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ABSTRACT

Automating GUI tasks remains challenging due to layout complexity, element
density, and intent ambiguity, which requires effective and efficient reasoning to
facilitate each operation. Existing agents typically employ a uniform chain-of-
thought (CoT) reasoning process for all actions, a one-size-fits-all approach that
incurs unnecessary computational overhead and even performance degradation on
trivial steps. To address this, we introduce AdaGUI-R1, a GUI agent that pio-
neers a difficulty-aware reasoning paradigm by dynamically modulating its rea-
soning depth based on action complexity. Our methodology consists of reason-
ing inducing and reasoning enhancing. During reasoning inducing, we introduce
a self-supervised mechanism to generate high-quality, difficulty-aware reasoning
trajectories. Fine-tuning on this curated data endows the agent with the fundamen-
tal capability to adjust its reasoning depth according to action complexity. Subse-
quently, Group Adaptive Policy Optimization (GAPO) algorithm is implemented
to enhance reasoning performance. It leverages an adaptive thought reward to
encourage thinking on challenging steps, and a novel exploration reward with a
difficulty-aware Gaussian bandwidth to improve action accuracy. Extensive exper-
iments demonstrate that AdaGUI-R1 sets a new state-of-the-art. It concurrently
reduces unnecessary reasoning tokens by 40% while improving action accuracy
by 5%, underscoring the power of adaptive reasoning in GUI automation.
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Figure 1: AdaGUI-R1 embodies a human-like adaptive reasoning paradigm: it “thinks less” for easy
steps and “thinks more” for hard ones, establishing a new state-of-the-art in efficiency (left). Within
a specific trajectory with 12 steps, the number of reasoning token for each step is demonstrated
starting from 12 o’clock clockwise, where step difficulty (the lower, the easier) is illustrated with
different color (right). Our method reduces the number of reasoning tokens compared to models
applying uniform-reasoning mechanism.

1 INTRODUCTION

By simulating the way users engage with graphical interfaces on phones, mobile GUI automation
transforms manual processes into self-executing sequences, including steps like clicking buttons,
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typing texts, scrolling screens, etc. With the help of mobile GUI automation, manual operations
can be replaced and the efficiency of completing a task is improved. A few works have explored to
achieve mobile GUI automation by constructing GUI Agents with elaborately annotated data. They
typically map user instructions and pixels to actions such as CLICK(x, y) or TYPE(text). However,
their fundamental drawback lies in the absence of any explicit intermediate reasoning step, not
articulating why the predicted action is appropriate. Consequently, these agents remain opaque
“black-box”: when they succeed, we cannot verify whether the choice was driven by genuine task
understanding or spurious pixel correlations; when they fail, we receive no diagnostic trace beyond
a mis-predicted action.

Inspired by DeepSeek-R1 (Guo et al., 2025; Shao et al., 2024), some researchers seek to guide the
reasoning capability about the environment and actions in GUI agents using Group Relative Policy
Optimization (GRPO). GUI-R1 (Luo et al., 2025) achieves contextual action prediction and verifi-
able reward-driven learning by designing a rule-based unified action space reward function among
different platforms. InfiGUI-R1 (Liu et al., 2025) introduces sub-goal guidance and error recov-
ery scenario construction to enhance reasoning for both planning and reflecting. Mobile-R1 (Gu
et al., 2025) employs interactive multi-turn reinforcement learning with task-level rewards to en-
hance the exploration and error correction capabilities of GUI agents. MobileGUI-RL (Shi et al.,
2025) proposes trajectory-aware policy optimization along with multi-component rewards to main-
tain a balance between task success rate and execution efficiency.

Despite dedicated efforts, these methods encourage reasoning equally in all steps without consider-
ing the significant differences of the step difficulty within a task. This uniform-reasoning strategy
inevitably drags down not only efficiency, but also success rate in some cases (shown in Fig. 1). The
performance degradation caused by uniform reasoning may be due to the following factors: 1) Some
steps are trivial, such as clicking a clearly visible button or typing a piece of text. Yet they are forced
through the same lengthy reasoning routine as steps that demand multi-conditional logic judgment,
bringing about the risks of triggering over analysis and erroneously activating semantic associations
of the model. 2) Some steps require only a straight-forward screenshot perception, whereas others
need to integrating the task history to decide what to do next. Treating both cases identically wastes
time on the easy ones and shortchanges the hard ones, dragging down both speed and accuracy.

To address the above limitations, we propose AdaGUI-R1, a GUI agent with difficulty-aware rea-
soning. Specifically, we first seed the agent with reasoning capability through supervised fine-tuning
on a curated set of elaborate data, and further refine the reasoning capability with specially designed
Group Adaptive Policy Optimization (GAPO) via difficulty-related rewards. To start with, each step
in GUI automation tasks is evaluated by a pre-trained vision-language model to assess its difficulty.
For steps that are marked as hard, we expand their original answers from bare Action to rich Think-
Action pairs: the agent first emits an explicit Chain-of-Thought (CoT) that spells out why a specific
action is necessary, then appends the concrete parseable Action. We employ a self-supervised CoT
generation mechanism that yields reliable reasoning for actions and ensures the consistency between
the reasoning and the final action to be executed. For steps that are marked as easy, their answers
are simple prefixed “None” Think before the original Action. After the agent initially learns the rea-
soning paradigm, we enhance the difficulty-aware reasoning via reinforcement fine-tuning. During
rollouts of each step, we calculate the difficulty by assessing the success rate within a group. Adap-
tive thought and action reward are applied for optimization based on the assessed difficulty. For steps
tagged as high-difficulty, we grant a generous bonus whenever the agent produces a thoughtful CoT
that ultimately leads to success, and an equally large penalty if it skips reasoning and fails. Con-
versely, for low-difficulty steps, we reward concise answers and lightly penalize answers with heavy
deliberation, even when correct. Through the carefully designed pipeline, our GUI agent learns
to think only when it truly matters, boosting both efficiency and task success. Furthermode, the
adaptive action reward dynamically adjusts reward distributions based on action complexity, where
simple actions require precise execution while complex actions benefit from broader exploration.

Our key contributions are summarized as follows:

• We introduce AdaGUI-R1, a mobile GUI agent that supports reasoning adaptively based
on step difficulty. Benefiting from difficulty-aware reasoning, our method reduces the in-
ference cost and increases the success rate of completing a GUI automation task.

• To ensure the quality of CoT during the initial injection of reasoning paradigm into our GUI
agent, we devise a self-supervised CoT generation mechanism. This process is achieved by
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using a pre-trained general multi-modal large language model without requiring any extra
human labor, effectively ensuring the consistency between CoT and action to be executed.

• A novel Group Adaptive Policy Optimization algorithm for GUI automation tasks is pro-
posed, which leverages difficulty-dependent thought reward as well as action exploration
reward to encourage adaptive and accurate reasoning in reinforcement fine-tuning.

2 RELATED WORKS

Mobile GUI Agent Mobile GUI Agents have evolved from API-dependent systems to vision-
language model (VLM)-based agents capable of human-like interaction. Early systems like AppA-
gent (Zhang et al., 2025a; Jiang et al., 2025) focused on low-level rendering and limited functional-
ity but struggled with generalization and unseen scenarios. Subsequent research integrated VLMs to
perform GUI tasks, a series of improved GUI VLMs (Cheng et al., 2024; You et al., 2024; Li et al.,
2024b; Papoudakis et al., 2025; Hong et al., 2024; Lin et al., 2024) are proposed to facilitate end-
to-end action prediction with fundamental GUI perception. Meanwhile, multi-agent frameworks
like Mobile-Agent (Wang et al., 2024) have introduced collaborative modules for perception, plan-
ning, memory, and execution, significantly improving generalization and accuracy in dynamic GUI
environments (Rawles et al., 2024) .

