min(z,b), a). The CPGD algorithm is designed to
maximize the following function:

ZLerap(0; Ooia) = Exca [Engom [Po(x,y)] —a- DKL(WBOM('|X)||7T0('|X))] ;

where

) 7o (y|X) . In(1+e) To(y|x)
dy(x,y) := min {ln — = A(x,y), dip,;; 5 (In——= ) - A(x,y) ¢ .
We(\ld(y’X) : (1 ) 7Teold (y‘X>

The practical implementation of the CPGD update formula is detailed in [39], which introduces a
token-level decomposition of the objective and employs a modified k3 estimator to approximate the
KL divergence.

3.2.3 Multiobjective Reward Function

To guide the reinforcement learning process across a wide range of tasks, we adopt a unified multiob-
jective reward function composed of four components: Visual Focus Reward, Helpful Reward, Format
Reward and Task-Aware Reward.

Each component serves a distinct role: grounding responses in visual evidence, promoting helpful
behavior under varying risk levels, maintaining explicit task-specific alignment, and ensuring struc-
tured reasoning patterns that support multi-step cognitive processing. Formally, the total reward is
expressed as:

Total Reward = wy Rvisual—focus + wQRhelpful + w3Rformat + w4Rtask—aware

where w1, ws, w3, wy are scalar weights balancing the contribution of each reward type. In practice,
we set these weights to comparable scales to ensure that no single component dominates the training
signal.

This unified design offers several advantages. It simplifies reward assignment by separating task-
specific goals from general multimodal and helpful behavior. It also makes training more stable by
applying a consistent reward structure across all data. Finally, it helps the model generalize better by
using a shared reward pattern that captures both grounded reasoning and expected norms.

Detailed descriptions of each reward type are provided below:

« Visual-Focus: Encourages the model to attend to semantically important visual elements,
enhancing multimodal grounding and visual reasoning.

« Helpful: Promotes helpful and accurate answers to benign prompts, while enabling risk-aware
responses when safety concerns are present.

« Format: Enforces structured outputs (e.g., <think>. . .</think> before final answers), en-
couraging explicit reasoning and interpretable intermediate steps.

12
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Jailbreak Augmentation
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Figure 10 M3-RL data augmentation.

« Task-Aware: A composite reward that supports safe, ethical, factual, and general-purpose
behavior. It penalizes harmful outputs, promotes value-aligned responses, encourages factual
accuracy, and strengthens instruction-following across diverse user goals.

3.2.4 Multimodal Jailbreak Data Augmentation

Textual Jailbreak Augmentation. To help the model better handle jailbreak attacks in text, we
create a harder dataset by rewriting unsafe questions using paraphrasing and obfuscation in Fig. 10.
Instead of relying on reinforcement learning to discover risky prompts like Jailbreak-RL, we apply
automatic techniques such as synonym replacement, word reordering, and sentence restructuring.
These changes imitate real-world jailbreak attempts while avoiding the cost of adversarial search.

Visual Jailbreak Augmentation. As described in Section 3.2 , for multimodal inputs, we extend
jailbreak augmentation by extracting key visual information from images. We use GPT-4o to identify
image elements that are semantically related to the query, helping the model understand the connection
between what is shown and what is asked.

3.3 Safe-and-Efficient RL

Although large reasoning models (LRMs) achieve astonishing performance with long and structured
thinking processes, the safe rate of thinking process is lower than that of the final answers. Specifically,
when faced with harmful image and textual queries, LRMs usually produce related and sensitive
reasoning processes with finally safe responses. In this way, investigating efficient and inherently
secure reasoning mechanisms is necessary, aligning with the saying “the more one talks, the more one
is likely to make mistakes.”

Conditional Advantage for Length-based Estimation Toward the goal of safe-and-efficient rea-
soning, we introduce CALE (Conditional Advantage for Length-based Estimation) to finely control
the training process with length signals. Given a query, CALE divides the sampled responses from
the model into two groups, conditioned on response length. By applying different weights to the two
groups, CALE can guide the model to favor shorter responses while maintaining performance.

13
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Specifically, given a query-answer pair (¢, a), the sampled responses {o;} are sorted by length and
divided into two equal-sized groups G and G, . Here, G,/ denotes the group that contains longer
responses, and G the group with shorter responses. Then, the CALE advantage can be written as:

ACALE - Aq,o,t + \D<0a O{), (1)

q,0t

where Aq,()’t is the advantage estimation in DR.GRPO [38], and

a*xmean({Rylo' € GF}), ifoe G,
U(o,a) = = (2)
—ax* R, ifoeGf

DO | =

In Eq. 1 and Eq. 2, « is the weight of the efficiency and R, is the reward of response 0. When o = 0,
this advantage reduces to DR.GRPO’s estimation. In addition, CALE is compatible with other efficient
reasoning techniques that focus on reward design, such as reward with normalized length penalty [1]:
R, = 1{o = a}(1 — v£(Jo])), where f(jo]) = sigmoid((|o| — meany (g (|0/]})/5td oz} (|o'])), and
the coeflicient -y is typically set to 0.1. Section 5.3 further explains how efficiency improves safety and
safety-relevant information emerges.

Reward and RL algorithm design. We use rule-based accuracy rewards with normalized length
penalty for general data, and use the aforementioned verifiers to provide rewards for safety and value
data. Furthermore, we add rule-based format rewards for all data. We apply the CALE algorithm with
a = 0.05in Eq. 1 for general data, and employ the standard GRPO algorithm for safety and value
data. Additionally, CPGD is used to stabilize the RL training process.

3.4 Deliberative Search RL

After the above training stages, the model has developed trustworthy reflection capabilities, but
real-world applications require effective interaction with external knowledge sources. Previous
research primarily focuses on collecting and understanding large volumes of information using agent
framework, directly generating a lengthy report to users who struggle to distinguish credible content
from noise.

We argue that LLMs’ core advantage lies in combining world knowledge with logical reasoning. We
propose Deliberative Search RL, which focuses on using key information to enhance the reliability of
reasoning process rather than simply aggregating internet data.

Deliberative Search mode constitutes an iterative action (think, search and read) process wherein our
LLM dynamically updating its confidence metrics through real-time observations. This methodology
enables the model to calibrate its response confidence levels by taking actions to use external knowledge
sources.

« Action(y;): Each action y; € o, where i = {THINK, SEARCH,READ}. A SEARCH action
typically yields a set of potential information sources (e.g., URLs), while a READ action ingests
the content from a chosen source.

14
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« State (s;): s; represents the new state (observation) after taking the action ;.

« Confidence (c(s;)): For every action y; taken, we have a new state s;. the policy network
simultaneously produces a confidence score c(s;).

This allows users to observe how external information influences reasoning while using confidence
levels to determine answer acceptance, enhancing trustworthiness in both process and outcome.

We formalize this process as an end-to-end constrained RL framework that optimize the model via a
dynamic reward weight updating algorithm.

