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Abstract
MLLM-based GUI agents have demonstrated
strong capabilities in complex user interface
interaction tasks. However, long-horizon sce-
narios remain challenging, as these agents are
burdened with tasks beyond their intrinsic capa-
bilities, suffering from memory degradation,
progress confusion, and math hallucination.
To address these challenges, we present UI-
Copilot, a collaborative framework where the
GUI agent focuses on task execution while
a lightweight copilot provides on-demand as-
sistance for memory retrieval and numerical
computation. We introduce memory decou-
pling to separate persistent observations from
transient execution context, and train the pol-
icy agent to selectively invoke the copilot as
Retriever or Calculator based on task de-
mands. To enable effective tool invocation
learning, we propose Tool-Integrated Policy
Optimization (TIPO), which separately opti-
mizes tool selection through single-turn predic-
tion and task execution through on-policy multi-
turn rollouts. Experimental results show that
UI-Copilot-7B achieves state-of-the-art perfor-
mance on challenging MemGUI-Bench, out-
performing strong 7B-scale GUI agents such
as GUI-Owl-7B and UI-TARS-1.5-7B. More-
over, UI-Copilot-7B delivers a 17.1% absolute
improvement on AndroidWorld over the base
Qwen model, highlighting UI-Copilot’s strong
generalization to real-world GUI tasks.

1 Introduction

Graphical User Interface (GUI) agents are designed
to interact with digital environments in a human-
like manner (Hu et al., 2025; Zhang et al., 2025a;
Wang et al., 2025a; Tang et al., 2025b; Liu et al.,
2025b). Recent multimodal large language model
(MLLM)-based GUI agents (Ye et al., 2025; Gu
et al., 2025; Qin et al., 2025), trained via super-
vised fine-tuning (SFT) and reinforcement learn-
ing (RL), have demonstrated strong capability in
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Figure 1: Left: Performance on dynamic GUI bench-
marks. Right: Task distribution of these benchmarks.

solving short-horizon tasks, which typically require
fewer than 10 interaction steps (Rawles et al., 2024;
Zhao et al., 2025; Chen et al., 2026), as shown in
Figure 1 and 17).

However, deploying these agents in long-
horizon, memory-intensive scenarios exposes fun-
damental limitations. As shown in Figure 1, exist-
ing 7B models suffer an average performance drop
of 90.90% on MemGUI-Bench (Liu et al., 2026).
We identify three interconnected challenges under-
lying these failures (as illustrated in Figure 2): 1)
Memory Degradation: overloaded context causes
agents to lose or misrecall critical information from
earlier steps; 2) Progress Confusion: interleaving
reasoning traces with action histories obscures task
state, leading to redundant actions, disordered sub-
task execution, or premature termination; and 3)
Math Hallucination: numerical reasoning errors
compound as incorrect intermediate results propa-
gate through subsequent computations.
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(Step-9) Tool: None   Thought: Current stock 
price for Apple is $226.76.� I need ...

(Step-15) Tool: Retriever    Result: The price
for Apple is $226.76.�     Thought: I've �inally 
gathered all the necessary information! 
Apple's stock is currently at $226.67, and 
NVIDIA's is at $169.70.

(Step-16) Tool: Calculator    Result: 25492  
Thought: The total combined value of both 
holdings is 25492. So ...
Action: type: answer, text: 25492 

Instruction: In Bing App, �ind the current stock prices for NVIDIA (NVDA) and Apple
(AAPL). Then, calculate and answer combined value of 50 NVDA and 75 AAPL.

MemGUI-Bench Inference Case Screenshots

UI-TARS-1.5-7B: Memory Degradation

GUI-Qwl-7B: Math Hallucination

        UI-Copilot-7B: Complete the task Qwen3-4B: Copilot Model
(step-15) Thought: I just checked the stock
price on Bing, and it's $143.92. So, I'll go 
ahead and type in 143.92 to calculate ...

Ground Truth: 50*169.70+75*226.7 6=25492 

(Step-15) Role: Retriver 
Thought: My goal is to...  Given 
the  interaction history, I have 
obtained the price... Answer: 
The price for Apple is  $226.76.�

(Step-16) Role: Calculator
Thought: My task is to calculate 
the comibined value of...
Python: 
def product(x1, n1,x2, n2):
       ret = x1*n1+x2*n2...

(Step-16) Thought: ... '169.70' for NVDA and 
226.76’ for Apple. Now, I need to calculate 
product: \\(50 \\times 169.70 \\plus 75 
\\times 226.76 = 29540\\). The next ...

Qwen2.5VL-7B: Progress Confusion
(step-9) Thought: I have gathered all the 
stock prices. The next step is to calculate... 

Figure 2: MemGUI-Bench Inference Case. Our method successfully completes the task by invoking Copilot
Model, whereas other models fail due to memory degradation, progress confusion, and math hallucinations.

Existing approaches address these limitations
through multi-agent workflows (Agashe et al.,
2025; Wang et al., 2025b, 2024a) or retrieval aug-
mentation (Liu et al., 2025a; Li et al., 2025b; Xu
et al., 2025). However, multi-agent workflows rely
on predefined pipelines that invoke external mod-
ules regardless of actual necessity, resulting in pro-
hibitive inference costs. Retrieval-augmented meth-
ods depend heavily on retrieval quality and fail to
resolve progress confusion. We attribute these lim-
itations to a shared underlying cause:

Agents are burdened with challenges beyond
its capabilities, leading to confusion under in-
creasingly overloaded context.

Our key insight is that GUI agents should fo-
cus on task execution with lightweight context,
while memory and computation are decoupled
and invoked only when needed. Building on this
insight, we introduce UI-Copilot, a collaborative
framework that decouples persistent observations
from transient execution context. Detailed reason-
ing traces are stored locally while only concise
progress summaries remain in the dialogue history,
keeping the context window focused and enabling
on-demand information retrieval. The policy agent
selectively invokes a lightweight copilot model as
Retriever or Calculator, enabling adaptive tool
usage that responds to actual task demands.

To enable more effective tool invocation, we pro-
pose Tool-Integrated Policy Optimization (TIPO),
which decouples tool prediction and task execu-
tion during training. Tool selection is trained via

single-turn supervision, while action generation
learns through multi-turn rollouts conditioned on
self-generated histories, aligning training dynam-
ics with deployment conditions. Extensive experi-
ments demonstrate that UI-Copilot-7B achieves
SOTA performance on MemGUI-Bench, where
over 90% of tasks require persistent memory, and
attains 39.1% accuracy on AndroidWorld, validat-
ing the generalization of the proposed framework.
In summary, our contributions are:

• We propose UI-Copilot, a collaborative
framework where the GUI agent selectively
invokes a lightweight copilot for memory re-
trieval and numerical computation, enabling
efficient long-horizon GUI navigation.

• We introduce memory decoupling to separate
persistent observations from transient context,
effectively mitigating context overload.

• We develop TIPO, a reinforcement learning
algorithm that separately trains GUI agents’
tool invocation and action generation.

2 Related Work

2.1 Reinforcement Learning for GUI Agent
Recent advances in multimodal models have cat-
alyzed significant progress in GUI automation (Hu
et al., 2025; Zhang et al., 2025a; Wang et al., 2025a;
Tang et al., 2025b; Liu et al., 2025b; Ye et al., 2025;
Wu et al., 2026). Inspired by DeepSeek-R1 (Guo
et al., 2025), recent work (Lu et al., 2025b; Luo
et al., 2025a; Qin et al., 2025; Lu et al., 2025a; Gu
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et al., 2025; Tang et al., 2025a; Du et al., 2025) has
begun applying Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024) to GUI automation.
However, external tool calling for GUI agent train-
ing remain un-explored.

