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★ Single-pass reliability. By absorbing selected low-energy answers into the generator, Lifted 
State Policy Optimization (LSPO) moves deliberation from inference into training. On 
Qwen3.5-27B, it reaches 71.8% accuracy versus 71.9% for two-pass reflection, with 28% lower 
latency and 25.8% fewer tokens.

★ Cost-adjusted transition credit. Each finite transition earns credit for energy reduction net of 
edit and step costs. Across all paired answers, LSPO yields 6.4% wrong-to-correct and 1.7% 
correct-to-wrong transitions, for a +4.7-point net gain.

★ Lifting as refinement context. Pairing surface text with a learned continuous coordinate 
captures constructive revision signals beyond discrete tokens, improving held-out action 
prediction and energy ranking over text-only and parameter-matched controls.

 Local mistakes break sound reasoning. One faulty intermediate step can 
invalidate an otherwise coherent derivation, yet test-time critique and multi-
pass refinement recover accuracy only by adding substantial latency and 
token cost at deployment.

 Coarse supervision misses local repairs. Preference learning ranks 
complete final outputs and trajectory reinforcement learning scores full 
rollouts, leaving the local transition that turns a flawed state into a valid one 
without direct credit.

 Unconstrained self-revision over-edits. Training directly on raw revision 
traces without transition costs often rewrites already valid steps, degrading 
correct answers and inflating output length.

Key question
How can training credit local error-correcting transitions and internalize 
those improvements into fast single-pass generation?

Comparison of training paradigms. Preference learning in the top left panel optimizes static final answers 
and trajectory reinforcement learning in the top right panel scores full rollouts, whereas LSPO in the 
bottom panel credits local transitions and internalizes selected endpoints.

Improvements found during training persist in direct generation. On Qwen3.5-27B, LSPO leads the 
compared direct-generation methods in aggregate pass@1 and pass@16 (left), aligns selected training 
endpoints with direct outputs (top right), and separates correct from incorrect answers by final energy 
(bottom right).

 Relocating deliberation from inference into training. Cost-adjusted transitions and answer internalization enable single-pass accuracy comparable to two-
pass reflection. LSPO preserves 95.8% of initially valid spans in the span audit. Direct-generation gains extend across dense and MoE backbones and held-out 
benchmarks.

 Scaling toward global restructuring and interactive agents. Local edits can fail when the solution plan needs global restructuring. Extend lifted states to plan-
level revision, tool execution, and multi-turn interaction, and combine single-pass generation with selective search on high-energy queries.

Main results across Qwen3.5 backbones. LSPO has the highest aggregate direct accuracy among the 
compared methods on all three backbones, with strong gains on math, code, and logic.

Quality, sampling, revision, and token cost on Qwen3.5-27B. LSPO reaches 71.8% accuracy in 10.9 seconds 
and 1,265 tokens in one pass, matching two-pass reflection while saving 4.3 seconds and 440 tokens.

Training dynamics across transition stability, net gain, and direct accuracy. Transition stability and net 
gain plateau before direct accuracy, consistent with correction behavior stabilizing before its gains are 
internalized.

Policy-training energy and task-level net gains. The left panel tracks policy energy and its cumulative 
minimum; the right independently reports net correction gains, positive on five of six benchmarks.

A single LSPO training update. Move shaping in the lifted space and answer internalization act 
concurrently on the selected candidate.

Annotated reward and objective for LSPO. The assignment of credit per step, the regularization of the 
policy, and direct training on the answer occupy distinct terms within the update.
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