The RL objective can be formalized as follows: R() := E [S_, r(s,)], where s, = {2, 41, ..., i} ,
T~y

x € D denote the prompt, y; denote the t-th reasoning step of the response and 7(s;) denotes the

reward of a given response. We extend this framework by incorporating the confidence constraints

ci(s): Ui(0) = E 32, ci(s1)] > mi, where 1, is the lower bound of a constraint. Then we can
T~y

convert it to an unconstrained problem:

m

P* =maxmin £(0,\) = R(0) + > _ X\(Ui(0) — ), (3)

6 A>0 -
=1

Since [46] demonstrated the strong duality holds for Eq. (3) under the setting of RL, we only need to
solve: * = Iggl max £(6, \). Our dynamic RL algorithm can be formulated as follows:

Algorithm 1 Dynamic RL Algorithm with Constraints

Require: feasible set ©; objective R(); validity constraint function U () and thresholds 7 ; step-size
schedules {ay.} (primal), {8} (dual) (0*, \*)

1: Initialize 8y € ©, Ay > 0 > Ao = 0.01
2: fork=0,1,2,...do > until convergence
3: go < VgR((gk) + )\kng(ek) > RL gradients
4; Opi1 < Op + g gg > — Dual multiplicative-weights step —
5: >\k+1 — /\k exp (ﬁ(n — U(0k+1))) >n = 0.9
6: end for

7. return (011, A\pr1)

Overall, RLVR demands that models continuously strive for enhanced accuracy; however, this may
induce overconfidence issues, resulting in diminished reliability [34, 43]. These constitute a pair of
optimization objectives with inherent trade-offs, where manual adjustment of the relative weights
between these two goals typically fails to ensure stable training. The fundamental principle of our
Deliberative Search RL algorithm lies in employing Lagrangian optimization techniques to dynamically
balance the reward weight ratio between accuracy and reliability based on historical reward variations
throughout the RL process, thereby achieving concurrent improvement in both dimensions. This
approach introduces virtually no additional computational overhead while demonstrating remarkable
effectiveness.
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Figure 11 An illustration of the Principled Value Model (PVM) guidance mechanism for inference-time align-
ment. Given a user prompt, a Gating module first generates a Routing Vector specific to the input context,
which sets the policy weights for different principle dimensions (e.g., Safety, Value, Knowledge). The model then
performs iterative, step-by-step generation. At each step t, a set of candidate continuations (C) is proposed and
evaluated by the PVMs. These evaluation scores are combined with the Routing Vector via dot product (®) to
yield a final score. The candidate with the highest score is selected. The diagram demonstrates this process for
a sensitive query: in the first step (¢ = 0), the high weight on Safety (0.8) guides the model to select a refusal
sentence.

4 Inference-time Intervention

Inference-time intervention is a critical technique for steering model behavior toward desired prin-
ciples without requiring costly retraining or fine-tuning. Within our SafeLadder framework, we
implement two distinct inference-time intervention methods to enforce step-level safety and trustwor-
thiness for our SafeWork-R1 model, including Automated Intervention which utilizes value models for
automated screening and guidance, and Human-in-the-Loop Intervention which enables direct editing
and refinement of the Chain-of-Thought.

4.1 Automated Intervention via Principled Value Model Guidance

For automatic intervention, we build a guided generation framework, analogous to a beam search,
to construct responses in a step-by-step, auto-regressive manner [84]. This process is governed by a
set of Principled Value Models (PVMs), each specialized in evaluating a different dimension of the
response, such as Safety, Value and Knowledge [12].

The core of our mechanism is a dynamic control system. For any given user prompt, a lightweight
Gating module first assesses the context and outputs a Routing Vector. This vector acts as a dynamic
policy, assigning importance weights to each score of PVM. The final arbitration score for each
candidate continuation is the dot product of its PVM evaluation scores and this Routing Vector. This
allows the model to adapt priorities of different queries dynamically; for instance, when faced with a
potentially harmful request as shown in Fig. 11, the Gating module assigns a high weight to the safety
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Table 4 Main evaluation results comparing PVM Guidance with the baseline inference method. PVM Guidance
demonstrates substantial improvements across all domains, with a particularly significant increase in the Safety
score (from 77.1 to 93.8). Higher scores indicate better performance.

Safety Value Knowledge

Score Score Score Accuracy
Method (Verifier)  (Verifier)  (Verifier)  (Rule-Based)
Base Inference 77.1 96.2 74.7 49.2
PVM Guidance 93.8 97.5 75.6 54.3

dimension, which ensures the model’s response is safe and appropriate.

PVM Training and Inference Objective Our PVMs are trained as prefix scorer [44, 37], tasked
with scoring partial response sequences. The training objective for each PVM is to minimize the mean
squared error between its score for a given prefix and the sequence-level reward. Specifically, for each
value dimension k (e.g., safety, value, knowledge), we train a corresponding PVM, V, parameterized
by 0. Given a dataset Dy, of (prompt, response) pairs and an associated reward function r(p, y) that
evaluates the complete response y for prompt p along dimension £, the loss function is:

|yl

1
(k) = Epy)~a, ol > (Vi y<s: O) — rilp,y))? (4)
t=1

where y_, represents the prefix of the response. The inference-time selection process at each step ¢
combines two components to choose an optimal continuation ¢; from a set of candidates C}. The first
is a vector of scores,

V(Ct) - [‘/;afety(ct)7 ‘/Value(ct)7 ‘/knowledge(ct)]Ta

produced by the PVMs for each candidate. The second is the context-specific Routing Vector,
W = [Wfetys Walue, Wknowledge, Supplied by the Gating module. The optimal candidate is the one
that maximizes the dot product of these two vectors, effectively selecting the continuation that best
aligns with the policy defined by w. Formally, the objective is:

. . , 5
¢; = argmax (w - v(ct)) (5)

Experimental Setup Our evaluation is performed on three internally curated, domain-specific
test sets. The Safety set comprises 1,000 prompts to probe safe response generation, the Value set
contains 2,200 prompts to assess alignment with ethical principles, and the Knowledge set includes
4,700 prompts to measure factual accuracy.

We compare two inference methods. Our baseline uses nucleus sampling with temperature of 0.6,
top_p of 0.9, top_k of 50, and a maximum generation length of 2048 tokens. Our proposed PVM
Guidance method builds upon these same base settings but incorporates additional guidance-specific
parameters: 100 lookahead steps, a candidate pool size of 4, and beam width of 1.
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Overall Analysis Our analysis shows that Automated Intervention via Principled Value Models
(PVMs) significantly enhances model control, a conclusion substantiated by the quantitative results
in Table 4. The intervention is most impactful in the safety domain, where PVM guidance achieves
a remarkable increase in the Safety Score from 77.1 to 93.8. This quantitative leap aligns with our
qualitative studies, which show that PVMs effectively steer generation towards safe or refusal-oriented
responses from the initial steps, preemptively preventing the model from committing to undesirable
generation paths [11]. A consistent, albeit more modest, improvement is also seen in the value domain,
with the score rising from 96.2 to 97.5. In the knowledge domain, while PVM guidance still yields
a consistent improvement—increasing the verifier-based score from 74.7 to 75.6 and rule-based
accuracy from 49.2 to 54.3—the margin is significantly narrower. These results suggest that PVMs
do not confer the same decisive advantage over the baseline as they do in safety-critical contexts,
especially when considering methods like Best-of-N (BoN) sampling with an equivalent computational
budget.

This quantitative distinction across domains reinforces our key hypothesis regarding the method’s
mechanics. The unique strength of PVM guidance is most pronounced in domains where the task
involves mapping complex inputs to a constrained and convergent set of desired responses. Although
the principles of safety and ethics are themselves nuanced, the optimal response upon detection of
a violation often converges on structurally recognizable refusal patterns. This provides the value
models with a clear, high-signal objective to optimize for. In contrast, the criteria for a high-quality
“knowledgeable” response are far more divergent and multifaceted (e.g., accuracy, depth, novelty). The
resulting objective for the knowledge VM is inherently more ambiguous, making it challenging to
consistently and substantially outperform strong baselines, which are already adept at exploring this
diverse space of acceptable answers.

4.2 Human-in-the-Loop Intervention

While modern LLMs with reasoning capabilities excel at complex, step-by-step reasoning on challeng-
ing tasks [6], they still struggle with knowledge gaps and logical error even on middle-school-level
tasks, forcing a reliance on labor-intensive, interactive correction methods [15]. Existing self-reflection
approaches offer some improvement but increase computational cost and are ineffective when external
knowledge is required [30]. Furthermore, models lack mechanisms to retain corrected errors and
adapt to user preferences, creating a critical need for an efficient framework allowing LLMs to learn
from mistakes and progressively align with user expectations [19].

