HiconAgent: History Context-aware Policy Optimization for GUI Agents

Supplementary Material

A. Information flow analysis

Following the setup described in Section 4, we decompose
history interactions into three parts: from history images
to history actions, from history images to predictions, and
from history actions to predictions. To probe how historical
information flows through the model, we conduct a layer-
conditioned token drop analysis—dropping history tokens
(Vhis» Anis, or both) after layer k and observing the resulting
performance.

Shallow depth (k<12): As shown in Figure 3, dropping
Ayis in shallow layers causes a large performance degrada-
tion, while dropping V}s at the same depths is much less
harmful. This pattern indicates that effective use of histori-
cal information depend on the action tokens as the anchor:
even if rich visual information is retained, later layers cannot
directly extract effective cues from V};5 without the action
anchors. By contrast, dropping Vi,;s in this range is more
tolerable, since the model has already merged part of the
visual history into Ay;s; the action anchors then pass that
information forward through subsequent layers.

Deeper depth (k>12): For k > 12, the action-drop
curve rises quickly and, by mid depth, its gap to the image-
drop curve is small. This indicates that, in these layers,
predictions obtain historical information through interactions
with the action anchors. Once that interaction has already
occurred before the drop point, removing Ay;s or Vi, later
causes only little decline, and performance continues to
improve with depth. When k > 24, all three curves converge
to the no-compression accuracy, indicating that the model
has already integrated most historical information and can
proceed without retaining these history tokens.

B. Reward Design

In GUI navigation tasks, each action consists of a type and a
value. The type is chosen from a set of discrete options (e.g.,
CLICK, SCROLL), while the value format varies depending
on the type. Based on this characteristic of GUI tasks, we
introduce the following three rewards:

Format reward (r/): This term ensures the
model’s response adheres to a predefined structure like
<think>...</think><answer>...</answer>.
It returns 1 if the format is correct, O otherwise, promoting
structured reasoning and output generation.

Action type reward (r%): We assign 1 if the predicted
action type exactly matches the ground-truth type, and O
otherwise. This term enforces correctness at the semantic
level of action selection.

Action value reward (rV): For actions without values

(e.g., PRESS_BACK), the reward is 1 if the type is correct.
For actions with textual values (e.g., TYPE, OPEN_APP),
we compute the F1 score between prediction and ground
truth, awarding 1 if F1 > 0.5. For actions with discrete
values (e.g., SCROLL), the value must exactly match the
ground truth. For coordinate-based actions (e.g., CLICK),
we calculate the Euclidean distance d between predicted and
actual coordinates, and assign a continuous reward r¥ =
1 — d to allow fine-grained feedback for grounding accuracy.

The final reward used for policy optimization is the sum
of the three components:

r=r ot 4 o? @)

C. Training details

This section includes implementation details of our training
and evaluation. We will release the source code to ensure
the reproducibility of our results.

Metrics. We evaluate our model on three representa-
tive navigation-oriented datasets, AndroidControl-High[ 18],
AITW[17] and GUI-Odyssey[29], considering only their test
splits under an out-of-distribution (OOD) evaluation setting
to assess generalization performance. We use three standard
metrics widely adopted in prior work on GUI agents, follow-
ing the evaluation protocol of Os-Atlas [45]. Specifically, we
report action type prediction accuracy (Type), GUI ground-
ing accuracy (Grounding), and step success rate (SR).

FLOPs is computed using deepspeed flops-profiler with
batch size 1. We include all model components when cal-
culating FLOPs. The reported number is averaged over 200
samples from the training set with history length 7 = 2.

Training and Evaluation. HiconAgent-3B is built upon
Qwen2.5-VL-3B. We follow the same training setting in
GUI-R1 [31]. In the reinforcement fine-tuning stage, we
adopt the following hyperparameter settings to ensure stable
optimization. The rollout batch size and global batch size
is set to 64, with 8 rollouts per update step. We use a small
learning rate of 1 x 10~ to stabilize training. To balance
computational efficiency and generation quality, the maxi-
mum number of input pixels is capped at 1,003,520. For the
language input and output, both the maximum prompt length
and the maximum response length are restricted to 2048
tokens. The rollout temperature is fixed at 1.0 to encourage
diverse yet consistent exploration during training.

To keep the number of tokens consistent with prior work,
we set the history window size to 2, meaning the agent
can access up to two past interaction steps. Each historical
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Figure 8. Training accuracy curves of Hicon-Agent with and without DCS under the AHC framework. Models trained with DCS exhibit
consistently higher accuracy and faster convergence, demonstrating that adaptive history sampling facilitates more effective learning.

step includes both the screenshot observation and the cor-
responding action, i.e., H; = {(s¢—2,a;—2), (s¢—1,a¢-1)}-
All images are resized to a fixed resolution, and the number
of visual tokens after encoding is limited to a maximum of
512 to ensure computational efficiency.