2.2 Memory for GUI Agent

Memory remains a fundamental challenge for GUI
agents due to the limited context windows. Recent
attempts, including multi-agent workflows (Wang
et al., 2024a, 2025b; Agashe et al., 2025) and few-
shot Retrieval-Augmented Generation (RAG) (Liu
et al., 2025a; Li et al., 2025b; Xu et al., 2025), aim
to enhance agent performance without model fine-
tuning. While effective in certain scenarios, these
approaches often suffer from limited scalability and
high deployment costs. Additional works incor-
porate history-aware training mechanisms (Zhou
et al., 2025; Liu et al., 2025c; Wang et al., 2025c;
Lu et al., 2026), but still face memory degradation
for memory-intensive, long-horizon GUI tasks.

3 Method

3.1 UI-Copilot

Problem Definition. We formulate GUI automa-
tion as a sequential decision-making problem.
Given a task instruction I and initial screen state
S0, the agent generates a sequence of actions
{a1, a2, . . . , aT } to complete the task. At each
step t, the agent observes the current screenshot
state St and samples an action at from policy
πθ(at|I, St, Ht), where θ denotes model param-
eters and Ht represents action history. The ac-
tion space A includes coordinate-based opera-
tions (click, swipe, long_press), text-based op-
erations (type, answer) and system-based opera-
tions (system_button, open, wait, terminate),
as shown in Table 3. The environment E transitions
to the next state according to St+1 = E(St, at) and
rollout continues until task finish or failure.

Rollout Paradigm. Given a policy agent M (ini-
tialized from Qwen2.5VL-7B) and a copilot model
Mc (Qwen3-4B), we define a tool-integrated multi-
turn summary rollout paradigm for M:

<tool> T : tool call </tool>
↘ call copilot model

<result> R: tool return </result>
<think> thought </think>
<action> a </action>
<summary> summary </summary>

where the prompt is illustrated in Figure 27. The
sampling policy is then written as

at, summaryt, Tt, thoughtt ∼ πθ(·|I, St, Ht) (1)

where Tt ∈ {Calculator, Retriever, none} de-
notes the role assigned to the copilot model
Mc at step t. For memory-intensive tasks, the
Retriever is activated using promptR in Fig-
ure 28. It takes as input the history knowledge
K (stored as a JSON file), the task instruction I ,
and progress summaries summary<t, and returns
tool results to the policy agent in textual form:
Rt = Mc(promptR,K, I, summary<t). For nu-
merical calculation tasks, the Calculator is in-
voked with promptC in Figure 29 to generate exe-
cutable Python code. The generated code is then
executed by a Python interpreter, and the result-
ing output is returned to the rollout process: Rt =
PythonExecutor(Mc(promptC , I, summary<t)).

Memory Decoupling. Existing agents (Lu et al.,
2025c; Ye et al., 2025) maintain the full reason-
ing content during multi-step rollouts, updating
the history as Ht = Ht−1 ∪ {at−1, thoughtt−1},
which we refer to as a multi-turn context (MC).
However, it could lead to progress confusion (e.g.,
redundant steps, disordered sub-task execution, or
premature termination) due to content overload, as
illustrated in Figure 2 and 9. To mitigate this, we
propose a multi-turn summary (MS) paradigm
that decouples progress tracking from detailed
reasoning. In the dialogue history, we maintain
only a concise summary reporting current com-
pletion status (e.g., "I have finished sub-task A"):
Ht = Ht−1 ∪ {at−1, summaryt−1}. The full rea-
soning content thoughtt−1, which includes the
agent’s planning and explicit history observations
(e.g., "The stock price is 45 dollars"), is stored lo-
cally in a text file K: K = K ∪ thoughtt−1. This
decoupling reduces context overload in the multi-
turn dialogue while preserving detailed information
for retrieval or numerical reasoning.

Conclusion. We formalize a multi-turn summary
interaction paradigm that leverages a copilot model
as tools. This offers several advantages: 1)
Lightweight Context Window. By maintaining
only concise progress summaries in the dialogue,
the agent can focus on task execution, reducing
the risk of planning hallucinations. 2) Decoupled
Memory. Detailed observations are stored locally
and retrieved on demand, mitigating information
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Figure 3: Overview of TIPO Pipeline. Policy model jointly learns tool invocations and multi-turn action prediction.

loss and memory hallucination. 3) Efficient In-
ference. Unlike previous agent workflows (Wang
et al., 2024a), the agent selectively invokes external
models, simplifying the execution pipeline.

3.2 Dataset Curation

We collect N diverse, human-annotated trajecto-
ries τ∗ = {(S∗

1 , a
∗
1), . . . , (S

∗
T , a

∗
T )} from Android-

Control (Li et al., 2024). Further, we use GPT-
4o to synthesize tool call content tool∗t , reason-
ing content thought∗t and summary summary∗t for
each step t in each trajectory, forming the expert
dataset Dexpert = {τ∗i }Ni=1. For tool call learning,
we use GPT-4o (Hurst et al., 2024) to form memory-
intensive or calculation-needed queries based on
Dexpert, named as Dtool. Then we merge them as
D0 = Dexpert ∪ Dtool, then randomly split D0 into
DSFT, DRL

tool and DRL
action respectively for SFT and

RL training. This process is detailed in Figure 4.

Screenshot:            Summay: I have ...
Task: What’s the price of the Nike
Fly.By Mid 3 shoe?   GT Tool: Retriver

Screenshot:
Summay: I have opened ...
Task: In the any.do app, cre-
ate a reminder HR meeting
GT Tool: None

Vanilla queries

Memory-intensive queries

Calculation-needed queries

Expert Trajectory

Screenshot:            Summay: I have ...
Task: How much is 5 pairs of Nike 
Fly.By Mid 3 shoe and 4  pieces of... ?
GT Tool: Calculator

Figure 4: Training Dataset Curation Pipeline.

3.3 Tool-Integrated Policy Optimization

Our GUI agent M is efficiently trained on the
pseudo-labeled D0, during which the copilot model
Mc is not involved.

Cold Start. We initialize the policy via SFT on
Qwen2.5VL-7B using DSFT. Training is performed
with a standard cross-entropy loss for next-token
prediction, which enables both format learning and
behavior cloning from expert trajectories.

LSFT(θ) = −E(I,{St},{at})∼DSFT

[
T∑

t=1

log πθ(at | I, St, Ht)

]
(2)

Decoupled Sampling. We model the agentic rea-
soning process in Equation 7 as explicit tool invo-
cation, then our sampling is written as:

Pθ(T , a | I;T) =
T∏

t=1

Pθ(Tt | Ht, I;T)

︸ ︷︷ ︸
Tool Calling

·

T∏

t=1

Pθ(at | a<t, Ht, I;T))

︸ ︷︷ ︸
Action Generation

(3)

where T denotes the set of available tools.
Accordingly, we adopt a decoupled strategy

that separates (i) tool-calling rollouts from action-
generation rollouts, and (ii) tool-call learning from
action learning, depending on the source of instruc-
tion I . For I ∼ DRL

tool, we only conduct single-turn
tool prediction, conditioned on off-policy history
H∗

t = summary∗<t. For I ∼ DRL
action, we follow

Lu et al. (2025c) and conduct multi-turn action
prediction, conditioned on self-generated history
Hπ

t = summaryπ<t. Equation 3 is modified as:

Pθ ≈





T∏

t=1

Pθ(Tt | H∗
t , I;T) , if I ∼ DRL

tool,

T∏

t=1

Pθ(at | a<t, H
π
t , I) , if I ∼ DRL

action

Tool Call Learning. Unlike agentic reasoning
that provides tool feedback from environment, we
compute rule-based reward. For i-th rollout,

