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Reusable skills have become a core substrate for improving agent capabilities, yet most existing skill pack-
ages encode reusable behavior primarily as textual prompts, executable code, or learned routines. For visual
agents, however, procedural knowledge is inherently multimodal: reuse depends not only on what operation
to perform, but also on recognizing the relevant state, interpreting visual evidence of progress or failure, and
deciding what to do next. We formalize this requirement as multimodal procedural knowledge and address
three practical challenges: (I) what a multimodal skill package should contain; (II) where such packages
can be derived from public interaction experience; and (III) how agents can consult multimodal evidence at
inference time without excessive image context or over-anchoring to reference screenshots. We introduce
MMSkills, a framework for representing, generating, and using reusable multimodal procedures for runtime
visual decision making. Each MMSkill is a compact, state-conditioned package that couples a textual proce-
dure with runtime state cards and multi-view keyframes. To construct these packages, we develop an agen-
tic trajectory-to-skill Generator that transforms public non-evaluation trajectories into reusable multimodal
skills through workflow grouping, procedure induction, visual grounding, and meta-skill-guided auditing.
To use them, we introduce a branch-loaded multimodal skill agent: selected state cards and keyframes are
inspected in a temporary branch, aligned with the live environment, and distilled into structured guidance
for the main agent. Experiments across GUI and game-based visual-agent benchmarks show that MMSkills
consistently improve both frontier and smaller multimodal agents, suggesting that external multimodal pro-
cedural knowledge complements model-internal priors.

#Contact: zhangkangning@sjtu.edu.cn, wenxiangjiaonju@gmil.com, liuww@sjtu.edu.cn
§Code &Demo: github.com/zkangning/towards_mmskills
!Dataset: huggingface.co/datasets/zkangning/towards_mmskills
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1 Introduction

Skills have become one of the central abstractions for building useful agents: recent systems store reusable behav-
iors as prompts, code, execution graphs, or learned routines that can be retrieved and composed later (Wang et al.,
2023a; Zheng et al., 2025; Chen et al., 2026; Wang et al., 2026a). Despite differences in implementation, these skills
largely share a common representational assumption: reusable knowledge can be expressed as a textual or code-level
specification of actions. This design is effective when the relevant state can be adequately abstracted in language,
but it is insufficient for multimodal agents whose decisions depend on visual evidence. For such agents, reusable
experience must specify not only what operation to perform, but also how to recognize the relevant state, and how
visual evidence should guide the next decision. A desktop agent may know the correct operation but fail to recognize
that a dialog is not yet ready; a game agent may know the intended goal but still require visual cues to distinguish
progress from completion. This observation is consistent with human procedural learning, where visual information
can complement verbal explanations (Mayer, 2009). Consequently, text-only skills become verbose yet underspecified,
whereas demonstrations preserve visual context but are lengthy, instance-specific, and difficult to adapt.

This gap suggests the need for multimodal procedural knowledge: reusable guidance that binds action procedures to
the visual evidence and state-dependent decisions required for applying them. Such knowledge is not simply a text
skill with screenshots attached. To be reusable, it must specify what procedure is being reused, when the procedure
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(A) Multimodal Skill Package (example)
Create Chart on target Sheet 
ID: Create_Chart_on_target_Sheet_with_Exact_Title_and_Type

1. SKILL.md
Description: Create

chart on target sheet
  with exact title and

type 
When to use

Task specifies 
target sheet + chart 
title/type

Preconditions
 Chart must be on 
the requested sheet
  Title must exactly 
match instruction

Procedure

Filure Modes
Creating the chart on 
the current sheet 
when the task named 
another sheet

2. State_cards.json
              {                                

                         "domain":            "Calc"
"states": [

{
                                      "state_id":            "..."

                                         "when_to_use":        "..."
                                        "verification_cue":  "...",
                                        "available_views":   [ ... ]

} 
]             

}                  

State cards in this skill

chart_exact_title_entry

chart_subtype_selected

finished_chart_visible

Images / Visual Evidence 

One UI state, multiple visual views

State: chart_exact_title_entry 

Full Frame  Focus Crop

(B) Same Task, Different Decisions

No SKill
Direct GUI

actions
Chart is

created on the
wrong Sheet1

Final:  no correct chart on Sheet2 (Score 0.0)

Final:  still no verified chart on Sheet2 (Score 0.0)

Multimodal Skill 
(branch-loaded)

Final:  correct chart on Sheet2 with title "Sales & COGS" (Score 1.0)

 Use when the task 
explicitly names 
both a target sheet

State: chart_subtype_selected 

Full Frame  Focus After

State: finished_chart_visible 

Full Frame  Focus Crop

One Reusable Skill = Text Procedure + State Cards + Visual Evidence 

Text Skill 
(branch-loaded)

Create clustered column chart
 on Sheet2 titled "Sales & COGS"

Insert chart now; 
move it later

Load_SKILL
("...Create...Chat..")
（Text-only）

Returned Guidance
(text only)

{"subgoal": "select A1:C11",
"plan": "Open Chart Wizard",

"verify": "Chart Wizard visible"}

Agent repeats
wizard steps

and loses
track of active

sheet state

Load_SKILL
("...Create...Chat..")

(Multimodal)

Returned Guidance
(multimodal)

{"subgoal": "move chart to
Sheet2", "plan": "cut chart,

switch Sheet2, paste", "verify":
"chart visible on Sheet2"}

cut chart →
switch to
Sheet2 →
paste →
verify

✕

✕

✓

Figure 1 A concrete MMSkills example. A multimodal skill package combines a textual procedure, runtime state cards, and
multi-view visual evidence. For the same chart-creation task, text-only guidance can miss the active sheet state, while
branch-loaded MMSkills align skill evidence with the live screen and return state-aware guidance for the main agent.

should or should not be used, which visible cues matter, and which evidence verifies progress, failure, or completion.
Turning this requirement into practical multimodal skill libraries raises three central challenges:

• Representation. What should a multimodal skill package contain, and how should it bind procedures, visible, and
verification cues into a coherent reusable unit?

• Generation. Where can such packages be derived from, if they must use public non-evaluation interaction experi-
ence rather than hand-written examples or raw demonstration replay?

• Utilization. How can an agent consult multimodal skill evidence at inference time while avoiding excessive image
context, distracting state descriptions, and over-anchoring to reference screenshots?

We propose MMSkills, a framework for representing, generating, and utilizing reusable multimodal procedures for
runtime visual decision making. Each MMSkill couples a textual procedure, which describes the reusable action pat-
tern, with runtime state cards, which encode when-to-use and when-not-to-use conditions, visible cues, verification
cues, and available views, and multi-view keyframes, which ground critical states through full-frame, focused, and
optional before/after views. The resulting package is not a text instruction with illustrative images attached. It is a
state-conditioned procedure whose visual evidence helps the agent decide when to follow, skip, or verify the proce-
dure.

To generate the multimodal skill package, we introduce an automated trajectory-to-skill Generator built around
an agentic, meta-skill-guided pipeline. This generation problem is substantially harder than text-skill extraction:
while prior pipelines can often compress successful rollouts, failure analyses, or accumulated traces into reusable
instructions or action abstractions (Zheng et al., 2025; Wang et al., 2026a; Alzubi et al., 2026; Ma et al., 2026; Xia et al.,
2026; Li et al., 2026), generating MMSkills must also identify reusable visual states, select diagnostic frames, and
bind each visual cue to the decision rule it supports. Our Generator operates on public trajectories that are separate
from evaluation tasks: it groups related workflows, induces candidate procedures, merges overlapping candidates,
grounds them in real non-test trajectory frames, and audits the resulting packages with reusable multimodal-skill-
factory meta-skills. This process converts public interaction data into compact visual procedural knowledge without
storing raw demonstrations as the skill.

For effective utilization, we introduce branch loading to consult the multimodal skills without injecting the entire
package into the main trajectory. Existing skill agents commonly insert retrieved skills directly into the main inter-
action context. This loading pattern becomes problematic for MMSkills: a single package may contain several state
cards together with multi-view screenshots, so direct insertion creates substantial context pressure and makes refer-
ence images compete with the live observation. More importantly, the main agent can become visually anchored to
superficially similar reference screenshots, planning around the skill example rather than the current environment.
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Branch loading addresses this issue as a multimodal form of progressive disclosure over skill evidence (Xu and Yan,
2026). When the main agent considers a skill, it opens a temporary branch that selects the needed state cards and
keyframe views, aligns them with the live screen or scene, and returns compact structured guidance with applicabil-
ity judgments, subgoals, and next-step plans. The main trajectory receives distilled decision support rather than the
full skill package, as illustrated by the example in Figure 1.

We evaluate MMSkills across GUI and game-based visual agent tasks, including OSWorld (Xie et al., 2024), macOS-
World (Yang et al., 2025), VAB-Minecraft from VisualAgentBench (Liu et al., 2024), and Super-Mario in LMGame-
Bench (Hu et al., 2025). Across frontier and smaller multimodal models, MMSkills improve performance over no-skill
and text-only skill conditions, suggesting that external visual procedural knowledge complements model-internal
priors.

