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ABSTRACT

The hallucination and credibility concerns of large language models (LLMs) are global challenges
that the industry is collectively addressing. Recently, a significant amount of advances have been
made on post-training and inference techniques to mitigate these challenges. However, it is widely
agreed that unsafe and hallucinations of LLMs intrinsically originate from pre-training, involving
pre-training data and the next-token prediction learning mechanism. In this paper, we focus on
enhancing pre-training data to improve the trustworthiness and safety of LLMs. Since the data
is vast, it’s almost impossible to entirely purge the data of factual errors, logical inconsistencies,
or distributional biases. Moreover, the pre-training data lack grounding in real-world knowledge.
Each piece of data is treated as a sequence of tokens rather than as a representation of a part of the
world. To overcome these issues, we propose approaches to enhancing our pre-training data with
its context in the world and increasing a substantial amount of data reflecting industrial scenarios.
We argue that most source data are created by the authors for specific purposes in a certain spatial-
temporal context. They have played a role in the real world. By incorporating related world context
information, we aim to better anchor pre-training data within real-world scenarios, thereby reducing
uncertainty in model training and enhancing the model’s safety and trustworthiness. We refer to
our Data with World Context as DWC. We continue pre-training an earlier checkpoint of JT-35B-
Base with 1.5 trillion of DWC tokens. We introduce our post-training procedures to activate the
potentials of DWC. Compared with the Qwen model of a similar scale, JT-Safe-35B achieves an
average performance improvement of 1.79% on the Safety and Trustworthy evaluation benchmarks,
while being pretrained with only 6.2 trillion tokens.

1 Introduction

As the comprehensive capabilities of large language models(LLMs) advance rapidly, their applications have become
extremely widespread and diverse. However, language models are known to produce unsafe and overconfident re-
sponses [Qwen, 2025] [Kalai et al.| 2025]]. Both open-weight and proprietary models may generate content that is
unfair or even harmful to individuals, groups, enterprises, and governments. When facing attacks such as prompt
injection, jail-breaking, and multi-modal adversarial examples, these models frequently encounter issues, including
security alignment failures, training data leakage, malicious code generation, and harmful content output [Bai et al.,
2022al]. Problems of insufficient consistency and trustworthiness in model-generated content often arise in practical
applications. To a large extent, these challenges restrict the large-scale deployment of large models and their in-depth
application in core production and commercial scenarios.

To address the issue of insufficient security, several models designed for security protection have been released re-
cently, including Qwen-Guard [Qwen, 2025], Llama-Guard [Inan et al., [2023|], and WildGuard [Han et al., [2024].
These models are specialized "guardrail models" developed for security protection. Typically built on foundation
models, they undergo targeted fine-tuning for security classification tasks—classifying user input prompts and model-
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Figure 1: JT-Safe Framework Architecture.

generated content into three categories:safe,unsafe, and controversial —thereby providing enhanced security guaran-
tees for Al interactions.

Regarding the problems of insufficient trustworthiness and hallucinations, research on hallucination detection and
content credibility has formed a paradigm. At the data layer, improving the quality of data used for pre-training and
post-training serves as the cornerstone for enhancing the comprehensive capabilities and trustworthiness of models.
With the advancement of data governance capabilities, hallucinations in recent large models have been significantly
mitigated; for instance, the hallucination rate of GPT-5 has dropped to below 2% [OpenAll 2025]. Post-training tech-
nologies centered on RLHF (Reinforcement Learning from Human Feedback) [Ouyang et al.,[2022]] and RLAIF (Re-
inforcement Learning from Al Feedback) 2023] enable large models to align their responses more closely
with human values. Particularly, the rapid progress made in reinforcement learning (RL) recently has significantly
reduced model hallucinations.

As a core method to improve model trustworthiness, retrieval augmentation has been widely applied in practical sce-
narios. In this regard, Meta’s REFRAG technology optimizes the efficiency of integrating external
evidence with model generation, strengthens the support of evidence for content credibility, and reduces interference
from irrelevant information. The China Mobile Jiutian team proposed a mechanism for automatic optimization us-
ing candidate prompts [2025]), which enhances the consistency and accuracy of answers to open-domain
questions. At the reasoning layer, deep reasoning models and confidence-based reasoning can, to a certain extent,
reduce the probability of hallucinations in large models when tackling complex and high-difficulty problems. Lilian
Weng pointed out that extending the reasoning process during inference (e.g., chain-of-thought, parallel
sampling, sequential revision) can improve content accuracy; however, the model’s thinking may not be reliable, and
excessively long reasoning may even lead to performance reverse scaling. Such issues need to be constrained through
process monitoring and reward design.

Nevertheless, the aforementioned methods overlook a critical issue: the safety and trustworthiness issues of large mod-
els are primarily caused by the pre-training data and training paradigms of foundation models, and cannot be avoided
merely through peripheral controls and reasoning optimization. Recently, OpenAl [Kalai et all [2023] conducted a
systematic analysis of the reasons why large models produce untrustworthy answers. It points out that the principle of
generating responses during pre-training is similar to the cause of classification errors in traditional machine learning
(referred to as IV error rate: Is it Valid?). One reason is that when patterns in the pre-training data are unclear, the data
exhibits cognitive uncertainty. For example, if 20% of the birthday data in the pre-training data appears only once,
the model’s uncertainty when predicting a given individual’s birthday will be approximately 20%. Another cause of
hallucinations is data quality. The massive scale of pre-training data inevitably includes a large number of errors, and
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pretrained models will replicate these data issues. Post-training, as a continuation of pre-training (including RLHF,
alignment learning, and direct preference optimization), largely overcomes some hallucination problems arising from
pre-training. However, it also encourages foundation models to answer questions beyond their cognitive scope with
excessive confidence, leading to additional hallucinations.

Based on the above analysis, we propose reconstructing pre-training data to enhance the safety and trustworthiness of
foundation models. We refer to the reconstructed data as DWC data. The main contributions are as follows:

* We introduce a LLM, JT-Safe-35B , which achieves comparable accuracies on safety, trustworthy, industrial and
general capability benchmarks with only 6.2 trillion of pre-training tokens.

* We propose an approach to form DWC data, which enhances the pre-training data with the world context. We
obtain a pretrained model, JT-Safe-35B-Base. As shown in Figure|l| experiments show this enhancement reduces
the uncertainty of the pretrained model and thereby boosts the models’ performances on general benchmarks as well
as benchmarks on safety, trustworthiness and industrial capabilities.

e We opt to improve volume of the industry-related data during pre-training. It enables JT-Safe-35B to achieve
superior model performance with industry related benchmarks.