D. Visualization of SSR curve during training

During training, we monitor the execution accuracy to evalu-
ate the learning behavior of the policy over time. As shown
in Figure 8, integrating DCS into the AHC framework leads
to a clear improvement in training dynamics. The curve
with DCS achieves both higher convergence speed and better
final accuracy compared to the AHC-only baseline. This
indicates that naively relying on fixed-length histories limits
the model’s ability to generalize. In contrast, DCS adaptively
determines the effective history length based on task com-
plexity, enabling the agent to access relevant information
while avoiding overfitting to noisy or irrelevant historical
states. These results verify that dynamically sampled history
promotes more stable optimization and enhances the agent’s
capability to learn meaningful sequential dependencies.

E. Visualization of sampling distribution in
DCS.

We sample the number of preserved history blocks ; €
{0,1,2} from a time-dependent exponential distribution. At
training step u, the sampling distribution is defined as

exp (A(u) 7;)
Zj'vzo €xXp (/\(U) J) ,

where A(u) is a linear function that increases with u. As
shown in Figure 9, in the early stage of training, A\(u) ~ 0
and the distribution is nearly uniform, encouraging random
exploration. As training progresses, A(u) gradually grows,
yielding an increasingly biased exponential distribution that
favors larger values of 7,. This schedule smoothly shifts

P(ri|u) =

the sampling strategy from random selection to full-context
history.

Sampling Distribution Evolution
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Figure 9. Evolution of the sampling distribution from uniform
exploration to exponentially biased selection as training progresses.

We define A\(u) as a function that increases from 0 to
Amax Within the first a7 steps, gradually shifting the sam-
pling distribution from uniform to exponentially biased:

A() = Amax - min (1, %) (8)

T denotes the total number of training steps. Apax controls
the final steepness of the exponential bias (larger A, .« yields
a more strongly peaked distribution that favors larger 7;),
while o determines the fraction of training used for warm-up.
1

In our implementation, we set Apax = 2, = 3

F. GUI datasets

We construct our training data from the open-source AMEX
dataset[2], which contains high-level GUI interaction tra-
jectories. Preserving the original action distribution, we
randomly sample 3,000 steps without applying additional
filtering or cleaning procedures.

AMEX AMEX is a large-scale mobile GUI dataset for
training and evaluating control agents, comprising >104K



high-resolution screenshots from 110 Android apps with

multi-level annotations. Each episode contains about 13

actions on average.
Action distribution (full dataset ratio):

e click (start_box=' (x,y)"’) 24815 (64.11%)

* scroll (direction=’"down or up or right
or left’) 7628 (19.71%)

e finished () 2828 (7.31%)

e type (content="") 2419 (6.25%)

e press_enter () 651 (1.68%)

e impossible () 220 (0.57 %)

e press_back () 135 (0.35%)

e press_home () 13 (0.03%)

AndroidControl AndroidControl is diverse benchmark to
study data scaling for UI control, containing 15,283 demon-
strations spanning 14,548 unique tasks across 833 Android
apps, with both high-level and low-level human-written in-
structions for each task. Each episode contains about 5
actions on average.
Action distribution (test split):
e click (start_box=' (x,y)") 5074 (50.81%)
e finished () 1543 (15.45%)
* scroll (direction="down or up or right
or left’) 1211 (12.13%)
e type (content="") 632 (6.33%)
e open_app (app-name="'") 608 (6.09%)
* wait () 567 (5.68%)
e press_back () 343 (3.43%)
e long_press (start_box=' (x,y)’) 9(0.09%)

GUI-Odyssey GUI-Odyssey is a cross-app mobile GUI
navigation dataset for multi-step workflows across apps; the
paper reports 7,735 episodes over 6 devices, 6 task types, 201
apps and ~1.4K app combinations. Each episode contains
about 15 actions on average.
Action distribution (test split):
e click (start_box=' (x,y)") 19142 (65.05%)
e type (content="") 3113 (10.58%)
* scroll (direction="down or up or right
or left’) 2764 (9.39%)
e press_home () 2233 (7.59%)
e finished () 1875 (6.37%)
e long_press (start_box=' (x,y)’) 106 (0.36%)
e press_recent () 74 (0.25%)
e press_back () 61 (0.21%)
e impossible () 58 (0.20%)

AITW  Android in the Wild (AITW) is a large-scale dataset
for Android device control using natural language instruc-
tions. The paper reports 715,000 episodes, 30,000+ unique

instructions, 8 device types (Pixel 2 XL through Pixel 6), 4
Android versions, covering hundreds of apps and websites.
Each episode contains about 6.5 actions on average.