Our main contributions are summarized as follows:

• To the best of our knowledge, we are the first to introduce themultimodal skill package, formulating reusable skills
for general visual agents as multimodal procedural knowledge: compact, state-conditioned units that organize
textual procedures, runtime state cards, and multi-view keyframes for visual decision making.

• We develop an agentic trajectory-to-skill Generator that turns public, non-evaluation trajectories into multimodal
skill packages through workflow grouping, procedure induction, visual grounding, and meta-skill-guided auditing.

• We propose branch loading, a runtime mechanism that selects and aligns multimodal skill evidence in a temporary
branch before returning structured decision support to the main agent.

• We demonstrate significant gains across GUI and game-based visual-agent benchmarks andmultiple model families,
showing that external multimodal procedural knowledge complements model-internal priors.

2 Methods

2.1 Overview

MMSkills are designed around three components: a multimodal skill package that stores reusable visual procedural
knowledge, a Skill Generation pipeline that constructs such packages from public trajectories, and a branch-loaded
multimodal skill agent that isolates skill-environment grounding in a temporary branch and returns distilled decision
support to the main trajectory at inference time. Figure 2 gives the system overview.

At a high level, the Generator maps non-evaluation trajectories T = {τi} into a multimodal skill libraryM =
{Mi}Ni=1. Before an episode begins, the runtime agent pre-recalls a task-level candidate set CI ⊂ M from the
instruction I and compact skill descriptors. During execution, the main agent observes the current visual observation
Ot, maintains a short history Ht, and either acts directly or consults a temporary skill branch for someMt ∈ CI :

direct : At = πmain(Ot, Ht, CI),
branch : Gt = Branch(Ot, Ht,Mt), At = πmain(Ot, Ht, CI , Gt).

(1)

The branch output is a structured guidance tuple

Gt = (applicablet, subgoalt, plant, do_not_dot, verifyt), (2)

where the fields respectively give the applicability judgment, local subgoal, skill-conditioned plan, negative con-
straints, and visual verification check. Themain agent usesGt as decision support, while executable action grounding
remains tied to the live observation.

2.2 Multimodal Skill Package

We represent each MMSkill as a state-conditioned procedure package

M = (D,P, S,K), (3)

where D is a compact descriptor, P is a reusable textual procedure, S = {Sj}mj=1 is a set of runtime state cards,
and K = {Kj}mj=1 is a set of keyframe bundles aligned with those cards. Each pair (Sj ,Kj) corresponds to one
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   multimodal-skill-factory meta-skill
  Code-centered agentic pipeline

GUI Tasks Visual Game Tasks

Phase 0
Task

Embedding
&clustering

Phase 1
Cluster-level
skill planning

Phase 2
Merge,

Deduplicate,
Generalize

Phase 3
State-Card

Drafting

Phase 4
Image

grounding 
& Audit

Current Observation

Recent History

Multimodal Skills

Open Terminal

Change Permissions

Edit Slide Layout

Load Skills

Temporary Skill Branch
Stage 1: Gated View Selection

No

Stage 2: Planner Guidance

Yes
View Selector 

Full Frame

Focus Crop

Act
Directly

Skill Package/ 

SKILL.md

State_cards.json

Images/

state_1_full_frame.png

state_1_focus_crop.png

state_1_after.png

...

When to Use Proconditions

FailuresProcedure

Reusable Textual Procedure

State_Cards
              {                                

                         "domain":            "Chrome"
"states": [

{
                                      "state_id":            "..."

                                         "when_to_use":        "...",
                                            "when_not_to_use":    "..."

,                                        "verification_cue":  "...",
                               "visible_cue": "...",

                                        "available_views":   [ ... ]
} 

]             
}                  

Multi-View KeyFrames

Structured Guidance

Full_Frame Focus_Crop Before-> After

Public Non-Test Trajectory

...

Multimodal Skill Library

...

Main Visual Agent Available Skills

Need Visual
Evidence?

Grounded
Action / Wait/

Done

{                            
"applicable": ...,
"subgoal": ....,   
"plan": ...,         

   "do_not_do": ..., 
"verify": ...    

}                            

Skill Text

Skill Views

Current Observation

Recent History

Skill_1 Skill_2 Skill_3

(A) Multimodal Skill Package (B) Skill Generation Pipeline (C) Branch-Loaded Multimodal Skill Agent

(D) General Visual Environments (GUI / Game) 

Figure 2 Overview of the MMSkills framework. A multimodal skill package stores a reusable textual procedure, runtime state
cards, and multi-view keyframes. A meta-skill-guided Generator converts public non-test trajectories into a reusable multimodal
skill library. At inference time, the main visual agent uses branch loading to inspect selected skill evidence in a temporary
branch and receives compact structured guidance before acting.

decision-relevant procedural state. The procedure specifies the reusable workflow; the state card specifies when the
workflow is valid or invalid; and the keyframes make the state visually recognizable at runtime.

A runtime state card is an agent-facing state node rather than an image caption. It links a point in the procedure to
when-to-use conditions, when-not-to-use conditions, visible cues, verification cues, and available views:

Sj = (when_to_usej ,when_not_to_usej , visible_cuesj ,
verification_cuej ,Vj), Vj = available_viewsj .

(4)

The first two fields define when the state should be followed or skipped, visible_cuesj states what evidence to
inspect, verification_cuej defines the progress or completion check, and Vj lists which views may be loaded.
This schema makes the skill useful for decision making: the agent can decide whether to follow, skip, or verify the
procedure.

Each key state is grounded by a small multi-view bundle. Let

V = {full_frame, focus_crop, before, after}. (5)

Then
Kj = {Kv

j : v ∈ Vj , v ∈ V}. (6)
The full-frame view preserves global context, the focus crop localizes the visual cue, and optional before/after views
expose useful transitions. These images are reference evidence, not coordinates to copy. Under this representation, a
text-only skill is the degenerate package (D,P, ∅, ∅); MMSkills extend it by binding procedure, decision conditions,
and visual evidence into one reusable unit.

2.3 Skill Generator fromPublic Trajectories

We build MMSkills from public interaction trajectories that are separate from evaluation tasks. A trajectory is

τi = (Ii, Oi,1:Ti , Ai,1:Ti), (7)

where Ii is the task instruction, Oi,t are visual observations, Ai,t are executed actions. The Generator is controlled
by a reusable multimodal-skill-factory meta-skill F :

GF : Td 7→ Md, (8)
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where Td is the public trajectory pool for domain d andMd is the generated domain skill library. The pipeline
comprises five stages:

Td
Phase 0: embed+cluster−−−−−−−−−−−−→ Cd

Phase 1: cluster plan−−−−−−−−−−→ Ad
Phase 2: merge−−−−−−−−→ Rd

Phase 3: text draft−−−−−−−−−→ M̂d
Phase 4: image ground+audit−−−−−−−−−−−−−−−→Md.

(9)

• Phase 0: task embedding and clustering. The pipeline embeds task instructions and trajectory metadata, then
groups a broad domain into semantically focused clusters Cd.

• Phase 1: cluster-level skill planning. For each cluster, an LLM-based agent proposes atomic skills with workflow
boundaries, completion conditions, and covered task ids, producing a domain planning table Ad.

• Phase 2: skill merging. Cluster-level plans are deduplicated, merged, and generalized into merged skill specifica-
tionsRd, while overly broad umbrella skills are rejected.

• Phase3: text-firstdrafting. Without reading images, the Generator selects reference tasks and drafts the descriptor
D, textual procedure P , and planned state cards, yielding M̂d.

• Phase 4: image grounding and audit. The Generator reads selected keyframes, grounds focus regions, constructs
multi-view bundles, and audits the final packages.

For a merged skill r ∈ Rd, finalization is written as

M̂r = (Dr, Pr, Ŝr, K̂r)
ground+audit−−−−−−−→Mr = (Dr, Pr, Sr,Kr). (10)

The visual grounding policy is conservative: views are added only for state recognition, transition comparison, or
completion verification, so the skill stores diagnostic states rather than replaying demonstrations. The meta-skill F
supplies reusable scripts, schemas, and quality gates for the LLM-based Generator, while external services are limited
to bounded support steps such as embedding/clustering and grounding.

2.4 Branch-loadedMultimodal Skills Agent

Most skill-using agents load a retrieved skill directly into the main interaction context. For short text skills, this
is reasonable: the skill is read as an additional instruction alongside the observation. For MMSkills, direct loading
is brittle because state cards, multi-view keyframes, and transition examples add substantial context pressure, and
irrelevant reference views can anchor the agent away from the live environment. Figure 2(C) illustrates the branch-
loaded alternative, which moves skill-environment grounding out of the main trajectory.

Stage 1: gated view selection. Suppose the main agent calls Mt = (Dt, Pt, St,Kt) ∈ CI . The branch first selects
which state cards and view types are relevant to the live observation:

(Jt, Rt) = SelectViews(Ot, Ht−1, Pt, St), Vt = {Kv
j : j ∈ Jt, v ∈ Rt,j}, (11)

where Jt indexes selected state cards and Rt,j ⊆ Vj selects views for state j. The selector reads the live observa-
tion, recent history, textual procedure, and state-card descriptions before loading images. If text and state cards are
sufficient, Rt,j may be empty.