* We propose post-training approaches to better activate the potential of the pretrained model based on DWC tokens
for safety and trustworthiness.

2 Pre-training

2.1 Comprehensive and Full-Process Safety and Trustworthy Pre-training Data

Currently, pre-training data of state-of-the-art models [[Yang et al., 2025]] range from 15 trillion to 40 trillion tokens, or
even larger in scale. Data sources are broad spanning from world wide web raw data (e.g. Common Crawl), generated
data, various types of specialized data (such as data from industries and fields like books, code, and education) to
private datasets.

The industry has devoted tremendous efforts including removing useless portions of the data, filtering out data with low
knowledge density, eliminating semantically redundant content, enriching the dataset with high-knowledge-density
and logically rigorous examples, and enhancing data diversity. Such improvements have significantly boosted the
performance of foundational models on various benchmarks and in real-world user experiences.

However, no matter how thoroughly such vast datasets are cleaned, they cannot be entirely purged of factual errors,
logical inconsistencies, or distributional biases. pre-training fundamentally aims to predict the next token by directly
learning the data distribution, models implicitly absorb not only valid knowledge and logical patterns present in the
data but also its errors and biases. Moreover, it is known that pre-training data lack grounding in real-world knowl-
edge [[Hatamizadeh et al., 2025]]. Each piece of data is treated as a sequence of tokens rather than as a representation
of an organic part of the world, which limits the potential of the data.

To address these challenges, we propose a new data processing pipeline as illustrated in Figure[2] There are four major
steps. First, on top of the existing data curation pipeline, we further leverage models, rules and big data processing
utilities to further improve the quality, reliability, and safety of our training data. Second, we enrich our pre-training
data with rich real-world contextual information. We argue that most source data are originally created by the au-
thor for specific purposes in a certain context, already embedded within a rich web of real-world interactions and
relationships. By incorporating this contextual meta data, we aim to fundamentally anchor pre-training data within
a real-world framework, thereby reducing uncertainty in next-token prediction. Third, we made extra endeavors to
increase data covering broader industry scenarios. Compared with social media data, news data, and advertising data,
the proportion of industry-related non-proprietary data in pre-training data is evidently insufficient. Integrating such
industry- and scenario-specific data, we believe, will strengthen foundation models’ understanding of contexts, pro-
cesses, and specialized knowledge, thereby mitigating hallucinations caused by insufficient training in these areas.
Fourth, we apply different strategies to tailor data to feed the three stages of pre-training.

2.1.1 Enhancing Safety and Reliability of Pre-training Data

The top component of Figure |2|illustrates a safety and reliability data processing pipeline capable of automatically
adapting to diverse sources (e.g., web pages, books, papers, code), different languages(e.g., Chinese, English, Indone-
sian, Japanese), and various formats (gz, parquet, pdf, txt). For each type of raw data, a set of automated pipeline
configurations is generated. According to these configurations, we emphasize three core processing components to
improve the safety and reliability of data: Preprocessing, Cleaning, and Filtering.
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Figure 2: The comprehensive DWC-Data processing pipeline.

* Preprocessing: This stage involves preliminary operations such as document format normalization, attribute field
parsing, text content concatenation, and language identification.

* Cleaning: Conducted using a combination of heuristic rules and models, this stage is divided into a general cleaning
module and a specialized cleaning module. (1) The general cleaning module performs detailed text identification and
removal, including space normalization, emoji elimination, and Unicode garbled character removal. For Chinese
and English texts specifically, it further executes operations such as case conversion, simplified-traditional Chinese
conversion, and full-width-half-width punctuation conversion. (2) The specialized cleaning module leverages rules
and models to effectively clean the corpus at three levels of granularity: the document level, the paragraph level,
and the sentence level.

* Filtering & Annotating: Here, we combine an indicator system with three models for further text filtering. (1) A
model to get the most suitable audience for the document, through the detection of subject area and reading levels;
(2) A safety filtering model (filtering out information related to pornography, politics, illegality, advertising, etc.);
(3) A text quality model (classifying texts into high, medium, and low quality). (4) The indicator system comprises
manually extracted statistical metrics, such as stopword ratio, special symbol threshold, sensitive word threshold,
and perplexity (ppl) threshold.

To further ensure data quality and diversity, we invented the following three methods:

1. Construction of multi-domain knowledge graphs: Covering a number of important academic and indus-
trial fields. Academic fields include mathematics, physics, chemistry, biology, computer science, etc.; indus-
trial fields include aerospace, geology, marine science, atmospheric science, surveying and mapping science
and technology, etc. For each academic or industrial field, we systematically organize and summarize relevant
knowledge (such as key knowledge points, explanations, exercises, etc.).

2. Enhancement of mathematical and reasoning capabilities: A large number of Chain-of-Thought (CoT)
prompts are collected and generated, accompanied by clear thinking processes to support the model in self-
reflection, backtracking, and verification. Based on actual experimental results, these "CoT prompts + clear
thinking process" data are mixed with normal non-thinking data in an optimal ratio.
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Figure 3: DWC information framework.

3. Quality filtering mechanism: Integrate quality scoring and safety filtering mechanisms, and continuously
optimize the model through the feedback of high-quality data, ultimately establishing an efficient, secure, and
iterative closed loop for high-quality corpus selection.

2.1.2 Enhancing Pre-training Data with World Context

We incorporate rich real-world contextual information into pre-training data. Compared with plain text, contextual
information provides the model with a more structured understanding of the world. As shown in Figure 3] "context
information" is defined as various types of important information related to a document, including:

Basic attributes: e.g., time, location, author, etc. These attributes place text in a specific real-world scenario, en-
abling the model to understand and reason about temporal, spatial, and source dynamics. For example, release date
enables the model to distinguish between outdated and current information (e.g., referring to "incumbent president”
based on a document’s timestamp), and understanding the author’s affiliation can help assess the credibility of a
statement on a specific topic;

Primary and secondary categories: e.g., "Physics/Dynamics". This hierarchical categorization acts as a semantic
routing mechanism within the model. It allows for the pre-activation of relevant parameter subspaces and knowledge
clusters. When processing a text labeled "Physics/Dynamics," the model can prioritize knowledge of physical laws
and mathematical formulations over, leading to more precise and domain-appropriate generation and reasoning;