G. Effect of history observation and compres-
sion

We first examine the impact of historical observations by
comparing Qwen2.5VL-3B(2A), which uses only past ac-
tions, with Qwen2.5VL-3B(2A0), which includes both ac-
tions and observations from the past two steps. Incorpo-
rating visual history brings clear improvements across all
metrics (+8.96% SR), highlighting the importance of vi-
sual context in guiding decision-making. When applying
inference-only compression to the 2A0 model, performance
drops significantly (-4.95% SR). In contrast, our Hicon-
Agent-3B, trained with history-aware optimization, recovers
most of this loss and improves performance(+5.06 % SR)
compared to the compressed baseline. It also exceeds the
uncompressed 2A0 baseline in SR and grounding accuracy,
demonstrating more effective and efficient usage of histor-
ical context. This highlights the advantage of our training
strategy in mitigating the trade-off between computational
efficiency and task performance.

Models Hist. Comp. Type  Ground. SR FLOPs
Qwen2.5VL-3B | 2A - 61.05 59.61 43.33 13.21
Qwen2.5VL-3B 2A0 - 69.29 63.88 52.29 35.75
Qwen2.5VL-3B |2A0 Vv 66.56 61.10 47.34 25.21¢1054)

Hicon-Agent-3B|2A0 v 67.79¢:1.2365.01¢:3.91) 52.400:5.06) 25.21-10.54)

Table 6. Study on different strategies for history utilization on
the AndroidControl dataset. Red indicates improvement,
indicates drop. Hist. denotes the history context format, and Comp.
indicates whether history compression is applied.

H. Algorithm details

Algorithm 1 details the HCPO training loop. We begin
with on-policy, group-wise rollouts using Dynamic Context
Sampling: for each of the G samples, we first construct the
full input context {1, Hy, s; }, then draw a truncated history
H} by sampling a history length 7; < 7 sampled from the
distribution p. Given this truncated context, we sample a
response o; ~ 7q,, (- | I, H}, s¢). The corresponding reward
{r;} is computed and converted into group advantages { 4; }.

Each sampled response is then evaluated by two forward
passes of the current policy with shared parameters: (i) an
uncompressed branch that uses {I, Hy, s; } end-to-end; and
(ii) a compressed branch that mirrors the first k£ layers and
then drops history vision tokens after layer k, retaining ac-
tion and other tokens to form H,’“. Reusing the same {0;}
isolates the effect of compression.



We optimize two clipped-ratio gradient policy losses
against g, while adding a token-level consistency term that
pulls the compressed distribution 7y (- | I, H;*, ;) toward
the uncompressed distribution my(- | I, H},s;). Teacher
logits from the uncompressed branch are detached to prevent
gradient flow. The final objective Lycpo preserves on-policy
learning under complete history and aligns the compressed
path for efficient inference.

Algorithm 1 History Context-aware Policy Optimization
(HCPO)

Require: Policy model 7y, old policy m,,, reward model
R, task instruction 7, current GUI observation s, history
context Hy = {(St—r,a¢—7),...,(8t—1,a1—1)}, group
size GG, compression layer k, consistency weight A

: # Group rollout with DCS

: Initialize sampling distribution p

: Build full history sequence: {I, H;, s¢ }

fori =1to G do

Sample history length 7; ~ p to get H;}
Sample and select response o; ~ g, (- | I, Hf, s¢)
end for

: Evaluate rewards {r1,...,rq} + R({01,...,0¢})

: Compute group-wise advantages {A1,..., Ag}

: # Full history branch forward pass

: fori=1to G do

Compute logits 7g,,, (0; | I, Hy, st))

Compute logits 7 (0; | I, H}, s¢))

Compute reference logits mg(0; | I, Hf, s¢)

: end for
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: # Compressed history branch forward pass

: fori=1to G do
Reuse response o; and perform forward pass with

partial history compression:

19: Use uncompressed input {1, H},s;} in first k
layers

20: Drop history vision tokens from H} in layers
k+1to get Hy¢ _

21: Compute compressed logits 7y (o; | I, H;“, st)

22: Compute token-level KL divergence: Dy (7 (0; |
LH s,) || mo(o; | I, H}, s1))

23: end for

24: # Compute policy-gradient loss and consistency loss

25: Compute uncompressed policy loss Lo comp

26: Compute compressed policy 10ss Ly comp

—_—
o 3

27: Compute consistency loss: Ly = Eil Dk ()

28: Compute total loss: Lucro = Lwsocomp + Lwscomp +
ALk
29: Update model: 8 < 6 — nVyLucpo

I. Prompts for training and evaluation

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. You
FIRST need to think based on the
current image, task, and historical
actions. The reasoning process MUST BE
enclosed within <think> </think> tags.
Then output the action, which MUST BE
put in <action> </action> and MUST BE
in Action Space.