Objective. Overall enables real-time, personalized, and reliable value alignment with minimal cost.
Our approach integrates human Intervention on CoT, aiming to achieve three core objectives. More
exploration will be implemented to enhance error correction and generalization by constructing an
efficient error vector database and leveraging test-time adaptation for user alignment, with evaluation
on larger and more diverse datasets.

Implementations. Dialogue-based correction is inefficient and error-prone, especially with long
reasoning chains. We propose a text-editing interface akin to “Track Changes,” enabling direct and
precise model output correction. The overall method pipeline is shown in Figure 12.
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Figure 12 Framework of human intervention on CoT.

Firstly, when users are dissatisfied with the reasoning process in the previous LLM response or
identify apparent errors, they have the option to manually edit the corresponding text segments.
The process of manually modifying the CoT in the r-th round of response can be represented as
C, HumanEdition(C,.). The purpose of manual intervention is to enable LLMs to generate a new
response different from the original by recognizing user feedback. However, in practice, directly
inputting the edited text as part of the dialogue may cause the model to shift attention away from the
original query (), or overlook the modifications, due to inherent limitations in the model structure.
To mitigate this, We propose incorporating a new input query in the current dialogue round, while
appropriately condensing or discarding the historical context as needed. The new input for the
next turn is then formed by combining the original question with this optimized hint as ()., 1 <
concat(Q,, C’r) The resulting response, C,. 1 and A, 1, represents the updated reasoning CoT and
answer, achieved through this refined human-in-the-loop intervention. Secondly, human intervention
was introduced via edit-distance-based corrections to (), interfering with similar memory and
enabling genuine reasoning without KVCache reliance [78]. Most incorrect reasoning arises from
missing or incorrect step, which affects all subsequent reasoning. During processing, edits are usually
focused on this key step, while the rest are either removed or left unchanged. Given the need to trace
user modifications to the CoT content within responses, we adapt the Myers Diff [45] algorithm as
a foundational approach for implementing fine-grained text change tracking. The methodological
framework for this tracking mechanism is outlined as follows. The parameters remain in the same
style as above, give the original CoT text (., and after user edit text C.. T (-) is the tokenization
operation. The text editing of the k-th segment is denoted as A, = <sk, €k, Ok, textk>, which is
represented by starting token index s, ending token index e, corresponding operations ox. The
general operations include no action, deletion, addition, and modification, which can be represented
as o, € {equal, delete, insert, replace }. After computation, the corresponding edition set will be:
A(C,, C’T) = {Ax}}_;, where n denotes the number of segmented content.
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D(A,B) = L0 (ex — si) - w(op)

represents the edit distance of each mini-

Algorithm 2 Track CHANGES FOR MANUAL EDITION

Require: original text C,, edited text C., particle size

mal granularity unit under the normalized mode € {word, sentence}

scale, where w(oy,) denotes the predefined . T(C,) « Tokenize(C,, mode)

~

: I (C,) < Tokenize(C,, mode)

1
weights for different operations (e.g., addi- 5
3: O <+ SequenceMatcher(J4, Ip)
4
5

tion and deletion with a weight of 1, and
modification with a weight of 2). The pro-

:AC’T,CA’T — 1(Sk, e, ok, texty,) | o # equal
cedural steps are as Algorithm 2. ( ) {< o i T ) ’ b7 e }

: return A(C,, C’r), 2(C,, ér)

We therefore use word-level edit distance to locate the intervention point, and apply different strategies
accordingly for [pre-edit, edit-point, post-edit]. Thirdly, preliminary experiments showed that direct
editing had limited effectiveness. To improve this, we explored alternatives. We introduce a lightweight
LLM to refine C, into a more concise and precise reasoning prompt. Furthermore, the data used for
our fine-tuning is also obtained through iteratively refined and edited CoT instances. The detailed
implementation methodology is described in Algorithm 3.

Algorithm 3 Iterative Simplification Process

Require: Initial Human Feedback CoT C.., Reference answer Cri1, Aria
Ensure: The shortest valid simplified hint from C,.

1 QF C. > Initialize as a query to lightweight LLM
2: fail_count < 0 > Initialize fail counter
32 N+ 4 > Set maximum allowed consecutive failures

4: while fail_count < N do
Q° +Response(Q*)

5

6: (C', A") <—Response by SafeWork-R1(Q*')
7. if V(QY,(Cri1, Ary1)) = True then
g:
9

> Simplify question by LLM
> Answer questions by LLM
> Check valid

QF +— Q° > Update it with new version
fail_count < 0 > Reset fail counter
10: else
11 fail_count < fail_count + 1 > Increase fail counter
12: end if

13: end while

14: return Q° > Return the final simplified question

Result. As shown in Table 5, our method outperforms dialogue-based approaches in pass rates, espe-
cially on complex, multi-step questions. Further experiment shows over 90% accuracy on repeated
questions using the final correct CoT, compared to about 60% when using full dialogue input. Our
approach also generalizes well to modified parameters, question formats, and image changes, demon-
strating both consistency and strong generalization. Additional performance details are shown in
Figure 13. The method was also evaluated on open-source models and APIs, yielding results consistent
with prior findings and significantly outperforming the baseline.
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Table 5 Comparison of pass rates across rounds. Only direct incorrect answers are included in the statistics.

K12-Level: ScienceQA Erro-quiries (N=630)‘Within 1R Within 2R Within 3R Within 4R

Dialog based on SafeWork-R1 ‘ 94.31% 96.45% 97.27% 98.05%
Human-Al Co-editing with thought hint ‘ 97.10% 97.93% 98.59% 99.05%
ScienceCEE Erro-quiries (N=10,830) ‘Within 1R Within 2R Within 3R~ Within 4R
Dialog based on SafeWork-R1 ‘ 65.18% 72.93% 78.72% 80.35%
Human-Al Co-editing with thought hint 74.89% 79.27% 81.52% 86.69%
Thought and caculation Hint 80.57% 86.45% 89.55% 92.41%
Comparison of Correction on Different Subject Comparison of Sensitivity on Different Causals Comparison on Token Cost
Human-Al Co-editing Thinking Process Dialogue Based
Dialogue Based T e e nce 61.52% s091% Human-Al Co-editing
Calculation Error
. B 47.36% 15339
o1 SRCECIN [ 7572 39.88%
. 31.21% 3011%
a768% . 27.65%
Y e ool B
18.32%
1273
Math Phys Chem Math Phys Chem Math Phys Chem  Math Phys Chem
irst BSund secondBund Third B€ind Fourth¥und broportion of Error Types  Passablein One -round  Passable in One - round First Round Second Round Third Round Fourth Round

Dialogue CoT

Figure 13 Comparison of performance on different subject ,sensitivity for different incorrect causals and token
cost. Only one round of edition applied for each question type, as in practice, causal of incorrect response of
may shift in subsequent response.

5 Evaluations

5.1 Safety Evaluation

We comprehensively evaluate our model’s safety performance in multimodal scenarios, using GPT-4
as the judge model and comparing it against both proprietary models and our baseline models. The
evaluation focuses on two critical aspects: 1) ensuring the model properly rejects harmful requests; 2)
avoiding excessive rejection of benign safety-related prompts.

To evaluate these, we employ four safety benchmarks: MM-SafetyBench [36], MSSBench [83], SIUO
[61], XSTest [52]. For MSSBench, we only consider the “chat” scenario. For XSTest-Safe, we use
GPT-40 as the judge and count responses labeled ’safe’ but not marked as full refusal.

