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Motivation: Expressiveness vs. Efficiency

Generative policies capture rich, multi-modal behavior for offline RL — but today’s methods force a stark
choice:

1. Diffusion policies — highly expressive, but slow iterative sampling is computationally expensive.
2. Consistency policies — remarkably fast (1-2 steps), but simplification degrades policy quality.

Can one policy class achieve both expressiveness and efficiency?

Contributions

We introduce Generative Trajectory Policies (GTP) — a policy that is both expressive and efficient, built on
a unifying view of modern generative models.

> Unified ODE view: diffusion, flow-matching & consistency models are all instances of one continuous-time
generative trajectory.

> GTP paradigm: learn the entire ODE solution map — neither slow iterative sampling nor lossy one-step
shortcuts.

> Two principled adaptations make it practical for offline RL, giving state-of-the-art on D4RL — a perfect
100.0 on antmaze-umaze.

A Unified ODE Framework

Reverse generation is a deterministic ODE
dx,
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The true flow map ®(x,, t, s) maps any state at time ¢ to time s:

/ts f(x_,7)drT.

Diffusion, Consistency, CTMs, Shortcut & Mean Flows are all special cases — approximating aspects of the
same O.
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Two complementary objectives define the framework:

> Instantaneous Flow Loss (local anchor) — matches the infinitesimal step:

lim (@, ¢, s) = @, — tf (24, 1)

s—t
> Trajectory Consistency Loss (global regulator) — multi-step self-consistency:
O(x,,t,s) ~ ®(P(x,,t,u),u,s)

GTP: Learning the Whole Trajectory

Training GTP

A Generative Trajectory Policy generates actions by learning the ODE solution map <I>9<
practical for offline RL requires solving three challenges:

. Making this
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Algorithm 1 Generative Trajectory Policy

1. Compute cost — inner-loop ODE solving for every one of millions of updates.
2. Instability — learning from scratch, bad targets bootstrap bad updates. 1: Initialize actor ®,, critic @ ,, targets 0~ < 0, ¢~ ¢
2: foriterationz = 1to NV, . do

. . . . . _ . . . iter
3. Misaligned objective — pure generation = behavior cloning, no improvement. : Sample minibatch (s, a, 7, s') ~ D

Update critic ), by the TD error

Compute advantage weights w(s, a) from the critic

Sample t > u > 7; noise z ~ N (0, I)

Score approx.:a;, = a +tz,a, = a+ uz

Update actor @, with w-weighted L, .., = Lconsistency T AFlowLFlow

; EMA-update targets 6, o~
10: end for

Score Approximation — Efficient & Stable Training
Replace the self-referential learned field with a closed-form surrogate anchored to the offline sample:

v
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Intermediate points become a one-step perturbation, x,, = « 4 u - 2, instead of a costly solver.

State-of-the-Art on D4RL — vs. Recent Generative Policies

Theorem. For a p-th order zero-stable solver with max step A,

|£prac(9) - Lideal(e)‘ — O(hp)

Full actor-critic; normalized score, 5 seeds (K = 5).
The surrogate objective coincides with the ideal one as h — 0.

Task FQL QIPO-D QIPO-OT SSCQL GTP (Ours)
> Efficient: no multi-step integration. ULl Sl
halfcheetah-m 55.6 48.2 54.2 52.3 53.9
> Stable: analytic target tied to data breaks error propagation. hopper-m 00.6 89.5 4.0 1024 90-3
walker2d-m 65.9 85.0 87.6 84.2 89.5
halfcheetah-mr 48.3 45.3 48.0 44.4 50.8
! : hopper-mr 50.7 101.2 101.2 101.4 101.7
| ! walker2d-mr 38.8 90.1 78.6 85.9 94.2
: I halfcheetah-me 92.0 94.1 94.4 98.1 93.8
, : hopper-me 104.6 112.1 108.0 110.9 112.2
l I walker2d-me 111.7 110.1 110.9 111.1 114.2
! | Average 69.8 86.2 86.3 87.9 89.0
AntMaze — Long-Horizon Navigation
antmaze-umaze 100 97.5 93.6 — 100
antmaze-u-diverse — 73.9 76.1 — 81.9
Value Guidance — From Imitation to Improvement antmaze-med-play - o2 o - o
antmaze-med-diverse 85.2 86.0 86.4 — 94.2
Bridge imitation and improvement via the KL-regularized optimal policy antmaze-large-play _ 73.2 cc & _ 535
. antmaze-large-diverse — 40.5 32.1 — 71.0
n (a\s) X T (a\s) eXP(ﬂA(Sa a)) Average — 77.3 72.0 — 80.6

Matching 7, to ™ is exactly a weighted generative objective — no separate, unstable policy-gradient term: > Best average on both suites vs. recent methods; perfect 100.0 on antmaze-umaze.

mgmx t(s,a)ND [eXP(UA(Sa CL)) ' ggen (7T0; a\s)] ‘

Stabilized weights (normalized, non-negative):

Ablation — on hopper-medium-expert (5 seeds): Efficiency — matched setup: same machine (RTX 4090), 2M steps, batch 256.
max(0, A(s,a))
UJ(S, CL) — eXp 77 | Std(A) _I_ c Method Time (h) Score Method Train (h) Infer (ms) Steps
GTP (ours) 4.26 112.2 Diffusion-QL 7.1 1.16
w/o score approx. (solver) 5.23 99.7 Consistency-AC 3.7 0.55
Data Shortcut (no teacher) 4.58 76.1 FQL 10.0 0.36
‘ Mean Flows (identity) 6.03 Diverged GTP (K = 5) 4.3 0.54

w/ linear @ (A = 0.01) 5.08 111.4 GTP (K =2) 3.8 0.67

w/ linear @) (A = 0.1) —

Diverged
% ¥ Optimal Action ;

> Far cheaper to train than Diffusion-QL / FQL; the K = 2 variant nearly matches

K = 5 returns at just 0.67 ms/action.
Our teacher-based score approx. beats teacher-free objectives (Shortcut, Mean

Flows) and ODE solvers; variational weighting avoids the divergence of naive Q-term
guidance.
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