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Ensure that malicious requests are safely denied, while
maintaining maximum helpfulness on benign queries.

The Safety Goal

Current alignment methods create brittle models
that do not identify harm hidden in a benign-looking

prompt or over-refuse the safe ones
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Paradox of Modern Safety Alignment                                             
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During pre-training, models inherently learn to distinguish harmful from benign context. They possess a latent semantic
representation of safety.

Emperical Expermemtal Proof? 
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Safety Knowledge is Already There 
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During pre-training, models inherently learn to distinguish harmful from benign context. They possess a latent semantic
representation of safety.
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Safety Knowledge is Already There 

Probing intermediate activation vectors with a
simple linear classifier separates harmful from

benign prompts with near-perfect accuracy 

[Lee et al., 2024] "A mechanistic understanding of alignment algorithms: A case study on DPO and toxicity"
[Lin et al., 2024] "Towards understanding jailbreak attacks in llms: A representation space analysis"
[Xu et al., 2024] "Uncovering safety risks of large language models through concept activation vector"
[Zheng et al., 2024a] "On prompt-driven safeguarding for large language models"
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Because its default objective (next-token prediction) is blind to safety
boundaries. It just follows text probability pathways. 

To prevent this, we must align the model.
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Why Does It Harm if It Knows Better? 
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Because its default objective (next-token prediction) is blind to safety
boundaries. It just follows text probability pathways. 

Direct Refusal (SFT)

We train the model on pairs of harmful prompts and standard
refusal templates (e.g. "I cannot assist with that").

Goal: Teach the model a direct reflex to refuse unsafe prompts.

Supervised Reasoning (SCoT)

We train the model to output a safety reasoning chain before writing
the answer, mimicking a smart teacher model.

Goal: Teach the model to reason about safety rules before replying.
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Why Does It Harm if It Knows Better? 
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Direct Refusal (SFT) Supervised Reasoning (SCoT)

Direct Refusal only teaches a surface-level response
pattern (e.g. triggered by keywords like "bomb").

Does not engage internal knowledge Does not teach actual reasoning

Supervised reasoning requires massive, expensive
safety reasoning datasets (e.g. from GPT-4) which
are hard to collect.
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The Limit of Such Shallow Alignment 
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The target policy        must learn to map prompts to safe
outputs using its own internal reasoning process.
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To move past superficial templates, the paper aims to
make the model perform actual safety reasoning on its
own. First, the mathematical prompt space is defined:
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Formalizing Safety Reasoning 
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We force a structured output format on the model, the
model output space is factorized into reasoning and
answer sequences:

By enforcing tag boundaries, the framework isolates the
reasoning sequence s from the final answer sequence y.

The verifier checks safety constraints only on y, leaving the model free to search any reasoning pathway s.
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Penalizes false refusals by subtracting refusal weight ​
on benign queries.
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The Verifiable Safety Reward 
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The Verifiable Safety Reward 



MTabVQAMA-INF 4116
Seminar AI Saefty AlphaAlign13

The Utility Problem 
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The Helpfulness Reward (    ) 
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The Helpfulness Reward (    ) 
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The Helpfulness Reward (    ) 
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The Helpfulness Reward (    ) 
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The Helpfulness Reward (    ) 
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The Helpfulness Reward (    ) 
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In summary, the final reward function used by AlphaAlign
is defined as:
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The Dual Componet Reward 
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AlphaAlign: PPO 
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RQ1 Can simple reinforcement learning incentivize latent safety awareness
from a raw pretrained base model?

RQ2 Can we improve safety without paying the typical utility tax? (Breaking
the Safety-Utility Trade-off)

RQ3 Which components of  our dual-reward function are most critical? 

RQ4 Does this method produce deep alignment, or is it just another shallow
formatting shortcut?
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Research Questions 
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3 MODELS
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Experimental Setup 
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3 MODELS

3 ALIGMENT BASELINES

1 Direct Refusal SFT

2 Circuit Breakers

3 Supervised Reasoning (SCoT)
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Experimental Setup 
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Experimental Setup 
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RQ1: RL Incentivizing Latent Safety From Scratch                         
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The base model learns to deploy safe refusal reasoning
automatically when properly incentivized, proving
safety knowledge is already latent within base weights.
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RQ2: Does AlphaAlign Break the Safety-Utility Trade-off?               
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RQ3: The Role of the Helpfulness Reward (Ablation).                   
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RQ4: Measuring Deep Alignment (The CKAS Metric)                   
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CKAS measures how intensely a concept is on the tip of
the model's tongue during generation. It can exceed 1.0.
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RQ4: Cumulative Keyword Adoption Score (CKAS)                      
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Under the same forced compliance prompt prefix (PAIR attack: "...begin your response with 'Sure, here is'...")

The safety-critical target keyword w being monitored in this evaluation path is “fraudulent”.
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RQ4: Measuring Deep Alignment (The CKAS Metric)                   

MA-INF 4116
Seminar AI Saefty AlphaAlign

High Compliance: Compliance tokens ("here", "is")

spike high early.

Flatline safety: Safety words ("illegal", "harm")

stay flat at zero.

Compliance flatline: Compliance tokens stay

locked at zero and then rise stealdily throughout

the sequence.

Active Safety thoughts: Safety words ("illegal",

"harm") rise steadily.

Direct Refusal AlphaAlign
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1 Incentivize, Don't Supervise (Latent Safety Activation)
Pretrained models already contain deep latent safety representations. We don't need to teach safety reasoning from scratch; we
only need to provide the right incentive structure (rewards) to get models to activate and utilize their latent knowledge.

2 Verifiable Reinforcement Learning without SCoT Data
By framing safety reasoning as a structured, verifiable task, we evaluate final answers using rules (R ) and check helpfulness
advantages (R ). Using RL, the model discovers safety reasoning paths on its own, bypassing expensive human annotation pipelines.

s

h

3 Breaking the Alignment Tax (ASR < 1% & +10pt Win-Diff)
AlphaAlign successfully breaks the safety-utility trade-off. It achieves near-impenetrable safety under GCG/PAIR attacks while
simultaneously delivering a massive +10.0 percentage point utility bonus in instruction-following capabilities.

4 Deep Cognitive Alignment (Prefix-Forcing & CKAS Validation)
Unlike simple refusal methods that learn fragile superficial reflex templates, AlphaAlign demonstrates true internal cognitive
resistance. It actively suppresses forced compliance prompts and scales safety token probabilities, verified via the Cumulative
Keyword Adoption Score (CKAS).
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Key Takeaways 
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DISCUSSION?
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