Ri
t = 0.1 · rformat + 0.9 · I[rformat=1] · rtool (4)
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#Cross App Difficulty Level
Models Type 1 App 2 App 3 App 4 App Easy Med Hard Avg

p@1 p@3 p@1 p@3 p@1 p@3 p@1 p@3 p@1 p@3 p@1 p@3 p@1 p@3 p@1 p@3

CogAgent AO 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Qwen2.5VL-7B* AT 14.3 17.9 1.8 1.8 0.0 0.0 0.0 0.0 10.4 12.5 0.0 0.0 0.0 0.0 3.9 4.7
UI-Venus-7B AT 21.4 28.6 1.8 1.8 0.0 2.9 0.0 0.0 14.6 20.8 0.0 0.0 0.0 0.0 5.5 7.8
UI-S1-7B* MC 17.9 21.4 3.6 3.6 0.0 0.0 0.0 0.0 12.5 14.6 2.6 2.6 0.0 0.0 5.5 6.2
UI-TARS-1.5-7B MC 14.3 21.4 0.0 1.8 0.0 2.9 0.0 0.0 8.3 16.7 0.0 0.0 0.0 0.0 3.1 6.2
GUI-Owl-7B MC 21.4 35.7 1.8 1.8 2.9 5.9 0.0 0.0 14.6 22.9 0.0 2.4 2.6 2.6 6.2 10.2
UI-Copilot-7B* TC 42.9 50.0 12.5 16.1 5.9 8.8 0.0 10.0 29.2 33.3 13.2 18.4 4.8 7.1 16.4 20.3
Mobile-Agent-V2 MW 14.3 17.9 0.0 0.0 0.0 0.0 0.0 0.0 8.3 10.4 0.0 0.0 0.0 0.0 3.1 3.9
SeeAct MW 10.7 25.0 0.0 0 0.0 0 0.0 0 6.2 12.5 0.0 2.4 0.0 0.0 2.3 5.5
AppAgent MW 14.3 42.9 0.0 0.0 0.0 0.0 0.0 0.0 8.3 22.9 0.0 2.4 0.0 0.0 3.1 9.4
Mobile-Agent-E MW 25.0 42.9 0.0 1.8 0.0 0.0 0.0 0.0 12.5 22.9 2.4 2.4 0.0 2.6 5.5 10.2
T3A MW 42.9 60.7 16.1 37.5 23.5 38.2 0.0 30.0 31.2 45.8 16.7 45.2 18.4 34.2 22.7 42.2
M3A MW 46.4 64.3 28.6 41.1 29.4 44.1 30.0 50.0 39.6 47.9 35.7 50.0 21.1 44.7 32.8 47.7
Agent-S2 MW 50.0 78.6 19.6 35.7 26.5 52.9 10.0 30.0 41.7 64.6 19.0 42.9 18.4 36.8 27.3 49.2

Table 1: Results on MemGUI-Bench. p@k denotes pass@k. Results marked with * are evaluated by ourselves
with tool usage, while the remaining results are reported from the benchmark paper, where pass@3 is tested
with long-term memory. The best performance in each column is highlighted in bold, and the second best is
underlined. AO denotes Action-Only rollout without history. AT denotes Action-Thought history management. MC
denotes Multi-turn Context. TC denotes our Tool-Integrated multi-turn Context rollout. MW denotes Multi-agent
Workflow, with Gemini-2.5 Pro (Comanici et al., 2025) as planning agents.

Action Prediction Learning. For multi-turn exe-
cution learning, we train on a dataset without tool
calling. First, we compute the step-wise reward as:

rit = 0.1 · rformat + 0.4 · I[rformat=1] · rtype

+ 0.5 · I[rformat·rtype=1] · racc
(5)

where all the rewards are defined in Appendix B.
Then we introduce discounted future reward Ri

t =∑tend
k=t γ

,k−trik and compute the advantage for the
individual tokens using the normalized reward Ri:
Ai,t =

Ri
t−mean({Ri

t}Gi=1)

std({Ri
t}Gi=1)

, where G is the total num-
ber of samples within a group, which is set as 8.
The training objective of TIPO is:

JTIPO(θ) = E
I∼DRL,{oi,t}G,T

1,1

∼πθold (·|I)

1

K

G∑

i=1

T∑

t=1

|oi,t|∑

k=1

min(ρ(θ)Ai,t, clip(ρ(θ), 1± ϵ)Ai,t))

− β DKL(πθ ∥πref)

(6)

where DRL = DRL
tool ∪ DRL

action denotes the RL
dataset, K is the total number of tokens, ρ(θ) =
πθ(oi,t,k|I,oi,t,<k)
πθold (oi,t,k|I,oi,t,<k)

is the importance sampling ratio,
and β controls the KL penalty strength. To ensure
effective learning, we enforce minimum advantage
variance: σ({Ai,t}) > η (η set as 0.3), performing
dynamic sampling until this threshold is met.

4 Experiment

4.1 Experiment Setup
Baselines. To comprehensively assess the perfor-
mance of UI-Copilot, we include three kinds of

baselines: (1) advanced proprietary models, includ-
ing GPT-4o (Hurst et al., 2024) and Claude (An-
thropic, 2024); (2) SOTA open-source models, such
as AgentCPM-GUI (Zhang et al., 2025b), GUI-
Owl (Ye et al., 2025), UI-TARS-1.5 (Qin et al.,
2025) and UI-Venus (Gu et al., 2025); (3) multi-
agent workflows, such as Mobile-Agent-E (Wang
et al., 2025b), Mobile-Agent-V2 (Wang et al.,
2024a) and Agent-S2 (Agashe et al., 2025).

Benchmarks. To highlight UI-Copilot-7B’s
strengths in memory- and math-intensive tasks,
we first evaluate all models on the challenging
MemGUI-Bench (Liu et al., 2026), which consists
of 70.3% memory-intensive and 19.5% math-
intensive tasks, with an average of 36 golden
steps. We then assess UI-Copilot on the widely
used dynamic benchmarks AndroidWorld and
MiniWob++ (Rawles et al., 2024) to validate its
improvements in multi-turn performance. We ad-
ditionally include AC-Real (referred to as SOP in
UI-S1 (Lu et al., 2025c)), reporting both progress
(PG) and task success rate (TSR). We also adopt
the static GUI navigation benchmarks Android-
Control (Li et al., 2024) and GUI Odyssey (Lu
et al., 2024) to evaluate comprehensive GUI
understanding under high-level instructions, with
action type match accuracy (TM), grounding
accuracy rate (GR) and step success rate (SR)
reported. To further evaluate the generalization
ability of UI-Copilot-7B, we assess grounding and
low-level interaction capabilities, as reported in
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Models AC-High GUI Odyssey AC-Real Wob AW Avg
TM GR SR TM GR SR PG TSR SR SR SR