Stage 2: branch planning. The branch then aligns the selected evidence with the live state and returns structured
guidance:

Gt = PlanBranch(Ot, Ht−1, Pt, {Sj : j ∈ Jt}, Vt), (12)
where Gt follows Eq. 2. The main agent does not execute Gt mechanically; it uses Gt as an intermediate planning
signal and still chooses a grounded action from the live screenshot. This preserves procedural guidance without
allowing reference images to override the current observation. Appendix D gives the full runtime loop in Algorithm 1,
and Appendix E reports the prompt templates used by the main agent and the two branch stages.

3 Experiments

We evaluate whether MMSkills provide useful external procedural knowledge for visual agents. The experiments are
organized around four research questions:
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(A) Skill-package components

Text-only

No
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Direct-
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Direct-
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Branch-
Full

MMSkills
-10

0

+10

+20

Branch -- × × ✓ ✓
View Selection -- × ✓ × ✓

(B) Branch loading

Gemini3Flash / OSWorld Gemini3Flash / VAB Qwen3-VL-235B / OSWorld Qwen3-VL-235B / VAB

Figure 3 Ablation results for MMSkills components and branch loading. Bars report percentage-point gains over the no-skill
baseline. Panel (A) removes runtime state cards or visual keyframes from the skill package. Panel (B) compares direct loading
with branch loading and with or without view selection.

• RQ1: Overall performance on GUI and game tasks. Do MMSkills improve visual agents across realistic desktop
environments and open-ended visual game tasks?

• RQ2: Ablations of skill content and branch loading. Which parts of MMSkills matter, and how do branch loading
and view selection affect multimodal skill use?

• RQ3: Skill usageand interactiondynamics. How often areMMSkills invoked, how do they affect interaction length,
and which visual views are selected at runtime?

• RQ4: Behavioralshiftanalysis. How doMMSkills change the agent’s low-level action patterns beyond final success
rate?

3.1 Experimental Setup

In all settings, agents plan from visual observations, namely desktop or game screenshots. We evaluate on OSWorld
(Xie et al., 2024), macOSWorld (Yang et al., 2025), VAB-Minecraft from VisualAgentBench (Liu et al., 2024), and Super
Mario Bros from LMGame-Bench (Hu et al., 2025), covering both realistic GUI tasks and open visual game environ-
ments. Detailed benchmark descriptions and test-case distributions are illustrated in Appendix A; implementation
details, evaluation protocols, model choices, and runtime variants are given in Appendix C.

All skills areextractedfromnon-testdata. We evaluate frontier and smaller multimodal models and compare no-skill,
text-only skill, and MMSkills conditions, with direct-loading variants studied in the ablations. Dataset-specific skill
sources, source statistics, and skill-package distributions are provided in Appendix B.

3.2 RQ1: Overall Performance on GUI and Game Tasks

Table 1 reports OSWorld application-level success rates, and Table 2 reports the auxiliary GUI and game results.
MMSkills improve OSWorld overall performance across all evaluated model families. Overall success increases
for Gemini 3.1 Pro (44.08%→ 50.11%), Gemini 3 Flash (36.65%→ 47.97%), Qwen3-VL-235B (21.34%→ 39.17%),
GLM-5V, and Kimi-K2.6. Text-only skills help but are less stable across domains, suggesting that procedures alone are
insufficient when skill use depends on visual state matching. Externalmultimodalproceduralknowledge isespecially
valuable for weaker visual agents. For Qwen3-VL-8B-Instruct, MMSkills raise OSWorld from 10.78% to 25.40% and
VAB-Minecraft from 23.28% to 38.79%, indicating that explicit visual procedural knowledge can compensate for
limited model-internal priors.

The gains transfer beyond Ubuntu desktop tasks. On macOSWorld, MMSkills improve the completed large-model
runs, including Gemini 3 Flash and GLM-5V, while VAB-Minecraft shows consistent gains in both success rate and
average score across all evaluated models. Super Mario Bros follows the same pattern in the completed runs, with
higher total performance and reward under MMSkills. These results indicate that MMSkills are not specialized to
a single GUI benchmark; the same state-conditioned skill format helps in visually grounded game settings where
recurring states and action strategies can be reused.

6



Table 1 OSWorld application-level success rates. All entries are percentages. “Calc”, “Impress”, and “Writer” denote LibreOffice
applications.

Base model Skill condition Chrome GIMP Calc Impress Writer Multi-app OS Mail VLC VS Code Overall

Gemini 3.1 Pro
No skill 53.47 34.62 57.45 40.43 47.82 31.97 54.17 40.00 35.29 56.52 44.08
Text-only 44.35 34.62 38.30 40.34 56.52 22.38 70.83 66.67 41.18 56.52 40.76
MMSkills 59.91 50.00 53.19 53.19 60.86 24.11 70.83 66.67 70.59 65.22 50.11

Gemini 3 Flash
No skill 37.78 50.00 38.30 29.73 52.17 21.51 54.17 66.67 52.39 47.83 36.65
Text-only 51.02 23.08 38.30 34.00 56.52 19.16 54.17 60.00 58.82 52.17 40.27
MMSkills 55.37 42.31 53.19 40.34 56.52 30.98 75.00 66.67 52.94 60.87 47.97

Qwen3-VL-235B
No skill 15.56 38.46 17.02 25.53 43.48 9.48 25.00 26.67 17.65 34.78 21.34
Text-only 42.22 50.00 10.64 21.31 34.78 14.86 33.33 60.00 35.29 47.83 28.57
MMSkills 59.91 69.23 23.40 32.01 47.82 19.35 41.67 73.33 41.18 56.52 39.17

GLM-5V
No skill 37.78 19.23 21.28 29.70 26.08 18.70 54.17 53.33 11.76 47.83 28.71
Text-only 53.24 53.85 31.91 31.98 52.17 20.24 20.83 46.67 35.29 65.22 36.61
MMSkills 51.02 53.85 31.91 31.83 43.47 22.26 66.67 40.00 23.53 65.22 38.51

Kimi-K2.6
No skill 51.02 34.62 34.04 35.32 30.43 14.86 54.17 66.67 32.60 52.17 34.98
Text-only 57.69 40.00 40.43 36.14 17.38 22.38 62.50 53.33 58.82 43.48 39.66
MMSkills 57.69 42.31 40.43 48.92 60.86 23.40 79.17 73.33 41.18 69.57 46.59

Qwen3-VL-8B-
Instruct

No skill 15.47 7.69 2.13 8.59 4.34 7.33 25.00 13.33 29.41 17.39 10.78
Text-only 19.91 11.54 6.38 16.99 17.39 7.33 16.67 33.33 17.65 34.78 14.93
MMSkills 39.91 42.31 8.51 23.37 17.39 13.43 25.00 60.00 29.41 47.83 25.40

Note: Due to the substantially higher inference cost and wall-clock time of Gemini 3.1 Pro and Kimi-K2.6, we report their full three-condition results only on OSWorld.

3.3 RQ2: Ablations of Skill Content and Branch Loading

Figure 3 combines the skill-content and branch-loading ablations. Unless otherwise stated, skill variants use the
branch-loaded agent; the main exception is Direct load, which inserts skill content into the main context. For skill
content, we compare text-only skills, MMSkills without state cards, MMSkills without images, and the complete MM-
Skills package. Statecardsandmulti-viewvisualevidencebothimproveskillutility. Text-only branch loading already
improves over the no-skill baseline, but the completeMMSkills package is consistently stronger. Removing state cards
weakens the agent’s ability to distinguish relevant runtime states, while removing images preserves decision rules
but removes visual grounding evidence. Both removals reduce performance on OSWorld and VAB-Minecraft, con-
firming that state cards and keyframes play complementary roles: one supports state discrimination, and the other
helps the agent recognize the corresponding visual evidence. Branch loading helps even for text-only skills. The
branch-loaded text-only variant is stronger than direct text loading in most model–benchmark pairs, indicating that
the temporary branch improves skill interpretation even before multimodal evidence is introduced.

For branch loading, we ablate whether skill evidence is inspected in a temporary branch and whether Stage-1 view
selection filters state cards and keyframes. Branch loading and view selection address different failure modes.
Direct-full loading hurts performance because unfiltered images and state descriptions pollute the main context;
view selection alone reduces this damage but stays near baseline. Branch loading already gives clear gains, and the
full two-stage design performs best, indicating that separated evidence inspection and filtered visual evidence are
both necessary.

3.4 RQ3: Skill Usage and Interaction Dynamics

Table 3 analyzes when and how agents call skills. MMSkills are invokedmore often than text-only skills. Invocation
coverage increases on both OSWorld and VAB-Minecraft for Gemini 3 Flash and Qwen3-VL-235B, with the largest
OSWorld change rising from 37.50% to 65.28% for Qwen3-VL-235B. This suggests that multimodal skills make
external knowledge easier to recognize as relevant: state cards expose when-to-use and when-not-to-use conditions,
and visual cues help the agent detect when its current observation matches a reusable procedural state.