Safety evaluation results are presented in Table 6, highlighting two key improvements.

Enhancing Safety Awareness. SafeWork-R1 demonstrated strong performance across all four Safety
Benchmarks, achieving an average safety rate of 89.2%, nearly five percentage points higher than the
strongest competitor (GPT-4.1: 84.1%). In the Multi-Modal Safety Benchmark (MM-SafetyBench),
designed to evaluate vision-and-language vulnerabilities, our model attained a safety rate of 92.04%,
significantly outperforming GPT-4.1 (78.2%) and Claude Opus 4 (82.1%). Even in the challenging Safe
Input, Unsafe Output (SIUO) task—testing subtle cross-modal misalignments—SafeWork-R1 reached
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Table 6 Safety rate (%) comparison between ours and prevailing models on safety benchmarks.

Model ‘ MM-SafetyBench  MSSBench  XSTest-Safe SIUO Avg.
Gemini 2.5 pro 79.3 70.5 100.0 76.7 81.6
Claude Opus 4 82.1 59.6 96.8 62.8 75.3
GPT-4.1 78.2 69.1 96.4 92.9 84.1
GPT-40 70.2 58.8 94.0 51.8 68.7
Qwen2.5-VL-72B 70.4 53.8 91.2 38.2 63.4
SafeWork-R1 92,01, 7481510 99.2:40 90515, 89.255 4

Table 7 Performance of models on value benchmarks.

M3oralBench

Model ‘ FLAMES Avg.
‘ Judge Classification  Response

Gemini 2.5 Pro 16.8 70.0 66.2 86.8 44.7
Claude Opus 4 38.1 70.7 74.7 72.5 52.2
GPT-4.1 333 74.4 62.7 61.7 53.0
GPT-40 36.6 72.4 65.9 79.7 55.5
Qwen2.5-VL-72B 39.1 58.4 48.1 75.7 49.9
SafeWork-R1 653126, 68.1490; 546165 70945 6491150

90.5%, closely matching GPT-4.1’s 92.9%.

Mitigating Overrefusal. On the mixed safety/non-safety benchmark (MSSBench), SafeWork-R1
achieved a safety rate of 74.8%, significantly outperforming Gemini 2.5 Pro’s 70.5% (4.3 percentage
points higher) and demonstrating robust capability in identifying multimodal harmful prompts. In the
overrefusal evaluation (XSTest), it maintained a 99.2% acceptance rate for benign prompts—surpassing
Claude Opus 4’s 96.8% and only 0.8% lower than Gemini 2.5 pro.

These figures clearly indicate that SafeWork-R1 has extremely strong performance in various high-
security demand scenarios. It can not only accurately respond to safety prompts, but also reject
dangerous content well, achieving a good balance between improving safety awareness and rejecting
over-refusal.

5.2 Value Evaluation

We systematically evaluate our model’s ability to align with human values and demonstrate sound
moral reasoning. Specifically, we focus on three dimensions: 1) the model’s ability to comply with
human values in highly adversarial Chinese-language scenarios; 2) the model’s ability to resist harmful
or malicious instructions with implicit moral risks; 3) the model’s consistency with human ethics and
moral foundations in multimodal contexts.

To evaluate these dimensions, we employ two value alignment benchmarks: FLAMES [23] and
M?3oralBench [66] as is described in Section 2.2. For FLAMES, we use the Flames-scorer and re-
port the Harmless rate (i.e., the percentage of samples scored as 3, completely harmless).

Advanced Value Awareness. SafeWork-R1 demonstrates a remarkable advancement in value aware-

22



SafeWork-R1: Coevolving Safety and Intelligence under the AI-45° Law

ness, as detailed in Table 7. On the FLAMES benchmark, it achieves an impressive score of 65.3%,
a substantial 26.2% increase over its baseline, Qwen2.5-VL-72B, underscoring its highly developed
capability to identify and refuse harmful instructions On M>oralBench, SafeWork-R1 also outperforms
Qwen across Judge and Classification.

Competitive Moral Reasoning. While larger models like Claude and Gemini perform strongly,
SafeWork-R1 achieves results that are on par with them. This shows that our model can provide
competitive moral reasoning and value alignment, even without relying on massive model scale or
proprietary data.

5.3 Safety Aha Moment with Representation Analysis

As illustrated in Fig. 14 (a), the model trained with the safe and efficient protocol consistently out-
performs the vanilla model under a fixed token budget, with peak performance gains achieved at
moderate token budget ratios (approximately 0.5). This indicates that our training pipeline enhances
reasoning efficiency without compromising overall performance. More crucially, we discover that
efficient reasoning also contributes to improvements in safety and value alignment. Fig. 14 (b) shows
that the model trained with the efficient reasoning objective surpasses its non-efficient counterpart by
a notable margin on safety and value benchmarks.

To better understand the underlying mechanisms behind our model’s enhanced safety behaviors, we
conduct a detailed analysis from the perspective of explainable Al (XAI) [8, 79]. Specifically, we adopt
an information-theoretic approach [47] to measure the mutual information (MI) between model’s
intermediate representations and the final safe reference answer at each inference step. This allows us
to trace how safety-relevant information emerges and propagates during the reasoning process. For
data construction, we first prompt GPT-40 on a diverse set of safety-related queries, and then label
each response as “safe” or “unsafe” using Safety Verifier. Responses judged to be safe are selected as
reference answers for each corresponding query.

The emergence of pronounced Safety MI Peaks phenomenon: at specific reasoning positions,
the MI between the model’s representations and the safe reference answer surges dramatically. These
peaks indicate that the model’s internal representations become significantly more aligned with the
final safe output at specific moments during generation. This suggests the model is internally encoding
safety-relevant signals in a concentrated and non-uniform manner.

The tokens most associated with these high-MI representations tend to include words like “Always”,
“Unauthorized”, “Legal”, “Safety”, and “Remember”—terms strongly correlated with safety guidance and
policy enforcement. This implies that the model spontaneously focuses on safety-oriented concepts at
those moments, steering subsequent generations toward safer tokens, and ultimately safer responses.
We further compare models trained under different regimes and make two key observations regarding

the tokens associated with Safety MI Peaks:

+ Safe-and-efficient training introduces and amplifies safety-related words. As shown in Fig.
15-(a), model trained with safe and efficient protocol not only introduces new safety terms (e.g.,

»” o«

“Avoid’, “Professional’, “Legal’, etc.) but also increases the frequency of existing safety words like
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Figure 14 (a) Comparison of token efficiency between the vanilla model and the model trained with the safe

and efficient protocol. (b) Comparison of safety and value performance between models trained with/without
the efficient reasoning algorithm.
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Figure 15 Frequency of tokens at Safety MI peaks for Qwen2.5-VL-7B under different training regimes.

“Remember” and “Always”. This expansion suggests that safe and efficient training encourages the
model to attend more readily to precautionary concepts throughout generation.

- Efficient training further strengthens safety signals and weakens transition signals, com-
pared to models trained without efficiency constraints. As shown in Fig. 15-(b), efficient
training reduces the use of transition words (e.g., “However”, “But”)—which may introduce the risks
of steering the response away from caution, and simultaneously increases the frequency of safety
words (e.g., “Avoid”, “Remember”). This shift toward more unambiguous language may potentially
reinforce the model to generate clearer, safer phrasing throughout inference.

Overall, our investigation suggests that our safety training not only improves the model’s behavior
externally but also reshapes its internal reasoning dynamics. The emergence of MI peaks and their
alignment with safety-relevant semantics implies that safety considerations are increasingly integrated
into the model’s intermediate representations during the inference trajectory. We hope these insights

offer a new perspective on how LLMs internalize and operationalize safety during inference, and
encourage further research.

