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01 Background of Study

O HyperSkill: Freeze the Backbone, Evolve the Skills

GRPO-style reinforcement learning is now the main
way to improve LLM reasoning, but improving an
agent on omnimodal tasks (web search, long-
document reasoning, audio-video QA) carries a per-
domain parameter-update cost.

Parameter updates are expensive, forgetful, and
opaque: they risk catastrophic forgetting and bury
improvements in weight deltas.

Training-free skill libraries keep the backbone
frozen and grow a textual experience store — but
still compare whole trajectories, admit skills by co-

occurrence, and store them flat.

HyperSkill keeps the backbone frozen and replaces
gradient updates with auditable edits to a

Hypergraph-Indexed Skill-Library.
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Figure 1: Parameter-space GRPO is costly, opaque; HyperSkill evolves a hypergraph-indexed skill library.




01 Background of Study S

] u u
O Task Definition
Existing Training-Free Skill Libraries HyperSkill

Let TC@ be a frozen (.)mnlmOdal baCkb_One (9 1S never A (i) Trajectory-Level Comparison Q Step-Level Skill Distillation
updated) and let train / test sets hold triples (g, a*, m): a success» [ BB Success >[I0 [ [ I 317 }
-

Atomic
Skill Card

query, its gold answer and a modality tag m € {text, image, Failure» [T [0 10 D0 1% (X Failure >[I D000

- -

pdf, Video’ audio} . Whole Rollout Becomes One Lesson Extract The Divergent Step pamefdescription
. . (ii) C lation-Based Admissi Counterfactual Verificati
We seck a weighted skill hypergraph H = (V, E, w): every A€ e 7 sl sl [ %1 [ — s
. . . "y ounterfactual Test

node carries a name, a description and an advantage ui € /\/ Lol Usefulskill ~a|  gon 1od - T SEIRE, Skill
~1. 11 h d >9 d int ioint Success  # A Spurious skill Library Faile e xNo | Library
[ s ]9 .e.Very .ypere. ge groups — nodes mto a_]OID A Spurious skill Admit Fixes, Not Coincidences

COHlpOSl'[lOIl Wlth Welght W(ej) Mere Co-Occurrence Earns Admission

S Hypergraph-Indexed Skill Evolution

. . . < Nppay skill

We also seek a retriever R(q, m, H) — Sq € V, while a A\ @D FlatSkill Structure e < ust07 [ ity -
. . ! u=+0.3 . P

hypergraph update U replaces the gradient step in every o — Skill  Skill - Skill Library Gatet  a Zero-Skill

u=-0.4 Fallback

round t: : — . . Weighted Skills And Joint Compositions

Flat cards, Must act jointly, ;‘,§§ — Q @ > JV- > E

no ranked quality no hyperedge links Frozen Skill Rollout Advantage Safeguard
No Quality Signal, No Composition Backbone Retrieval Feedback  Update Pruning

Figure 2: Failure modes (i)—(iii) of existing training-free skill libraries vs. HyperSkills remedies.
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r 1s the token-level F1 reward. Unlike GRPO, the optimisation variable 1s (H, R) rather than 0: gradient updates become an iterative, auditable
rewrite of the library.




01 Background of Study

O Three Main Challenges

Existing training-free skill libraries face three key challenges:

a Trajectory-level comparison
Existing libraries compare at the trajectory level, so every divergent step is fused into one lesson

(“the whole rollout becomes one lesson™).

° Correlation-based admission

Candidates are admitted by co-occurrence with successful rollouts, so the library keeps patterns that
track reward but do not fix the failure.

Flat skill structure

Skills are stored as dictionaries or uniform-quality lists, which cannot express that several skills
must act jointly or give a per-skill quality signal.
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02 Contributions

O Contributions

Training-Free Omnimodal GRPO

We propose HyperSkill, which keeps the backbone frozen and replaces gradient updates with
auditable edits to a Hypergraph-Indexed Skill-Library: skills are advantage-bearing nodes,
compositions are hyperedges.