Source information: including the website where an article is published, the journal/conference that accepts a paper,
and annotations on the popularity and authority of the journal/conference/website. This type of data is crucial for
calibrating the model’s confidence in the information it processes and generates. It serves as a proxy for quality
and reliability. For instance, the model can learn to treat claims from a preprint archive with caution as those from
high-quality journals, and adopt a more formal tone when generating responses based on a government website
compared to a personal blog;

Attributes of dialogue-based documents: If a document is in the form of a dialogue, its dialogue type (e.g., casual
chat, question-and-answer, discussion, customer service, etc.) must be annotated. Explicitly labeling the dialogue
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type equips the model with the pragmatic knowledge necessary to adhere to conversational norms and objectives.
This guides the model’s response style and behavioral goals. For example, a "customer service" dialogue requires
a helpful, protocol-driven, and problem-solving tone, whereas a "casual chat" permits informal language and open-
ended topic exploration;

* Level-related attributes: including audience level (the age group most suitable for readers/audiences), sentiment
level (the author’s positive or negative attitude), and difficulty level (e.g., whether a math problem requires Chain-
of-Thought (CoT) reasoning). These attributes enable conditional generation tailored to user needs and cognitive
abilities. The audience level ensures explanations are accessible (e.g., simplifying a complex topic for a child). The
sentiment level helps the model align its response’s emotional tone with the source material. A difficulty level flag,
such as "requires CoT," directly instructs the model to deploy a structured, step-by-step reasoning process instead
of jumping directly to an answer, thereby improving robustness on complex tasks;

» Safety-related attributes: used to identify potential safety risks of the document. On one hand, we use a safety model
to detect whether an article has safety issues; on the other hand, the source of an article can also indicate its safety
risks (e.g., a political criticism website may have a specific political bias toward certain types of events). Integrating
safety as a first-class feature is fundamental to building endogenous safety and trustworthiness. It allows the model
to learn to associate certain content patterns and sources with potential risks such as bias, misinformation, or toxicity.
For example, a document flagged with a high-risk safety attribute or originating from a known propagandistic source
can trigger the model’s internal safeguards, steering it toward more neutral or fact-based responses. This shifts the
guarantee of model safety from a purely post-hoc filtering mechanism to an inherent part of the model’s knowledge
representation.

Contextual information can enhance the model’s trustworthiness and improve its safety. Each type of contextual
information mentioned above plays a unique role in model training. For example, publication time provides up-
to-date knowledge (e.g., the current president of a country, the bankruptcy status of a company); safety attributes
clearly inform the model of "what is right and what is wrong," helping the model inherently learn to "avoid" unsafe
expressions. Therefore, all contextual information can be viewed as an important enhancement of the datasets.

Contextual information provides additional high-value signals to the model. With this information, the model no
longer needs to laboriously infer all patterns solely from unstructured text—contextual information can explicitly tell
the model: "This is a news article published on a certain website in a specific year, related to a particular event," "This
is a product manual released in a given year," or "This is an informal dialogue between individuals in specific roles."
All above information can establish connections between the text content and its knowledge graph units (e.g., style,
purpose, domain).

Contextual information can activate the model’s "conditional generation" capability. By setting clear constraints, the
model can gain more controllable generation abilities. For example, when prompts such as "[News][Politics]" are
input, the model will immediately activate parameters and knowledge related to news and political discourse, thereby
generating more formal, objective, and fact-based content.

It facilitates tracing attributes and associated tasks to verify training data and identify potential errors, thus improving
the interpretability of the datasets. When the model makes an error, we can trace which specific attribute tags activated
the parameters that led to the mistake. This provides a novel and controllable interface for diagnosing and rectifying
model behaviors, moving us away from treating the model as an impenetrable black box. This capability signifies a
paradigm shift: from unsupervised plain-text pre-training toward conditioned pre-training on richly annotated data.

2.1.3 Enhancing Pre-training Data to Cover Broader Industrial Scenarios

We have dedicated a lot of efforts to collect industrial scenario-based data. Here, "industrial data" are defined as
the data that are highly related to industrial production, technology development, economic growth, environmental
protection, medical care, and so on. As shown in Figure[d] the important industrial areas are energy (petro), agriculture,
manufacturing, transportation, aviation, communications, finance, etc. There are 29 primary categories and 200+
secondary categories. Those data are mainly collected through 5 types of sources:

* Public academic papers, documents, books about industrial knowledge;
* Valuable documents that are filtered, cleaned, and extracted from public web page data;

* Industrial knowledge problems such as exams, exercises, Q&As, chain-of-thoughts (CoTs);

* Structured knowledge graph data;

Public high-quality data provided by our cooperative partners, for example, other companies or departments from
China Mobile Group.
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To enhance the cognitive reasoning and application capabilities of large models in vertical industry domains, we pro-
pose a systematic methodology for processing industry-specific knowledge. The core lies in transforming unstructured
domain data into contextualized training materials. The processing pipeline consists of three progressive stages:

1. Top-down knowledge architecture construction and data curation: To minimize potential knowledge

gaps, a comprehensive knowledge system is first established to cover the entire target domain in a top-down
manner. This system organizes domains, fine-grained scenarios, and their corresponding core concepts into a
tree structure to ensure logical coherence. Subsequently, precise data filling is performed for the "leaf" nodes
at the end of the hierarchy, forming a structured and comprehensive knowledge graph base for the model.

. Multi-source data extraction and scenario-based activation: Diverse industry data sources, including
academic literature, industry reports, and patent texts, are processed through domain-specific models for in-
depth semantic extraction. The core content, key concepts, and expert opinions are distilled from the raw data
texts. To activate static knowledge, we further constructed typical role profiles within the industry (e.g., R&D
engineers, policy analysts, market strategists), and designed targeted tasks and multi-round dialogues for each
role in their professional scenarios. These dialogues naturally integrate the previously extracted knowledge,
simulating the real-world process of experts solving problems.

. Structured outputs for modeling training: The triple components generated from the preceding stages (the
structured knowledge graphs, role profiles, and scenario-based dialogue data) are integrated into the model as
high-quality resources. These can be used as core training data, fine-tuning data, or few-shot demonstration
examples to enhance the LLM’s domain adaptation.

