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VALUE ALIGNMENT

• LLM alignment depends on 
policy guidelines 

• But deployment policies 
change over time 

• A model aligned yesterday may 
violate today's policy

https://arxiv.org/abs/2602.12134



THE ALIGNMENT-REALITY GAP

• Static alignment creates an 
Alignment-Reality Gap 
• Regulations shift 
• Cultural norms shift 
• Institutional risk tolerance shifts 
• Annotation guidelines get rewritten https://arxiv.org/abs/2602.12134



CHALLENGE

• Alignment policies evolve after deployment, but model 
behaviour stays tied to the old guideline 

• Re-annotation for every policy change is costly, slow, and hard 
to keep consistent 

• Unlearning is blunt: it suppresses behaviour instead of 
teaching the new preference structure 



EXPECTED OUTCOME



INTUITION

• Can we reinterpret old preference data under a new policy 
instead of collecting new labels? 

• Can we avoid sampling the model to infer its old policy? 

• Sampling is unwanted because it gives only a noisy 
behavioural snapshot, not the actual preference data that 
shaped the model 



REALIGNMENT SETUP

• We start from an already aligned model  

• We assume access to the original preference dataset: . 

• A new target policy   

• We train  to satisfy the new policy while preserving useful 
behaviour from the old model 

Mref

(x, yw, yl)
πnew

Mθ



TRACE - OVERVIEW

• TRACE reuses the old preference dataset instead of collecting 
new labels 

• Oracle model judges each old pair over the new policy 
• Each pair is assigned to a realignment type: invert, punish, or 

retain 

𝒟 = {(x, yw, yl)i}N
i=1

πnew(y |x) ∈ {compliant, non-compliant}



TRACE - STAGE 1

• Let  and  
• Triage turns one old preference pair into one realignment action 
• This avoids assuming the old loser is automatically correct

cw = πnew(yw |x) cl = πnew(yl |x)

(cw, cl) = (πnew(yw |x), πnew(yl |x))
𝒟 → 𝒟I ∪ 𝒟II ∪ 𝒟R



TRACE - INVERT

• The old winner violates the new policy 
• The old loser is now the compliant response 
• TRACE reverses the preference direction

𝒟I = {(x, yw, yl) : cw = 0 ∧ cl = 1}

(x, yw, yl) → (x, yl, yw)

ℒI(θ; i) = − log σ (β [log
pθ(yl |x)

pref(yl |x)
− log

pθ(yw |x)
pref(yw |x) ])



TRACE - PUNISH

• Both the old winner and old loser violate the new policy 
• There is no valid preference to invert into 
• TRACE suppresses both responses, or uses an oracle correction 

if available

𝒟II = {(x, yw, yl) : cw = 0 ∧ cl = 0}

ℒII(θ; i) = −log σ (−β log
pθ(yw |x)

pref(yw |x) ) − log σ (−β log
pθ(yl |x)

pref(yl |x) )



TRACE - PUNISH

• Optional oracle correction:

yc ← 𝒪(x, πnew)

ℒoracle
II = − log σ (βΔθ(x, yc, yw))



TRACE - RETAIN
• The old winner is still compliant with the new policy 
• TRACE keeps this pair as a stability anchor 
• These samples prevent the update from forgetting useful 

behaviour 
• If both responses become compliant, there is no new preference 

signal, so the pair is grouped with retain.

𝒟R = {(x, yw, yl) : cw = 1}

ℒKL(θ; j) = DKL (Logitsℳref
(yw |x) ∥ Logitsℳθ

(yw |x))



TRACE - STAGE 2
• Invert samples use a reversed DPO-style preference loss 
• Punish samples use negative-preference optimisation or oracle-

guided correction 
• Retain samples use KL regularisation against the frozen 

reference model

Δθ(x, y1, y2) := log
pθ(y1 |x)

pref(y1 |x)
− log

pθ(y2 |x)
pref(y2 |x)

ℒI = − log σ (βΔθ(x, yl, yw)), ℒoracle
II = − log σ (βΔθ(x, yc, yw))



TRACE - STAGE 3
• TRACE estimates which local updates move in the global 

alignment direction 
• High-impact conflicts get larger weights 
• Low-impact or noisy conflicts are down-weighted 

g𝒥 = ∇θ𝒥(θ)
θ=θref

, gℒi
= ∇θℒi(θ)

θ=θref
, wi = ⟨g𝒥, gℒi

⟩

ℒTRACE(θ) = ∑
i∈𝒟I∪𝒟II

wiℒi(θ) + αKL ∑
j∈𝒟R

ℒKL(θ; j)

g𝒥 = global alignment gradient gℒi
= sample-level update gradient



IMPACT WEIGHTAGE
• Impact weighting prioritises conflicts whose gradients actually move the 

model toward the new policy, instead of spending update budget on noisy or 
low-value samples.



EXPERIMENTAL SETUP

• Datasets: 
• PKU-SafeRLHF 
• SynthValueBench 

• Models: 
• Qwen-2.5-7B 
• Gemma-2-9B 
• Llama-3.1-8B

• Metrics: 
• Human preference 
• Target policy agreement 
• Utility benchmarks 
• Adversarial stress tests



RESULTS - HUMAN PREFERENCE



RESULTS - GENERAL UTILITY



COMPONENT ABLATION



DATA SCALE ABLATION



ROBUSTNESS ABLATION
• We compare TRACE to Robust-DPO (https://arxiv.org/pdf/2403.00409) in the 

context of an imperfect oracle

https://arxiv.org/pdf/2403.00409


EXAMPLES



EXAMPLES



THANK YOU!

https://respailab.github.io/TRACE 

aakash.sensharma@invideo.io
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