5.4 Red Teaming Analysis

Jailbreak attacks pose an amplified risk by circumventing established safety mechanisms to induce
the generation of harmful or policy-violating content. To evaluate the model’s vulnerabilities under
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Table 8 Jailbreaking evaluation of various attack methods on selected models. The table reports the Harmless
Response Rate (HRR) for each victim model under two categories of Single-Turn red-teaming attack methods.
Higher HRR indicates better safety alignment.

Models Competing Mismatched Avg. (1)
Objectives (1) Generalization (1)

GPT-40 90.23% 88.04% 90.94%

Gemini-2.5-flash 70.60% 61.01% 67.83%

Claude-3-7-sonnet 93.37% 98.57% 95.70%

Qwen2.5-VL-72B 76.23% 75.88% 79.38%

SafeWork-R1 97.64% 92.71% 95.42%

complex scenarios, we conduct comprehensive red teaming and jailbreak testing across single-turn
and multi-turn settings to assess the model’s safety and policy compliance.

To facilitate systematic evaluation, we follow the categorization principles proposed in [62], which
identifies two failure modes in safety-trained LLMs that underlie jailbreak vulnerability. (1) Compet-
ing Objectives: The inherent competition between the model’s capabilities and its safety objectives
during training, where improving capability may conflict with adherence to safety constraints. (2)
Generalization Mismatch: A mismatch in how the model generalizes its pretraining knowledge and
its safety behaviors, leading to situations where the model applies its capabilities in ways that bypass
safety constraints.

Single-Turn Data Collection. Based on established content policies, we curate and consolidate a
comprehensive collection of harmful behaviors. Leveraging approximately 30 static jailbreak methods
alongside automated attack techniques, we generate a multi-modal jailbreak dataset containing both
textual and visual modalities. This dataset aims to capture a wide spectrum of potential vulnerabilities
by combining diverse attack vectors with different input formats.

Multi-Turn Data Collection. For multi-turn testing, we adopt state-of-the-art multi-turn attack
methodologies [28, 51, 3, 49] as references to design and simulate extended conversation scenar-
ios. These multi-turn dialogues serve to probe the model’s resilience under more sophisticated and
contextually dependent jailbreak attempts, reflecting real-world malicious interactions.

Evaluation Metrics. We employ the safety verifier in Section 2.1 as a judge to evaluate response safety
automatically. Our primary metric is the Harmless Response Rate (HRR), which is the percentage of
model-generated responses deemed safe by the judge. A higher HRR indicates stronger model safety
against attack.

Tables 8 and 9 demonstrate that systematically fortified open-source models can achieve state-of-
the-art safety. Specifically, SafeWork-R1 surpasses GPT-40 and Gemini-2.5, achieves comparable
performance with Claude in single-turn and multi-turn HRR. Multi-turn attacks are more challenging,
but some models show strong resilience. Sustained adversarial interactions in multi-turn settings
prove difficult for most models, yet optimized architectures maintain high safety.

We manually review a subset of dialogues to assess the actual performance of each model. We observe
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Table 9 Jailbreaking evaluation of various attack methods on selected models. The table reports the Harmless
Response Rate (HRR) for each victim model under four Multi-Turn red teaming attack methods. Higher HRR
indicates better safety alignment.

Models Competing Mismatched Avg. (1)
Objectives (1) Generalization (1)

GPT-40 85.40% 39.73% 62.56%

Gemini-2.5-flash 81.25% 42.00% 61.62%

Claude-3-7-sonnet 97.40% 64.64% 81.02%

Qwen2.5-VL-72B 82.13% 39.12% 60.62%

SafeWork-R1 92.00% 88.48% 90.24%

that our model tends to include more risk warnings and cautionary statements within its responses.
Notably, even when our model’s answers occasionally contain harmful content, the harmfulness scores
assigned by the Safe Verifier do not correspondingly reflect high levels of harm. This discrepancy
highlights an inherent limitation in the current verifier-based evaluation methodology, suggesting
that it may be insufficiently capturing nuanced or context-dependent harmfulness signals present in
model outputs.

5.5 Search with Calibration

We aim to assess the model’s capacity to leverage external knowledge in delivering precise responses.
Even when unable to furnish accurate answers, the model should transparently communicate its
confidence level regarding the given question to users. The model must rigorously avoid instances of
high confidence coupled with erroneous responses (False-Certain scenarios).

We use four knowledge-intensive benchmarks including 2Wiki [21], MuSiQue [60], GAIA [77], and
xbench-deepsearch [4]. Note that the last two benchmarks employ the Google Search API and are
executed in a real-world internet environment.

Regarding baseline selection, for 7B models, we primarily compare against several open-source search
LLMs fine-tuned based on the Qwen series, such as R1-Searcher [56], Search-R1 [29], and ReSearch
[5]. For 70B-level models, we primarily emphasize the improvements relative to the base model. The
performance of several proprietary models serves as reference.

The comprehensive results are shown in Table 10. While it is challenging to match the latest proprietary
SOTA models in accuracy metrics using a base model released six months ago, we maintain substantial
advantages in reliability, particularly in the FC% (False-Certain ratio) metric.

It is worth noting that GPT-4.1 demonstrates significant improvement in accuracy compared to
GPT-4o0, yet exhibits a notable decline in reliability. Furthermore, other research [34, 43] have reached
similar conclusions: more powerful models may lead to overconfidence, thereby inducing more
hallucinations. These findings demonstrate that during model development, we should not limit
ourselves to optimizing accuracy alone—model reliability constitutes an equally crucial metric.
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Table 10 Search with calibration evaluation results. Relib. (1) abbreviates reliability (consistency between model
confidence and correctness). FC% () represents the proportion of False yet Certain responses, which is the least
desirable scenario for users.

2Wiki MuSiQue GAIA xbench-deepsearch Avg.

Acc.  Relib. FC%  Acc. Relib. FC%  Acc. Relib. FC%  Acc. Relib. FC%  Acc. Relib. FC%

Proprietary model

GPT-4.1 0.77 0.81 0.18 0.43 0.45 0.55 0.37 0.46 0.54 0.38 0.43 0.57 0.49 0.54 0.46
Claude Sonnet 4 0.61 0.89 0.08 0.44 0.57 0.42 0.47 0.74 0.26 0.47 0.71 0.29 0.50 0.73 0.26
GPT-40 0.51 0.86 0.10 0.33 0.52 0.47 0.26 0.77 0.23 0.32 0.69 0.31 0.36 0.71 0.28
7B level

R1-Searcher-7B 0.48 0.59 0.40 0.26 0.35 0.65 0.20 0.35 0.65 0.17 0.36 0.63 0.28 0.41 0.58
Search-R1-7B 0.36 0.51 0.43 0.16 0.45 0.53 0.10 0.44 0.56 0.14 0.48 0.52 0.19 0.47 0.51
ReSearch-7B 0.33 0.35 0.65 0.18 0.22 0.78 0.16 0.22 0.78 0.17 0.23 0.77 0.21 0.26 0.75
Qwen2.5-VL-7B 0.33 0.51 0.48 0.12 0.48 0.52 0.13 0.43 0.57 0.12 0.58 0.42 0.18 0.50 0.50
SafeWork-R1

0.55 0.59 0.03 0.29 0.74 0.02 0.15 0.89 0.01 0.15 0.86 0.01 0.29 0.77 0.02
-QwenVL-7b

70B level
Qwen2.5-VL-72B 0.41 0.73 0.23 0.25 0.50 0.49 0.14 0.39 0.61 0.23 0.60 0.39 0.26 0.56 0.43
SafeWork-R1-72b  0.64 0.73 0.04 0.37 0.71 0.14 0.35 0.78 0.06 0.35 0.77 0.09 0.43 0.75 0.08
DeepSeek-R1
-Distill-Llama-70B
SafeWork-R1
-Deepseek-70b

0.46 0.55 0.44 023 0.32 0.68 0.18 0.16 084 0.14 0.40 0.60  0.25 0.36 0.64

0.60 0.68 0.04 031 0.75 0.09 030 0.78 0.07  0.19 0.79 012 035 0.75 0.08

Table 11 Performance of different models on various multimodal reasoning benchmarks.

