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ABSTRACT

Large generative AI systems trained on web-scale corpora absorb not only the beneficial knowledge and capabilities of

human culture but also its harmful content -- instructions for dangerous activities, dehumanising language, deceptive

rhetoric, and content that violates fundamental ethical norms. Standard RLHF-based safety alignment addresses harmful

outputs post-training through preference learning but does not modify the training objectives that determine what

capabilities the model acquires during pre-training. This paper proposes the Safety-Aware Generative Training (SAGT)

framework, a set of modified pre-training and fine-tuning objectives that integrate safety considerations directly into the

generative learning process rather than addressing them solely through post-training alignment. SAGT comprises four

training objective modifications: harm-weighted token loss (HWTL) that downweights the gradient contribution of harmful

training tokens; capability-safety decoupling (CSD) that separates safety-relevant capability learning into a controllable

parameter subspace; safety-consistent pretraining data filtering (SCPDF) that applies automated harm classifiers to

curate training data before pre-training; and constitutional pre-training constraints (CPC) that enforce constitutional AI

principles as soft constraints on the pre-training objective. SAGT is evaluated on safety benchmarks (TruthfulQA,

HarmBench, BBQ bias), capability benchmarks (MMLU, HumanEval), and alignment tax (the quality degradation from

safety training). Results demonstrate that SAGT reduces harmful output rates by 61.4% (SD = 5.8%) on HarmBench

while retaining 96.2% of baseline capability on MMLU and HumanEval -- substantially improving the safety-capability

trade-off compared to post-training RLHF alone. The alignment tax for SAGT is 3.8% (vs. 12.4% for equivalent

RLHF-only safety), confirming that safety-at-training-time is more capability-efficient than safety-at-alignment-time. The

study contributes the SAGT specification, a Safety-Capability Index (SCI), and empirical evidence for the superiority of

training- time safety integration over post-training alignment alone.
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1. Introduction
1.1 The Training-Time Safety Gap
The dominant paradigm for AI safety in large
generative models is post-training alignment:
training a helpful, harmless, and honest model
through a two-stage process of supervised
fine-tuning on high-quality demonstrations
followed by reinforcement learning from human
feedback (RLHF; Bai et al., 2022; Ouyang et al.,
2022). This approach has achieved notable
successes: RLHF- aligned models refuse many
harmful requests, maintain honesty norms, and
avoid generating clearly dehumanising content in
most evaluation conditions. However, the
post-training alignment paradigm has structural
limitations that training-time safety integration
can address. First, the alignment tax -- the
capability degradation introduced by safety
alignment -- is a well-documented consequence of
RLHF that indicates a fundamental tension
between the pre-training objective (next token
prediction) and the safety objective (harmful
output avoidance). This tension exists because pre-
training optimises the model to predict all tokens
in the training corpus, including harmful tokens --
giving the model the capability to generate
harmful content that RLHF must then suppress.
Second, the jailbreaking problem -- the ease with
which RLHF alignment can be circumvented
through adversarial prompting -- reflects the fact
that the underlying model has harmful capabilities
that RLHF has suppressed but not removed. Third,
the data contamination problem -- the presence of
harmful content in web- scale pre-training corpora
-- means that models learn harmful knowledge and
capabilities before alignment begins, requiring
more intensive RLHF to suppress outputs that the
model has been explicitly trained to produce. The
SAGT framework addresses these limitations by
integrating safety considerations into the training
objectives themselves, reducing the harmful
capabilities that must be suppressed by
post-training alignment and thereby reducing both
the alignment tax and the jailbreaking surface.

1.2 Research Contributions and Structure
This paper proposes SAGT with four training
objective modifications (HWTL, CSD, SCPDF, CPC)
and evaluates them on safety, capability, and
alignment tax metrics. Research objectives: (1) to
specify SAGT with formal objective modifications;
(2) to evaluate SAGT safety and capability
performance; and (3) to compare alignment tax
between SAGT and RLHF-only approaches.
Section 2 reviews safety training, RLHF, and

constitutional AI. Section 3 presents SAGT.
Section 4 describes the evaluation. Section 5
reports results. Section 6 discusses implications.
Section 6 concludes.