Closed-source Models
Claude-CU (SoM) (Anthropic, 2024) 63.7 0.0 12.5 60.9 0.0 3.1 – – – 27.9 –
GPT-4o (SoM) (Hurst et al., 2024) 66.3 0.0 20.8 34.3 0.0 3.3 – – 62.0 34.5 –
Open-source Models
Qwen2VL-2B (Wang et al., 2024b) 42.3 18.7 13.6 24.4 12.2 12.6 2.0 1.0 20.8 0.0 7.3
ShowUI-2B (Lin et al., 2024) 41.8 32.8 19.7 34.8 24.6 21.4 6.8 2.6 27.1 7.0 11.7
OS-Genesis-7B (Sun et al., 2024) 65.9 – 44.4 11.7 – 3.6 7.6 3.0 19.8 17.4 13.4
OS-Atlas-7B (Wu et al., 2024) 57.4 54.9 29.8 60.4 39.7 27.0 14.3 8.6 35.2 12.1 18.6
Qwen2.5VL-3B (Bai et al., 2025) 47.8 46.5 38.9 37.4 26.5 26.7 3.4 1.4 24.1 5.0 10.2
Qwen2.5VL-7B (Bai et al., 2025) 62.2 72.5 52.7 67.4 56.3 52.4 17.4 9.8 54.0 22.0 28.6
UI-R1-3B (Lu et al., 2025b) 57.9 55.7 45.4 52.2 34.5 32.5 8.4 4.1 26.1 8.2 12.8
UI-R1-7B (Lu et al., 2025b) 72.4 62.8 54.2 67.1 41.3 43.5 16.9 10.8 45.2 15.1 23.7
AgentCPM-GUI-8B (Zhang et al., 2025b) 77.7 – 69.2 90.8 – 75.0 17.1 10.6 37.8 16.4 21.6
UI-S1-7B (Lu et al., 2025c) 79.9 73.4 68.2 76.3 61.7 59.5 32.4 16.3 60.9 34.0 37.1
UI-TARS-7B (Qin et al., 2025) 83.7 80.5 72.5 94.6 90.1 87.0 28.1 14.0 58.7 33.0 35.2
Ours Models
UI-Copilot-3B 64.3 54.5 50.3 52.4 36.8 35.8 15.6 6.9 25.9 15.7 16.2
UI-Copilot-7B 82.9 72.2 71.8 74.5 63.8 57.2 31.5 15.8 61.2 39.1* 38.7

Table 2: Results on Other GUI Benchmarks. * shows the result with tool calling, and UI-Copilot-7B achieves
32.2% accuracy without tool usage. Wob denotes MiniWob++ and AW denotes AndroidWorld. Average SR is
computed as average of AC-Real-TSR, Wob-SR and AW-SR. The highest value is in bold, the second is underlined.

Table 4.

4.2 Main Results

Model Comparison. As shown in Table 1, UI-
Copilot-7B achieves SOTA performance among
7B models on the challenging MemGUI-Bench.
It attains a pass@1 accuracy of 16.4% and a
pass@3 accuracy of 20.3%, substantially outper-
forming strong baselines like GUI-Owl-7B and UI-
TARS-1.5-7B, which achieve up to 10.2% accu-
racy. Moreover, UI-Copilot-7B achieves perfor-
mance comparable to agentic workflows, including
Mobile-Agent-E (5.5%), AppAgent (3.1%), and
T3A (22.7%), highlighting the efficiency of our
UI-Copilot paradigm. Notably, UI-Copilot-7B suc-
cessfully solves some Hard tasks that require over
40 steps or 4 Apps, underscoring its potential for
long-horizon, memory-intensive GUI tasks.

Training Effect. Under Tool-Integrated setting,
TIPO yields substantial improvements over the
base model, Qwen2.5VL-7B, demonstrating the ef-
fectiveness of our rollout and training strategy. A
detailed analysis of the improvements introduced
by TIPO is provided in Figure 9.

General Performance. As shown in Table 2,
both our 3B and 7B models achieve substantial
improvements over their base models on AC-High
and GUI Odyssey, demonstrating the effectiveness
of TIPO for GUI grounding and high-level un-
derstanding. Furthermore, UI-Copilot-7B attains
advancing performance among 7B models on dy-

namic benchmarks such as MiniWob++ (61.2%)
and AndroidWorld (39.1%), with results compara-
ble to closed-source models like GPT-4o. Taken to-
gether, these results indicate that our model serves
as a comprehensive GUI agent, excelling not only
in long-horizon tasks but also in general scenarios.

4.3 Training Dynamics
The training dynamics in Figure 5 reveal critical in-
sights. [Insight 1] Accuracy dynamics: Model ac-
curacy steadily improves as training proceeds, and
converges after approximately 40 training steps, in-
dicating sufficient policy optimization. [Insight 2]
Tool-calling dynamics: The frequency of tool in-

Figure 5: Training Dynamics of UI-Copilot-7B on our
selected AndroidWorld-Verified (60 tasks), MemGUI-
Bench-Verified (55 tasks) subsets, Tool-call-Test (1000
tasks from D0) and AC-Real-Test (1536 tasks).
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Method Mc MemGUI-Bench* AndroidWorld* Avg

Cal Ret Acc(%)↑ step↓ Acc(%)↑ step↓ Acc(%)↑ step↓
MW ✓ 25.5 33.4 68.3 27.8 46.9 30.6

MW ✓ 21.8 35.2 53.3 25.0 37.5 30.1

AT 9.1 20.3 35.0 13.0 22.1 16.6

MC 10.9 19.5 58.3 14.4 34.6 16.9

MS 10.9 18.7 65.0 13.1 38.0 15.9

MS ✓ 20.0 19.4 66.7 13.4 43.4 16.4

MS ✓ 21.8 20.1 67.3 14.0 44.5 17.1

MS ✓ ✓ 36.4 19.3 66.7 13.8 51.5 16.6

Copilot Model

UI-Copilot-7B 23.6 20.8 51.7 15.3 37.7 18.0

Qwen2.5VL-7B 30.9 21.2 53.3 14.2 42.1 17.7

Qwen3-0.6B 27.3 19.9 63.3 13.9 45.3 16.9

Qwen3-1.7B 30.9 19.5 61.7 13.6 46.3 16.6

Qwen3-4B 36.4 19.3 66.7 13.8 51.6 16.6

Figure 6: Ablation Study on Inference Strategies. * de-
notes the verified subset. Cal and Ret denote Calculator
and Retriever, respectively. All models M are fine-tuned
on DRL. Multi-agent workflow (MW) includes UI-Copilot-
7B and Qwen3-4B. The step includes tool invocations.

Tool AC-Real Avg SFT RL RL

Acc↑ PG↑ TSR↑ Acc↑ Tool Action

73.6 17.4 9.88 33.6

86.4 17.6 10.1 38.0 ✓

94.4 16.8 9.95 40.4 ✓ ✓

91.2 28.6 14.1 44.6 ✓ On-policy

83.6 32.4 16.5 44.2 ✓ On-policy

86.2 22.6 10.3 39.7 ✓ Off-policy

95.6 21.5 10.2 42.4 ✓ ✓ Off-policy

95.0 31.0 16.1 47.4 ✓ ✓ On-policy

|DRL
action| : |DRL

tool|
91.0 30.8 15.8 45.9 200:600

91.2 31.5 16.3 46.3 300:1000

95.6 29.8 15.2 46.9 600:1000

95.0 31.0 16.1 47.4 600:2000

93.4 31.3 16.2 47.0 600:2400

Figure 7: Ablations on Training Paradigms
and Dataset. Tool calling and multi-turn per-
formance are tested on Tool-call-Test (1000
tasks) and AC-Real (1536 tasks). On/Off-
policy depends on the history summary.

best

worst

vocations consistently decreases during training,
indicating the model’s improving ability to use
external tools. Notably, compared to Android-
World (approximately 6% tool usage), more com-
plex tasks such as MemGUI-Bench demand sig-
nificantly higher tool utilization (nearly 13%) and
require a longer training phase for tool invocation
to stabilize. [Insight 3] Execution efficiency dy-
namics: As training progresses, the average execu-
tion steps decrease, suggesting that RL effectively
reduces redundant actions and mitigates progress
confusion, leading to more efficient completion.

4.4 Ablation Analysis

Ablations on Rollout Paradigm. As shown in
Figure 6 (upper part), under the setting without tool
calling, ours rollout paradigm, Multi-turn Sum-
mary (MS), consistently achieves higher accuracy
with fewer execution steps than Action–Thought
(AT) and Multi-turn Context (MC). This indicates
that MS effectively mitigates redundant actions and
mitigates progress confusion during multi-turn exe-
cution. Based on the MS paradigm, we further con-
duct tool-set ablations. The results show that both
the Calculator and Retriever contribute to im-
proved performance on MemGUI-Bench. Notably,
the full collaborative tool set achieves the best over-
all performance, with 51.5% average accuracy and
16.6 average steps. It also attains competitive per-
formance against the multi-agent workflow which
invokes the copilot model at every step, demon-

strating the efficiency of UI-Copilot and TIPO.