## Output Format
<think>...</think><action>...</action>

## Action Space

click (start_box=’ (x,vy)"’)

type (content="")

scroll (direction='down or up or right
or left’)

press_back ()

press_home ()

press_enter ()

finished()

## Example:

<think>The user wants to search for
shoes. The current screen has a search
bar at the top.</think>

<action>click (start_box=’' (x,y)’)</
action>

Listing 1. AMEX training prompt template.

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. You
FIRST need to think based on the
current image, task, and historical
actions. The reasoning process MUST BE
enclosed within <think> </think> tags.
Then output the action, which MUST BE
put in <action> </action> and MUST BE
in Action Space.

## Output Format
<think>...</think><action>...</action>

## Action Space

click (start_box=’ (x,y)’)

long_press (start_box=' (x,vy)")

type (content="")

scroll (direction="down or up or right
or left’)

open_app (app_name=’'")

press_back ()



press_home ()
wait ()
finished ()

## Example:

<think>The user wants to search for
shoes. The current screen has a search
bar at the top.</think>

<action>click (start_box=' (x,y)’)</
action>

Listing 2. AndroidControl evaluation prompt template.

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. You
FIRST need to think based on the
current image, task, and historical
actions. The reasoning process MUST BE
enclosed within <think> </think> tags.
Then output the action, which MUST BE
put in <action> </action> and MUST BE
in Action Space.

## Output Format
<think>...</think><action>...</action>

## Action Space

click (start_box=' (x,y)")

long_press (start_box=’ (x,vy)")

type (content="")

scroll (direction='"down or up or right
or left’)
impossible ()
press_back ()
press_home ()
press_recent
finished()
## Example:
<think>The user wants to search for
shoes. The current screen has a search
bar at the top.</think>

<action>click (start_box=' (x,y)’)</
action>

()

Listing 3. GUI-Odyssey evaluation prompt template.

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. You
FIRST need to think based on the
current image, task, and historical
actions. The reasoning process MUST BE
enclosed within <think> </think> tags.
Then output the action, which MUST BE

put in <action> </action> and MUST BE
in Action Space.

## Output Format
<think>...</think><action>...</action>

## Action Space

click (start_box=’ (x,vy)"’)

long_press (start_box=’ (x,vy)’)

type (content="")

scroll (direction='down or up or right
or left’)

impossible ()

press_enter ()

press_back ()

press_home ()

finished()

## Example:

<think>The user wants to search for
shoes. The current screen has a search
bar at the top.</think>

<action>click (start_box=' (x,y)’)</
action>

Listing 4. AITW evaluation prompt template.

J. Model Behavior Across Different History
Lengths

To better understand how history length affects agent be-
havior, we provide a case study comparing the base model
and our HiconAgent-3B under different history lengths
7 € {0,1,2}. As shown in Figure 10, the base model
performs correctly when using shorter contexts (7 = 0 or
7 = 1), but fails when the history is extended to 7 = 2,
where the additional observations introduce distracting or
misleading information, causing the model to attend to an
incorrect UI element and produce the wrong action. In con-
trast, our model, trained with Dynamic Context Sampling,
still produces the correct action when 7 = 2. Since DCS
exposes the agent to diverse and progressively biased history
lengths during optimization, the model learns to effectively
utilize extended context. This qualitative evidence supports
our quantitative results, demonstrating that naively increas-
ing history is suboptimal, whereas HCPO equips the agent
with robustness across variable context windows and enables
it to benefit from longer history when necessary.

K. Visualization of successful trajectories

To better illustrate how our proposed HCPO framework facil-
itates robust decision-making, we visualize several represen-
tative successful trajectories from the evaluation benchmarks
as shown in Figure | 1a and Figure 11b.



Instruction: I'm going to meet my son in Berlin for important work with my wife and | decided to go there by flight,‘
so search for the one way flight from Stuttgart to Berlin airport on January 1,2024 in the Agoda app
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Qwen2.5VL-3B: <think>Since the
departure and destination are already
set, the next logical step is to initiate the
search for flights. The 'Search’ button is
visible and ready to be clicked to
proceed with the search. </think>
<action>click(start_box="(218,534)")
</action>
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<action>click(start_box="(51,151)")

Qwen2.5VL-3B: <think>The current screen
is already set up with the correct
departure and destination airports. The
next logical step is to initiate the search
for available flights. The 'Search’ button is
visible and ready to be clicked. </think>
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s the task of setting up the alert with pop- an alert with a vibration. </think>

up and vibration. </think> <action>click(start_box="(373, 708)')

<action>c|ick(start__box='(375, 705)") </action>
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Figure 10. Case study of model behavior under different history leﬁgth context.

Instruction: Use Spotify to search for and play Think of Me.
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(a) Trajectory example 1 (b) Trajectory example 2
Figure 11. Case studies of our model on downstream GUI navigation tasks.
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