Model ‘ MMMU MathVista  Olympiad GPQA Diamond GAOKAO-MM Avg.
Gemini 2.5 Pro 82.0 83.0 81.8 86.9 87.2 84.2
Claude Opus 4 73.0 73.0 68.5 74.7 73.7 72.6
GPT-4.1 72.4 72.0 49.0 69.2 60.2 64.6
GPT-40 70.6 61.6 337 46.9 33.8 49.3
Qwen2.5-VL-72B 67.2 74.8 40.4 50.5 73.1 61.2
SafeWork-R1 70973_ 761T13 599T|95 5967\9] 782T51 689T"7

5.6 Evaluation and Analysis on General Benchmark

We evaluate multimodal understanding and reasoning in general domains on MMMU [75], MathVista
[40], Olympiad [18], GPQA Diamond [50], and GAOKAO-MM [85]. These benchmarks provide a
rigorous and diverse evaluation suite, covering expert-level knowledge reasoning (MMMU, GPQA
Diamond), visual mathematics (MathVista), competition-grade logical inference (OlympiadBench) and
high-stakes standardized exam tasks (GAOKAO-MM).

The results in Table 11 demonstrate that SafeWork-R1 achieves strong performance across a wide
range of multimodal reasoning benchmarks. Compared to the open-source baseline Qwen2.5-VL-72B,
SafeWork-R1 delivers a substantial improvement, boosting the overall average score from 61.2%
to 68.9%. This gain is consistent across most datasets, especially on high-difficulty benchmarks
like Olympiad, GPQA Diamond, and GAOKAO-MJ, indicating the model’s strengthened ability in
complex reasoning and knowledge grounding.

Notably, SafeWork-R1 also outperforms several prominent closed-source models, including GPT-40
(49.3% avg.) and GPT-4.1 (64.6% avg.), underscoring its competitive edge despite being developed
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with the safety guarantee. While Gemini 2.5 Pro still leads with an average of 84.2%, SafeWork-
R1 significantly narrows the gap and showcases promising potential to rival top-tier proprietary
systems with more advanced open-sourced models. In addition, we also evaluate SafeWork-R1 on the
instruction-following benchmark IF-Eval, where the base model achieves 86.3% and SafeWork-R1
reaches 74.9%, indicating no significant drop in general instruction following performance.

This series of results indicates that our training methodology has effectively enhanced the model’s
comprehensive capabilities in both knowledge-intensive and complex reasoning tasks, without com-
promising on safety and ethical objectives.

5.7 Human Evaluation

Human evaluation studies should be conducted to provide more robust empirical evidence on the
real-world application capabilities of large models in safety-critical and value-sensitive scenarios.
Thus, a comprehensive human evaluation experiment is conducted to collect interaction process data
and assessment data between human participants and large language models for subsequent evaluation
and analysis.

Dataset Construction. 243 participants are recruited to interact with five LLMs (SafeWork-R1,
Claude Opus 4, Gemini 2.5 Pro, GPT-4.1, and Qwen2.5-VL-72B) in randomized order. This experiment
approached the evaluation from dual perspectives of safety and values, selecting questions across ten
sub-dimensions to serve as experimental cases. Within the safety dimension, five sub-dimensions are
incorporated: religious beliefs, self-harm, illegal behavior and criminal activity, discrimination and
stereotyping, and moral considerations. For the values dimension, five sub-dimensions are examined:
care, fairness, loyalty, freedom, and authority. We provided five cases for each experimental group.
These cases were systematically selected from established large language model safety and value
assessment benchmarks, specifically SIUO [61] and M3oralBench [66]. Participants were required to
select one case from the provided options as their conversational topic and complete a minimum of
five conversational turns with each model before proceeding to the user evaluation questionnaire
phase.

Evaluation Framework. From a human-centered perspective, it is essential to understand users’
authentic experiences when interacting with models. Therefore, our evaluation framework incorpo-
rates subjective assessments that capture user experience considerations. Furthermore, evaluating the
intrinsic capabilities of the models themselves remains critically important.

User Experience Test. Regarding user experience evaluation, we examine the large language model
interaction process (input-chain of thought-response-multi-turn interaction) through subjective
testing across performance dimensions including information provision, safety-value-knowledge
alignment, and interactive capabilities. Our framework establishes three primary indicators, with each
primary indicator encompassing secondary indicators composed of specific assessment questions.
The primary indicators are defined as following. Those three sub-dimensions are 1) overall interactive
trustworthiness, 2) safety, values, and knowledge, 3) information supply capability.

Conversation Content Analysis. We conducted comprehensive textual analysis of model outputs utilizing
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established linguistic analysis tools, including LIWC and Tendimensions [7], to examine three critical
dimensions: 1) linguistic features, 2) social norm dimensions, and 3) communicative strategies.

Results. We ultimately get 237 valid samples after data cleaning. Based on those results, an evaluation
based on the aforementioned framework is carried out. The results demonstrate that SafeWork-R1
model achieves performance comparable to current leading large language models, and even surpasses
these models in certain aspects across the dimensions of safety, values, and knowledge. Simultaneously,
SafeWork-R1 model exhibits distinct linguistic characteristics that differentiate it from other models.
For instance, our model employs more analytical and reasoning-based strategies while demonstrating
reduced usage of messages conveying negative emotions. Furthermore, as a trustworthy model, our
model never employs deceptive strategies to communicate with users, which distinguishes it from
other models that utilize deceptive tactics to varying degrees, thereby enabling our model to stand out
prominently in this regard (See Fig. 16).

Distribution of Dimensions in Evaluation Framework
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Figure 16 Distribution of all models in different dimensions of our evaluation framework.

+ An efficient and high-level thinker: Compared to other models, our SafeWork-R1 model runs
in a more efficient way, showing by the short time of responding. To be specific, SafeWork-
R1 model respond within 1 seconds even when taking thinking time into account, which is
significantly quicker than all of other state-of-arts models with at least 3 seconds of responding
time. Meanwhile, SafeWork-R1 model demonstrates the state-of-arts chain of thought ability in
the same level with Gemini 2.5 Pro, Claude Opus 4. This colusion is proved by the unsignificant
differences between them in various dimensions.

+ An expert in safety, value and knowledge: SafeWork-R1 can accurately identify safety and value
risks in prompts better than others. What’s more it provides better safety risk identification-
countermeasure recommendations, and actively provide guidance as well.

+ A rational, honest, and exemplary Communicator: SafeWork-R1 is rational with less negative
emotion expression. And it adopts a formal linguistic style facing with safety- and value-
related questions. What'’s more, it is a good communicator with great communicating strategies.
Strategies, such as utilizing logical, analytical, and formal reasoning processed, proving evidences
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and so on are frequently adopted in conversation. The interesting thing is, as a trustworthy
model, SafeWork-R1 never deceit, while others would do that unconsciously several times.