Ablations on Copilot Model. We compare dif-
ferent copilot models in Figure 6 (bottom part).
Among all models, Qwen3-4B achieves the best
performance, outperforming Qwen3-0.6B, Qwen-
1.7B, and MLLMs such as Qwen2.5VL-7B. This
result highlights the strong capability of Qwen3-
4B in context understanding and summarization,
which is crucial for effective copilot assistance.

Ablations on TIPO. We conduct ablations on
training paradigms (TIPO) in Figure 7 (upper part).
The results indicate that SFT plays a critical role
as a cold start, providing a reliable initialization
for subsequent RL training. Furthermore, both tool
call RL and action prediction RL are essential for
effective tool calling (see Tool-call-Test) and stable
multi-turn execution (see AC-Real), respectively.
For action prediction learning, on-policy (multi-
turn self-generated) histories consistently outper-
form off-policy (expert-collected) histories, due to
the better alignment with multi-turn evaluation.

Ablations on Training Dataset. Figure 7 (bot-
tom part) demonstrates 600:2000 as an optimal data
ratio for (|DRL

action| : |DRL
tool|), which achieves a favor-

able balance between tool-call learning and action
generation learning. Increasing the size of DRL

action
or DRL

tool does not yield further improvements, indi-
cating diminishing returns from additional action-
level or tool-level learning samples.
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Figure 8: Case Study. UI-Copilot-7B successfully completes a math-related task from AndroidWorld (top) and a
memory-related task from MemGUI-Bench (bottom).

4.5 Case Study and Analysis
Case Study. Figure 8 presents two challenging
cases from AndroidWorld and MemGUI-Bench,
which require numerical computation and informa-
tion retrieval, respectively. In both scenarios, UI-
Copilot-7B successfully invokes the Copilot model
as the appropriate external tool. Specifically, in the
AndroidWorld example, the Calculator generates
executable code at step 9 and returns the computed
results to UI-Copilot-7B. In the MemGUI-Bench

Memory Memory

Progress

Qwen2.5VL-7B + Qwen3-4B UI-Copilot-7B + Qwen3-4B

13.3%
(8)

6.7%
13.3%

(8)
11.7%

(7)

Other Other

33.3%
(20)

36.7%
(22)

3.3%

Math

Correct

Correct

15.0%
(9)

Progress

66.7%
(40)

AndroidWorld-Veri�ied

MemGUI-Bench-Veri�ied

Memory Memory

Other

Other

Correct

Correct

ProgressMath
Math

31.5% (23)

43.8% (32)

2.7%

8.2%

13.7%
(10)

21.8% (12)

10.9%

38.2%
(21)

5.5%

23.6% (13)

Qwen2.5VL-7B+ Qwen3-4B UI-Copilot-7B + Qwen3-4B

Progress

Figure 9: Error Type Analysis with Tool Usage. Er-
rors are categorized into Memory Degradation, Progress
Confusion, Math Hallucination and Other Fault.

case, the Retriever gathers critical information at
steps 5, 12, and 18, enabling UI-Copilot-7B to
correctly complete the form-filling task at step 23.
Additional successful and failed cases are provided
in Appendix F, further demonstrating the effective-
ness of our tool-invocation and training method.

Error Type Analysis. Figure 9 illustrates several
representative error types categorized using GPT-
4o between TIPO (MS with tool) and Qwen2.5VL-
7B (AT with tool). Among all error categories,
Progress Confusion emerges as the dominant fail-
ure mode on both benchmarks. For the more chal-
lenging MemGUI-Bench (only 8.2% success rate
orignally), MLLMs further suffer from more rea-
soning limitations, including Memory Degradation
and Math Hallucination. As results demonstrate,
our UI-Copilot-7B achieves substantial improve-
ments over the base Qwen2.5VL-7B (+33.4% on
AndroidWorld and +30.0% on MemGUI-Bench).
From the error-type perspective, Progress Confu-
sion is almost halved, while Memory Degradation
and Math Hallucination are significantly mitigated,
demonstrating the effectiveness of our TIPO. Error
analysis of tool invocation is shown in Figure 20.

5 Conclusion

We incorporate Copilot Model as external tools and
propose TIPO for tool-integrated learning, aiming
to solve complex and long-horizon GUI tasks. Our
UI-Copilot-7B achieves consistently strong perfor-
mance across several challenging GUI benchmarks.
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Limitations

Currently, our tool set is limited to Calculator and
Retriever. However, real-world GUI scenarios of-
ten require a broader spectrum of tools, such as web
search and visual cropping. Extending our frame-
work to support more diverse tool integrations re-
mains an important direction for future work.
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A Action Space

Action Type Description

click Tap a specific coordinate (x, y) on
the screen.

long_press Press and hold at (x, y) for a speci-
fied duration.

swipe Perform a swipe gesture from
(x1, y1) to (x2, y2).

answer Output a textual answer to the task.
type Enter text into the currently focused

input field.
system_button Trigger a system-level button (e.g.,

Home, Back).
open Launch an APP on the device.
wait Pause execution for a given number

of seconds to allow UI changes.
terminate Stop execution and report task suc-

cess or failure.

Table 3: Action space in AndroidWorld automation.

User Message

System Message

Response Message

<tool> Calculator </tool>
<result>20250</result><think> The product of the
numbers , which equals 20250. Now, I need to enter ...
</think> <action>action: type, text: 20250 </action> 
<summary>I have got the product '20250' into... 
<summary>

Reasoning

Open the �ile task.html in Downloads in the �ile manager;
when prompted open it with Chrome. Then click the but-
ton 5 times, remember the numbers displayed, and enter
their product in the form.

Instruction

Step 1. I have located the File Manager app and opened ...
Step 2. I have clicked the 'Click Me' button once ... 

History Summary

Screen

Action

You are a GUI agent. You are given a task and your
action history, with screenshots. You need to ...

Action Space

Figure 10: Interaction example for UI-Copilot-7B.

B Reward Definition

B.1 Type Reward (rtype)
rtype ∈ {0, 1} indicates whether the predicted ac-
tion type matches the ground-truth action type. Let
apred and agt denote the predicted and ground-truth
action types, respectively. The type reward is de-
fined as rtype = I[apred = agt].

B.2 Accuracy Reward (racc)
racc ∈ {0, 1} evaluates whether the predicted ac-
tion is accurate given the ground-truth action, con-
ditioned on the action type being correct and after
coordinate normalization. Let ppred and pgt denote
the predicted and ground-truth coordinates, respec-
tively.

• Wait / Terminate

The prediction is accurate if the action type
exactly matches: racc = I[apred = agt].

• System Button

Let buttonpred and buttongt denote the pre-
dicted and ground-truth system button names.
The prediction is accurate if the button names
match in a case-insensitive manner: racc =
I[buttonpred = buttongt].

• Type / Answer / Key / Open

Let textpred and textgt denote the predicted and
ground-truth input strings. The prediction is
accurate if the texts match under relaxed string
matching: racc = I[textpred ∼ textgt].

• Swipe

Let ppred
1 ,p

pred
2 denote the start and end points

of the predicted swipe, and dir(·, ·) be the
function that infers swipe direction. The pre-
diction is accurate if the inferred swipe di-
rection matches the ground truth: racc =
I[dir(ppred

1 ,p
pred
2 ) = dirgt].