Reinforcement learning (RL) has further augmented the reasoning capacities of GUI agents.
DeepSeek-R1 (Guo et al., 2025; Shao et al., 2024) pioneered an RL framework aimed at strength-
ening reasoning in language models, inspiring a series of RL-enhanced GUI models including UI-
R1 (Lu et al., 2025), GUI-R1 (Luo et al., 2025), and InfiGUI-R1 (Liu et al., 2025), each improving
action prediction efficiency and task completion rates. GUI-Critic-R1 (Wanyan et al., 2025) ex-
tended this line by incorporating pre-operative error diagnosis, thus reducing execution mistakes
prior to action commitment. A key differentiator among these approaches lies in their reward mech-
anisms: where some emphasize single-step accuracy, others, such as InfiGUI-R1, promote delibera-
tive reasoning over reactive decision-making. Reward designs also vary considerably ranging from
distance-based and IoU rewards in SE-GUI (Yuan et al., 2025) to more sophisticated grounding ob-
jectives in GUI-G2 (Tang et al., 2025)—directly influencing agents’ generalization across diverse
and complex mobile environments.

Adaptive Reasoning Growing computational demands and the prevalence of overthinking in rea-
soning models have motivated research into more efficient reasoning paradigms. A prominent line
of work introduces adaptive reasoning mechanisms that modulate the depth of inference based on
input complexity or model confidence. Zhang et al. (2025b) proposed AdaptThink, which uses
proximal policy optimization (PPO) to supervise a policy that switches between no-thinking and
thinking modes, effectively mitigating overthinking in language models. Similarly, AdaCoT (Lou
et al., 2025; Huang et al., 2025) introduced an adaptive chain-of-thought approach that dynami-
cally scales reasoning length according to perceived task difficulty. Follow-up work by Huang et al.
(2025) extended this idea with reinforcement learning to trigger CoT only when beneficial. Further
advancing this concept, ThinkSwitcher (Liang et al., 2025) trained a gating network to decide in real
time whether to continue reasoning or halt, achieving improved efficiency without compromising
performance. Waheed et al. (2025) score problem difficulty 1–10, compress CoT length to match,
and distill with SFT+DPO. Yu et al. (2025) frame the same choice as a budget-allocation game,
learning to lavish compute on hard queries and quit early on easy ones based on logits expectation.
Wang et al. (2025) rank questions inside mini-batches to obtain a difficulty score and adaptively pick
the number of sampled paths. Han et al. (2025) simply prompt the LLM to predict the minimal token
budget before it starts. Aggarwal et al. (2023) early-stop majority voting once confidence (logits) is
high, while Damani et al. trains a light helper that forecasts the marginal value of one more sample.
Across methods, the recipe is identical: estimate difficulty, then spend just enough compute to get
the answer. These methods are based on LLM and can not process visual input, thus they do not
take the additional complexity brought by visual perception into account.

Our method focus on GUI automation and the definition of difficulty for adaptive reasoning differs
from the above methods in mainly two aspects: 1) We determine the difficulty level based on the
capabilities of the base model itself instead of relying on the inference of closed-source models or
existing definitions in the dataset. 2) Under the circumstance of GUI instead of text only, a high
logits only indicates a high level of confidence in the model’s prediction, and does not necessarily
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Figure 2: An overview of AdaGUI-R1. Adaptive CoT Fine-tuning initializes the agent with adaptive
reasoning capabilities via supervised fine-tuning on a curated dataset including easy and hard steps.
Subsequently, Group Adaptive Policy Optimization refines the agent’s think and action ability via
reinforcement fine-tuning using a adaptive thought reward as well as action exploration reward.

mean that the predicted action is correct. Our difficulty of a single step comes from the combined
confidence level of image and text, which is more in line with real GUI interaction.

3 METHODS

In this section, we first introduce the effective GRPO algorithm in reinforcement fine-tuning as
preliminary in Sec. 3.1, and then define the difficulty for steps as our foundation in Sec. 3.2. Later,
we elaborate on how we induce the reasoning paradigms in Sec. 3.3, and further enhance reasoning
capability via GAPO in Sec. 3.4. Our method is illustrated in Fig. 2.

3.1 PRELIMINARY

Group Relative Policy Optimization (GRPO) (Guo et al., 2025) is a reinforcement learning al-
gorithm designed for training large language models, aiming to enhance model performance on
complex tasks by optimizing the policy. The core idea of GRPO is to estimate the relative advantage
of each response within a group of responses to the same query, thereby eliminating the need for a
value function. The optimization objective can be expressed as:

JGRPO(θ) = Eq∼P (Q),{oi}G
i=1∼πθold

(O|q)

1

G

G∑
i=1

(
min

(
πθ(oi|q)
πθold(oi|q)

Ai,t, clip
(

πθ(oi|q)
πθold(oi|q)

, 1− ϵ, 1 + ϵ

))
− βDKL(πθ||πref )

)
(1)

where q denotes the query, D is the data distribution, G is the number of responses generated for each
query, oi is the i-th response, πθold is the old policy, πθ is the current policy, Ai,t is the advantage of
the i-th response at position t, and ϵ is the clipping range. DKL(πθ||πθold) denotes the KL penalty.
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3.2 DIFFICULTY DEFINITION

Instead of relying on human annotators, we employ a pre-trained visual-language model to quantify
the intrinsic difficulty of every step within a given task. Let the current GUI automation task be
defined by a user query Q and a set of screenshots {Ii}. At step s, the model is prompted with
the concatenated context P = [Q; Is; {a0, a1 ..., as−1}], where ai denote previous action in step
i. Given P , we perform N independent forward passes with temperature-τ sampling, yielding the
action set (N is set to 10 empirically):

As = {ajs}Nj=0, ajs ∼ model(·|P, τ). (2)

By comparing these predicted actions against the ground-truth action, we can compute a simple
accuracy score ρs for step s:

ρs =
1

N

N∑
j=0

1[ajs = agts ], (3)

where agts is the ground-truth action. A discrete difficulty level ℓ ∈ {1, . . . , 5} is assigned via:

ℓ(ρ) = 5−max(0, ⌈5ρ⌉ − 1) with ρ ∈ [0, 1]. (4)

Empirically, steps with a difficulty level less than or equal to 3 are classified as “easy”, while those
with a level greater than 3 are categorized as “hard”. In this way, model’s own uncertainty is mani-
fested through prediction disagreement, acting as a principled proxy for step difficulty.

3.3 INDUCING REASONING PARADIGM VIA ADAPTIVE COT FINE-TUNING

Since the difficulty in GUI automation tasks varies among steps, we encourage the model to think
more in hard steps and less in easy steps when reasoning. To seed the initial difficulty-aware rea-
soning capability into our GUI agent, we must first teach it “how” and “when” to generate CoT. We
therefore curate some annotated data in which every hard step is paired with full CoT why an action
should be executed, and simple steps are paired with empty CoT for format alignment. (Note that
“model” in Eq. 2 is our base model in this stage.) Next, we introduce our method of obtaining full
CoT via self-supervised CoT generation.

Rather than naively distilling the first-pass CoT generated by a multi-modal large language model,
we introduce a self-supervised pipeline for CoT generation, thereby yielding higher-quality supervi-
sory data for inducing reasoning paradigm of our GUI agent. We first feed the user query Q together
with the current screenshot I into a multi-modal large language model and provide the ground-truth
next action agt as an explicit hint. Conditioned on this hint, the model is then asked to generate the
first-pass CoT Tinit that would rationally lead to conducting that action. Subsequently, the first-pass
CoT Tinit is injected as an in-context prompt, enabling the multi-modal large language model to
predict the next action apred conditioned on both the user query Q and the current screenshot I .
Next, the predicted action apred is then compared with the ground-truth one agt. The multi-modal
large language model is prompted to assess their equivalence; if they match, the first-pass CoT Tinit

is retained, otherwise the model re-analyses the user instruction, the current screenshot, and the mis-
match, and outputs a revised CoT that replaces the previous one as output. We show our intuitive
implementation in Algorithm 1.

