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PROBLEM AND CORE IDEA
Motivation: Offline RL performance is strongly determined by dataset quality. In ac-
tive positioning, logging policies are often highly structured and suboptimal, which makes
learning robust offline RL agents difficult.

Our idea: A trajectory-level data augmentation that exploits the geometric interplay in ac-
tive positioning problems by accumulating actions along a trajectory into a single shortcut
(SC) action.

Contributions: Better trajectory returns, stronger offline RL training, and a theoretical
explanation of why shortcuts work and lead to better trajectories.
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ACTIVE POSITIONING SETUP

State (s,W ) with position s ∈ P and static context W ∈ W . Actions a ∈ A are
transformed by movement distortion f :

s′ = f(s, a,W ), r = −∥s′ − sW ∥.

Goal: reach sW in as few steps as possible under partial observability o = OW (s).

si+1 = f(si, π(OW (si)),W )
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si+1 = f(si, π(OW (si)),W )
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Distortions used in experiments
(key quantity: linear placement error constant Lf )

No distortion fblend frot fscale fregrot fsin fsqrt

Lfblend = 0 Lfrot = 0 Lfscale = 2 · λ Lfregrot = 2 Lfsin = σ ·
√
d Lfsqrt = ∞

LIFT: THEORY AND ALGORITHM
Shortcut condition (Theorem, informal) If π is distance-improving, V π is LV -
Lipschitz, and f has placement error constant Lf , then the accumulated action a =∑j−1

k=i ak is beneficial when

γV π(sj ,W )− V π(si,W )− ∥sj − sW ∥ ≥ (γLV + 1)Lf

j−1∑
k=i

∥ak∥.

Policy improvement Applying an augmentor shortcut aθ only where it is a πβ-shortcut
never hurts: J(πaug) ≥ J(πβ).

Algorithm 1: Shortcut sampling
Require: C ≥ 0, i ∈ [n], {(o0, a0, r0), . . . , (on, an, rn)}
Ensure: Tuple (oi, â, rj−1, oj)

1: Compute returns G0 . . . , Gn for trajectory
2: S = ()

3: for j = i+ 1 · · ·n do
4: âi ←

∑j−1
k=i ak

5: if γGj −Gi + rj−1 ≥ C ·
∑j−1

k=i ∥ak∥ and âi ∈ A then
6: Add (oi, âi, rj−1, oj) to S

7: end if
8: end for
9: Let m = |S| and let r̂ = (r̂1, . . . , r̂m) be the rewards of the tuples in S

10: Let ρ ∼ r̂ −mini r̂i a mass function
11: Sample (oi, âi, rj−1, oj) from S w.r.t. ρ
12: return (oi, âi, rj−1, oj)

s′ = f(s0, a0 + a1,W )
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OBSERVATION MODALITIES
We evaluate across direct state observations and image-based sensing. LIFT is designed
to stay compatible with deterministic logging routines and robust hand-offs.
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Each row shows representative trajectories from start to near-goal behavior.

RESULTS AND TAKEAWAYS
Empirical findings:

• Shortcut training (CQL-SC) improves CQL across scenarios.
• Data collected with Shortcut consistently improves downstream offline RL.
• LIFT-SC is the strongest method in most settings.

Why it helps: Shortcuts improve data quality and diversity by breaking up the highly
structured logging data.

Why LIFT helps even more: Applying shortcuts already during data collection lets a
shortcut-trained policy shape the trajectories as they are gathered, so the data is better
from the start.
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