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01 Background of Study

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.

Figure 1: Parameter-space GRPO is costly, opaque; HyperSkill evolves a hypergraph-indexed skill library.
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01 Background of Study

Task Definition
Let πθ be a frozen omnimodal backbone (θ is never 
updated) and let train / test sets hold triples (q, a*, m): a 
query, its gold answer and a modality tag m ∈ {text, image, 
pdf, video, audio}.
We seek a weighted skill hypergraph H = (V, E, w): every 
node carries a name, a description and an advantage ui ∈ 
[−1, 1]; every hyperedge groups ≥ 2 nodes into a joint 
composition with weight w(ej).
We also seek a retriever R(q, m, H) → Sq ⊂ V, while a 
hypergraph update U replaces the gradient step in every 
round t:

r is the token-level F1 reward. Unlike GRPO, the optimisation variable is (H, R) rather than θ: gradient updates become an iterative, auditable 
rewrite of the library.

Figure 2: Failure modes (i)–(iii) of existing training-free skill libraries vs. HyperSkill’s remedies.
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01 Background of Study

Three Main Challenges
Existing training-free skill libraries face three key challenges:

i
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”).

ii
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.

iii
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

Contributions

1
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.

2
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.

3
+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

Method: HyperSkill

Figure 3: Methodology of HyperSkill: C1 builds (B–C), C2 evolves & retrieves (D–E) the skill hypergraph; C3 governs execution.

C1

C1

C2

C2

C2

Optimise the library, not θ
The backbone stays frozen; an auditable library edit 
ΔH replaces the GRPO gradient step Δθ.
C1  Training-Time Skill Distillation
Contrastive step alignment (Eq. 2) harvests divergent 
step-level skills from success vs. failure rollouts; a 
counterfactual probe (Eq. 3) admits a skill only on a 
strict majority of YES votes; a protocol skill is learned 
from failures.
C2  Hypergraph Evolution & Gated Retrieval
Rollout rewards update per-node advantages by EMA 
(Eq. 4); joint skills grow hyperedges; low-advantage 
nodes are pruned. At test time advantage-weighted 
RRF (Eq. 6) + a similarity gate τ, cap Nmax = 3 and a 
zero-skill fallback (Eq. 7) decide what is injected.
C3  Execution Protocol
Never edits H; per-dataset options (tool prompts, 
lenient parser, final-answer turn, evidence & voting) 
make the frozen backbone commit to an answer.
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04 Experimental Results

Main Results

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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04 Experimental Results

Ablation & Analysis (RQ2–RQ5)

(a) Ablation: 42.0 → 39.5 / 37.8 / 31.6 (w/o C1 / C2 / C3) (b) Probe precision vs. K (labels: #accepted; AIME24 none) (c) F1 gain over w/o C1 on the 8 differing datasets (mean +3.4)

(d) Library size and mean u_i over 32 training rounds (e) F1 & zero-skill fraction vs. offset of τ from its frozen value (f) F1 vs. capacity cap N_max (InfoSeek, OVB; frozen at 3)
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Cost & Efficiency (RQ6)

04 Experimental Results

(a) Training API cost vs. F1 per dataset, coloured by regime (bubble ∝ |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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