With this self-supervised CoT generation mechanism, we obtain the content of Think for hard steps.
And we simply left Think blank for easy steps. Thus, the answer of training data can be expand
from bare Action to Think-Action pairs. The Think-Action pairs are then distilled into our GUI agent
via supervised fine-tuning, through which our GUI agent learns explicit reasoning. In this way, the
trained agent learns to generate CoT when the current step is hard and directly predict action when
the current step is easy. Our initially trained agent then becomes the foundation on which later
difficulty-aware reinforcement refinements are built.

3.4 ENHANCING REASONING VIA GROUP ADAPTIVE POLICY OPTIMIZATION

In mobile agent reinforcement learning, algorithms like GRPO (Guo et al., 2025) are commonly
used to optimize policies based on step-level rewards. However, conventional reward mechanisms

5
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Algorithm 1 Self-Supervised CoT Generation

Input: User query Q; current screenshot I; ground-truth action agt.
Output: CoT Tfinal.
Model: Multi-modal large language model (MLLM).

1: Tinit ∼ MLLM(Q, I, agt) ▷ Generate first-pass CoT based on ground-truth action
2: apred ∼ MLLM(Q, I, Tinit) ▷ Generate prediced action based on first-pass CoT
3: judgement ∼ MLLM(agt, apred) ▷ Obtain equivalence as true/false
4: if judgement is true then
5: Tfinal ← Tinit ▷ Keep first-pass CoT
6: else
7: Tfinal ∼ MLLM(Q, I, agt, apred, Tinit) ▷ Reanalyse and modify CoT
8: end if
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culty, explicitly represented by σ values.

face two significant challenges. First, redundant thinking processes often lead to decreased rea-
soning accuracy and efficiency. Second, the binary nature of the action reward (e.g., 1.0 for success,
0 for failure) creates a lack of reward variance. When all successful actions within a sampled
group receive an identical reward of 1.0, the model cannot distinguish between a precise, confident
action and a marginally successful one. This uniform reward signal is particularly problematic for
complex operations where nuanced feedback is essential for effective exploration. To address these
limitations, we propose the Group Adaptive Policy Optimization (GAPO) algorithm, which intro-
duces a more sophisticated and adaptive reward structure including thought and exploration reward.
(Note that “model” in Eq. 2 is our iteratively update model in this stage.)

3.4.1 ADAPTIVE THOUGHT REWARD

In practical use, human do not think or perform equally for every step:

• Intuitive actions (e.g., tapping “Back”, closing the keyboard) are executed almost instantly
with little conscious thought.

• Complex actions (e.g., calibrating a colour-picker, filling a multi-field form) are preceded
by visible hesitation, planning, or mental simulation.

Currently, existing reward-shaping approaches for “think” only impose simple length constraints
on reasoning, lacking alignment with human cognitive patterns and failing to encourage difficulty-
aware reasoning strategies. To bridge this gap, we propose an Adaptive Thought Reward mechanism
that mimics human’s intuition as a differentiable training signal. Its core principle is: Penalize short
thinking for easy operations, encourage long thinking for hard ones.

The adaptive thought reward is computed based on the length t of the thought sequence and the
difficulty level ℓ:
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Rthought(t | ℓ) =


max−(max−min) · 1− cos(πt/T )

2
, ℓ ≤ ℓthr (easy)

min+(max−min) · 1− cos(πt/T )

2
, ℓ > ℓthr (hard)

(5)

where T is a maximum thought length, and min = 0.01, max = 1.0 define the bounded reward
range. As visualized in Fig. 3, this function is smooth, differentiable, and strictly monotonic with
respect to t within the interval [0, T ]. This design encourages the emergence of adaptive thinking
patterns: the policy learns to produce minimal thought for trivial or mastered operations (ℓ ≤ ℓthr),
while engaging in extended reasoning for challenging and error-prone steps (ℓ > ℓthr), effectively
aligning the model’s cognitive effort with the underlying task difficulty. (ℓthr is set to 3 empirically.)

3.4.2 ACTION EXPLORATION REWARD

In GUI task automation, traditional reinforcement learning approaches often suffer from sparse
reward signals , where the agent only receives positive feedback when executing perfectly correct
actions. This sparse reward structure poses significant challenges for learning complex operations.
To address this issue, we introduce an action exploration reward, particularly for prevalent actions
Click. Instead of a uniform reward, this reward is spatially modeled as a difficulty-adaptive Gaussian
distribution centered on the ground-truth coordinates. For easy steps, a narrow Gaussian enforces
high precision. For hard steps, a wider Gaussian provides partial credit for “near misses”, creating a
richer reward landscape that guides the agent to explore more effectively in challenging scenarios.

Difficulty-aware bandwidth We let the kernel width self-adapt to the instantaneous difficulty of
the click step. With the per-step difficulty level ℓ, the adaptive standard deviation is set as

σ(ℓ) = σmin +∆σ · ℓ
5
, ∆σ = σmax − σmin, (6)

where σmin = 0.2 and σmax = 0.8 are normalized with respect to the size of the centered element.

Gaussian exploration reward Let µgt = (xgt, ygt) be the ground-truth center and p =
(xpred, ypred) the predicted click point. The difficulty-conditioned Gaussian reward function
Rpoint(p | ℓ) is defined as follows:

Rpoint(p | ℓ) =

{
exp

(
−∥p−µgt∥2

2σ2(ℓ)

)
, if ∥p− µgt∥ ≤ Nthr;

0, otherwise;
(7)

where the Euclidean distance between the predicted and ground truth positions is calculated as:

∥p− µgt∥2 =
(xpred − xgt)

2

w2
+

(ypred − ygt)
2

h2
. (8)

The Nthr signifies the threshold value representing the relative width of the click operation tolerance,
set to 0.04 empirically. w and h denote the actual width and height of the screen in pixels, respec-
tively. σ(ℓ) represents the standard deviation (or width of the Gaussian) for the Gaussian function,
which varies dynamically with the difficulty level ℓ. Gaussian exploration rewards with various σ(ℓ)
parameters are visually displayed in Fig. 4. For easy steps, they have narrow kernels (σmin) and
sharp peaks, encouraging high precision. For hard steps, they have wide kernels (σmax) and smooth
plateau, providing dense gradients for difficult click operation.

4 EXPERIMENTS

4.1 EXPERIMENTS SETTING

Datasets and Benchmark To reduce computational cost while maintaining benchmark consis-
tency, we use half randomly sampled data from the official training sets of Amex (Chai et al., 2024),
AITZ (Zhang et al., 2024), Android Control (Li et al., 2024a), and GUI Odyssey (Lu et al., 2024).
The total size of our training data is 116.5k. The evaluation is carried out on the official test sets
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Table 1: Experimental results for different models across various datasets. TM and EM refers to
average action type match rate and average action parameter match rate. Tok. represents the average
thinking tokens generated by reasoning models. “-” denotes invalid results. Base-3B and Base-7B
denotes Qwen2.5-VL-3B and Qwen2.5-VL-7B, respectively.

Model GUI Odyssey AITZ Android Control

TM EM Tok. TM EM Tok. TM EM Tok.