6 RL Infrastructure

Existing open-source RL frameworks (e.g., VeRL [54], AReaL [13], OpenRLHF [22]) face a fundamental
tension between computational efficiency with system flexibility. While optimized for high-throughput
training, their rigid architectures hinder adaptation to diverse verification/reward mechanisms. This
imposes development overhead when integrating novel verifiers (mentioned in above sections) or
assistant computation models. To resolve this, we propose a unified RLVR platform SafeWork-T1
featuring a layered architecture (Fig. 17). This design prioritizes both training efficiency and modular
adaptability across heterogeneous tasks. We remark that SafeWork-T1 has been used in the training of
SafeWork-R1-Qwen2.5VL-7B, and we plan to extend it for training other models in future work.

6.1 Key Features

Colocate Anything. Our infrastructure introduces a generalized hybrid engine that seamlessly
colocates [54] training, rollout, and verification workloads under a unified control plane. Unlike
pipelines that isolate reward scoring across disjoint systems, our framework dynamically orchestrates:
(1) colocated execution of policy training, rollout, and various reward or verification workloads; (2)
low-latency switch between distinct backends (e.g., DeepSpeed [72] and SGLang [80]) across different
workloads via shared memory and preserved contexts; (3) on-demand integration of heterogeneous

Trustworthy Reasoning
Reasoning Large Models
(Safety/Value/Knowledge) Application Layer

Models Algorithms
Colocate
S RLVR

Framework Layer

Optimize

Training Engines EEEEI inference Engines Distributed
f — Execution Layer

J

Heterogeneous
Hardware Layer

NVIDIA GPU Huawei GPU
(A100/A800/H100) (910B)

Figure 17 System layer overview of SafeWork-T1 (from bottom to top). It empowers researchers and engineers
to focus on “making models smarter and safer” rather than “keeping systems running’”.
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Figure 18 RLVR training pipeline of SafeWork-T1. This multimodal training platform designed for trustworthy
reasoning, featuring innovations such as the universal colocation mechanism and dynamic data balance.

modules (including outcome/process reward models and CoT verifiers) without requiring complex
interfaces or data transformations. This colocation avoids inter-node communication overhead
between trainers and remote reward services, accelerating end-to-end workflows while preserving
data-parallel scalability and developer agility. Researchers can prototype custom verifiers using native
PyTorch APIs while maintaining high throughput and resource utilization. Compared to recent
asynchronous RL pipelines [81] that achieve minimal per-step latency at the cost of system complexity,
our unified colocation architecture delivers competitive efficiency for safety reasoning and enables
flexible verifier integration. This design represents an effective domain-specific trade-oft.

Balance Anything. Given the multi-modal nature of trustworthy reasoning data and tasks, we
implement a data-centric balancing system to mitigate workload imbalances in large-scale clusters.
This system employs proactive data stratification inspired by [70, 71], where inputs are pre-analyzed
across three dimensions: modality composition, prompt/response token counts, and computational
cost profiles. The resulting stratified sharding ensures balanced data assignments, effectively reducing
tail latency during distributed execution. And our adaptive execution approach enhances the partial
rollout mechanism [64] by: (1) Dynamic truncation of long-generation trajectories with preserved
KV-cache for subsequent steps; (2) Real-time adjustment of per-device batch sizes and groups based
on computational load and GPU memory pressure. As shown in Fig. 18, SafeWork-T1 also utilizes
centralized replay buftering for priority-aware off-policy sampling. This actively diversifies samples
to prevent underrepresented response groups, building upon techniques from DAPO [74]. Further
acceleration is achieved through unified execution kernels that fuse attention or logit computations,
while verifier inference (e.g., verifier scoring) leverages tensor parallelism.

6.2 Experiments and Implementation Details

We primarily evaluate this infrastructure for trustworthy reasoning using Qwen2.5-VL-7B with a
series of verifiers mentioned in above sections. Benchmarks (Table 12) demonstrate over 30% higher
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Table 12 Runtime latency (second) per training step of various RLVR frameworks on Qwen2.5-VL-7B policy.

Training Framework / Time (seconds) Total Rollout Assistant Computation Training

OpenRLHF [22] (v0.8.2) 2433 581 885 967
verl [54] (v0.4.0) 1820 265 742 813
SafeWork-T1 1486 243 414 829

throughput on 512-GPU (NVIDIA A800 80G) clusters for mixed workloads, with near-linear scaling
to 1k+ GPUs with <5% efficiency drop—achieved through balanced data and communication/compu-
tation overlap. Crucially, these efficiency gains coincide with superior usability: our design enables
rapid customization of reward models, sampling methods, and load-balancing strategies. By unifying
workload colocation via a hybrid engine and dynamic load-aware balancing through data stratification,
our framework resolves the longstanding efficiency-flexibility trade-off in RLVR training while achiev-
ing 3-5x faster prototyping cycles for new verifier integration. This establishes a verifier-agnostic
paradigm for scalable RLVR training and practical applications Additional details on SafeWork-T'1
and experiments with other foundation models will be provided in our future open-source release.

7 Conclusions and Discussions

This work introduces Safel.adder, a general framework that relies on large-scale, progressive, and
safety-oriented RL post-training—guided by a suite of multi-principled verifiers—to achieve the
Al-45° Law by coevolving safety and capability. Based on this framework, we develop a multimodal
reasoning model, SafeWork-R1, which demonstrates co-evolutionary improvements in both safety-
critical and general-purpose reasoning. We further analyze the model’s internal representations
through the lens of explainable Al, gaining a deeper understanding of its intrinsic safety mindset.
Beyond evaluation results, SafeWork-R1 integrates several inference-time techniques that enhance
its real-world applicability: deliberative search for autonomous reflection, inference-time alignment
using value models, and user-interactive CoT editing for adaptive correction. Together, these features
contribute to a model with a stronger internalized safety reasoning and improved trustworthiness in
deployment.

Building on these results, we now discuss several key observations, insights, and future directions that
emerged during the development of SafeWork-R1.

« While safety and general capability were often viewed as conflicting objectives [24, 69], SafeWork-
R1 demonstrates that their coevolution is not only feasible but also effective. This is made
possible through joint safety-capability training on a foundation model with sufficiently strong
general abilities. Our M3-RL paradigm exemplifies this approach via a two-stage multitask
training pipeline: first enhancing general capabilities, then jointly optimizing for safety and
capability. This successful methodology highlights the scalability of our SafeL.adder framework,
enabling its application to increasingly powerful Al models in the pursuit of safe and trustworthy
AGI.

+ Current LRMs’ thinking process may be lengthy and contain sensitive information [41, 48].
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SafeWork-R1 demonstrates that efficient reasoning contributes to improvements in safety and
value alignment. In this way, the efficiency and safety coevolves, transforming from “the more
one talks, the more one is likely to make mistakes” to “Brevity is the soul of wit.” Therefore,
investigating trustworthy and efficient reasoning methodologies is a promising direction.

Regarding interaction trustworthiness enhancement, future research will focus on improving
error correction and generalization capabilities through the development of an efficient error
vector database and the implementation of test-time adaptation techniques for user alignment.
These approaches will be evaluated using larger and more diverse datasets to ensure robustness
and scalability. Furthermore, based on insights derived from human evaluation studies, we will
investigate linguistic calibration mechanisms, encompassing communicative strategies, linguistic
features, and social norm dimensions, to optimize user-centered interaction experiences.
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A Appendix: Evaluation on Various Models

Our proposed SafelLadder is sufficiently general to achieve the coevolution of the safety and capability
across a wide range of large models. To demonstrate this, we employ SafeLadder in Qwen2.5-VL-
7B, InternVL3-78B and DeepSeek-R1-Distill-Llama-70B, covering various model sizes and input
modalities.

A.1 Experiment on Qwen2.5-VL-7B

We train a smaller variant using SafeLadder based on Qwen2.5-VL-7B, resulting in our SafeWork-R1-
Qwen2.5VL-7B model. This includes all stages of the process: CoT-SFT, M3-RL, Safe-and-Efficient
RL, and Deliberative Searching RL. Although this model is not our primary focus, it plays a crucial
role in validating that the proposed training paradigm remains effective even at smaller scales.