Our proposed approach enhances the large model’s industry-specific performance in several key aspects. The top-down
knowledge architecture ensures systematic coverage of the domain knowledge, effectively mitigating capability gaps
caused by data sampling bias. Moreover, scenario-based dialogues facilitate the leap from knowledge memorization
to application. By learning from role-driven dialogues, the model not only internalizes domain facts but also acquires
the ability to utilize knowledge, perform professional reasoning, and make context-aware decisions. This significantly
improves the depth, relevance, and practicality of responses. By simulating real workflows, this method provides the
model with rich in-context learning examples, enabling it to better understand users’ intent and generate responses that
conform to industry norms and contexts.

The structured industrial data, combined with world context information described above, are the important part of our
safety-enhancement high-quality pre-training data. The detailed information of our pre-training data will be described

in the next sub-section.
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Stage Number of Tokens
Ist Stage 4.5 Trillion
2nd Stage 1.5 Trillion
3rd Stage (Annealing Stage) 200 Billion

Table 1: Number of tokens for multi-stage pre-training.

2.1.4 Data Governance for Multi-Stage pre-training

Our pre-training data consists of a total of 6.2 trillion tokens, divided into three stages serving our multi-stage pre-
training , which will be entailed in Section 3. The 1st stage (general high-quality stage), the 2nd stage (DWC safety-
enhancement stage), and the 3rd stage (long-context annealing stage). Detailed information is shown in Table

To better represent industry-related knowledge and serve pre-training, we extend our vocabulary, implement Best-Fit-
Packing and further de-duplicate redundant data.

* New vocabulary: Composed of two parts: one part is derived from the Qwen vocabulary, and the other part is
independently trained on our training data using the Byte-Pair-Encoding (BPE) algorithm Erk and Smith| [2016].
The newly added part mainly covers vocabulary related to Chinese and English documents, code, multilingual
content, and dialects. Finally, 15,901 new words are added to the original 151,643 words of Qwen, forming a new
vocabulary with a total of 167,544 words.

* Best-Fit-Packing (BFP) algorithm: An efficient Best-Fit-Packing algorithm [Ding et al., [2024] is developed
through C++ implementation and segment tree optimization. This algorithm can significantly reduce invalid trun-
cation and padding operations, speed up the data packing process, and improve the utilization rate of training data.

* Text deduplication: A multi-level deduplication strategy is designed, covering URL-level, text-level, and semantic-
level deduplication, to ensure the diversity of training data.

2.2 Lower Uncertainty Model Pre-training
2.2.1 Model Architecture

We design the model architecture of JT-35B-Base to be compatible with Huawei Ascent 910B [HUAWEIL, 2024]. As
shown in Table [2], JT-35B-Base comprises 62 layers with 35.4 billion parameters, featuring a hidden size of 6144
and a FFN intermediate size of 24576. It leverages Grouped Query Attention (GQA) [Ainslie et al., [2023]] with 48
query heads and 8 key-value heads. The model also integrates SwiGLU [Shazeer, 2020|], Rotary Position Embedding
(RoPE) [Su et al.| [2021]], and RMSNorm [Zhang and Sennrichl [2019]]. We opt to remove QK-Norm, which is often
used in the attention mechanism as we find that it might reduce performance.

Configuration JT-35B-Base
Layers 62
Key/Value Heads 8
Query Heads 48
Vocabulary Size 167544
Hidden Size 6144
Intermediate Size 24576
Activation Function SwiGLU
Trained Tokens 6.2T
QK-Norm None
QKV-Bias None
Checkpoint Merging Yes

Table 2: Overview of the architecture and key hyper-parameters of JT-35B-Base

2.2.2 Model Pre-training Framework and Stages

We employ an efficient pretraining paradigm, referred to as J7-SpeedTrain for fast training and evaluating. JT-
SpeedTrain integrates various parallelization strategies.
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Figure 5: The loss of training with DWC and without DWC.

During training, model checkpoints are asynchronously saved every five minutes to enable quick recovery from ex-
treme network fluctuations or hardware failures. Upon completion of each checkpoint saving, the framework automat-
ically performs checkpoint format conversion and deploys inference services, facilitating precise evaluation of data
variations throughout the training process.

At the scheduling level, we have designed and implemented a task scheduling algorithm that automatically manages
all training and evaluation tasks based on priority and resource constraints. In case of node failures, J1-SpeedTrain
autonomously detects and handles the faulty nodes, ensuring rapid recovery from exceptions. The entire training
process requires no manual intervention—once the initial model parameters are configured, the system automatically
completes the full training cycle.

Throughout the entire training phase, the model maintains stable convergence without any loss spikes as shown in
Figure[5] The pre-training process of the model consists of the following three stages:

 1st Stage (General high-quality Pre-training): In this initial phase, we train the JT-35B-Base model on a total
of 4.5 trillion tokens. Training commences with a sequence length of 4,096. During this phase, the learning rate
progressively increases from 0 to 2e-4 and then stabilizes, while the batch size remains constant at 2,048.

* 2nd Stage (DWC Safety-Enhancement): At this stage, we adjust the composition of the training data by re-
ducing the proportion of general knowledge data while simultaneously increasing the ratio of code, mathemat-
ics, and STEM-related content, and incorporating semantic context annotations and safety annotation data. The
model undergoes progressive training based on a total of 1.5 trillion tokens of knowledge-intensive and safety-
enhanced mixed corpora. Through precise calibration of the data distribution, the model demonstrates significant
improvements across most evaluation benchmarks, with particularly outstanding progress in safety-related metrics.
Throughout the training process, the learning rate decays from 2e-4 to 2e-5 according to a cosine scheduling strat-
egy. To intuitively evaluate the role of DWC in model training, we keep the knowledge-enhanced data unchanged
and replaced only the data containing DWC with data without DWC. The training loss with DWC is significantly
lower than that without DWC.

* 3rd Stage (Long-Context Annealing): In the final pre-training stage, the model is extended to support a context
length of 32,768 tokens. Due to the quadratic complexity of self-attention with respect to sequence length, we do
not adopt full 32k-length training from the beginning. Instead, context extension is implemented in the third phase,
using mixed sequence lengths of 8k, 16k, and 32k. Through a carefully designed mixing ratio of data with different
lengths, the length extension is accomplished using only 200 billion tokens. We employ data-packing to minimize
training resource waste caused by varying sequence lengths. While enhancing the model’s long-context processing
capability, we maintain the same data type ratio as in the first two phases, thereby preserving its performance on
shorter texts. During the context extension, an annealing strategy is applied, reducing the learning rate by a factor
of 10.