Commercial Models
GPT-4o(Achiam et al., 2023) - 20.39 - 70.00 35.30 - - 20.80 -
Claude (Anthropic, 2024) 60.90 - - - - - - 12.50 -
Gemini(Team et al., 2024) - 3.27 - - - - - 60.20 -

General Open-source Models
Qwen2.5-VL-3B(Bai et al., 2025) 60.23 44.65 - 75.14 52.73 - 76.53 60.17 -
Qwen2.5-VL-7B(Bai et al., 2025) 59.54 46.28 - 78.41 54.61 - 75.10 62.90 -

GUI-specific Models (w/o reasoning)
Aguvis-7B(Xu et al., 2024) 26.71 13.54 - 35.71 18.99 - 65.56 54.18 -
OS-Genesis-7B(Sun et al., 2024) 11.67 3.63 - 19.98 8.45 - 65.92 44.43 -
OS-Atlas-Pro-7B(Wu et al., 2024) 91.83 76.76 - 74.13 58.45 - 70.36 56.53 -
OdysseyAgent-7B(Lu et al., 2024) 90.83 73.67 - 59.17 31.60 - 58.80 32.74 -

GUI-specific Models (w reasoning)
GUI-R1-3B(Luo et al., 2025) 56.29 50.10 88.54 50.55 44.35 92.63 52.14 47.95 95.58
InfiGUI-R1-3B(Liu et al., 2025) 74.50 55.02 39.60 70.77 52.88 43.99 71.53 58.04 42.30
GUI-R1-7B(Luo et al., 2025) 63.21 55.26 113.37 56.75 50.47 118.02 57.48 51.88 116.06
UI-TARS-7B(Qin et al., 2025) 86.06 67.90 23.66 80.42 65.77 22.57 75.10 62.90 22.88
AdaGUI-R1-3B 87.10 72.97 7.85 75.89 59.91 8.51 81.91 69.74 8.16
∆ (vs Base-3B) +26.87 +28.32 - +0.75 +7.18 - +5.38 +9.57 -

AdaGUI-R1-7B 89.24 77.88 11.26 78.64 66.62 14.67 82.97 72.40 13.19
∆ (vs Base-7B) +29.70 +31.60 - +0.23 +12.01 - +7.87 +9.50 -

without any modification on three mobile GUI automation benchmarks, including AITZ, Android
Control, and GUI Odyssey. Each benchmark adopts three evaluation metrics: Type Match (TM),
which verifies that the predicted action type agrees with the ground truth, Exact Match (EM), which
further demands that every parameter be predicted without error, and Tok., which counts the number
of average thinking tokens in reasoning models.

Parameter Settings We adopt Qwen2.5-VL-3B and Qwen2.5-VL-7B as our base model of dif-
ferent scales. LoRA (Hu et al., 2022) is applied to fine-tuned the base models, with lora-rank r
and lora-alpha α set to 32 and 64 in adaptive CoT fine-tuning, 8 and 32 in GAPO reinforcement
fine-tuning. The learning rate for two fine-tuning stages are set to 5e−5 and 1e−6 respectively. All
experiments are conducted on 8×NVIDIA A100-80G GPUs.

4.2 MAIN RESULTS

The performance of our models against state-of-the-art baselines is detailed in Tab. 1. As presented
in Tab. 1, our AdaGUI-R1 framework yields consistent and substantial gains over the base models
on all three benchmarks. The results underscore the value of difficulty-aware reasoning for robust
GUI automation. Our method improves the success rate of GUI automation tasks for 3B and 7B
models, with the average success rate increasing from 52.51 to 67.54 at 3B scale. Compared to
GUI-R1 (Luo et al., 2025), which is concurrent work also trained using reinforcement fine-tuning,
our model achieves an over 20-point improvement at 3B scale and an around 20-point improvement
at 7B scale, validating that concentrating reasoning effort on challenging steps not only improves
the accuracy of hard steps, but also avoids the hallucination triggered by introducing over analysis
in easy steps. As for efficiency, AdaGUI-R1, a difficulty-aware reasoning agent, reduces the average
thinking token numbers by 40% compared to other uniformly reasoning models, which can result
in faster inference and shorter user-perceived response times. Overall, our method achieves both
efficient and effective GUI automation by our design of thinking only when necessary.

4.3 ABLATION STUDY

We conduct a series of ablation studies to systematically evaluate the contribution of each key com-
ponent within our AdaGUI-R1 framework. Specifically, we investigate: 1) the effectiveness of
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Table 2: Ablation study of different CoTs and rewards on Android Control benchmark. Using self-
supervised and difficulty-aware CoT along with full rewards shows the best performance.

Model Android Control
EM ∆EM Tok. RatioTok.

AdaGUI-R1-7B (Full) 72.40 - 13.19 -
CoT Ablation

-w/o self-supervised CoT 65.50 -6.82% 13.04 0.99×
-w/o difficulty-aware CoT 62.84 -9.48% 34.18 2.59×

Rewards Ablation
-w/o Thought Reward 69.52 -2.80% 29.81 2.26×
-w/o Exploration Reward 68.47 -3.85% 13.92 1.06×
-w/o Exploration and Thought Reward 65.12 -7.2% 28.43 2.16×

Table 3: Ablation study of different scales of difficulty definition on Android Control benchmark.
Five-tier scale facilitates the action exploration to be more precise and stable, showing the best
performance.

Model: AdaGUI-R1-7B Android Control
EM ∆EM Click ACC ∆Click-ACC

5-tier scale 72.40 - 75.16 -
2-tier scale 69.20 -4.42% 71.84 -4.42%
10-tier scale 70.16 -3.09% 73.70 -1.94%

self-supervised CoT, 2) the way of inducing reasoning paradigm, 3) the effectiveness of GAPO al-
gorithm, and 4) the parameters in rewards. We benchmark all variants on Android Control. The
results are summarized in Tab. 2 and presented in Figure 5.

Effectiveness of self-supervised CoT To validate the effectiveness of our self-supervised CoT
generation mechanism, we conduct an experiment in which first-pass CoT Tinit in Algorithm 1 is
used for adaptive CoT fine-tuning. As shown in the second row of Tab. 2, directly using Tinit

as reasoning can lead to poor performance, as there may be inconsistencies between the thinking
process and the actions to be executed. By using self-supervised CoT generation mechanism to
further analyze and correct the cot, the quality of the CoT injected into the model can be improved,
laying a good foundation for the subsequent improvement of reasoning ability.

The way of inducing reasoning paradigm To extend the original output of the agent from bare
Action to Think-Action pairs, the reasoning process should be added. We conduct a ablation study
that applied self-supervised CoT to all steps rather than only to defined hard steps. The third row of
Tab. 2 indicates that this “all-CoT” policy during supervised fine-tuning stage can lead to a deteri-
oration in the perception of step difficulty, which results in suboptimal performance for subsequent
reasoning enhancement. Our “difficulty-aware” CoT policy validates that adaptive reasoning is both
sufficient and superior.

Effectiveness of Adaptive Rewards Our analysis examines the impact of Thought Reward and
Exploration Reward on model performance. As shown in the forth tow of Tab. 2, removing Ex-
ploration Reward results in a slight decrease in accuracy and a minimal increase in token usage,
indicating their contribution to accuracy through effective exploration. Conversely, the absence of
Thought Reward (the fifth row in Tab. 2) causes a minor accuracy drop but a significant token in-
crease, highlighting their role in optimizing model efficiency by promoting strategic thinking and
reducing unnecessary actions.

Level Definition Ablation In our main experiments, we define the discrete difficulty level in a five-
tier scale in Eq. 4. This difficulty level mainly effects the Gaussian bandwidth in action exploration.
We carried out ablation studies on different scales of level, i.e. 2 and 10. For two-tier scale, the
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Figure 5: Ablation studies on key hyperparameters of our model. We evaluate the impact when vary-
ing (from left to right): difficulty level definition, maximum thought length, gaussian normalization
width, and gaussian reward shape.

mapping funtion is ℓ(ρ) = 2 − ⌈ρ − 0.5⌉. For ten-tier scale, the mapping funtion is ℓ(ρ) = 11 −
⌈5ρ + 0.5⌉. From Tab. 3, five-tier scale of difficulty level outperforms others, indicating that this
setting facilitates the action exploration to be more precise and stable.