Benchmarks. We evaluate SafeWork-R1-Qwen2.5VL-7B model using the same suite of benchmarks as
applied to the SafeWork-R1 model, covering safety, value alignment, and general reasoning capabilities.

Results. As shown in Table 13, SafeWork-R1-Qwen2.5VL-7B demonstrates substantial improve-
ments over the baseline Qwen2.5-VL-7B across both safety and general capability benchmarks. On
the safety benchmarks, SafeWork-R1-Qwen2.5VL-7B achieves significant gains: +38.2% on MM-
SafetyBench, +23.4% on MSSBench, +53.4% on SIUO, a strong +32.7% on FLAMES, and +9.4%
increase on M>oralBench, indicating enhanced robustness, value alignment, and safety understanding.
Importantly, these safety gains do not come at the expense of general reasoning performance. On the
capability benchmarks, the model exhibits consistent or improved results: +6.3% on MMMU, +5.0%
on MathVista, +4.3% on Olympiad, and +15.0% on GAOKAO-MM, while maintaining parity on GPQA
Diamond. These results highlight that SafeLadder enables safety enhancement without compromising,
and in many cases improving model utility.
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Table 13 Evaluation of Qwen2.5-VL-7B with SafeLadder.

Safety Benchmarks

Model ‘ MM-SafetyBench  MSSBench  XSTest-Safe SIUO FLAMES M3oralBench
Qwen2.5-VL-7B 50.1 51.7 96.8 30.8 32.4 51.1
SafeWork-R1-Qwen2.5VL-7B 88.3135, 65.1123 4 988150 84.21554 65.113, 60.510,4

Capability Benchmarks
Model ‘ MMMU MathVista Olympiad GPQA Diamond GAOKAO-MM
Qwen2.5-VL-7B 49.6 66.2 232 30.3 51.2
SafeWork-R1-Qwen2.5VL-7B 55963 712450 27.5143 30.3100 7621250

A.2 Experiment on InternVL3-78B

To verify the generality and scalability of our training methodology across different models, we
additionally trained InternVL3-78B, a model of comparable scale, sharing the same training pipeline
as its Qwen2.5-VL-72B training process, which includes high-quality SFT with structured CoT data
and multi-objective RL using the M3-RL framework. Given that this model integrates a 6B visual
encoder on top of Qwen-72B, we made minor adjustments to our training data, some of which was
converted from multi-modality to pure text for better suiting the model’s architecture.

Benchmarks. To rigorously assess InternVL3-78B, we subjected it to the identical comprehensive
suite of benchmarks utilized for the Qwen2.5-VL-72B model. This evaluation encompassed critical
dimensions such as safety, value, and general capability, ensuring a consistent and comparable analysis
across models.

Results. As shown in Table 14, SafeWork-R1-InternVL3-78B exhibited significant performance
enhancements across both safety and general capability benchmarks when compared to its baseline
InternVL3-78B counterpart. SafeWork-R1-InternVL3-78B demonstrates considerable advancements
across the safety benchmarks, exhibiting scores of +17.6% on MM-SafetyBench, +22.59% on MSSBench,
a pronounced +42.1% on SIUQO, a robust +22.6% on FLAMES, and a +3.9% increase on M3oralBench.
This indicates an improved capacity for robustness, value alignment, and safety comprehension.
Importantly, these observed safety benefits are not realized at the expense of general reasoning ca-
pabilitiesThe capability benchmarks reveal that the model achieves consistent or elevated results:
specifically, +0.9% on GPQA-diamond, +8.2% on Olympiad, and +2.2% on GAOKAO-MM. Further-
more, the model sustains comparable performance on MMMU (+0.3%) and MathVista (+0.1%). Such
findings highlight that SafeLadder enables significant safety improvements while preserving, and in
numerous instances enhancing, model utility.

A.3 Experiment on DeepSeek-R1-Distill-Llama-70B

We train Deepseek-RI-Distill-Llama-70B to demonstrate that our training framework generalizes to
single-modality LLMs, resulting in our SafeWork-R1-DeepSeek-70B model. As Deepseek-R1-Distill-
Llama-70B already undergoes SFT via distillation, we train the Deepseek model with M?-RL followed
by Safe-and-Efcient RL.
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Table 14 Evaluation of InternVL3-78B with SafeLadder.

Safety Benchmarks

Model ‘ MM-SafetyBench  MSSBench  XSTest-Safe SIUO FLAMES M3oralBench
InternVL3-78B 71.0 52.8 100.0 44.2 323 68.2
SafeWork-R1-InternVL3-78B 88'61“1,'.6 75.4T22.6 988¢12 86'3T42-1 57.87-25‘() 72.01-3‘9

Capability Benchmarks
Model ‘ MMMU MathVista Olympiad GPQA Diamond GAOKAO-MM
InternVL3-78B 67.3 74.3 44.6 48.5 69.7
SafeWork-R1-InternVL3-78B 67.7104 74.440,1 52.8452 57.1436 718421

Benchmarks. In addition to the textual safety benchmark used for evaluating Qwen2.5-VL-72B, we
further assess Deepseek’s safety on several complementary textual benchmarks, including HarmBench,
StrongReject, and Do-Not-Answer. For general capability evaluation, we additionally adopt Math-500,
AIME 2024, LiveCodeBench, and LiveBench.

Results. Table 15 presents the evaluation of Deepseek models on a diverse set of safety and capability
benchmarks. On the safety benchmarks, SafeWork-R1-DeepSeek-70B demonstrates substantial and
consistent improvements compared to the base model. Specifically, SafeWork-R1-DeepSeek-70B
achieves substantial reductions to nearly 0% in harmful queries on harmbench (0.5% vs. 21.8%) and
StrongReject (0.2% vs. 62.0%), demonstrating a stronger ability to reject unsafe prompts. It also shows
nearly perfect compliance on Do-Not-Answer (99.3% vs. 69.5%) and achieves a markedly higher score
on FLAMES (72.2% vs. 31.6%), reflecting enhanced alignment with human values. Furthermore, it
improves on XSTest-Safe (98.0% vs. 96.8%), indicating reduced over-refusal and the coevolution of
safety and general capability.

On the capability benchmarks, SafeWork-R1-DeepSeek-70B remains competitive, with slight drops
on GPQA Diamond (58.1% vs. 59.1%) and Math-500 (91.8% vs. 93.2%), but outperforms the base model
on AIME2024 (74.2% vs. 67.1%), LiveCodeBench (50.5% vs. 41.9%), and LiveBench (48.0% vs. 40.0%).
These results demonstrate that our framework enhances safety capabilities without compromising
general task performance.

Table 15 Evaluation of DeepSeek-R1 model with SafeLadder. V" indicates that lower is better and ‘" indicates
that higher is better .

Safety Benchmarks

Model XSTest-Safe 1 HarmBench!  StrongReject | FLAMES 1 Do-Not-Answer 1
DeepSeek-R1-Distill-Llama-70B 96.8 21.8 62.0 31.6 69.5
SafeWork-R1 —DeepSeek—7OB 98'0T1-2 0.5‘”1_3 0'2,L61.8 72'2T40-6 99'3T29.8

Capability Benchmarks
Model ‘ GPQA Diamond T Math-500 1 AIME2024 1 LiveCodeBench T LiveBench 1
DeepSeek-R1-Distill-Llama-70B 59.1 93.2 67.1 41.9 40.0
SafeWork-R1-DeepSeek-70B 58.1 110 91.8 14 74.247.1 50.5156 48.0430
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