MMSkills shorten trajectories rather thanmerelyaddingextraconsultation. Text-only skills can add overhead when
they provide procedural hints without visual grounding, but MMSkills reduce average steps in every setting, with the
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Table 2 Auxiliary GUI and game-based visual-agent results. macOSWorld reports domain-level and overall success rates;
VAB-Minecraft reports success rate and average score; Super Mario Bros reports total performance and total reward.

macOSWorld VAB-Minecraft Super Mario Bros

Base model Skill condition File Media Prod. Sys/IF Apps Overall Success Avg. score Total perf. Total reward

Gemini 3 Flash
No skill 41.38 33.33 60.00 62.07 55.79 55.94 67.24 0.7462 411.00 766.67
Text-only 31.03 25.00 62.86 75.86 55.26 53.85 68.96 0.7541 548.00 912.00
MMSkills 58.62 50.00 77.14 65.52 65.73 65.73 73.28 0.7884 624.00 1081.33

Qwen3-VL-235B
No skill 31.03 58.33 51.43 58.62 44.74 47.55 52.59 0.6308 454.50 955.50
Text-only 34.48 33.33 37.14 51.72 52.63 43.36 55.17 0.6634 610.50 1138.25
MMSkills 37.93 33.33 54.29 62.07 57.89 51.75 62.07 0.7114 788.00 1514.25

GLM-5V
No skill 24.14 16.67 40.00 41.38 39.47 34.97 56.03 0.6701 612.75 1191.50
Text-only 31.03 66.67 62.86 58.62 47.37 51.75 61.20 0.6938 794.50 1218.00
MMSkills 44.83 66.67 48.57 58.62 50.00 51.75 68.10 0.7495 950.50 1384.50

Qwen3-VL-8B-
Instruct

No skill 10.34 0.00 14.29 3.45 0.00 6.29 23.28 0.3017 415.25 928.75
Text-only 0.00 8.33 2.86 3.45 10.53 4.90 29.31 0.3754 596.50 997.25
MMSkills 6.90 8.33 8.57 3.45 5.26 6.29 38.79 0.4668 764.00 1128.75

Table 3 Skill invocation, interaction length, and selected views. “Invoked” is the percentage of cases with at least one skill call,
and “Step∆” is relative to the no-skill baseline.

Benchmark Model Skill condition Invoked (%) Calls/case Steps Step∆ Views (Full/Focus/Before/After)

OSWorld

Gemini 3 Flash
No skill – – 13.11 0.00 –
Text-only 41.11 0.7139 15.64 +2.53 –
MMSkills 62.50 0.9556 11.86 -1.25 79/241/8/24

Qwen3-VL-235B
No skill – – 15.22 0.00 –
Text-only 37.50 0.4917 13.34 -1.88 –
MMSkills 65.28 0.9222 9.87 -5.35 40/27/17/13

VAB-Minecraft

Gemini 3 Flash
No skill – – 16.92 0.00 –
Text-only 68.97 1.8706 17.30 +0.38 –
MMSkills 81.90 2.4310 13.75 -3.17 105/205/15/12

Qwen3-VL-235B
No skill – – 34.74 0.00 –
Text-only 54.31 1.5776 31.36 -3.38 –
MMSkills 64.66 2.3534 27.07 -7.67 98/196/13/10

largest reductions appearing for Qwen3-VL-235B. These reductions indicate that multimodal skills help agents find
shorter task-solving paths and avoid unnecessary exploration or repeated low-value actions. Focus crops dominate
selected visual evidence. The branch does not load all views uniformly: focus crops are selected most frequently
in three of four settings, while full-frame, before, and after views provide global context, transition evidence, and
completion references when local crops alone are insufficient.

3.5 RQ4: Behavioral Shift Analysis

Figure 4 shows that the effect of MMSkills is not merely a success-rate gain. MMSkills reduce low-level action load.
Gemini 3 Flash uses substantially fewer primitives per task, and Qwen3-VL-235B shows a similar reduction, espe-
cially in click actions. This supports the view that multimodal state cards and visual evidence constrain the agent’s
search space: the agent performs fewer exploratory GUI operations before reaching a useful state. The behavioral
shift is strongest for Qwen3-VL-235B. Its click share drops from 75.8% to 63.7%, while keyboard and DONE ac-
tions increase, suggesting that MMSkills help click-heavy agents move toward more structured input and stronger
completion judgments.

MMSkills suppress repetitive trajectories and improve completion awareness. The effect is clearest for Qwen3-VL-
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Figure 4 Behavioral shifts induced by MMSkills on OSWorld. Panel (A) reports the distribution of executed action primitives.
Panel (B) compares the average number of low-level primitives per task. Panel (C) measures repetitive behavior through exact
repeated actions, repeated action modes, and the longest same-mode run normalized by the 20-step budget.

235B: exact repeated actions fall from 21.8% to 6.2%, and the longest same-mode run decreases substantially. Gemini
3 Flash shows the same direction of change, though from a stronger baseline. MMSkills also increase DONE behavior
for both models, indicating that state cards and verification cues help agents decide not only what to do next, but
also when the task is complete. Overall, MMSkills reshape agent behavior from exploratory trial-and-error toward
grounded, state-aware execution; Appendix F provides the GLM-5V and Kimi-K2.6 analysis.

4 RelatedWork

Skills for agents. Skill reuse has roots in temporal abstraction and motor primitives (Sutton et al., 1999; Ijspeert
et al., 2013), and recent LLM agents store reusable behavior as language, code, APIs, or learned libraries (Ahn et al.,
2022; Liang et al., 2023; Yao et al., 2023; Shinn et al., 2023; Wang et al., 2023a; Zheng et al., 2025; Chen et al., 2026;
Wang et al., 2026a; Alzubi et al., 2026; Ma et al., 2026; Xia et al., 2026). A complementary line treats accumulated
experience as long-term agent memory (Park et al., 2023; Packer et al., 2024), while surveys and benchmarks evaluate
skill relevance, selection, and safety (Xu and Yan, 2026; Li et al., 2026; Wang et al., 2026b; Liu et al., 2026). MMSkills
follows this modular view but stores state-conditioned multimodal packages and uses branch loading instead of
inserting full skill memory; Appendix J expands the discussion.

Visual agents. Visual-agent benchmarks span web, mobile, desktop, and embodied environments (Deng et al.,
2023; Zhou et al., 2024; Koh et al., 2024; He et al., 2024; Rawles et al., 2025; Xie et al., 2024; Yang et al., 2025; Liu et al.,
2024), and model and framework work improves screenshot grounding and GUI control (Cheng et al., 2024; Wu et al.,
2024; Qin et al., 2025; Agashe et al., 2024; Hong et al., 2024; Zheng et al., 2024; Zhang et al., 2023; Lu et al., 2024).
Dedicated grounding benchmarks measure how reliably models localize UI elements from instructions (Li et al., 2025;
Gou et al., 2025; Wang et al., 2025b; Xu et al., 2025). MMSkills builds on these capabilities but operates higher: it tells
the agent which procedural state matters and what visual evidence confirms it.

Closest to our work, Mirage-1 introduces hierarchical multimodal skills, XSkill extracts skills from visually grounded
experience, and CUA-Skill represents computer-use skills as parameterized procedures and execution graphs (Xie
et al., 2025; Jiang et al., 2026; Chen et al., 2026). MMSkills differs by organizing skills around runtime state cards
and multi-view evidence, and by using branch loading to align selected evidence with the live observation before the
main agent acts.
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5 Conclusion and Limitations

We introduced MMSkills, a framework that represents reusable skills for visual agents as multimodal procedural
knowledge. By combining textual procedures, runtime state cards, multi-view keyframes, and branch-loaded use,
MMSkills improve GUI and game-based visual agents across model families. The main limitations are dependence on
source-trajectory coverage, possible errors from skill generation or visual grounding, and extra inference cost from
branch loading. Extending MMSkills to broader embodied or safety-critical settings will require stronger verification
and online skill repair.
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Appendix

A Benchmark Statistics

We use four visual-agent benchmarks. OSWorld is the primary GUI benchmark and contains Ubuntu desktop tasks
across browsers, office software, creative tools, media applications, system settings, code editors, email, and multi-
application workflows (Xie et al., 2024). macOSWorld provides an auxiliary cross-operating-system GUI evalua-
tion with file management, media, productivity, system/interface, and system-application tasks (Yang et al., 2025).
VAB-Minecraft is the Minecraft subset of VisualAgentBench and evaluates item-acquisition tasks that require visual
grounding, inventory tracking, recipe reasoning, tool use, and handling failed actions (Liu et al., 2024). LMGame-
Bench evaluates game-playing agents through a unified interface (Hu et al., 2025); we use Super Mario Bros because
its recurring visual situations naturally align with reusable multimodal skills.
Table 4 Test-case distributions for OSWorld and macOSWorld. OSWorld contains 360 test cases; macOSWorld contains 143 test
cases. “Share” is the percentage of test cases in each domain within the corresponding benchmark.