• Click / Long Press

Let Bgt denote the enlarged ground-truth
bounding box and ϵ be a fixed distance thresh-
old. The prediction is accurate if the pre-
dicted point falls inside the bounding box or
is sufficiently close to the ground-truth point:
racc = I[ppred ∈ Bgt ∨ ∥ppred − pgt∥2 ≤ ϵ].
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C Theoretical Analysis

C.1 Preliminaries: Agentic RL

Agentic RL incorporates tool-call feedback during
the reasoning process (Gou et al., 2024; Li et al.,
2025c; Wu et al., 2025; Dong et al., 2025). The
rollout sampling can be decomposed as:

Pθ(R, a | I;T) =
tR∏

t=1

Pθ(Rt | R<t, I;T)

︸ ︷︷ ︸
Agentic Reasoning

·

ta∏

t=1

Pθ(at | a<t,R, I;T))

︸ ︷︷ ︸
Action Generation

,

(7)

where T denotes the set of available tools, R is the
reasoning trajectory of length tR, interleaved with
tool-call feedback, and a is the performed action
with length ta.

C.2 Multi-turn Action Prediction Learning

We prove in this section that why we use on-policy
multi-turn rollout for action prediction learning.

Setup. Let π(· | θ) denote the training policy
and µ(· | θ) the rollout (inference) policy. Given a
high-level instruction I , the deployment objective
is

J (θ) = EI∼pI

[
E(a1:T ,T1:T )∼µ(·|I)

[
R(I, a1:T , T1:T )

]]
.

Single-turn Training Mismatch. In single-turn
(ST) training, each step conditions on off-policy
histories H∗

t , yielding

∇̂θJ ST = EI∼pI ,at∼π(·|I,St,H∗
t )[

∇θ log π(at | I, St, H
∗
t )R(I, a1:T , T1:T )

]
.

Evaluation, however, uses self-generated histories
Hπ

t : aπt ∼ µ(· | I, St, H
MT
t ), so that

∇̂θJ ST ̸= ∇θE(aπ1:T ,T π
1:T )∼µ[R(I, aπ1:T , T π

1:T )].

Equivalently,

argmax
θ

Ea1:T∼π[R(I, a1:T )] ̸=

argmax
θ

Eaπ1:T∼µ[R(I, aπ1:T )]

which illustrates the biased gradient and deploy-
ment gap.

Multi-turn Training Alignment. Multi-turn
(MT) training conditions on self-generated histo-
ries Hπ

t at each step, producing full trajectories
(aπ1:T , T π

1:T ) ∼ µ(· | I) and the gradient estimator

∇̂θJMT = EI∼pI

[ T∑

t=1

∇θ log µ(a
π
t | I, St, H

π
t )

R(I, aπ1:T , T π
1:T )

]
.

By aligning training histories with rollout histories,
MT training better approximates the deployment
objective:

argmax
θ

E(aπ
1:T

,T π
1:T

)∼µ[R(I, aπ
1:T )] ≈ argmax

θ
J (θ)

reducing the train–inference mismatch.

Conclusion. Single-turn training suffers from
biased gradients due to off-policy histories H∗

t ,
whereas multi-turn training uses self-generated his-
tories Hπ

t , leading to more consistent and stable op-
timization toward deployment-time performance.

C.3 Decoupled Sampling in RL Training
We consider the policy gradient

∇θJ (θ) = E
[
A(I, T , a)

(
∇θ logPθ(T | I)

+∇θ logPθ(a | T , I)
)]
.

where A(·) denotes the advantage function.

Tool-learning instructions. For I ∼ DRL
tool, tool

calls are supervised and consistent across trajec-
tories. Conditioned on a fixed tool T , the action
distribution Pθ(a | T , I) becomes highly concen-
trated, yielding a small action-level advantage:

Ea∼Pθ(·|T ,I)

[
|A(I, T , a)|

]
≈ 0.

As a result, the action-related gradient term con-
tributes negligibly and can be ignored when esti-
mating the policy gradient.

Progress-learning instructions. For I ∼
DRL

action, no tool is required and we explicitly fix
the tool set to T = None in the prompt. In this
case, the policy reduces to action generation only,
and the gradient simplifies to

∇θJprog(θ) = E[A(I, None, a)∇θ logPθ(a | I)]

where rewards and advantages are computed solely
based on task progress.
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Figure 11: Action Type Distribution
of DRL

action.
Figure 12: Trajectory Length Distri-
bution of DRL

action.
Figure 13: Tool Type Distribution of
DRL

tool.

D Data Description

D.1 Training Dataset
DRL

action Composition. Figures 11 and 12 illus-
trate the distributions of action types and trajec-
tory lengths across 2000 training trajectories in
DRL

action, respectively. Among action types, CLICK is
the most prevalent, followed by TERMINATE, which
consistently serves as the final action in all success-
fully completed trajectories, and SWIPE. In terms
of trajectory length, most trajectories comprise be-
tween 5 and 9 interaction steps. We provide some
cases below,

Open the Zoho Meet app, view the
scheduled meetings.↪→

Go to the mobile category after closing
the pop up and browse the products.↪→

Check out all of the suggested products
and compare pricing because I'm
looking for a budget friendly sofa.

↪→

↪→

I want to view the recipe for Welsh
Cakes in the kitchen stories app.↪→

Open the Yahoo Mail App, Select the
Starva Mail and Unmark an Email as
read.

↪→

↪→

If I lose connection to the internet, I
want to make the agents.txt file
accessible offline in Google Drive
so that I can readily access it.

↪→

↪→

↪→

I want to share "Oscar and the wolf
-somebody wants" music to my friend
karin.iversen@example.com via gmail.

↪→

↪→

In the HealthifyMe app, view your today
activity↪→

Add paintings to cart on the Rtistiq
app.↪→

Set 10 minutes before notification for
the birthday event in gmail calendar↪→

Im going to Deutsches Museum from Ulm
city, so get the traffic update on
the route of the Deutsches Museum
from my location.

↪→

↪→

↪→

I want to search for some interesting
activities in Hawaii.↪→

Open the TickTick app and mark microsoft
training update classes as complete.↪→

I want to read the reviews of the Nike
Fly.By Mid 3 shoe in the Nike app.↪→

Search for Kayak mail in gmail app.
Use the gmail address

karin.iversen@example.com to send
Karin information about the bus that
leaves at 1:55 a.m.

↪→

↪→

↪→

In the Simple Habit app, In order to
improve my meditation, I would like
to listen to the sound of ocean.

↪→

↪→

DRL
tool Composition. The dataset DRL

tool is con-
structed using GPT-4o and includes 170 memory-
intensive queries, 80 calculation-required queries,
and 350 tasks requiring no tool usage, as illustrated
in Figure 13. We also provide some cases below,

How much would it cost to buy two pairs
of Nike Fly.By Mid 3 shoes, and
which option is more budget-friendly
compared to similar models?

↪→

↪→

↪→

Among the suggested sofas, which one is
the most budget-friendly based on
their prices and features?

↪→

↪→

What is the total price after adding the
Rockrider City Cycle Btwin bicycle
to my cart, including any applicable
discounts?

↪→

↪→

↪→

What is the total cost of all selected
paintings added to the cart in the
Rtistiq app?

↪→

↪→
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Figure 14: Tool Type Distribution
of Tool-call-Test.

Figure 15: Difficulty Level Distri-
bution of AndroidWorld.

Figure 16: Difficulty Level Distri-
bution of MemGUI-Bench.

What is the cheapest available flight
from Knoxville to Hawaii, and how do
prices vary across different dates?

↪→

↪→

What is the estimated travel time and
cost when traveling from Los Angeles
to Oakland by train?

↪→

↪→

What are the available bus options from
Amsterdam Centraal to Rotterdam
Centraal on October 26, and how long
does each trip take?

↪→

↪→

↪→

How long will it take to travel from Ulm
to the Deutsches Museum based on
current traffic conditions?

↪→

↪→

How much earlier will I be notified if I
set the calendar reminder to 10
minutes before the birthday event?

↪→

↪→

Which file was made available offline in
Google Drive when preparing for loss
of internet connection?

