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Lagrangian Reward Augmentation (LARA) enables safety-aware inference-time alignment by turning an
expected-cost constraint into a calibrated reward, without updating the language model.

The problem

• Changing safety requirements make repeated fine-tuning costly.

• Inference-time methods keep the model frozen, but steer it using a single 
score.

• That score has no direct connection to an explicit safety budget, so the 
reward–cost penalty is usually hand tuned.

Desired objective

𝒎𝒂𝒙𝝅 𝔼𝝅 𝒓 −  𝜷 𝑲𝑳(𝝅 ||𝝅𝒐)

Subject to 𝔼𝝅 𝒄 ≤  𝝉

𝜋0 :reference model   ·   𝑟: reward / helpfulness   ·   𝑐: cost / harmfulness   ·   𝜏: cost budget

Takeaways

LARA: calibrate the safety penalty

Estimate the one-dimensional dual objective from calibration samples:

𝒈 𝝀 =  𝜷 𝔼𝒙 𝒍𝒐𝒈 𝔼𝝅𝟎
exp

𝒓 −  𝝀𝒄

𝜷
+  𝝀𝝉

𝜋0 :reference model   ·   𝛽: KL weight   ·   𝜏: cost budget

1.   Sample responses and evaluate 𝑟 and 𝑐

2.   Minimize the estimated 𝑔(𝜆) by binary search

3.   Use 𝑟 − መ𝜆 𝑐 to score responses at inference time

Why binary search works

𝒈′ 𝝀 =  𝝉 − 𝔼𝝅𝝀
∗ [𝒄]

The expected cost decreases as 𝜆 increases. For an interior optimum, the expected 
cost reaches the budget 𝜏. 

Scope: The ideal sequence-level policy has the constrained interpretation. Token-level decoders use the 
calibrated score as a heuristic.

Results

Calibrated 𝜆 reaches the cost threshold; larger penalties reduce helpfulness.

Best-of-N gives the strongest tradeoff among tested inference-time methods.

Project Page Link:

https://yaswanthchittepu.github.io/LARA/

𝜋𝜆
∗ is the reference policy tilted by 𝑟 −  𝜆 𝑐 : 𝝅𝝀

∗ 𝒚 𝒙 ∝  𝝅𝟎 𝒚 𝒙  𝒆𝒙𝒑(
𝒓 − 𝝀 𝒄

𝜷
)

This monotonicity of 𝑔′ 𝜆  enables efficient calibration of 𝜆 by binary search.

• LARA turns an expected-cost budget into a calibrated reward for a frozen 
language model.

• The constrained problem reduces to one-dimensional convex calibration, 
with a finite-sample guarantee for estimating 𝜆.

• With LARA, Best-of-N gives the strongest tradeoff among tested inference-
time methods, approaching fine-tuned direct alignment baselines.
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