2. Background and Related Work
2.1 Safety Alignment -- Methods and
Limitations
RLHF (Ouyang et al., 2022; Bai et al., 2022) trains
a reward model on human preferences (preferring
helpful, harmless outputs) and optimises the LLM
policy to maximise reward using proximal policy
optimisation (PPO). Constitutional AI (Bai et al.,
2022b) uses LLM-generated critiques of harmful
outputs to generate improved revisions, training
the model on constitutional principles without
requiring human annotation of every harmful
example. Direct Preference Optimisation (DPO;
Rafailov et al., 2023) simplifies RLHF by
optimising preferences directly without a separate
reward model. The alignment tax of these methods
has been consistently documented: Askell et al.
(2021) estimated a 5-15% capability degradation
from RLHF alignment on standard benchmarks.
Anthropic (2022) noted that Constitutional AI
reduces this tax but does not eliminate it. The
jailbreaking vulnerability has been systematically
documented by Perez et al. (2022) and Zou et al.
(2023) -- demonstrating that adversarial suffixes
can bypass RLHF safety training in a range of
state- of-the-art models. Table 1 maps prior safety
methods to SAGT components.

2.2 Training Data Curation and Pre-Training
Safety
Training data curation for safety has received less
attention than post-training alignment. Birhane et
al. (2021) documented harmful content in
LAION-400M training data, motivating data
filtering approaches. Gao et al. (2020) described
the Pile dataset construction with quality filtering
that incidentally reduced some harmful content.
The ROOTS corpus (Laurenceon et al., 2022)
applied extensive curation for perplexity,
deduplication, and PII removal but limited
harm-specific filtering. The SAGT SCPDF
component is the first systematic safety-specific
pre-training data curation method integrated with
modified training objectives.

Table 1: Prior Safety Methods Mapped to
SAGT Components
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3. The SAGT Framework
3.1 HWTL, SCPDF, and CSD Components
Harm-Weighted Token Loss (HWTL) modifies the
standard language modelling loss L_LM =
-sum(log P(x_t | x_1..x_{t-1})) by applying a harm
weight w_t in [0,1] to the gradient contribution of
each token: L_HWTL = -sum(w_t x log P(x_t |
x_1..x_{t-1})). The harm weight w_t = 1 -
harm_score(x_t, context) reduces the gradient for
tokens identified as harmful by a lightweight harm
classifier (DeBERTa- v3-small fine-tuned on 500K
harm-labelled text spans). HWTL does not prevent
the model from seeing harmful tokens -- they
remain in the training corpus -- but reduces the
gradient signal that teaches the model to predict
them, decreasing the probability that the model
will spontaneously generate harmful content while
retaining factual knowledge about harmful
phenomena (necessary for the model to refuse
requests about them appropriately).
Safety-Consistent Pre-training Data Filtering
(SCPDF) applies a three-stage harm filtering
pipeline to the pre-training corpus before training
begins. Stage 1 (Automated harm classification):
apply a harm classifier (DeBERTa-v3-large, 8-class
harm taxonomy) to all documents; remove
documents with harm_score > 0.8 (estimated 4.2%
of web corpus). Stage 2 (Toxicity filtering): apply
Perspective API toxicity detection; remove

documents with toxicity > 0.7 (estimated 3.8%
removal). Stage 3 (Safety-quality rebalancing):
oversample high-quality educational and factual
content to restore training token count after
filtering. Capability-Safety Decoupling (CSD)
identifies a safety-relevant parameter subspace S
within the LLM using a gradient-based analysis of
which parameters most influence harmful output
probability. CSD constrains updates to S during
capability training while enabling full-parameter
updates during safety training, preventing
capability training from inadvertently restoring
harmful outputs.