↪→

↪→

Which music track was shared via Gmail,
and to which recipient was it sent?↪→

Which bus departure information was sent
to karin.iversen@example.com?↪→

What route and traffic conditions were
shown for traveling from Ulm to the
Deutsches Museum?

↪→

↪→

Which activities were shown after
searching for things to do in
Hawaii?

↪→

↪→

Which Microsoft training classes were
marked as complete in the TickTick
app?

↪→

↪→

What account or session status was shown
after signing out of the Babbel app?↪→

Training Details. We train Qwen2.5VL-7B with
TIPO for 50 steps on 8 A100 GPUs. Each batch
samples 16 prompts, with 8 rollouts per prompt.

We define the maximum response length as 12288
tokens and learning rate as 1× 10−6.

D.2 Evaluation Dataset
Tool-call-Test. As shown in Figure 14, the Tool-
call-Test subset consists of 1000 tasks generated
using GPT-4o and is carefully aligned with DRL

tool in
terms of task-type distribution.

AndroidWorld vs MemGUI-Bench. As illus-
trated in Figures 15 and 16, more than half of the
tasks in AndroidWorld are categorized as Easy.
In contrast, MemGUI-Bench contains a substan-
tially larger proportion of challenging tasks, with
the distribution of Easy, Medium, and Hard tasks
being nearly uniform (approximately 1:1:1). Fur-
thermore, MemGUI-Bench exhibits a much longer
average trajectory length, requiring 36.2 optimal
steps on average, which significantly exceeds that
of AndroidWorld (8.4 steps), as shown in Figure 17.
Despite the increased task difficulty and longer in-
teraction horizons, our UI-Copilot-7B achieves an
accuracy of 20.3% on MemGUI-Bench and 39.1%
on AndroidWorld, demonstrating robust and rela-
tively balanced performance across benchmarks of
varying complexity.

Figure 17: Golden steps comparison between Android-
World and MemGUI-Bench.
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Models ScreenSpot AC-Low AC-High GUI Odyssey
V2 Pro Avg TM GR SR TM GR SR TM GR SR

Closed-source Models
GPT-4o (Hurst et al., 2024) 18.3 0.8 9.6 74.3 0.0 19.4 66.3 0.0 20.8 34.3 0.0 3.3
Claude-CU (Anthropic, 2024) 83.0 17.1 50.1 74.3 0.0 19.4 63.7 0.0 12.5 60.9 0.0 3.1
Open-source Models
OS-Atlas-4B (Wu et al., 2024) 71.9 3.7 37.8 91.9 83.8 80.6 49.0 49.5 22.8 49.6 34.6 20.3
OS-Atlas-7B (Wu et al., 2024) 84.1 18.9 51.5 93.6 88.0 85.2 57.4 54.9 29.8 60.4 39.7 27.0
Qwen2.5VL-3B (Bai et al., 2025) 80.9 28.7 54.8 62.0 74.1 59.3 47.8 46.5 38.9 37.4 26.5 26.7
Qwen2.5VL-7B (Bai et al., 2025) 89.0 28.7 58.9 83.4 87.0 62.5 62.2 72.5 52.7 67.4 56.3 52.4
SeeClick (Cheng et al., 2024) 55.1 1.1 28.1 93.0 73.4 75.0 82.9 62.9 59.1 71.0 52.4 53.9
UI-R1-3B (Lu et al., 2025b) 85.4 17.8 51.6 79.2 82.4 66.4 57.9 55.7 45.4 52.2 34.5 32.5
UI-R1-7B (Lu et al., 2025b) 90.0 33.5 61.8 86.6 83.7 69.7 72.4 62.8 54.2 67.1 41.3 43.5
GUI-R1-3B (Luo et al., 2025a) 85.0 28.6 56.8 83.7 81.6 64.4 58.0 56.2 46.6 54.8 41.5 41.3
GUI-R1-7B (Luo et al., 2025a) 88.2 31.3 59.8 85.2 85.4 66.5 71.6 65.6 51.7 65.5 43.6 38.8
OS-Genesis-7B (Sun et al., 2024) – – – 90.7 – 74.2 65.9 – 44.4 11.7 – 3.6
Aguvis-7B (Xu et al., 2024) 81.8 22.9 52.4 93.8 – 89.4 65.6 – 54.2 26.7 – 13.5
NaviMaster-7B (Luo et al., 2025b) – – – – 93.9 69.5 72.9 – 54.0 64.4 – 36.9
PAL-UI-3B (Liu et al., 2025d) – – – – – – 60.4 58.7 49.3 56.7 36.9 34.6
PAL-UI-7B (Liu et al., 2025d) – – – – – – 71.3 70.5 57.8 65.1 46.8 41.7
UI-AGILE-3B (Lian et al., 2025) 88.6 37.9 63.3 85.4 87.6 74.3 78.6 60.7 56.8 – – –
UI-AGILE-7B (Lian et al., 2025) 92.1 44.0 68.1 87.7 88.1 77.6 80.1 61.9 60.6 – – 37.0
UI-S1-7B (Lu et al., 2025c) 90.1 30.6 60.4 92.2 89.3 89.2 79.9 73.4 68.2 76.3 61.7 59.5
AgentCPM-GUI-8B (Zhang et al., 2025b) – – – 94.4 – 90.2 77.7 – 69.2 90.8 – 75.0
UI-TARS-7B (Qin et al., 2025) 91.6 35.7 63.7 95.2 89.3 91.8 83.7 80.5 72.5 94.6 90.1 87.0
Ours 7B Models
UI-Copilot-7B 90.0 31.6 60.8 93.6 88.2 89.2 82.9 72.2 71.8 74.5 63.8 57.2

Table 4: Model Comparison on Single-turn Benchmarks.

E Supplementary Results

Single-turn Benchmarks Single-turn tasks eval-
uate the grounding capability and GUI Under-
standing capability of the end-to-end GUI model
in conversations without historical context. We
use ScreenSpot-V2 (Cheng et al., 2024) and
ScreenSpot-Pro (Li et al., 2025a) to evaluate the
grounding ability. We also adopt AndroidControl-
Low, AndroidControl-High (Li et al., 2024) and
GUI Odyssey (Lu et al., 2024), for comprehen-
sive GUI understanding evaluation. The action
type match accuracy (TM), grounding accuracy
rate (GR) and step success rate (SR) are reported.

Single-turn Performance. Table 4 demonstrates
that UI-Copilot-7B maintains competitive single-
turn performance. Compared to the base model,
UI-Copilot-7B achieves consistent improvements,
with gains of +19.1% on AC-High SR and +4.8%
on GUI Odyssey SR. Notably, although models
trained with single-turn RL (e.g., AgentCPM-GUI-
8B) excel on single-turn tasks, they struggle with
multi-turn execution (only 16.4% on Android-
World). This performance gap can be attributed to
two primary factors: (1) a mismatch between the
training and the evaluation dynamics, particu-
larly regarding whether the the historical context is

on-policy or not (see Appendix C); and (2) overfit-
ting to local reward signals, leading to ignorance
of global training objectives.

Pass@k Validation. We evaluate UI-Copilot-7B
’s pass@k accuracy (k=1,2,3,4) in Figure 18, under
the setting without cross-session long-term mem-
ory. The results indicate that increasing k consis-
tently improves performance, as larger k provides
more opportunities to succeed in the presence of in-
stability in dynamic online environments. Notably,
UI-Copilot-7B exhibits stronger pass@k scaling be-
havior than Qwen2.5VL-7B on MemGUI-Bench,
highlighting its superior potential for long-horizon
tasks.
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Figure 18: Pass@k validation on AndroidWorld-
Verified (60 tasks) and MemGUI-Bench-Verified (55
tasks).
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Tool Distribution. Figure 19a and Figure 19b il-
lustrate the tool usage distributions of Qwen2.5VL-
7B and UI-Copilot-7B. Overall, higher tool usage
is strongly correlated with increased task difficulty,
with MemGUI-Bench emerging as the most chal-
lenging benchmark and MiniWob++ as the easi-
est. Across all benchmarks, Retriever is invoked
more frequently than Calculator. After apply-
ing TIPO, the overall frequency of tool invocation
is slightly reduced, indicating more efficient and
deliberate tool utilization.