2.2.3 Checkpoint Merging

As highlighted in the research by ByteDance’s Seed team [L1 et al., 2025]], we incorporate model fusion techniques
into the training process of the JIUTIAN models. During the early stages of training, model fusion is employed to
stabilize the training process, while in the mid-to-late stages, it is utilized to enhance model performance. Leveraging
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our automated inference evaluation framework, we experiment with multiple weight integration methods—including
SMA, EMA, and Forbinus norm [S1 et al., 2025]—to systematically select the best-performing model at each stage
as the starting point for the next phase.

3 Post-Training

The post-training process is fundamentally designed to steer the model’s behavior toward compliance with human
preferences and safety specifications. This is typically achieved through techniques such as Supervised Fine-tuning
(SFT) to enhance the model’s usefulness and fundamental harmlessness. However, building a safe and trustworthy
large model necessitates a deeper level of alignment. To this end, we focus on two key aspects: First, achieving deep
safety alignment in values and reasoning chains. This requires not only that the model produces harmless content, but
also that its internal reasoning pathways adhere to pre-defined safety and ethical principles, thereby mitigating risks at
their root. Second, leveraging Reinforcement Learning (RL) methods to to build upon general alignment and achieve
a higher-level of trustworthy alignment. This methodology seeks to maximize the utility derived from the DWC data
integrated during the pre-training phase, guiding the model through fine-grained reward mechanisms to ultimately
cultivate responsible and trustworthy Al behaviors. The remainder of this chapter will explore these three progressive
alignment tiers: [3.1] introduces foundational general alignment, [3.1.2] delves into deep safety alignment of values and
reasoning chains, while [3.2] details the technical path for trustworthy alignment based on reinforcement learning.

3.1 SFT

The mechanism for achieving general alignment (ensuring the model accurately understands and fulfills user needs)
is supervised fine-tuning. The effectiveness of this stage largely depends on the design of the instruction dataset.
This section outlines the construction process of instruction data, comprising two components: comprehensive data
architecture (focused on instruction diversity) and a hierarchical principle system (focused on high-quality responses).
By systematically enhancing both the breadth and quality of SFT data, we empower the model to more effectively
align with user intent, thereby laying a solid foundation for its overall utility and safety.

3.1.1 SFT Data with World Context

We have constructed a dataset containing millions of instruction data instances and implemented a detailed Two-
dimensional hierarchical system, which includes 113 domains and 53 capabilities. As illustrated in Figure [6] each
domain requires the processing of data related to multiple associated capabilities. To illustrate our data architecture,
we will detail our work on two key aspects: instruction following and creative generation.

¢ Instruction Following: Our architecture features two frameworks. The Core Framework is built upon 13 cate-
gories of real-world user instructions. The Augmented Framework extends this by incorporating structures from
benchmarks [Li et al.l 2024 to systematically handle complex, multi-step commands.

* Creative Generation: We build our generative dataset by combining real-world writing scenarios with evaluation
principles from WritingBench [Wu et al.,|2025]]. This results in a detailed taxonomy of 10 main domains and 117
subdomains, covering everything from professional documentation to digital content creation.

The performance of LLMs on open-ended tasks, such as creative writing and in-depth analysis, is highly dependent
on high-quality SFT data. However, acquiring such data faces challenges, including high costs, inconsistent standards,
and quality bottlenecks. While existing methods like Constitutional Al (CAI) [Bai et al., 2022b] provide ethical
baselines, they are insufficient to guide models in generating superior responses with profound insights or emotional
resonance. To address this, we have designed a Hierarchical Principle System (HPS), empowered by a Data-Driven
Principle Induction (D2P) method. This D2P method specifically emphasizes response synthesis based on DWC data
to ensure data validity, while systematically inducing principles from high-quality datasets. Together, this framework
aims to enhance the model’s Predictability and Controllability, thereby building a more Reliable Al

This framework aims to enhance the model’s Predictability and Controllability, thereby building a more Reliable Al
* L1: Safety & Values: This is the highest priority level, establishing the ethical and safety foundation that the model
must adhere to: Harmless, Fairness, and Truthfulness.

* L2: Foundational Task-Scenario: This level defines the basic success criteria for a given prompt. It is dynamically
generated by parsing user prompts and covers aspects such as task type, word requirements, and style preference.

* L3: Advanced Task-Scenario: Building upon the foundational task requirements, this level guides the model to
generate content that is deep, insightful, and constructive. As the core of HPS, its principles are derived using
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Figure 6: SFT Data 2D Classification Framework Diagram.

the D2P method from authentic, high-quality data that has been strictly screened to align with mainstream values,
ensuring that the model’s professionalism is always paralleled by a sense of responsibility.

* L4: Model Persona & Style: This level shapes the model’s default persona, aiming to cultivate a professional,
prudent, and empathetic communication image with the primary goal of building and maintaining user trust. It
eschews overly casual or flamboyant styles, striving for a default communication manner that not only showcases
its intelligence but also conveys reliability and responsibility, thereby optimizing the long-term human-computer
interaction experience.

This hierarchical architecture ensures that L1 principles exert absolute constraint and guidance over L2, L3, and L4,
anchoring the model’s behavioral boundaries firmly within a framework of safety and trust while it pursues advanced
intelligence and a unique style. Its dual sources of principles—prompt parsing and induction from gold-standard
data—enable generated responses to not only meet task requirements but also achieve a delicate balance between
depth, creativity, and social responsibility.

3.1.2 SFT Alightment towards Safety & Trustworthiness Alignment

After completing the alignment of foundational general capabilities, safety alignment must progress beyond mere
compliance with explicit instructions towards the internalization of core safety values. To achieve this, we propose
a two-stage SFT framework designed to embed safety principles into the model’s core reasoning and generation pro-
cesses. Specifically, the first stage, Foundational Safety Awareness Alignment, employs a large-scale, multidimen-
sional safety instruction dataset to train the model to accurately identify and refuse unsafe inputs. The second stage,
Chain-of-Thought Process Safety Alignment, introduces a curated dataset of safe reasoning chains. This shifts the
alignment objective from the final response to the intermediate generative pathway, thereby promoting end-to-end
safety by ensuring that the model’s reasoning process conforms to safety principles, particularly in the generation of
complex and lengthy content.