Rewards Parameter Ablation We performed an ablation study to assess the impact of specific
Reward parameter settings on performance, with results visualized in Fig. 5. For Thought Reward,
we considered the maximum thought length and switching difficulty level, which dictate the thinking
mode. Experiments indicated that switching modes at Level = 3 and maintaining a maximum thought
length of 100 tokens optimizes model inference accuracy. For Exploration Reward, we evaluated
the Gaussian function’s cutoff point and shape across difficulty levels, where ShapeAB refers to
gaussian shape with σmin = A/10 and σmax = B/10. NA refers to gaussian normalized threshold
as Nthr = A/100. Our setting as σmin = 0.2, σmax = 0.8, and Nthr = 0.04 yields the highest
prediction accuracy, confirming the efficacy of our multi-level Gaussian Reward approach.

5 LIMITATION

Our method is designed on offline scenarios which concentrate on step-level accuracy. Online sce-
nario is inherently more challenging: user behaviors are noisy, task boundaries are blurred, no
ground truth actions could be used for history, the reflective ability of agents needs to be strength-
ened. A reflective mechanism that can pause, revise, or rollback its previous decisions—without
access to ground-truth actions is still missing in the present method.

We therefore regard bridging the offline-online gap as the principal challenge of our future works:
equipping the agent with self-corrective reflection that operates under noisy, label-free, streaming
conditions.

6 CONCLUSION

In this work, we proposed AdaGUI-R1, a novel GUI automation agent that employs difficulty-
aware reasoning to enhance both task execution efficiency and accuracy. The integration of a self-
supervised CoT generation mechanism ensures high-quality reasoning trajectories, while a Group
Adaptive Policy Optimization algorithm further refines adaptive reasoning. Results across diverse
benchmarks and various scales demonstrate that AdaGUI-R1 not only achieves superior task suc-
cess but also reduces average thinking tokens, delivering markedly faster inference. Looking ahead,
the principles underlying AdaGUI-R1 could be extended to real-time GUI tasks requiring instant
decision-making processes, paving the way for more intelligent automation solutions.

STATEMENT OF USING LLM

We use LLM to help us with converting our equations and tables into LATEX format.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Ilge Akkaya, Florencia Leoni Ale-
man, Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical
report. arXiv preprint arXiv:2303.08774, 2023.

Pranjal Aggarwal, Aman Madaan, Yiming Yang, et al. Let’s sample step by step: Adaptive-
consistency for efficient reasoning and coding with llms. arXiv preprint arXiv:2305.11860, 2023.

Anthropic. Developing a computer use model. Technical report, Anthropic, 2024. URL https:
//www.anthropic.com/news/developing-computer-use.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, Mingkun Yang, Zhaohai Li, Jianqiang Wan,
Pengfei Wang, Wei Ding, Zheren Fu, Yiheng Xu, Jiabo Ye, Xi Zhang, Tianbao Xie, Zesen Cheng,
Hang Zhang, Zhibo Yang, Haiyang Xu, and Junyang Lin. Qwen2.5-vl technical report. arXiv
preprint arXiv:2502.13923, 2025.

Yuxiang Chai, Siyuan Huang, Yazhe Niu, Han Xiao, Liang Liu, Dingyu Zhang, Shuai Ren, and
Hongsheng Li. Amex: Android multi-annotation expo dataset for mobile gui agents. arXiv
preprint arXiv:2407.17490, 2024.

Kanzhi Cheng, Qiushi Sun, Yougang Chu, Fangzhi Xu, Yantao Li, Jianbing Zhang, and Zhiy-
ong Wu. Seeclick: Harnessing gui grounding for advanced visual gui agents. arXiv preprint
arXiv:2401.10935, 2024.

Mehul Damani, Idan Shenfeld, Andi Peng, Andreea Bobu, and Jacob Andreas. Learning how hard to
think: Input-adaptive allocation of lm computation, 2024. URL https://arxiv. org/abs/2410.04707.

Jihao Gu, Qihang Ai, Yingyao Wang, Pi Bu, Jingxuan Xing, Zekun Zhu, Wei Jiang, Ziming Wang,
Yingxiu Zhao, Ming-Liang Zhang, et al. Mobile-r1: Towards interactive reinforcement learning
for vlm-based mobile agent via task-level rewards. arXiv preprint arXiv:2506.20332, 2025.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-r1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025.

Tingxu Han, Zhenting Wang, Chunrong Fang, Shiyu Zhao, Shiqing Ma, and Zhenyu Chen. Token-
budget-aware llm reasoning. In Findings of the Association for Computational Linguistics: ACL
2025, pp. 24842–24855, 2025.

Wenyi Hong, Weihan Wang, Qingsong Lv, Jiazheng Xu, Wenmeng Yu, Junhui Ji, Yan Wang, Zihan
Wang, Yuxiao Dong, Ming Ding, et al. Cogagent: A visual language model for gui agents.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp.
14281–14290, 2024.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, et al. Lora: Low-rank adaptation of large language models. ICLR, 1(2):3, 2022.

Xin Huang, Tarun Kumar Vangani, Zhengyuan Liu, Bowei Zou, and Ai Ti Aw. Adacot: Re-
thinking cross-lingual factual reasoning through adaptive chain-of-thought. arXiv preprint
arXiv:2501.16154, 2025.

Wenjia Jiang, Yangyang Zhuang, Chenxi Song, Xu Yang, Joey Tianyi Zhou, and Chi Zhang. Ap-
pagentx: Evolving gui agents as proficient smartphone users. arXiv preprint arXiv:2503.02268,
2025.

Wei Li, William Bishop, Alice Li, Chris Rawles, Folawiyo Campbell-Ajala, Divya Tyamagundlu,
and Oriana Riva. On the effects of data scale on computer control agents. arXiv e-prints, pp.
arXiv–2406, 2024a.

Zhangheng Li, Keen You, Haotian Zhang, Di Feng, Harsh Agrawal, Xiujun Li, Mohana
Prasad Sathya Moorthy, Jeff Nichols, Yinfei Yang, and Zhe Gan. Ferret-ui 2: Mastering uni-
versal user interface understanding across platforms. arXiv preprint arXiv:2410.18967, 2024b.

11

https://www.anthropic.com/news/ developing-computer-use
https://www.anthropic.com/news/ developing-computer-use


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Guosheng Liang, Longguang Zhong, Ziyi Yang, and Xiaojun Quan. Thinkswitcher: When to think
hard, when to think fast. arXiv preprint arXiv:2505.14183, 2025.

Kevin Qinghong Lin, Linjie Li, Difei Gao, Zhengyuan Yang, Zechen Bai, Weixian Lei, Lijuan Wang,
and Mike Zheng Shou. Showui: One vision-language-action model for generalist gui agent. In
NeurIPS 2024 Workshop on Open-World Agents, volume 1, 2024.

Yuhang Liu, Pengxiang Li, Congkai Xie, Xavier Hu, Xiaotian Han, Shengyu Zhang, Hongxia Yang,
and Fei Wu. Infigui-r1: Advancing multimodal gui agents from reactive actors to deliberative
reasoners. arXiv preprint arXiv:2504.14239, 2025.

Chenwei Lou, Zewei Sun, Xinnian Liang, Meng Qu, Wei Shen, Wenqi Wang, Yuntao Li, Qing-
ping Yang, and Shuangzhi Wu. Adacot: Pareto-optimal adaptive chain-of-thought triggering via
reinforcement learning. arXiv preprint arXiv:2505.11896, 2025.

Quanfeng Lu, Wenqi Shao, Zitao Liu, Fanqing Meng, Boxuan Li, Botong Chen, Siyuan Huang,
Kaipeng Zhang, Yu Qiao, and Ping Luo. Gui odyssey: A comprehensive dataset for cross-app gui
navigation on mobile devices. arXiv preprint arXiv:2406.08451, 2024.

Zhengxi Lu, Yuxiang Chai, Yaxuan Guo, Xi Yin, Liang Liu, Hao Wang, Han Xiao, Shuai Ren,
Guanjing Xiong, and Hongsheng Li. Ui-r1: Enhancing efficient action prediction of gui agents
by reinforcement learning. arXiv preprint arXiv:2503.21620, 2025.