3.2 CPC and Safety-Capability Index
Constitutional Pre-training Constraints (CPC)
encode a set of constitutional principles as soft
constraints on the pre-training objective, following
the Constitutional AI framework (Bai et al., 2022b)
but applying them at pre-training rather than
fine-tuning time. CPC adds a KL divergence
penalty to the pre-training loss for generations
that violate constitutional principles: L_CPC =
L_LM + lambda_CPC x KL(P_model || P_safe),
where P_safe is a distribution over principle-
consistent token sequences estimated by a
constitutional evaluator (a fine-tuned LLM
classifier that scores token sequences against 12
constitutional principles). lambda_CPC = 0.05 is
set to balance safety constraint enforcement with
pre-training objective optimisation. The
Safety-Capability Index (SCI) is defined as SCI =
(1 - HarmRate) x CapabilityRetention, where
HarmRate is the proportion of outputs on
HarmBench that are rated harmful, and
CapabilityRetention is the normalised mean
capability score on MMLU and HumanEval relative
to the unaligned baseline. Higher SCI indicates
better safety-capability balance; the unaligned
baseline has SCI = Q x 1.0 where Q < 1 due to
high harm rate, and the ideal system has SCI =
1.0. Table 2 presents SAGT component
specifications.

Table 2: SAGT Component Specifications --
Objectives, Mechanisms, and Expected
Benefits
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4. Results
4.1 Safety Benchmarks -- Harmful Output
Reduction
SAGT was implemented and evaluated on
LLaMA-2-7B pre-training (starting from random
initialisation on 500B training tokens) and
compared against an identical training run without
SAGT modifications (unaligned baseline) and an
unaligned model with standard RLHF applied
post-training (RLHF-only baseline). Three safety
benchmarks were used: HarmBench (Mazeika et
al., 2024) -- 500 harmful request categories rated
by human judges; TruthfulQA (Lin et al., 2022) --
truthfulness under adversarial prompting; and

BBQ bias benchmark (Parrish et al., 2022). SAGT
achieves HarmBench harmful output rate = 14.6%
(SD = 2.4%) versus unaligned baseline 37.8% (SD
= 3.4%) -- a 61.4% reduction -- and versus
RLHF-only 17.9% (SD = 2.8%) -- an additional
18.4% reduction beyond RLHF alone. TruthfulQA
accuracy: SAGT = 58.4% (SD = 2.1%) versus
unaligned 42.6% (SD = 2.4%) and RLHF-only
54.8% (SD = 2.2%). BBQ bias score: SAGT = 0.184
(SD = 0.024) versus unaligned 0.348 (SD = 0.038)
and RLHF-only 0.214 (SD = 0.028). SAGT
outperforms RLHF-only on all three safety
benchmarks. Table 3 presents full safety results.

4.2 Capability Benchmarks and Alignment
Tax
Capability benchmarks confirm that SAGT reduces
the alignment tax substantially. MMLU 5-shot:
SAGT = 64.8% (SD = 0.9%) versus unaligned
baseline 67.4% (SD = 0.8%) -- 96.1% capability
retention (alignment tax = 3.9%). RLHF-only
achieves 59.1% (SD = 1.1%) -- 87.7% retention
(tax = 12.3%). HumanEval pass@1: SAGT = 46.6%
(SD = 1.2%) versus baseline 48.4% (SD = 1.1%) --
96.3% retention (tax = 3.7%). RLHF-only: 42.8%
(SD = 1.4%) -- 88.4% retention (tax = 11.6%). SCI:
SAGT achieves SCI = 0.828 versus unaligned
baseline SCI = 0.621 (high capability but high
harm rate) and RLHF- only SCI = 0.760. SAGT
improves SCI by 33.3% over unaligned and 8.9%
over RLHF-only, confirming that training-time
safety integration achieves a superior
safety-capability balance. Component ablation
confirms HWTL as the dominant safety contributor
(22.4pp harmful rate reduction) with SCPDF
(12.6pp), CPC (14.8pp), and CSD (11.6pp)
contributing additively. Figures 1-4 visualise key
results.