Benchmark Domain Count Share Snapshot-en Snapshot-apps

OSWorld Multi-app 93 25.83 – –
OSWorld LibreOffice Calc 47 13.06 – –
OSWorld LibreOffice Impress 47 13.06 – –
OSWorld Chrome 45 12.50 – –
OSWorld GIMP 26 7.22 – –
OSWorld OS 24 6.67 – –
OSWorld LibreOffice Writer 23 6.39 – –
OSWorld VS Code 23 6.39 – –
OSWorld VLC 17 4.72 – –
OSWorld Thunderbird 15 4.17 – –

macOSWorld File management 29 20.28 29 0
macOSWorld Media 12 8.39 0 12
macOSWorld Productivity 35 24.48 16 19
macOSWorld System and interface 29 20.28 29 0
macOSWorld System apps 38 26.57 38 0

B Skill Source Statistics

All MMSkills are extracted from non-test trajectories. For OSWorld and macOSWorld, we use the Ubuntu and macOS
subsets of OpenCUA trajectories as GUI skill sources (Wang et al., 2025a). For macOS, the raw OpenCUA trajectories
do not directly follow the five macOSWorld categories; we therefore perform additional clustering and relevance
filtering before assigning trajectories to the analysis categories below.

For VAB-Minecraft, we use the official training set as the source for extracting multimodal skill packages. For Super
Mario Bros from LMGame-Bench, MMSkills are extracted from multiple runs over four source cases. In both settings,
the skill-source data are disjoint from the final evaluation cases.

C Experiment Details

Across all evaluations, agents plan from visual environment observations rather than privileged state, using desk-
top screenshots for GUI tasks and game screenshots for game tasks. For OSWorld and macOSWorld, we run the
full evaluations primarily on Amazon Web Services using the official benchmark images and task definitions. The
agent interacts through the benchmark harness, and we use a maximum interaction budget of 20 steps for both GUI
benchmarks. VAB-Minecraft and Super Mario Bros follow their official evaluation protocols.
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Table 5 OpenCUA trajectory statistics used for GUI skill extraction. “Tasks” counts source trajectories, “Share” is the
within-platform percentage, and “Clusters” is the number of Phase-0 semantic trajectory clusters used for downstream skill
planning.

Platform Domain Tasks Share Clusters

Ubuntu Chrome 718 17.1 17
Ubuntu LibreOffice Impress 605 14.4 11
Ubuntu VS Code 605 14.4 4
Ubuntu OS 497 11.8 2
Ubuntu GIMP 492 11.7 14
Ubuntu LibreOffice Writer 490 11.7 3
Ubuntu Thunderbird 300 7.1 11
Ubuntu LibreOffice Calc 298 7.1 3
Ubuntu VLC 200 4.8 8

macOS Productivity 1,424 45.1 20
macOS System apps 768 24.3 11
macOS File management 341 10.8 9
macOS Media 315 10.0 7
macOS System and interface 309 9.8 12

Table 6 OSWorld MMSkill package statistics. “#Skills” counts unique skill packages, while “Skills/Task” reports the average
number of skill matches assigned to evaluation tasks and therefore need not equal #Skills/#Tasks. Word statistics are
median/mean over skill procedures. “Full/Focus” and “Before/After” report counts of those view types; “Transition Cards”
counts state cards with at least one before/after transition view, with percentages over state cards. The Total/Avg row reports
total counts and weighted averages; † marks a fitted value estimated from domain-level medians.

Domain #Tasks #Skills Skills/Task Words Med/Mean #Cards Cards/Skill #Views Views/Card Full/Focus Before/After Transition Cards

Chrome 45 34 1.20 653 / 630.9 134 3.94 292 2.18 134/134 13/11 24 (17.9%)
GIMP 26 26 1.19 470 / 400.2 77 2.96 190 2.47 77/77 14/22 36 (46.8%)
Calc 47 26 1.36 278 / 278.1 79 3.04 184 2.33 79/79 7/19 26 (32.9%)
Impress 47 20 1.32 498 / 466.2 60 3.00 140 2.33 60/60 1/19 20 (33.3%)
Writer 23 23 1.13 264 / 289.2 71 3.09 144 2.03 71/71 1/1 2 (2.8%)
Multi-apps 93 20 1.19 574 / 502.0 82 4.10 164 2.00 82/82 0/0 0 (0.0%)
OS 24 37 1.21 544 / 539.8 139 3.76 283 2.04 139/139 5/0 5 (3.6%)
Thunderbird 15 25 1.20 508 / 542.5 87 3.48 192 2.21 87/84 6/15 21 (24.1%)
VLC 17 18 1.00 260 / 275.3 61 3.39 122 2.00 61/61 0/0 0 (0.0%)
VS Code 23 18 1.09 391 / 389.3 89 4.94 187 2.10 89/89 9/0 9 (10.1%)

Total / Avg. 360 247 1.21 498.0† / 447.8 879 3.56 1898 2.16 879/876 56/87 143 (16.3%)

For VAB-Minecraft, we use the official test set for evaluation. The training trajectories described in Appendix B
are used only to generate reusable procedures, state cards, and keyframes; no test episodes are used during skill
construction.

For Super Mario Bros from LMGame-Bench, we split the available game cases into disjoint source and evaluation
subsets. The source cases are described in Appendix B, while a separate set of four held-out cases is used for final
evaluation. This separation ensures that the generated skills capture reusable game situations rather thanmemorizing
the measured episodes.

We evaluate both frontier and smaller multimodal models: Gemini 3.1 Pro, Gemini 3 Flash1, Qwen3-VL-235B-A22B-
Thinking (Bai et al., 2025), GLM-5V-Turbo (Team et al., 2026b), Kimi-K2.6 (Team et al., 2026a), and Qwen3-VL-8B-
Instruct (Bai et al., 2025). For each base model, we compare no-skill, text-only skill, and MMSkills conditions. Unless
otherwise stated, skill conditions use branch loading: text-only skills use the same branch mechanism without state
cards or images, while MMSkills inspect selected state cards and multi-view keyframes before returning structured
guidance to the main agent. Direct text-skill loading and direct multimodal loading are evaluated only as ablation

1https://storage.googleapis.com/deepmind-media/Model-Cards/Gemini-3-Flash-Model-Card.pdf
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Table 7 macOSWorld MMSkill package statistics. “#Skills” counts unique skill packages, while “Skills/Task” reports the average
number of skill matches assigned to evaluation tasks. Word statistics are median/mean over skill procedures. “Full/Focus” and
“Before/After” report counts of those view types; “Transition Cards” counts state cards with at least one before/after transition
view, with percentages over state cards.

Domain #Tasks #Skills Skills/Task Words Med/Mean #Cards Cards/Skill #Views Views/Card Full/Focus Before/After Transition Cards

File management 29 30 1.03 358 / 374.5 62 2.07 128 2.06 62/62 4/0 4 (6.5%)
Media 12 25 2.08 378 / 400.8 55 2.20 116 2.11 55/55 6/0 6 (10.9%)
Productivity 35 59 1.69 324 / 330.2 125 2.12 261 2.09 125/125 11/0 11 (8.8%)
System/interface 29 88 3.03 282 / 285.5 182 2.07 380 2.09 182/182 16/0 16 (8.8%)
System apps 38 46 1.21 347 / 352.0 98 2.13 212 2.16 98/98 6/10 16 (16.3%)

Total / Avg. 143 248 1.73 324 / 330.9 522 2.10 1097 2.10 522/522 43/10 53 (10.2%)

Table 8 Game benchmark MMSkill package statistics. Word statistics are median/mean over skill procedures and plans.
“Full/Focus” and “Before/After” report counts of those view types; “Transition Cards” counts state cards with at least one
before/after transition view, with percentages over state cards. † marks a fitted value estimated from the available before/after
view counts.

Benchmark #Skills Skill Words Med/Mean Plan Words Med/Mean #Cards Cards/Skill #Views Views/Card Full/Focus Before/After Transition Cards

VAB-Minecraft 24 278.5 / 281.7 68.0 / 68.4 79 3.29 185 2.34 79/79 8/19 20 (25.3%)
Super Mario Bros 10 374.0 / 370.8 280.0 / 271.0 34 3.40 48† 1.41† 34/0 5/9 14 (41.2%)†

variants.

D Branch-Loaded Runtime Algorithm

Algorithm 1 summarizes the branch-loaded runtime loop. Candidate skills are selected before task execution, while
branch calls occur only when the main agent decides to consult a specific skill. The main trajectory receives the
structured guidance Gt rather than the full multimodal skill package.

Prompt Surfaces in the Branch-Loaded Multimodal Skill Agent
The main agent decides whether to consult a skill; the temporary branch first gates visual evidence, then returns structured guidance.

temporary branch no GUI action

Main Visual Agent Prompt
System prompt excerpt

Per-step user prompt excerpt

Branch Stage 1 Prompt
Gated view-selection policy

Required branch output

Branch Stage 2 Prompt
Guidance-only policy

Required guidance JSON

Task skills are optional procedural guidance modules.
- Use skill hints before calling LOAD_SKILL(...).
- LOAD_SKILL opens a temporary guidance branch.
- Branch does not execute the action for you.
- Skill hints and guidance notes are references only.
- Exhausted skills are removed from the list.
 