Run Luo, Lu Wang, Wanwei He, and Xiaobo Xia. Gui-r1: A generalist r1-style vision-language
action model for gui agents. arXiv preprint arXiv:2504.10458, 2025.

Georgios Papoudakis, Thomas Coste, Zhihao Wu, Jianye Hao, Jun Wang, and Kun Shao. Appvlm:
A lightweight vision language model for online app control. arXiv preprint arXiv:2502.06395,
2025.

Yujia Qin, Yining Ye, Junjie Fang, Haoming Wang, Shihao Liang, Shizuo Tian, Junda Zhang, Jiahao
Li, Yunxin Li, Shijue Huang, et al. Ui-tars: Pioneering automated gui interaction with native
agents. arXiv preprint arXiv:2501.12326, 2025.

Christopher Rawles, Alice Li, Daniel Rodriguez, Oriana Riva, and Timothy Lillicrap. An-
droidinthewild: A large-scale dataset for android device control. Advances in Neural Information
Processing Systems, 36:59708–59728, 2023.

Christopher Rawles, Sarah Clinckemaillie, Yifan Chang, Jonathan Waltz, Gabrielle Lau, Mary-
beth Fair, Alice Li, William Bishop, Wei Li, Folawiyo Campbell-Ajala, et al. Androidworld: A
dynamic benchmarking environment for autonomous agents. arXiv preprint arXiv:2405.14573,
2024.

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, Junxiao Song, Xiao Bi, Haowei Zhang,
Mingchuan Zhang, YK Li, Yang Wu, et al. Deepseekmath: Pushing the limits of mathemati-
cal reasoning in open language models. arXiv preprint arXiv:2402.03300, 2024.

Yucheng Shi, Wenhao Yu, Zaitang Li, Yonglin Wang, Hongming Zhang, Ninghao Liu, Haitao Mi,
and Dong Yu. Mobilegui-rl: Advancing mobile gui agent through reinforcement learning in online
environment. arXiv preprint arXiv:2507.05720, 2025.

Qiushi Sun, Kanzhi Cheng, Zichen Ding, Chuanyang Jin, Yian Wang, Fangzhi Xu, Zhenyu Wu,
Chengyou Jia, Liheng Chen, Zhoumianze Liu, et al. Os-genesis: Automating gui agent trajectory
construction via reverse task synthesis. arXiv preprint arXiv:2412.19723, 2024.

Fei Tang, Zhangxuan Gu, Zhengxi Lu, Xuyang Liu, Shuheng Shen, Changhua Meng, Wen Wang,
Wenqi Zhang, Yongliang Shen, Weiming Lu, et al. Gui-g2: Gaussian reward modeling for gui
grounding. arXiv preprint arXiv:2507.15846, 2025.

Gemini Team, Petko Georgiev, Ving Ian Lei, Ryan Burnell, Libin Bai, Anmol Gulati, Garrett Tanzer,
Damien Vincent, Zhufeng Pan, Shibo Wang, et al. Gemini 1.5: Unlocking multimodal under-
standing across millions of tokens of context. arXiv preprint arXiv:2403.05530, 2024.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Abdul Waheed, Chancharik Mitra, Laurie Z Wang, Deva Ramanan, and Bhiksha Raj. Less is more
tokens: Efficient math reasoning via difficulty-aware chain-of-thought distillation. arXiv preprint
arXiv:2509.05226, 2025.

Junyang Wang, Haiyang Xu, Jiabo Ye, Ming Yan, Weizhou Shen, Ji Zhang, Fei Huang, and Jitao
Sang. Mobile-agent: Autonomous multi-modal mobile device agent with visual perception. arXiv
preprint arXiv:2401.16158, 2024.

Xinglin Wang, Shaoxiong Feng, Yiwei Li, Peiwen Yuan, Yueqi Zhang, Chuyi Tan, Boyuan Pan,
Yao Hu, and Kan Li. Make every penny count: Difficulty-adaptive self-consistency for cost-
efficient reasoning. In Findings of the Association for Computational Linguistics: NAACL 2025,
pp. 6904–6917, 2025.

Yuyang Wanyan, Xi Zhang, Haiyang Xu, Haowei Liu, Junyang Wang, Jiabo Ye, Yutong Kou, Ming
Yan, Fei Huang, Xiaoshan Yang, et al. Look before you leap: A gui-critic-r1 model for pre-
operative error diagnosis in gui automation. arXiv preprint arXiv:2506.04614, 2025.

Zhiyong Wu, Zhenyu Wu, Fangzhi Xu, Yian Wang, Qiushi Sun, Chengyou Jia, Kanzhi Cheng,
Zichen Ding, Liheng Chen, Paul Pu Liang, et al. Os-atlas: A foundation action model for gener-
alist gui agents. arXiv preprint arXiv:2410.23218, 2024.

Yiheng Xu, Zekun Wang, Junli Wang, Dunjie Lu, Tianbao Xie, Amrita Saha, Doyen Sahoo, Tao Yu,
and Caiming Xiong. Aguvis: Unified pure vision agents for autonomous gui interaction. 2024.
URL https://arxiv.org/abs/2412.04454.

Keen You, Haotian Zhang, Eldon Schoop, Floris Weers, Amanda Swearngin, Jeffrey Nichols, Yinfei
Yang, and Zhe Gan. Ferret-ui: Grounded mobile ui understanding with multimodal llms. In
European Conference on Computer Vision, pp. 240–255. Springer, 2024.

Zishun Yu, Tengyu Xu, Di Jin, Karthik Abinav Sankararaman, Yun He, Wenxuan Zhou, Zhouhao
Zeng, Eryk Helenowski, Chen Zhu, Sinong Wang, et al. Think smarter not harder: Adaptive
reasoning with inference aware optimization. arXiv preprint arXiv:2501.17974, 2025.

Xinbin Yuan, Jian Zhang, Kaixin Li, Zhuoxuan Cai, Lujian Yao, Jie Chen, Enguang Wang, Qibin
Hou, Jinwei Chen, Peng-Tao Jiang, et al. Enhancing visual grounding for gui agents via self-
evolutionary reinforcement learning. arXiv preprint arXiv:2505.12370, 2025.

Chi Zhang, Zhao Yang, Jiaxuan Liu, Yanda Li, Yucheng Han, Xin Chen, Zebiao Huang, Bin Fu, and
Gang Yu. Appagent: Multimodal agents as smartphone users. In Proceedings of the 2025 CHI
Conference on Human Factors in Computing Systems, pp. 1–20, 2025a.

Jiajie Zhang, Nianyi Lin, Lei Hou, Ling Feng, and Juanzi Li. Adaptthink: Llm can learn when to
think. arXiv preprint arXiv: 2505.13417, 2025b. URL https://arxiv.org/abs/2505.
13417.

Jiwen Zhang, Jihao Wu, Yihua Teng, Minghui Liao, Nuo Xu, Xiao Xiao, Zhongyu Wei, and
Duyu Tang. Android in the zoo: Chain-of-action-thought for gui agents. arXiv preprint
arXiv:2403.02713, 2024.

13

https://arxiv.org/abs/2412.04454
https://arxiv.org/abs/2505.13417
https://arxiv.org/abs/2505.13417


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 ACTION DISTRIBUTION

Tab. 4 lists the top-3 action types and their ratios across datasets; Click dominate every split, consis-
tently exceeding 50% of all steps. This heavy-tailed distribution confirms that Click is the de-facto
atomic action in mobile GUI automation, which motivates us to apply deeper exploration on Click
to improve the performance of our GUI agent.

Table 4: Top-3 Actions and corresponding distribution for our train datasets.