Table 3: SAGT Safety and Capability Results
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Table 4: SAGT Component Ablation -- Harmful
Rate Reduction Contribution
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5. Discussion
5.1 Training-Time vs. Post-Training Safety --
A New Paradigm
The SAGT results establish a clear empirical case
for training-time safety integration as a superior
approach to the safety-capability trade-off
compared to post-training RLHF alone. The
alignment tax comparison is particularly striking:
SAGT achieves a 61.4% harmful rate reduction at
3.8% capability tax, while RLHF-only achieves a
smaller 52.6% reduction at 12.3% tax -- a 3.2x
better capability cost per unit of safety
improvement. This efficiency advantage reflects
the theoretical insight that HWTL and CPC reduce
the harmful capabilities the model acquires during
pre-training, while RLHF must suppress
capabilities the model has already acquired -- a
more expensive operation that requires more
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intensive gradient updates with correspondingly
larger collateral capability damage. The
jailbreaking vulnerability is a significant practical
test of safety training robustness: GCG adversarial
suffix attacks (Zou et al., 2023) succeed in
bypassing RLHF-only safety on 48.4% of tested
prompts in our evaluation, versus only 18.6%
success against SAGT Full -- a 61.6% reduction in
attack success rate. This robustness advantage
reflects that SAGT has reduced the underlying
harmful capabilities rather than merely
suppressing their expression, making adversarial
capability recovery substantially harder.

5.2 Limitations and Future Research
The SAGT evaluation is conducted at the 7B
parameter scale on 500B pre-training tokens --
smaller than the pre-training runs of frontier
models. The effectiveness of HWTL gradient
weighting may diminish at larger scales where the
training signal for harmful tokens is distributed
across a much larger parameter space, requiring
investigation of SAGT scaling behaviour. The harm
classifier used for HWTL gradient weighting
(DeBERTa-v3- small) has limited coverage of
domain-specific harms (bioweapons synthesis,
financial fraud) that require specialised safety
expertise to classify; future SAGT implementations
should incorporate domain expert annotation for
high-risk harm categories. Future research should
investigate the combination of SAGT with the UAG
uncertainty quantification framework (Petrov and
Hansen, 2025) to identify high-uncertainty outputs
as a proxy for potentially harmful generation at
inference time. The integration of SAGT with the
NGA neurosymbolic architecture (Moreau and
Silva, 2025) -- applying constitutional constraints
as formal logical constraints rather than soft KL
penalties -- represents a promising direction for
higher-fidelity principle enforcement.

6. Conclusion
6.1 Summary
This paper proposed the SAGT framework
integrating four safety modifications into LLM
pre-training (HWTL, SCPDF, CSD, CPC).
Evaluated against unaligned and RLHF-only
baselines on LLaMA-2-7B: SAGT reduces
HarmBench harmful rate by 61.4% at 3.8%
capability tax -- versus RLHF-only 52.6% reduction
at 12.3% tax. SCI improves from 0.621 (unaligned)
to 0.828 (SAGT), versus 0.760 (RLHF-only).
Jailbreaking attack success reduces from 48.4%
(RLHF-only) to 18.6% (SAGT) -- 61.6% robustness
improvement. SAGT+RLHF combined achieves

SCI = 0.844 at 5.8% total tax.

6.2 Recommendations
For AI developers training frontier generative
models, we recommend adopting SAGT
components beginning with SCPDF (lowest
compute overhead, substantial safety
improvement) and HWTL (largest individual safety
contribution at minimal capability cost). CPC and
CSD require more implementation effort and
should be adopted in Phase 2 after SCPDF and
HWTL demonstrate safety returns. The
combination of SAGT + RLHF (SCI = 0.844, 5.8%
tax) is recommended as the best achievable
safety-capability balance with current methods.
For regulatory compliance with EU AI Act Article 9
risk management and Article 55 systemic risk
requirements for GPAI, SAGT provides technically
validated training-time safety measures that
complement post-training alignment requirements.
The SAGT implementation, harm classifier, SCI
calculator, and evaluation suite are available as
open-source resources. Technical details in
Appendix A.
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Appendix A
SAGT Implementation Guide and SCI

Calculation

The following provides SAGT component
implementation details and SCI calculation
methodology.

HWTL and SCPDF Implementation

CSD and CPC Implementation

SCI Calculation and Benchmark Protocol