Output exactly one code block:
  pyautogui code | WAIT | DONE | FAIL | LOAD_SKILL(...)

Please decide the next grounded response
for the CURRENT screenshot.
 
Instruction: {instruction}
 
Available skills:
  name + description + minimal state hints
 
Active guidance:
  skill_applicability, plan, do_not_do,
  expected_state
 
Use returned guidance before consulting again.

Stage 1: gated state-view selection.
 
Decide whether visual reference images are needed.
If yes, choose the evidence goal and minimal views.
 
Evidence goals:
  locate_control -> one of full_frame/focus_crop
  recognize_before -> before (+ optional full_frame)
  verify_after -> after (+ optional full_frame)
  compare_transition -> minimal non-default views
 
Return LOAD_STATE_VIEWS({...}) only.

LOAD_STATE_VIEWS({
  "visual_reference_needed": true,
  "why_not_text_only": "...",
  "requests": [{
    "state_id": "pyramid_shape_in_chart_type",
    "views": ["focus_crop"],
    "evidence_goal": "locate_control",
    "reason": "local control evidence is needed"
  }]
})

Stage 2: guidance-only branch.
 
Do NOT return GUI actions.
Use CURRENT screenshot first.
Skill text, state bundles, Stage-1 decision,
and selected views are references only.
 
Return structured guidance JSON only:
  skill_applicability, subgoal, plan,
  do_not_do, fallback_if_no_progress,
  expected_state, completion_scope

{
  "skill_applicability": "effective",
  "subgoal": "choose the requested chart subtype",
  "plan": "Use the live Chart Type page; select
           the structural subtype, then verify
           the visible chart before completion.",
  "do_not_do": "Do not copy reference coordinates.",
  "fallback_if_no_progress": "If the expected control is
           absent, backtrack to the chart wizard page.",
  "expected_state": "The requested control is visible.",
  "completion_scope": "needs_verification"
}

LOAD_SKILL selected views

structured guidance returns to main context

Figure 5 Prompt surfaces used by the branch-loaded multimodal skill agent. The main agent prompt decides whether to act
directly or consult a skill branch, Stage 1 selects the relevant state cards and keyframe views, and Stage 2 returns compact
structured guidance to the main agent.

E MMSkillAgent Prompt Templates

This section reports the prompt templates used by the branch-loaded MMSkillAgent. Dynamic fields are shown as
placeholders such as {instruction}, {available_skills}, and {previous_steps}. The implementation instanti-
ates these templates with the current screenshot, recent trajectory, execution feedback, candidate skills, state-card
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Algorithm 1 Branch-loaded MMSkill Agent
Require: Skill libraryM, task instruction I , visual environment Env
1: Initialize history H0 ← ∅
2: Pre-recall candidate skills CI ← PreRecall(I,M)
3: for t = 1, 2, . . . do
4: Observe current visual observation Ot from Env
5: Main agent chooses either action At or skill requestMt ∈ CI
6: if the main agent chooses action At then
7: Execute At in Env and update Ht

8: else
9: UnpackMt = (Dt, Pt, St,Kt)
10: Stage 1: (Jt, Rt)← SelectViews(Ot, Ht−1, Pt, St)
11: Load Vt ← {Kv

j : j ∈ Jt, v ∈ Rt,j}
12: Stage 2: Gt ← PlanBranch(Ot, Ht−1, Pt, {Sj : j ∈ Jt}, Vt)
13: Choose grounded action At ← πmain(Ot, Ht−1, Gt)
14: Execute At in Env and update Ht

15: end if
16: if the task is verified complete then
17: return success
18: end if
19: end for

summaries, and selected keyframe views. The Stage-2 JSON contains a few implementation-facing fields beyond
Eq. 2; they are collapsed into Gt in the method description.

ò Main-Agent Skill-Calling System Prompt

Role. Follow the user instruction to perform desktop computer tasks. You control the computer using Python code
with pyautogui. At each step, you receive the current screenshot and recent visible trajectory history. Use the current
screenshot to decide the next action; do not assume previous clicks succeeded.

Skill consultation policy.

• Task skills are optional procedural planners only.
• The final user message includes each non-exhausted skill’s short description andminimal runtime state hints. Use these
hints to judge whether a skill is genuinely relevant before calling LOAD_SKILL(...).

• Call LOAD_SKILL("<exact_skill_name>") only when the current screenshot, recent steps, and skill hints suggest that
extra procedural guidance is useful.

• LOAD_SKILL(...) opens a temporary planner branch for extra skill-guided reasoning; it does not execute the action.
• Skill hints and planner notes are references only, never coordinate templates.
• Each skill may be consulted at most {consult_limit} times in one trajectory. Exhausted skills are removed from the
available-skill list and must not be called again.

Available skills. {available_skills} lists non-exhausted candidate skills for the task.

Action rules.

• Use pyautogui only for GUI actions. Do not use pyautogui.locateCenterOnScreen or pyautogui.screenshot().
• Each response must be self-contained and must not rely on variables from previous steps.
• If a click does not work, revise the target from the new screenshot instead of repeating the same guess.
• Prefer short, direct, grounded actions over long speculative scripts; avoid repetitive unproductive loops.
• Before outputting DONE, verify that the full user instruction has been completed, not only a local subgoal.
Output interface. Return exactly one code block containing one of: Python code using pyautogui, WAIT, DONE, FAIL,
or LOAD_SKILL("<exact_skill_name>"). Do not mix Python code with a skill call, do not load more than one skill,
and do not return prose outside the code block. If returning Python, include concise # comments. Use WAIT only for
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loading UI, DONE only after full verification, and FAIL only when the task is truly impossible. Canonical outputs include
LOAD_SKILL("Example_Skill_Name") and a single grounded action such as pyautogui.click(120, 54).

Coordinate and task context. Use the declared screen resolution for all pyautogui coordinates. The computer password
is available as {client_password} when needed. The task is {instruction}.

ò Main-Agent Per-Step User Instruction

Decision request. Decide the next grounded response for the current screenshot. Return either the next GUI action or
LOAD_SKILL(...) when extra procedural guidance is useful.

Per-step context.

• Instruction: {instruction}

• Available non-exhausted skills: {skills_with_state_previews}, including each skill name, short description, and
minimal when-to-use state hints.

• Active planner memo: {active_memo}

• Planner notes returned in this step: {current_step_planner_summaries}

• Previous steps: {previous_steps}, including full model responses and action comments.
• Execution feedback: optional feedback for the current step and optional loop-warning diagnostics.
• Screen resolution: {screen_resolution_prompt}.
Grounding rules.

• Ground every action in the current screenshot.
• Planner notes are fallible references; re-decide the real action from the current screenshot, recent history, and execution
feedback.

• Treat state hints, selected reference views, and planner notes as references only, never coordinate templates.
• If no listed skill is clearly useful, act directly from the current screenshot.
• If planner notes already exist for this step, use them before consulting another branch.
• If recent actions repeat without progress, change strategy.
• Before DONE, verify the full instruction; if returning Python, include concise comments.

ò Branch Stage 1 Prompt: Gated State-View Selection

Branch referencepackage. The branch receives the requested call LOAD_SKILL("{skill_name}"), the selected skill text,
runtime state bundles, and compact state-card manifests. These materials are supplemental procedural references only.
Stage 1 must decide whether visual reference images are needed at all and, if so, which state IDs and view types should
be loaded. The main agent, not the branch, will choose the concrete GUI action.

Role. You are inside Stage 1 of a temporary state-view selection branch for a single desktop step. Decide whether visual
reference images are needed before planner reasoning and which evidence goal they should serve.

View semantics.

• full_frame: global placement and window context.
• focus_crop: detailed control localization.
• before: pre-change state, useful for recognizing whether the UI is still before a change and for avoiding repeated
toggles.

• after: target completion state, useful for verifying the result after save, enable, format, or apply operations.
Evidence goals.

• locate_control: request exactly one of full_frame or focus_crop.
• recognize_before: request before, optionally with full_frame.
• verify_after: request after, optionally with full_frame.
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• compare_transition: request minimal transition evidence; avoid defaulting to the full_frame+focus_crop pair and
prefer before/after when useful.

Visual gating policy. First decide visual_reference_needed. If the useful help is a generic shortcut, formula, file op-
eration, stable menu path, or textual procedure, default to false. Load images only for state transitions, visual result
verification, or complex UI-state recognition where text alone is likely insufficient. Keep the request minimal: at most
{max_states} states and {max_views} total views.

Input fields. Stage 1 receives {instruction}, {previous_steps}, environment feedback from the previous step, loop
warnings if present, the screen-resolution prompt, and the current screenshot.

Output interface. Return exactly one code block containing one LOAD_STATE_VIEWS(...) call. Its JSON payload con-
tains:
• "visual_reference_needed": true or false;
• "why_not_text_only": why text-only is insufficient, or why no images are needed;
• "requests": a list of objects, each with exact "state_id", exact "views", "evidence_goal", and "reason".
When "visual_reference_needed" is false, "requests" must be empty. Do not return Python code, planner JSON,
WAIT, DONE, FAIL, LOAD_SKILL, or prose outside the code block.