Tool Error Type Analysis. Figure 20 compares
the distributions of tool invocation error types for
Qwen2.5VL-7B and UI-Copilot-7B on MemGUI-
Bench-Verified. Compared to the base model, UI-
Copilot-7B exhibits fewer tool type errors and exe-
cution errors, highlighting the improved reliability
of tool invocation.

(a) Qwen2.5VL-7B (b) UI-Copilot-7B

Figure 19: Tool Type Distribution on AndroidWorld-
Verified, MemGUI-Bench-Verified, and MiniWob++.

Figure 20: Error Type Analysis of Tool Invocation.

F More Cases

F.1 Successful Cases
Vanilla Execution. Figure 21 illustrates a case
from MemGUI-Bench that does not require any
tool invocation. Over six interaction steps, the
agent successfully completes the search task by
sequentially opening the target application, nav-
igating to the correct section, and accessing the

desired view, demonstrating its capability for co-
herent multi-turn execution without external tools.

Numerical Calculation. Figure 22 presents a
MemGUI-Bench example involving mathemati-
cal computation. At step 12, the agent first re-
trieves the stock price and revenue growth rate,
then invokes the Calculator to compute price × (1
+ growth_rate). The returned result, 306.89, ex-
actly matches the ground-truth answer, validating
the agent’s ability to correctly delegate and inte-
grate numerical reasoning via tool calling.

Memory Retrieval. Figure 23 shows two
memory-intensive cases, one from AndroidWorld
(top) and one from MemGUI-Bench (bottom).
Both tasks require the agent to retain critical in-
formation from early interaction steps and utilize it
for form filling in later stages, posing a challenge
for long-horizon memory management. In both
scenarios, the agent successfully invokes the Mem-
ory Retriever (Qwen3-4B) with the task goal and
locally stored history, and accurately retrieves es-
sential information (e.g., top-3 drivers’ points and
age) to complete the tasks.

F.2 Failed Cases
Reasoning Hallucination. As shown in Fig-
ure 24, UI-Copilot-7B fails to complete a maze
navigation task that requires moving an object (X)
to the bottom-right cell. At step 5, the object is
located in the top-left cell, with a black barrier im-
mediately below. Despite this visual constraint, the
agent repeatedly plans and executes the Down ac-
tion, resulting in a loop of incorrect behavior. This
failure highlights limitations in visual perception
and spatial reasoning.

Progress Hallucination. Figure 25 illustrates a
case where UI-Copilot-7B exhibits progress con-
fusion during multi-turn execution. The agent mis-
interprets the current task state and attempts to
change the country, which is unrelated to the active
sub-goal. As a result, the task terminates prema-
turely and is considered a failure.

Action Inconsistency As shown in Figure 26,
UI-Copilot-7B ’s internal plan indicates an inten-
tion to continue reviewing remaining transactions.
However, it unexpectedly executes the terminate
action, ending the task. This discrepancy between
planning and execution reveals limitations in action
consistency and reflective control.
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Figure 21: Successful Cases: Vanilla Rollout without tool usage.

Figure 22: Successful Cases: Tool-Integrated Rollout with Math Calculator.

19758



Figure 23: Successful Cases: Tool-Integrated Rollout with Memory Retriever.
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Figure 24: Bad Cases: Reasoning Hallucination.

Figure 25: Bad Cases: Progress Confusion.

Figure 26: Bad Cases: Action Inconsistency.
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Prompt for UI-Copilot-7B.

You are a GUI agent. You are given a task and your action history, with screenshots. You need
to perform the next action to complete the task with the help of tools.↪→

# Output Format
<tool> ... </tool>
<result> ... </result>
<think> ... </think>
<action> ... </action>
<summary> ... </summary>

# Tool Space

You can call the following tools, and the results are returned into `result` part:
- Calculator: Perform mathematical and numerical computations.
- Retriever: Retrieve valuable information from historical screenshots.
- None: Directly perform action without the need of tools.

# Action Space

You can perform the following actions:
- key: Perform a key event on the mobile device using adb's `keyevent` syntax.
- click: Click the point on the screen with specified (x, y) coordinates.
- long\_press: Press the point on the screen with specified (x, y) coordinates for a specified

number of seconds.↪→
- swipe: Swipe from starting point with specified (x, y) coordinates to endpoint with specified

(x2, y2) coordinates.↪→
- type: Input the specified text into the activated input box.
- answer: Output the specified answer.
- system\_button: Press the specified system button: Back, Home, Menu, or Enter.
- open: Open an application on the device specified by text.
- wait: Wait for a specified number of seconds for changes to occur.
- terminate: Terminate the current task and report its completion status: success or failure.

The arguments you can use are:
- coordinate: (x, y): The x and y pixels coordinates from the left and top edges.
- coordinate2: (x, y): The x and y pixels coordinates from the left and top edges for the
endpoint of a swipe.
- text: Text input required by actions like `key`, `type`, `answer`, and `open`.
- time: The time in seconds required by actions like `long\_press` and `wait`.
- button: System buttons available for pressing: Back, Home, or Enter. Possible values: Back,

Home, Menu, Enter.↪→
- status: The completion status of a terminated task. Possible values: success, failure.

# Example Output

<tool>Calculator</tool>
<result>...</result>
<think>...</think>
<action>{"action": "key", "text": "<value>"}
<summary> I have finished ... </summary>

# Note
- Format your output as a JSON object with the selected action and its arguments at the same

level.↪→
- Write the summary of your current progress in `summary` part.
- Plan the task and explain your reasoning step-by-step in `think` part.
- Write your action in the `action` part according to the action space.
- If the query asks a question, please answer the question through the answer action before

terminating the process.↪→
- Swipe the screen to find the File Manager app if needed.

# User prompt:
User Instruction:

# Assistant prompt
History Summary:

Figure 27: Prompt for UI-Copilot-7B.
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Prompt for Retriever.

You are a GUI assitant for memory retriever. Given the task intruction and the interaction
history, you need to provide all the information helpful for the task.↪→

The overall task instruction is: '{task}'. The history information is as follows.

# History Information
step 1: '{step_1}'
step 2: '{step_2}'
...

Output the thinking process in the `think` part and the information summary in `answer` part.
# Example Output
<think>...</think> <answer> The five numbers displayed are 10,9,6,5,5. </answer>

The output format should be <think> ... </think> <answer> </answer>. Please strictly follow the
format.↪→

Figure 28: Prompt for Retriever.

Prompt for Calculator.

You are a GUI assistant for numerical calculation. Given the task instruction and the
interaction history, you need to write executable python code to support numerical
calculation.

↪→
↪→
The overall task instruction is: '{task}'. The history summary is as follows.

# Interaction History
step 1: '{step_1}'
step 2: '{step_2}'

Output the thinking process in `think` part and the executable python code in `python` part.

# Note

- You must directly output executable Python code in the <answer> section.

- The code should be self-contained, deterministic, and ready to execute without any additional
explanation.↪→

# Example Output
<think>
The task requires multiplying a list of numbers together.I will define a function in Python to

compute the product accurately.↪→
</think>
<python>
def product(nums):

result = 1
for n in nums:

result *= n
return result

nums = [10, 9, 6, 5, 5]
print(product(nums))
</python>

The output format should be <think> ... </think> <python> ... </python>. Please strictly follow
the format.↪→

Figure 29: Prompt for Calculator.
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