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where a high-level policy generates subgoals and a low-level
policy executes primitive actions to reach them.

e This hierarchical structure decomposes complex long-horizon

/
! ! :
i :
. . I Iy o) H & I space S.
problems into manageable short-horizon subproblems. : é : : ta“nl 53 * Y é hdir ; [1] Park et al., “Foundation Policies with Hilbert Representations”, ICML 2024.

1 Iy 1

: o Y-“j. E i 1 aao i Temporal Efficiency (TE)

~ - ! - 1 — ao S

Motivation : s, a, 7% g hdir) ao . ) |
I I
_ : ﬁ ! : T (a' ’ Sy hdzr) ;
Stitching Point: ': h : (37 a,s, SSUb) T\a | Sy Ndir ! ! |
- | L ,

Low Temporal Efficiency High Temporal Efficiency

)
\.

\

/
‘-

Datasets Ablation: Temporal Efficiency Filtering [ PSS P “# Direction Vector = Trajectory ]
reached optimal - -»

TE-Filtered States (%) # Nodes in Graph Normalized Return
Dataset # States in Dataset AlLS o ALS o AlLLS p A
tat tat tat . . .
b i — i ® o T * TE measures the directional alignment between the actual and
antmaze-giant-navigate IM 100 6 2092 978 63.4 +37 77.6 +29 +14.2 i Lt iti fixed t | dist
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Environments Dataset Types
|:> » This table compares the performance of GAS with TE filtering to a variant that constructs
- . Benchmark results: state-based environments the graph from all states without filtering. » Before graph construction, filtering low-TE states reduces
Dataset Type Dataset GCBC GCIQL QRL CRL HGCBC HHILP HIQL GAS (ours) construction overhead and Improves graph quallty'
antmaze-medium-navigate  33.1 +56 74.6 £48 81.9+82 953 +10 58.1+55 963 +o04 953 +13 96.3 + 13 H H .
Locomotion antmaze-large-navigate 234 +32 326 +47 749 +44 855453 443 +41 868 +36 899 +22 93.2 +05 Pe rforma nce H Igh llghts TD-awa re Gra ph ConStrUCtlon
Original Trajectories: O..O..O.. Stitched Trajectory: O_. antmaze-giant-navigate 00+00  0.1+o04 143 +36 15.0+57 72+17 53.1+26 673 +55 77.6 +29 - e
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segments from different goal-oriented trajectories. Q. Does GAS demonstrate effective stitching ability” \ o I L el -t
Benchmark results: pixel-based environments A. Yes, GAS outperforms baselines on antmaze-{medium, large, giant}-stitch, where the e 1
« This enables agents to utilize transitions that are temporally -P datasets consist of short goal-reaching trajectories. TD-aware Clustering Connecting Nodes
disjoint and not observed within a single trajectory. Daseeiype  Dutaat GOIOL: ORL, 2 ©RL HHOP HIOL ‘GAS(owe)
peeiion i e e L | Q. Can GAS effectively learn from suboptimal datasets? + GAS clusters states in the TDR space at regular temporal distance
« Such stitching facilitates generalization across goals, especially in visual-antmaze-giant-navigate 1508 02zo0s 434+s59 424119 34110 59021 A. Yes, GAS achieves the best performance on antmaze-{medium, large}-explore, where the intervals Hyp, grouping semantically similar states from
sparse-reward and long-horizon tasks. visual-antmaze-medium-stitch 42+16 00+00 68.0+83 924+12 904 41 90.0 +3.0 datasets consist of extremely low-quality data. different trajectories.
Stitching visual-antmaze-large-stitch 02+03 01xo05 14771 338+12 385 %57 752 +44
visual-antmaze-giant-stitch 00+00 02+06 00x00 3.6+13 0.9 £ 1.1 55.8 +35 . .
» However, existing offline HRL methods typically lack mechanisms Slatmeiteeliae 00l Dllses @mw e §0mw 50zt Q. Can GAS effectively handle image-based tasks?  Each cluster center becomes a graph node, and edges are added
for cross-goal stitching, limiting their ability to compose effective Exploratory 1 cual-antmaze-large-explore 0000 0000 00%00 00zo0o 00xoo 151 +6s A. Yes, GAS demonstrates strong performance not only in state-based environments but also between nodes if their temporal distance is below H_TD, enabling

subgoal sequences from suboptimal trajectories. Manipulation  visual-scene-play 106 +27 135+28 84+09 356+49 479+39 544 +e2 in pixel-based environments. cross-goal stitching across disconnected trajectories.
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