Dataset GUI Odyssey Amex

Top-3 Actions Click Type Swipe Click Swipe Terminate

Ratio(%) 65.34 10.59 9.22 64.38 19.45 7.61

Dataset AITZ Android Control

Top-3 Actions Click Terminate Type Click Terminate Swipe

Ratio(%) 53.94 17.46 11.66 52.63 15.45 11.06

A.2 DIFFICULTY LEVEL DISTRIBUTION

Fig. 6 provides a comparative analysis of level distributions across four datasets(AITZ, Android
Control, Odyssey, and Amex).

Fig. 7 illustrates the level change before and after the implementation of Reinforce-Fine-Tuning
(RFT). The application of RFT results in an increase in Level 1 and Level 2 data and a decrease in
Level 5 tasks, suggesting a shift towards handling more basic steps efficiently.It apparently refines
the model’s ability to tackle tasks of varying difficulty levels, with a general trend towards better
handling of both simple and complex tasks. This indicates that RFT effectively enhances the model’s
adaptability to step difficulty.

Figure 6: Distribution of difficulty levels across different datasets.

A.3 ACTION SPACE AND RESPONSE FORMAT

We adopt a unified action space to ensure that all task-level instructions can be decomposed into a
sequence of atomic actions via <tool call>. There are eight actions: key, click, swipe, long press,
type, system button, terminate, and wait. (Rawles et al., 2023).Following the pioneers, our format
response as <think>,<tool call>.

14



756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Figure 7: Distribution of levels for different datasets before and after RFT

A.4 PROMPT FOR TRAINING AND INFERENCE

System prompt:
You FIRST decide whether the current screenshot requires a thinking process to achieve the user
query.
If so, first think about the reasoning process as an internal monologue and then provide the final
answer. The reasoning process MUST BE enclosed within <think> </think> tags.
If not, no reasoning process needs to be enclosed within <think> </think> tags, and provide
the final answer.
Tools description (detailed in A.5).
For each function call, return a json object with function name and arguments within
<tool_call></tools_call> XML tags:
<tool_call>
{“name”: <function-name>, “arguments”: <args-json-object>}
</tools_call>

User prompt:
The user query: USER INSTRUCTION
Task progress (You have done the following operation on the current device): HISTORY ACTIONS
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A.5 TOOLS DESCRIPTION IN PROMPT

Tools
You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools></tools> XML tags:
<tools>{

“type”: “function”,
“function”: {

“name”: “mobile use”,
“description”:

“Use a touchscreen to interact with a mobile device, and take screenshots.
* This is an interface to a mobile device with touchscreen. You can perform actions like
clicking, typing, swiping, etc.
* Some applications may take time to start or process actions, so you may need to wait
and take successive screenshots to see the results of your actions.
* The screen’s resolution is WIDTH×HEIGHT.
* Make sure to click any buttons, links, icons, etc with the cursor tip in the center of the
element. Don’t click boxes on their edges unless asked.”,

“parameters”: {“properties”:
{“action”: {

“description”: “The action to perform. The available actions are:
* key: Perform a key event on the mobile device.

- This supports adb’s ‘keyevent‘ syntax.
- Examples: “volume up”, “volume down”, “power”, “camera”, “clear”.

* click: Click the point on the screen with coordinate (x, y).
* long_press: Press the point on the screen with coordinate (x, y) for specified
seconds.
* swipe: Swipe from the starting point with coordinate (x, y) to the end point with
coordinates2 (x2, y2).
* type: Input the specified text into the activated input box.
* system_button: Press the system button.
* open: Open an app on the device.
* wait: Wait specified seconds for the change to happen.
* terminate: Terminate the current task and report its completion status.”,

“enum”: [key, click, long_press, swipe, type, system_button, open,
wait, terminate], “type”: “string”},

“coordinate”: {“description”: “(x, y): The x (pixels from the left edge) and y (pixels
from the top edge) coordinates to move the mouse to. Required only by action=click,
action=long_press, and action=swipe.”, “type”: “array”},
“coordinate2”: {“description”: “(x, y): The x (pixels from the left edge) and y (pixels
from the top edge) coordinates to move the mouse to. Required only by action=swipe.”,
“type”: “array”},
“text”: {“description”: “Required only by action=key, action=type, and
action=open.”, “type”: “string”},
“time”: {“description”: “The seconds to wait. Required only by action=long_press
and action=wait.”, “type”: “number”},
“button”: {“description”: “Back means returning to the previous interface, Home means
returning to the desktop, Menu means opening the application background menu, and
Enter means pressing the enter. Required only by action=system_button”, “enum”:
[Back, Home, Menu, Enter], “type”: “string”},
“status”: {“description”: “The status of the task. Required only by action=terminate.”,
“type”: “string”, “enum”: [success, failure]}},

“required”: [“action”], “type”: “object”}}}
</tools>
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A.6 T-SNE VISUALIZATION OF TRAINING AND TEST SETS

We map samples (instructions+screenshots) from the official training set and test sets to the 2D
t-SNE space using Qwen2.5-VL-7B feature extractor, as shown in Fig. 8. The similarity in distribu-
tion between training and testing points in 2D space rather than clustering separation is mainly due
to the natural concentration of task types. After verification, there is no cross set duplication in the
screenshot file name and instruction text in official independent partitions.

Training	Set
Test	Set

Figure 8: Distribution of official training test sets in a unified t-SNE space.

A.7 MORE QUANTITATIVE RESULTS

We additionally report the confidence interval of GUI-specific reasoning models in Tab. 5 as a
supplement of Tab. 1. The accuracy and its 95% confidence interval computed with the Wilson
score interval over each test set is presented.

Table 5: Statistical significance of differences between AdaGUI-R1 and baselines.

Model GUI Odyssey AITZ Android Control

TM EM TM EM TM EM

GUI-R1-3B 56.29(±0.57) 50.10(±0.57 ) 50.55(±1.43) 44.35(±1.42) 52.14(±0.97) 47.95(±0.97)
InfiGUI-R1-3B 74.50(±0.50) 55.02(±0.57) 70.77(±1.30) 52.88(±1.42) 71.53(±0.88) 58.04(±0.96)
GUI-R1-7B 63.21(±0.55) 55.26(±0.57) 56.75(±1.41) 50.47(±1.43) 57.48(±0.96) 51.88(±0.97)
UI-TARS-7B 86.06(±0.40) 67.90(±0.53) 80.42(±1.13) 65.77(±1.35) 75.10(±0.84) 62.90(±0.94)
AdaGUI-R1-3B 87.10(±0.38) 72.97(±0.50) 75.89(±1.22) 59.91(±1.40) 81.91(±0.75) 69.75(±0.89)
AdaGUI-R1-7B 89.24(±0.35) 77.88(±0.47) 78.64(±1.17) 66.62(±1.34) 82.97(±0.73) 72.40(±0.87)

A.8 MORE ABLATION RESULTS

We have considered different designs of our adaptive reward during enhancing reasoning.

For adaptive thought reward, instead of using cosine-like function as in Eq. 5, we apply easier deigns
like delta-like function (Eq. 9) or continuous function based on step accuracy score (Eq. 10):

Rthought-delta(t | ℓ) =
{
1[t < T/2], ℓ ≤ ℓthr (easy)
1[t > T/2], ℓ > ℓthr (hard)

(9)

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Rthought-acc-based(t, ρ) = (1− ρ) ∗ (1− e−t/T ) + ρ ∗ e−t/T , (10)
where T is a maximum thought length, ℓthr is set to 3, and ρ is defined in Eq. 3. As shown in the
second row in Tab. 6, delta-like thought reward brings in severe reward variation at the threshold,
which would cause instability of training, resulting in superior performance. Meanwhile, contin-
uous accuracy-based thought reward causes fuzzy signals for mid-difficulty steps (ρ ∈ [0.4, 0.6]),
resulting in increase of reasoning token.

For action exploration reward, we replace the designed Gaussian reward (Eq. 7) with box-like action
reward:

Rpoint(p) =

{
1, if p in element box,
0, else.