Counterfactual distillation + gated retrieval

C1 admits step-level skills only after a counterfactual check and learns a protocol skill; C2 ranks
hyperedge-linked skills by advantage behind a gate with zero-skill fallback; C3 makes the
backbone commit to an answer.

+13.0 average F1

On 11 text / VL / omnimodal benchmarks, HyperSkill is best or tied on every dataset, lifting
average F1 from 29.0 (XSkill) to 42.0, with libraries costing at most $0.88 to train.
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03 Methodology

) Audio
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O Main Results

04 Experimental Results

Modality Dataset

Zero-shot T.F.GRPO SKkillCraft AutoSkill

EvoSkill M.-Skills

XSkill

HyperSkill

Text
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AIME2025
WebWalkerQA

10.0
33.3
20.7

10.0-+0.0
26.7 _¢.6
169 335

13.3:33
30.0_33

16.5_49

133433
33.340.0

20.74+0.0

10.040.0
33.340.0
18.6_91

133433
26.7 _¢.6

16.3_44

6.7 33
30.0 33
148 59

40.0.30.0
33.3,120.0
2331256

FVQA
InfoSeek
SimpleVQA
LiveVQA

21.1
22.8
26.5
55.0

27.0459
2744146
19.3_79
563113

17.8_33
15.2_75¢
19.8_¢.7
599449

3134102
22.3_05

277412
644,94

239198
16.8_4.0
33.747.2
59.4. 44

195 156
227 01
28.64192.1
58.5435

26.65 5

334106
33.847.3

59.6146

41.7 1 20.6

44.8_ 995
37.4 1 10.9
65.7  10.7

DocBench
MMLongB.

32.8
19.4

26.1_¢.7
22.6139

16.0_16.8
9.8_9.6

329101
12.4_7

32.840.0
154_49

35.11923
10.1_93

31103
23.0436

39.2. ¢ 4
321127

OmniVideoB.
WorldSense

16.0
43.8

6.4_96
47.5137

149 11
43.840.0

12.2_33
43.810.0

16.0+0.0
43.8.10.0

51109
49.153

172119
40.6_39

315,155
53.1.9 1

Avg.

274

26.0_14

23.4_40

28.641.2

27.640.2

259_15

2904116

42.01 146

HyperSkill-Bench: 11 public datasets in 4 regimes (Text, VL-Web, VL-
Doc, Omni), 636 test questions, token-level F1. All methods share a
frozen gemini-2.5-flash-lite backbone, the same tools and scoring; six
training-free skill baselines use the same 128 training questions.

Best or tied on all 11 datasets; average F1 29.0 (XSkill) — 42.0:
+13.0 abs. / +44.9% rel., +14.6 over Zero-shot. Largest margins
AIME2024 +26.7, AIME2025 +20.0, OmniVideoBench +14.3; regime
leads Text +16.4, Omni +9.2, VL-Web +6.7, VL-Doc +6.6.
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O Ablation & Analysis (RQ2-RQ5)
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04 Experimental Results

O Cost & Efficiency (RQ6)

HyperSkill (avg.)
©53.3

@®40.0

Zero-shot (avg.) 27.4 ©23.3

® Text @ VL-Doc M |V| skills
® VL-Web @ Omni 14.0 M |E| hyperedges
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Training API cost (USD per dataset) Trained library size
(a) Training API cost vs. F1 per dataset, coloured by regime (bubble o |V)) (b) Library size per dataset: skills |V| (dark), hyperedges |E| (light)

Counterfactual distillation keeps a compact library: 154 skills vs. 407 without the probe (38%); one CF vote
raises pooled probe precision from 0.179 to 0.273.
Libraries hold 2—43 skills (mean 14.0) and 0—-58 hyperedges; the frozen gate settings lie in a stable region.

$0.12-$0.88 training cost per dataset (mean $0.51, total $5.56)
$2.34 one full test pass over all 11 datasets
< ~3 s added latency vs. Zero-shot
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