Canonical examples. A transition request sets "visual_reference_needed": true and requests a state with "views":
["before", "after"] under "evidence_goal": "compare_transition". A text-only branch sets "visual_-
reference_needed": false, gives a brief reason in "why_not_text_only", and returns "requests": [].

ò Branch Stage 2 Prompt: Planner JSON

Selected evidence package. Stage 2 receives the Stage-1 selection record, including the evidence goal, selected states,
requested view types, reasons, when-to-use conditions, verification cues, and any loaded keyframe views. Loaded views
are supplemental references only and are never coordinate templates.

Role. You are inside Stage 2 of a temporary planner-only skill consultation branch for a single desktop step. Do not return
a GUI action. Return a structured planner summary for the current state.

Branch rules.

• Do not return Python code, WAIT, DONE, FAIL, LOAD_SKILL, LOAD_SKILL_IMAGE, or LOAD_STATE_VIEWS. Do not request
another skill in this branch.

• Use the current screenshot first. Skill text, runtime state bundles, Stage-1 decisions, and loaded reference views are
supplemental only.

• If Stage 1 chose no visual references, respect that decision and avoid inventing image-based assumptions.
• If the skill is ineffective for the current state, say so clearly and avoid forcing the plan toward it.
• Treat reference views as state references, never as coordinate templates.
Planning requirements.

• subgoal: next immediate local milestone under the live UI.
• plan: longer-range route grounded in the current screenshot, including the relevant UI surface, the next 2–4 action-
s/checks/transitions, and the cue that means advance versus re-plan.

• do_not_do: the likely wrong path or skill-induced mistake to avoid.
• fallback_if_no_progress: a concrete alternate route if the skill-guided path stalls.
• expected_state: visible screenshot cues the main agent should aim to reveal next.
• completion_scope: whether the branch only advances a local step, still needs verification, or may be complete after
verification.

Per-step input fields. Stage 2 receives {instruction}, {stage1_decision}, {selected_state_views}, {previous_-
steps}, environment feedback, optional loop warnings, the screen-resolution prompt, and the live screenshot, which is
more authoritative than any skill reference view.

Output interface. Return exactly one code block containing one JSON object with keys: "skill_applicability",
"subgoal", "plan", "do_not_do", "fallback_if_no_progress", "expected_state", and "completion_scope". The
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values of "skill_applicability" are "effective", "ineffective", or "uncertain"; the values of "completion_-
scope" are "local_only", "needs_verification", or "maybe_complete". Do not return prose outside the code block.

Canonical example shape. A valid planner object may mark the skill as "effective", set a local "subgoal" such as
opening the visible settings surface, give a grounded multi-step "plan", block a likely repeated or irrelevant click through
"do_not_do", provide a concrete fallback route, and describe the next visible "expected_state" with "completion_-
scope": "local_only".

F Additional Behavioral Shift Analysis

Figure 6 complements Figure 4 with the same OSWorld behavioral analysis for GLM-5V and Kimi-K2.6.
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Figure 6 Behavioral shifts induced by MMSkills on OSWorld for GLM-5V and Kimi-K2.6. The panels follow the same metrics as
Figure 4: action primitive distribution, low-level primitives per task, and repetitive behavior statistics.

G Interaction Case Studies

Figures 7 and 8 show two representative OSWorld interaction traces. The first case illustrates a LibreOffice Calc
workflow in which the agent consults different spreadsheet skills at different stages of table construction. The second
case illustrates a terminal file-organization task where branch guidance helps move past an initially brittle command
and then verifies the final archive structure.

H Broader Impact

MMSkills are intended to make visual agents more reliable by externalizing reusable multimodal procedural knowl-
edge. Potential benefits include improved desktop automation, reduced repeated trial-and-error interactions, better
support for smaller models, and more reusable agent knowledge across GUI and game-like visual environments. At
the same time, more capable visual agents may also increase the risk of unwanted automation, misuse in interactive
software, or accidental actions in sensitive environments. Multimodal skill packages can also contain screenshots
or cropped visual evidence, so their construction should avoid private or proprietary user data unless appropriate
consent, filtering, and access controls are in place. In this work, we construct skills from public non-evaluation tra-
jectories and store compact state evidence rather than raw demonstrations whenever possible. Future deployments
should combine MMSkills with permission controls, task-level safety policies, sensitive-information filtering, and
auditing of generated skill packages before they are made available to autonomous agents.
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Case 1: LibreOffice Calc Table Construction
Two different Calc skills are consulted; visual evidence is loaded only for the worksheet-tab operation.

Task "Create a table with two column headers (Month, Total) in a new sheet named Sheet2 to show total
sales for all months."

score 1.0 | 7 actions | 2 skills

Turn 0

Input Current sheet is Sheet1. The task requires a new destination sheet named Sheet2 before any table content is entered.

Output LOAD_SKILL("Manage Calc Worksheets and Cross Sheet Data")

Effect A temporary skill branch is opened before taking a GUI action.

Turn 0B

Input Skill package + live screenshot. Stage 1 requests focus crops for the sheet-tab plus button and rename-sheet field.

Output structured guidance: create and activate Sheet2 first; do not type Month/Total on Sheet1.

Effect Guidance returns to the main agent in the same interaction step.

Turn 1

Input Guidance says to create Sheet2. Bottom tab strip is visible with the small plus control.

Output pyautogui.click(103, 965)

Effect New Sheet2 tab is created and becomes active.

Turn 2

Input Sheet2 is active; cell A1 is ready for the first header.

Output typewrite("Month"); move to B1; typewrite("Total")

Effect Header row on Sheet2 becomes Month | Total.

Turn 3

Input Sheet2 has headers. Active cell is ready under the Month column.

Output typewrite("Jan"..."Jun") into A2:A7

Effect Month labels Jan through Jun are entered.

Turn 3B

Input The table skeleton is ready, but totals must be formula-based and reference Sheet1.

Output LOAD_SKILL("Use Formulas and Functions in Calc Cells")

Effect A second, different skill branch is opened.

Turn 3C

Input Skill package + live screenshot. Stage 1 decides no reference image is needed for this stable formula-entry step.

Output structured guidance: move to B2; enter formulas referencing Sheet1; verify the first visible result.

Effect The main agent receives formula-entry guidance without loading extra images.

Turn 4

Input Sheet2 shows Jan-Jun in A2:A7. Active cell is below the month list.

Output move to B2; enter =SUM(Sheet1.B2:B11) ... =SUM(Sheet1.G2:G11)

Effect Total column B2:B7 is filled with formula results.

Turn 5

Input Sheet2 table is filled. The agent checks whether the source sheet contains additional months.

Output click Sheet1 tab

Effect Source sheet is inspected before finalizing.

Turn 6

Input After checking Sheet1, the final artifact must be verified on Sheet2.

Output click Sheet2 tab

Effect The completed result sheet is visible again.

Turn 7

Input Sheet2 displays Month/Total and formula-derived totals.

Output click B2 to verify formula bar; DONE

Effect Formula bar shows a Sheet1 reference. The task is marked complete with score 1.0.

GUI action LOAD_SKILL Branch guidance Evidence gate

LOAD

Branch

Action

Action

Action

LOAD

Branch

Action

Action

Action

Done

Figure 7 Representative interaction case with branch-loaded MMSkills: LibreOffice Calc table construction. Colored turn labels
distinguish direct GUI actions, skill loading, branch guidance, evidence-gated reasoning, and final completion.
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Case 2: Terminal File Organization and Compression
Two different OS terminal skills are consulted; the branch gates off images and returns command-level guidance.

Task "Compress files older than 30 days into old_files, and move all other files into new_files."

score 1.0 | 8 actions | 2 skills

Turn 0

Input Terminal is active. The task requires separating files by modification time into old_files and new_files.

Output mkdir -p /tmp/test_files/old_files /tmp/test_files/new_files

Effect Both destination directories are created.

Turn 1

Input Destination directories exist. The agent starts moving files older than 30 days.

Output find ... -mtime +30 -exec mv {} old_files/ \;

Effect The shell command needs correction because the exec terminator is fragile in typed terminal input.

Turn 2

Input Recent command did not make reliable progress. The issue is file movement in a terminal.

Output LOAD_SKILL("Modify Files and Folders in Terminal")

Effect A first temporary branch is opened for command-repair guidance.

Turn 2B

Input Skill package + live terminal screenshot. Stage 1 gates off reference images because textual terminal context is
sufficient.

Output structured guidance: correct the failed find command; avoid repeating the unescaped semicolon path.

Effect Guidance returns to the main agent before the next typed command.

Turn 3

Input The branch identifies the current failure mode: fragile find -exec syntax.

Output retry find with a quoted semicolon terminator

Effect The agent attempts a repaired command path.

Turn 4

Input The semicolon form remains brittle in the terminal interaction.

Output find ... -mtime +30 -exec mv -t old_files/ {} +

Effect A robust find command moves old files into old_files.

Turn 5

Input Old files have been moved. The remaining subgoal is archive creation and final verification.

Output LOAD_SKILL("Archive, Extract, and Convert Files in Terminal")

Effect A second, different skill branch is opened.