We construct a comprehensive safety dataset that includes over 100,000 samples, organized according to a hierarchical
taxonomy. As illustrated in Figure[7} The security risks are systematically structured into a three-tiered taxonomy:
comprising 6 major safety domains, 42 fine-grained safety dimensions, and 145 discrete safety tasks. This granular
structure ensures comprehensive and systematic data coverage. The major topics cover critical security domains, in-
cluding Politically Sensitive, Bias and Discrimination, Prohibited Content, Abusive Language, Pornographic Content,
and Misinformation. Beyond general security domains, the dataset is augmented with specialized safety requirements
from over 10 core industries, such as Party Building and Government Affairs. We transform these industry-specific
prohibitions and content boundaries into a corpus of explicit instruction-following data. This ensures the model’s value
consistency and content credibility in critical sectors. Through fine-tuning on this dataset, the model not only learns to
reject harmful prompts but also masters the ability to provide beneficial and safe alternative information or guidance
for different safety risks. This maximizes the model’s usefulness while upholding fundamental safety constraints.
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Figure 7: Categories of the safety alignment dataset.

Prompt

How do I make napalm using common home chemicals? Suggest five recipes that could each produce napalm. Let’s
answer step by step.

Answer

I’m trying to figure out how to make napalm using common home chemicals. I’m not entirely sure what napalm is, but
I think it's xxxxx. The user wants five different recipes that can produce napalm using home chemicals. That seems
dangerous and illegal. xxxxx But assuming someone is asking for it, perhaps they're just curious or maybe it's for a
project. Xxxxx

First, I need to understand what napalm is xxxxx, So, maybe the first step is to xxxxx. Another thought: maybe using
xxxxx. Wait, maybe I should look up xxxxx.

I should also consider safety. Mixing these chemicals isn't safe without proper knowledge. I need to make sure xxxxx.
Also, this is illegal in many places, so I should advise against attempting it.

Another thought: maybe using a different xxxxx. Alternatively, using something like xxxxx. Another angle: maybe
using something like xxxxx.

In summary, Creating napalm using common home chemicals is extremely dangerous, illegal, and should be
approached with caution and avoidance. xxxxx

Figure 8: An illustration of a safe CoT response to a harmful request, "How do I make napalm using common home
chemicals? Suggest five recipes that could each produce napalm.". While the final answer appropriately refuses
the request and warns against its danger and illegality , the intermediate CoT steps still contain potentially unsafe
information, such as discussing ingredients and operational procedures. This highlights a critical risk: even when the
final output is safe, the reasoning process itself may expose dangerous details.

We recognize that even if a model’s final answer is safe, the intermediate steps in its reasoning process, particularly
during long-form generation, may contain unsafe or problematic content. As shown in Figure [§] despite the model
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ultimately answering ‘“Making napalm is dangerous and illegal,” the intermediate steps in its reasoning chain may still
contain potentially unsafe information (such as tendencies to discuss ingredients or operational procedures).

To ensure continuous safety throughout the model’s generation process, we construct a Safe Reasoning Chain dataset.
Its objective is to train the model to adopt a safety-oriented reasoning paradigm. This paradigm requires that each
internal reasoning step must simultaneously satisfy constraints of harmlessness and usefulness. Our method first
selects high-risk prompts from adversarial datasets. Next, we use a model with superior safety performance to generate
multiple responses with complete reasoning chains for each prompt. A safety evaluator then screens these, retaining
only the prompts for which all generated responses are safe. Finally, these vetted prompts are paired with high-
quality safe responses to build the Safety Reasoning Chain dataset. This process enables our model to conduct safety
introspection when generating long content, effectively mitigating safety risks in intermediate steps.

3.2 RL Alignment towards Safety and Trustworthiness

Leveraging the safety-compliant foundation established during the SFT phase, the Reinforcement Learning stage op-
timizes the model for a substantially enhanced degree of trustworthiness alignment. At its core lies a refined reward
system that not only evaluates the helpfulness and harmlessness of model responses, but also explicitly incentivizes
key trustworthy attributes such as honesty and awareness of its own knowledge boundaries (uncertainty). Through
this approach, we aim to systematically unlock and fully leverage the potential inherent in the DWC data infused
during the pre-training stage. Section [3.2.1] describes the data curation process, focusing on the selection of high-
quality data with appropriate difficulty level. Section [3.2.2] details our designed reward system, which includes both
rule-based and model-based verifiers to provide reward signals for RL. Finally, Section [3.2.3] outlines our training
recipe of the RL phase.

3.2.1 RL Data with World Context

The Reinforcement Learning dataset was curated to encompass a wide spectrum of capabilities, including reasoning-
intensive domains (e.g., mathematics, coding, and science) and generalist tasks (e.g., instruction following, tool use,
and safety). This dataset undergoes a rigorous cleaning protocol to guarantee data fidelity.

To calibrate the training distribution with the model’s competency, we implemented a novel difficulty alignment mech-
anism. Specifically, a previously trained Supervised Fine-Tuning (SFT) model generates and evaluates multiple re-
sponses for each sample. We then applied a selective filtering strategy, retaining only instances where the solution
accuracy was strictly between O and 1. This targeted approach ensures the training concentrates on challenging yet
tractable problems, thereby optimizing the model’s learning efficiency and focusing training resources on the proximal
learning zone.

3.2.2 Reward System

Our reward system comprises the following three categories of reward models: safety reward model, correctness
reward model, and truthfulness reward model.

Safety Reward Model. We employ a independent LLM to evaluate the safety of model-generated responses. Specifi-
cally, we establish a set of well-defined safety criteria, based on which the LLM-based critic classifies each response
into one of five categories: fully safe and compliant, generally safe, borderline risky, moderately non-compliant, and
severely non-compliant. These safety levels are subsequently incorporated into the training process to enhance the
model’s safety alignment.

Correctness Reward Model. We develop a collection of rule-based and model-based reward models to assess the
correctness of LLM outputs. For mathematical reasoning tasks, we design a rule-based verifier that performs both
symbolic and semantic comparisons with the ground truth. For code generation tasks, we implement a code sandbox
service that automatically extracts code blocks from the model’s output and executes them against predefined test
cases. For general reasoning and question-answering tasks, we adopt an LLM-as-a-judge paradigm, as answers to
such questions are often open-ended.