(11)

The forth row of Tab. 6 demonstrates that the box-like action reward lacks varying degrees of
feedback on the different positions of points falling within the box, a precise control of click actions
has decreased, resulting in reduced performance.

Table 6: Ablation study of different designs on thought and action rewards on Android Control
benchmark. Using cosine-like thought reward and Gaussian action reward shows the best perfor-
mance.

Model Android Control
EM ∆EM Tok. RatioTok.

AdaGUI-R1-7B
72.40 - 13.19 -(cosine-like thought reward

& Gaussian action reward)
Thought Reward Design Ablation

-delta-like thought reward 70.27 -2.94% 15.12 1.15×
-accuracy-based thought reward 72.03 -0.51% 16.92 1.28×

Action Reward Design Ablation
-box-like action reward 69.93 -3.41% 13.27 1.01×

A full task success rate metric refers to the proportion of trajectories in which each step is success-
fully predicted. We additionally provide the full task success rate of our full and ablation models in
Tab. 7, which proves the effectiveness of our method in another aspect.

Table 7: Full task success rate of full model and ablation ones, which calculated the ratio of trajec-
tories where the prediction of all steps are correct.

Model GUI Odyssey AITZ Android Control
AdaGUI-R1-7B (full) 15.62 7.91 25.12

-w/o self-supervised CoT 10.91 3.01 16.27
-w/o difficulty-aware CoT 9.42 3.26 14.61
-w/o Thought Reward 13.74 4.72 20.41
-w/o Exploration Reward 11.84 5.21 21.19
-w/o Exploration and Thought Reward 9.33 3.52 15.27

A.9 COMPUTATIONAL OVERHEAD

We compare our computation overhead against uniform reasoning (w/o difficulty-aware CoT) under
the same size of training data. The difficulty definition is calculated on the base model (Qwen2.5VL-
7B) assuming 10 tokens inference, and the CoT generation is computed based on Qwen2.5VL-72B
assuming 30 tokens inference. As shown in Fig. 6, the average ratio of hard steps (Level 4 and
5) is 55%, which requires CoT generation in adaptive reasoning. Uniform reasoning requires CoT
generation on all data. And the two methods in CoT pretraining require similar computational costs,
which could be ignored. As a result, the FLOPs of each stage is presented in Tab. 8. Although our
method requires 23.5% more FLOPs in total, the average accuracy is 8.79% higher.
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Table 8: FLOPs of additional difficulty definition and CoT generation stage. EM refers to average
action parameter match rate.

Type of Reasoning Difficulty Definition(∗1012) CoT Generation(∗1012) EM

Adaptive Reasoning 60.58 48.63 72.30
Uniform Reasoning (w/o difficulty-aware CoT) - 88.42 63.51

A.10 EXAMPLES OF OUR METHOD

To visually present the results of AdaGUI-R1, we demonstrate the visualization of some trajectories
in Fig. 11, 9, and 10. Each trajectory shows the user query, screenshots, the action, and the thinking
process (if any). These examples demonstrate the effectiveness of difficulty-aware reasoning of
AdaGUI-R1: easy steps with few thinking, hard steps with helpful reasoning.

A.11 QUALITATIVE COMPARISONS

To demonstrate the effectiveness of our method more intuitively, we present how our approach not
only improves the accuracy of hard steps (Fig. 14), but also avoids errors caused by the hallucination
triggered by over analysis in easy steps (Fig. 12 and 13). Compared with uniform-reasoning strategy
(w/o difficulty-aware CoT), our method shows better performance.

To demonstrate the impact of adaptive thought reward on thought content, we show an example in
Fig. 15 for a more intuitive understanding
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User query: Add "The Road Less Traveled" book by Elizabeth Billingsley to
my Flipkart app cart.

HARD

The book by Elizabeth Billingsley is
clearly visible in the second row on the
left side of the screen. Clicking on this
book will allow us to proceed with
adding it to the cart.

EASY

EASY

TERMINATE

Figure 9: Example of our method.
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User query: In the Tata Cliq app, look for the Shoes with the EVA sole.

HARD

To find shoes with EVA sole material, I
need to access the 'Sole Material' filter.
Clicking on 'Sole Material' is
necessary to proceed with this filter.

EASY

HARD

To proceed, the user should select the
"EVA" option under the "Sole
Material" section.

EASYEASY

TERMINATE

Figure 10: Example of our method.
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User query: Share all the details of moon phase to my wife at
clarawagner98b@gmail.com via Gmail app from Phases of the Moon app.

HARD

PRESS BACK

I need to return to the main menu to
access the moon phase information.
Pressing the back button will help me
navigate away from this screen.

EASY

EASY

EASYEASY

EASY

HARD EASY

TERMINATE

The email address has been entered
correctly. The send button is typically
represented by an arrow icon, which is
visible in the top right corner of the
screen. Clicking this button will
complete the task of sending the email.

clarawagner98b@gmail.com

Figure 11: Example of our method.
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User query: In the pinterest app, I would like to watch video of rose
flower drawing.

HARD EASY

The video thumbnail is clearly visible
among the other images. Clicking on
this thumbnail will initiate playback of
the video.

TERMINATE

The current screen shows an image of a
rose being drawn, but there is no
indication that this is a video. To find a
video, the user should navigate back to
explore other options or sections within
the app that might contain videos.

w/o difficulty-aware CoT

PRESS BACK

difficulty-aware CoT

Figure 12: Comparison with uniform-reasoning strategy. Our method avoids errors caused by the
hallucination triggered by over analysis in easy step compared with method w/o difficulty-aware
CoT.

User query: Show me the today workout plan.

EASY

TERMINATE

The screenshot clearly displays the workout
plan for Tuesday, October 17th, including
exercises like "BARQUISIMETO" and
"SIEM REAP”. Since the necessary
information is already visible, no further
actions are required.

w/o difficulty-aware CoT

…

Figure 13: Comparison with uniform-reasoning strategy. Our method avoids errors caused by the
hallucination triggered by over analysis in easy step compared with method w/o difficulty-aware
CoT.
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User query: To stay informed about the state of affairs in my area, I
would like to read the local news from Knoxville on the Fox news app.

EASY

To find local news about Knoxville, the
user needs to access the search
functionality. Clicking on the search
icon at the bottom of the screen will
allow the user to find local news.

To find local news from Knoxville, the user needs
to access the U.S. section where regional news is
likely available. Clicking on the U.S. section is
necessary to proceed toward the goal of reading
local news.

w/o difficulty-aware CoT

HARD

Clicking on the search bar will allow
the user to type in the desired location
or topic.

…

HARDdifficulty-aware CoT

difficulty-aware CoT

Figure 14: Comparison with uniform-reasoning strategy. Our method using difficulty-aware CoT
performs correctly in hard step compared with method w/o difficulty-aware CoT.
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User query: share the meeting reminder with dbwscratch.test.id9@gmail.com.

EASYHARD

The meeting is visible on the screen,
and clicking on it will likely open the
detailed view where sharing options are
available.

w/ adaptive thought reward

Click the button in the upper right
corner of the pop-up window to perform
sharing.

w/o adaptive thought reward

EASY

dbwscratch.test.id9@gmail.com

Type email address
dbwscratch.test.id9@gmail.com
in the recipient input box.

w/o adaptive thought reward

HARD

EASY

TERMINATE

The task has been completed.
w/o adaptive thought reward

The meeting is displayed on-screen.
Clicking on it will launch the detailed
view, which contains available sharing
options.

w/o adaptive thought reward

The send button is typically represented
by an arrow icon, which is visible in the
top right corner of the screen. Clicking
this button will complete the task of
sharing the meeting reminder.

w/ adaptive thought reward

w/o adaptive thought reward
The send button is represented by an
arrow icon, visible in the top right
corner of the screen. Clicking this
button will complete the task of sharing
the meeting reminder.

Figure 15: Comparison with no adaptive thought reward. Our method reduce the number of reason-
ing tokens compared with method w/o adaptive thought reward.
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