Turn 5B

Input Skill package + live terminal screenshot. Stage 1 again gates off reference images for a text-only shell workflow.

Output structured guidance: run ls -R, compress old_files, then verify the directory tree.

Effect The main agent receives archive-and-verification guidance.

Turn 6

Input The next checkpoint is to inspect which files are in each directory.

Output ls -R /tmp/test_files

Effect The terminal prints the current file distribution.

Turn 7

Input old_files contains the target old files and is ready to be archived.

Output tar -czf old_files.tar.gz -C old_files . --remove-files; ls -R

Effect The old-file archive is created and the final directory tree is verified.

Turn 8

Input The terminal output shows the archive and the expected file organization.

Output DONE

Effect The task is marked complete with score 1.0.

GUI action LOAD_SKILL Branch guidance Evidence gate

Action

Action

LOAD

Branch

Action

Action

LOAD

Branch

Action

Action

Done

Figure 8 Representative interaction case with branch-loaded MMSkills: terminal file organization and compression. Colored
turn labels distinguish direct GUI actions, skill loading, branch guidance, evidence-gated reasoning, and final completion.
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I Use of LLMs

Large language models are used in this work as both research artifacts and research assistants. Methodologically,
LLM-based agents are used in the skill-generation pipeline to process and filter trajectories, propose reusable proce-
dures, draft state cards, and generate multimodal skill packages under human-designed schemas and quality checks.
LLMs also serve as the evaluated visual agents in the benchmark results. In addition, LLM tools were used during
manuscript preparation for editing, polishing, and organizing written content. The authors remained responsible for
experimental design, result interpretation, citation checking, and final paper content.
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J Detailed RelatedWork

This section provides the expanded related-work discussion summarized in Section 4.

Skills for agents. Skill reuse has a long history in temporal abstraction for reinforcement learning and motor
primitives for robotics (Sutton et al., 1999; Ijspeert et al., 2013). Recent LLM agents have made skills a practical
interface for storing and composing procedural knowledge in language-conditioned environments. Early systems
connected language models to action by grounding language in affordances (Ahn et al., 2022), emitting executable
programs (Liang et al., 2023), or interleaving reasoning and acting (Yao et al., 2023). Reflection mechanisms then
made agent behavior more persistent across attempts (Shinn et al., 2023). In open-ended environments, systems such
as DEPS, Voyager, and JARVIS-1 showed that large models can use language, stored experience, and self-generated
programs to acquire or reuse behaviors over extended task horizons (Wang et al., 2024, 2023a,b). Theseworksmotivate
our focus on procedural reuse, but their reusable knowledge is primarily textual, symbolic, or programmatic.

More recent work treats skills as an explicit substrate for agent improvement. SkillWeaver distills web exploration
into reusable API-like skills (Zheng et al., 2025); CUA-Skill builds a parameterized skill base with execution and
composition graphs for computer-using agents (Chen et al., 2026); SkillX automatically constructs hierarchical skill
knowledge bases from agent experience (Wang et al., 2026a); EvoSkill studies automated skill discovery through fail-
ure analysis in multi-agent settings (Alzubi et al., 2026); SkillClaw evolves shared skills from multi-user trajectories
(Ma et al., 2026); and SkillRL co-evolves a hierarchical skill library with reinforcement learning (Xia et al., 2026). A
recent survey frames agent skills as portable packages of instructions, code, and resources loaded through progres-
sive disclosure (Xu and Yan, 2026). A complementary perspective treats accumulated agent experience as long-term
memory: Generative Agents maintain a memory stream that supports recall, reflection, and planning (Park et al.,
2023), while MemGPT introduces an OS-style memory hierarchy that pages information in and out of the model’s
working context (Packer et al., 2024). MMSkills follows this broader move toward modular procedural knowledge,
but changes the unit being stored: instead of treating skills mainly as text, code, APIs, or execution graphs, we define
a skill package whose central evidence is a set of visually grounded runtime states. Branch loading also takes inspi-
ration from memory-paging ideas, by inspecting selected multimodal evidence in a temporary branch rather than
flooding the main context.

This emerging ecosystem has also motivated dedicated evaluation of skill utility. SkillsBench measures how skills
affect agent performance across diverse tasks (Li et al., 2026), SkillTester evaluates utility and security risks of agent
skills (Wang et al., 2026b), and recent work studies skill usage under more realistic retrieval and adaptation settings
(Liu et al., 2026). These benchmarks show that skills are not automatically beneficial; their value depends on relevance,
compactness, selection, and safe use. Our work addresses a complementary question for visual agents: what evidence
should a skill expose, and how should that evidence be loaded, when correct use depends on the current visual state?

The closest line to our work is multimodal and GUI-specific skill augmentation. Mirage-1 introduces hierarchical
multimodal skills for GUI agents and uses them with search to support long-horizon control (Xie et al., 2025); XSkill
continually extracts experiences and skills for multimodal agents from visually grounded rollouts (Jiang et al., 2026);
and CUA-Skill builds computer-use skills as parameterized procedures and execution graphs (Chen et al., 2026). MM-
Skills differs in emphasis: we define the skill artifact around reusable visual state evidence, not only around executable
procedure structure or memory accumulation. Each skill is organized around when-to-use conditions, visible cues,
verification cues, and multi-view state evidence, and the runtime first selects the relevant evidence before exposing it
to the main agent. This makes the contribution a representation and loading mechanism for multimodal procedural
cues, rather than another text skill library or GUI action graph.

Visual agents. Visual agents have rapidly advanced from web navigation to general computer use. Benchmarks
such as Mind2Web andWebArena established realistic web-agent evaluation beyond synthetic interfaces (Deng et al.,
2023; Zhou et al., 2024); VisualWebArena showed that many web tasks require visual grounding rather than text-only
reasoning (Koh et al., 2024); and WebVoyager demonstrated end-to-end web interaction with large multimodal mod-
els on real websites (He et al., 2024). The same trend appears in mobile, desktop, and embodied settings: Android
in the Wild and AndroidWorld study device control from visual UI observations (Rawles et al., 2023, 2025), OSWorld
and macOSWorld evaluate agents in real operating-system environments (Xie et al., 2024; Yang et al., 2025), and Visu-
alAgentBench includes VAB-Minecraft and VAB-OmniGibson for open-world and household embodied interaction
(Liu et al., 2024).
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Model and framework work has likewise moved toward visually grounded action. SeeClick trains GUI grounding
for screenshot-only agents (Cheng et al., 2024); CogAgent introduces a visual language model dedicated to GUI
understanding and operation (Hong et al., 2024); OS-ATLAS learns a foundation action model for GUI control (Wu
et al., 2024); UI-TARS develops native GUI agents that perceive screenshots and emit keyboard/mouse actions (Qin
et al., 2025); SeeAct builds web agents around general-purpose vision-language models (Zheng et al., 2024); AppAgent
learns smartphone skills from on-device demonstrations (Zhang et al., 2023); OmniParser provides a pure-vision
parser that turns screenshots into structured GUI elements (Lu et al., 2024); and Agent S provides a general computer-
use framework built around GUI interaction (Agashe et al., 2024). These systems improve the agent’s perceptual and
action interface. MMSkills instead targets the external knowledge layer used by such agents. A stronger GUI action
model may click more accurately, but it still benefits from knowing which procedural state matters, which visual cue
confirms progress, and which state indicates that a skill should not be applied. MMSkills represents that knowledge
as a compact, reusable multimodal skill package.

GUI grounding benchmarks. Alongside task-completion benchmarks, a separate line of work measures how
reliably GUI agents can localize UI elements from natural-language instructions. ScreenSpot-Pro extends earlier
ScreenSpot evaluations to high-resolution, professional desktop environments, where target elements often occupy
less than 0.1% of the screen and the strongest grounding models still fall well below human performance (Li et al.,
2025). Gou et al. (2025) push toward universal visual grounding that lets agents identify GUI elements purely from
screenshots, in the spirit of how humans navigate digital interfaces. MMBench-GUI organizes evaluation hierarchi-
cally, from content understanding and element grounding to task automation and multi-agent collaboration (Wang
et al., 2025b), and DeskVision contributes a large-scale desktop dataset and evaluation suite that broadens grounding
research across operating systems (Xu et al., 2025). These benchmarks isolate the perceptual layer of visual agents.
MMSkills is complementary: rather than improving where to click, it provides procedural and visual evidence about
which state matters at each step, and lets the underlying grounding capability translate that evidence into precise
actions.

Long-context reliability. Recent studies have shown that simply enlarging the context window does not guaran-
tee that all evidence is used effectively. Liu et al. (2023) report that language models often fail to retrieve information
placed in the middle of long contexts, and benchmarks such as LongBench reveal substantial degradation as the in-
put grows in length and modality (Bai et al., 2024). These observations motivate our branch-loaded design: rather
than directly inserting state cards, multi-view keyframes, and transition examples into the main agent context, the
runtime first inspects selected evidence in a temporary branch and returns a compact structured guidance tuple. This
isolates expensive multimodal evidence reading from action generation, and avoids the long-context failure modes
that arise when reference views and live observations compete for the same context window.
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