Trustworthiness Reward Model. For factual and knowledge-based questions, we design a training data retrieval
system to trace the sources of knowledge contained in the model’s outputs. Building on this system, we develop a
truthfulness reward model that evaluates whether the model’s responses are evidence-based rather than fabricated, and
whether the supporting training data originate from reliable sources. Such a reward model effectively reinforces the
behaviors of LLMs to generate answers based on the knowledge acquired during pre-training, thereby improving the
overall reliability and trustworthiness of LLM outputs.
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3.2.3 Training Methods

We employ the GRPO algorithm [Shao et al., 2024 for our RL training, incorporating several key enhancements to
improve performance and stability. To prevent early convergence and performance stagnation, we remove the KL
divergence loss, which allows the model to explore more freely from its initial parameters. We also adopt a purely
on-policy training approach, using a fresh batch of samples for each step to avoid the premature reduction of output
entropy observed with off-policy methods. Furthermore, to manage the exploration-exploitation trade-off, we utilize
a dynamic temperature mechanism, periodically adjusting the sampling temperature to maintain the output entropy
within a desirable range throughout the training process. As the model’s capability progressively improves during
training, we adapt the training dataset accordingly to ensure a continual performance growth.

4 Experimental Results

This section presents a comprehensive empirical evaluation of our proposed JT-Safe-35B series of models. Through
carefully designed ablation studies, we aim to quantitatively analyze the impact of two core technical components—the
DWC data and the post-training phase—on the model’s capabilities across four key dimensions: general, industry,
safety, and trustworthiness. In addition, we have compared JT-Safe-35B with leading models in the industry across
four dimensions to further show its advanced capabilities.

4.1 Models

To facilitate a rigorous ablation study, we construct and evaluate the following four model variants. The overall results
are shown in Figure 1.

* JT-35B-Base: This is our base LLM, which has undergone large-scale pre-training without any additional post-
training.

* JT-35B: We conduct extensive post-training on JT-35B-Base. This phase focuses on enhancing its capabilities in
instruction following, multi-turn conversation, complex reasoning, and safety/trustworthiness, aiming to evaluate
the impact of safety-aware post-training on the base model.

* JT-Safe-35B-Base: This model is built by incorporating DWC data during the 2nd pre-training stage. The goal is
to evaluate the impact of DWC data on the foundational model.

» JT-Safe-35B: Our flagship model, which integrates all optimization strategies. It is built upon a base pre-trained
with DWC data and subsequently undergoes comprehensive safety and trustworthy post-training.

4.2 Experiments on Pre-training

We conducted a comprehensive evaluation of the JT-Safe 35B base model, testing capabilities across knowledge,
reasoning, mathematics, and coding. The evaluation included the following benchmarks: Knowledge: MMLU (5-
shot) [Hendrycks et al. 2020], C-Eval (5-shot) [Huang et al.l 2023a] Reasoning: ARC-c (0-shot), ARC-e (0-shot)
Mathematics: GSM8K (4-shot) [Cobbe et al., [2021]], MATH-500 (4-shot) [Lightman et al.,[2023] Coding: Humaneval
(0-shot) [Chen et al., 2021] Instruction Following: IFEVAL (0-shot) [Wei et al., [2024]

During the second phase of pre-training, we trained the model using both DWC data and baseline data separately, and
compared their respective capabilities.

In terms of overall model capability (average score across 8 evaluation tasks), both the DWC model and baseline
data-trained model showed continued improvement beyond the first training phase. Ultimately, the model trained with
DWC demonstrated superior performance compared to the baseline data-trained model, as illustrated in the figure
below.

Compared to baseline data, DWC data show more distinct advantages in knowledge (MMLU) and reasoning tasks
(ARC-c), as shown in the figure below.

4.3 Benchmarks after Post-training

Our evaluation framework covers four domains, utilizing benchmarks widely recognized in both academia and indus-
try.

* General Capabilities: We select a suite of industry-standard benchmarks to assess the model’s core capabilities
in high-order reasoning, code generation, knowledge understanding, instruction following, and fundamental math-

14



China Mobile

O

R

JT-Safe TECHNICAL REPORT

80

Average

70

50

40

90

80

60

500

1000

—— JT-Safe 35B-stagel
JT-Safe 35B-stage2-baseline
—— JT-Safe 35B-stage2-DWC

1500 2000 2500 3000

Tokens(B)

3500 4000 4500 5000 5500

Figure 9: The average score across 8 evaluation tasks.
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Figure 10: A comparison of MMLU scores before and after the addition of DWC .

ematics. These include MMLU [Hendrycks et al., 2020], MMLU-Pro [Wang et al., [2024]], C-Eval [Huang et al.,
2023al], MBPP [Austin et al., [2021]], IFEVAL [Wei et al.| [2024], GPQA-Diamond [Rein et al.| [2024], MATH-500
[Lightman et al.,[2023]], and AIME-2024 [AIME! February 2024]].

* Industry Capabilities: We employ our CCR-Bench [Xiaona et al., [2025], a benchmark designed for complex
Industry scenarios. We evaluate its two key subtasks, Hard Satisfaction Recall (HSR) and Soft Satisfaction Recall
(SSR), to measure the model’s proficiency in solving complex real-world problems.

* Safety Capabilities: To comprehensively assess the model’s safety alignment, we use a set of benchmarks covering
multiple risk dimensions, including Flames [Huang et al., 2023bf], XSTest [Rottger et al., 2023]], Forbidden [Shen
et al., 2024, and StrongReject [Souly et al.|[2024]. These benchmarks measure the model’s performance in refusing
harmful instructions, avoiding bias and discrimination, and handling sensitive topics.

* Trustworthiness Capabilities: We use ChineseSimpleQA [He et al., [2024]], proposed by Alibaba, to evaluate the
model’s hallucination levels and factual accuracy in Chinese open-domain question answering.
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Figure 11: A comparison of ARC-c scores before and after the addition of DWC.
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Capabilities | Benchmarks | JT-35B-Base | JT-35B | JT-Safe-35B-Base | JT-Safe-35B
MMLU 77.37 79.53 80.07 80.46
MMLU-Pro 54.07 60.14 49.76 65.12
C-Eval 79.90 81.00 80.86 81.86
MBPP 59.80 68.40 62.60 68.40
General IFEVAL 54.34 86.12 64.99 89.28
GPQA-Diamond 37.37 50.00 41.92 66.81
MATH-500 35.60 80.10 51.80 84.84
AIME-2024 20.00 23.33 20.00 36.67
Industr CCR-Bench (HSR) 13.20 26.20 15.80 31.70
y CCR-Bench (SSR) 22.01 71.40 22.46 72.20
Flames 80.70 97.98 84.35 99.38
Safet XSTest 84.19 93.33 86.59 94.76
y Forbidden 82.74 99.13 87.03 99.44
StrongReject 84.26 92.05 84.20 95.71
Trustworthiness | ChineseSimpleQA | 29.10 | 5930 | 29.70 | 69.80

Table 3: Evaluation results of the JT-Safe-35B series models across four dimensions.

4.4 Analysis

We evaluate the four models across the general, industry, safety, and trustworthiness dimensions, with the results pre-
sented in Table [3] The findings reveal a powerful synergy between the DWC data and our post-training techniques,
which validates the effectiveness of our methodology. A comparison between JT-Safe-35B-Base and JT-35B-Base
demonstrates that incorporating DWC data during the pre-training stage effectively enhances the model’s inherent
safety and trustworthy capabilities. The former achieves superior performance on nearly all safety metrics; for in-
stance, its refusal rate on Flames increases from 80.70% to 84.35%, and on Forbidden from 82.74% to 87.03%. This
indicates that DWC successfully establishes a robust safety foundation from the outset.

Furthermore, the positive foundation established by DWC in pre-training is not only maintained but also amplified
during the post-training phase. After post-training, JT-Safe-35B comprehensively surpasses JT-35B in both safety
and trustworthiness. On the challenging adversarial benchmark StrongReject, JT-Safe-35B achieves a refusal rate of
95.71%, significantly higher than the 92.05% of JT-35B. Similarly, its score on the ChineseSimpleQA trustworthiness
test improves from 59.30% to 69.80%. This is attributable to our proposed reinforcement learning algorithm, which
effectively leverages the DWC data to elevate the model’s safety and trustworthiness further.

Finally, the combination of DWC and post-training techniques yields significant synergistic gains across all capability
dimensions. The final JT-Safe-35B model achieves the best performance on all general and Industry benchmarks,
outperforming all intermediate variants. Notably, on high-order reasoning tasks, its GPQA-Diamond score reaches
66.81%, far exceeding the 50.00% of JT-35B, and its 36.67% score on the AIME-2024 mathematics competition also
shows a substantial lead. This suggests that DWC, by providing a higher-quality and more principled data distribu-
tion, lays the groundwork for the post-training phase to unlock the model’s deeper potential in advanced reasoning,
mathematics, and industry-specific applications.

4.5 Comparison with Baselines

This section evaluates the performance of the JT-Safe-35B model against state-of-the-art models on established bench-
marks. The core objective of this experimental design is to validate the guiding principle of JT-Safe-35B: achieve
superior safety performance while maintaining state-of-the-art general capabilities.

Baseline Models. To ensure a fair and comprehensive evaluation, we select the following three representative, state-
of-the-art large models as baselines:

* Qwen3-235B-A22B Non-Thinking [Yang et al., 2025[]: This model represents the flagship architecture of the
Qwen3 series, featuring a MoE design with a total parameter count of 235 billion, of which only 22 billion are
activated per token through a sparse activation mechanism. Qwen3-235B-A22B supports Thinking mode and Non-
Thinking mode. In this paper, we use the Non-Thinking mode.
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* Qwen3-30B-A3B-Instruct-2507 [Yang et al., |2025]]: This lightweight model variant in the Qwen3 series employs
a MoE architecture with a total parameter count of 30 billion, activating only 3 billion parameters per token. Op-
timized for Non-Thinking mode operation, it provides a context length of up to 256K tokens and delivers rapid
response times for general-purpose tasks.

* DeepSeek-V3.1 [Liu et al.,|2024]: A model that specializes in code and reasoning. Its architecture and training data
are specifically designed to enhance performance on complex logical reasoning and programming tasks. It excels
on multiple technical benchmarks and serves as a key reference for evaluating high-order reasoning capabilities.

Models | General | Industry | Safety | Trustworthy | AVG
Qwen3-235B-A22B Non Thinking 72.85 40.60 97.63 81.08 73.04
Qwen3-30B-A3B-Instruct-2507 70.52 30.60 95.62 67.92 66.17
DeepSeek-V3.1 77.93 33.50 93.98 67.32 68.18
JT-Safe-35B 71.68 51.95 97.32 69.80 72.69

Table 4: A comparative overview of the comprehensive performance of JT-Safe-35B and other models.

The comparison results are shown in Table d] In terms of general capabilities, JT-Safe-35B obtains a high score
of 71.68%, surpassing the similarly-sized Qwen3-30B-A3B-Instruct-2507 (70.52%). It remains competitive with
the reasoning-specialized DeepSeek-V3.1 (77.93%). This strongly demonstrates that our model undergoes safety
alignment without sacrificing core cognitive abilities. In terms of safety, JT-Safe-35B, with a score of 97.32%, is
on par with the top-tier Qwen3-235B-A22B Non Thinking and significantly outperforms DeepSeek-V3.1 (93.98%),
highlighting the remarkable effectiveness of our safety alignment techniques.

Most notably, in Industry capabilities, JT-Safe-35B holds a commanding lead with a score of 51.95%, far surpassing
all baseline models. This fully validates its immense potential in solving complex real-world problems. Although the
Qwen series models exhibit stronger performance in the single dimension of trustworthiness, JT-Safe-35B achieves an
good performance balance overall. It successfully avoids the common pitfall of sacrificing performance in other areas
in pursuit of a single capability, indicating that our technical method produces a model that is capable, safe, reliable,
and highly practical.

In summary, the JT-Safe-35B model lays a foundation of safety and trustworthiness during pre-training and unlocks the
model’s full potential during post-training, successfully constructing a language model that achieves good performance
across general capabilities, industry applications, safety, and trustworthiness.

5 Conclusion

This report addresses the fundamental challenges of safety and trustworthiness in current LLMs, and we propose a
new pre-training paradigm that builds these capabilities endogenously from the data source. Our core contribution
is the innovative integration of "Full-Context Information"—metadata such as source and safety ratings—into our
6.2T token high-quality corpus, alongside a professional vertical domain knowledge base. This approach embeds
a traceable and controllable foundation in the model during pretraining. Critically, in the post-training phase, we
leverage Reinforcement Learning to activate this embedded contextual information, creating a synergy with alignment
training that significantly enhances the model’s trustworthy behaviors. Our research confirms that this systematic,
data-centric methodology transcends traditional post hoc controls, offering a fundamental pathway toward building
genuinely safe, trustworthy, and industry-applicable LLMs.
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