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Abstract

Test-time scaling in agentic tasks often relies on generating long reasoning traces
(“think” more) before acting, but this does not allow agents to acquire new informa-
tion from the environment or adapt behavior over time. In this work, we propose
scaling test-time interaction, an untapped dimension for test-time scaling that in-
creases the agent’s interaction horizon to enable rich behaviors such as exploration,
backtracking, and dynamic re-planning within a single rollout. To demonstrate
the promise of this scaling dimension, we situate our study in the domain of web
agents. We first show that even prompting-based interaction scaling can improve
task success on web benchmarks non-trivially. Building on this, we introduce T71,
a curriculum-based online reinforcement learning (RL) approach that trains agents
by adaptively adjusting their interaction lengths during rollout. Using a Gemma 3
12B model, TTI sets a new state-of-the-art among open-source agents trained on
public data on WebVoyager and WebArena.

1 Introduction
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Figure 1: We propose a new-axis of test-time scaling for agents: scaling the number of interaction steps.
Unlike traditional methods that emphasize longer reasoning per step, we show that acting more helps gain new
information from the environment and improve task performance (detailed results of the left plot in Section 4.2).

Recent advances in foundation models have enabled a shift from static language models to interactive
agents that perform multi-step tasks in dynamic environments like browsers [ 1—6], terminals [7], and
the physical world [8—13]. These agents operate in closed-loop settings where each action changes the
current state of the world and affects future interaction with the environment. As a result, interactive
agents must plan under uncertainty and adapt to failures in real time to be successful. How can we
build agents that succeed in such interactive settings?
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Current post-training approaches prodoeactiveagents that respond to immediate observations

but struggle with evolving or uncertain task dynamics. Methods like supervised ne-tuning (SFT) on
expert demonstrationg4-18] or reinforcement learning (RL) with task reward®f23] typically

train agents to predictsingle best actiomt each step. Even with test-time scaling, where agents

are prompted to “think” longer before prescribing an actiaf6], they are still optimized to select

the most effective action based on the agent's internal state. While suf cient for fully observable and
stationary tasks, reactive policies based on the agent's internal estimate of the task state are often sub-
optimal in partially observable (e.g., incomplete details visible on a page) or non-stationary (e.g., uc-
tuating prices during ight booking) settings, where adaptive, information-seeking behavior is critical.

In this paper, we argue that instead of reactive “optimal” policies, agents should learn adaptive
policies that can collect new information from the environment and adjust their behaviors on-the-y.

A pre-requisite for such adaptability is the ability tiake more actionsluring deployment than

those prescribed by an expert trajectory. We therefore propose a new dimension of test-time scaling:
increasing the number of interaction steps of the agenthis allows agents to have suf cient
context and time to attempt different behaviors. For example, in a hotel booking task, an agent must
rst browse many listings to compare user reviews and check availability before selecting the best
option. Interaction scaling is orthogonal to existing methods based on chain-of-thought (CoT), which
emphasize deeper reasoning per step but do not support information-gathering from the environment.
This notion of information gain is unique to agentic tasks with partial observability and requires
interaction, not merely larger per-step compute. For instance, an agent that reasons deeply about one
selected hotel without interacting further may miss better options that show up only after exploration.

Although the idea of interaction scaling is conceptually straightforward, extending it to post-training
and teaching agents to scale interaction autonomously presents key challenges. Without appropriate
training signals, agents may over t to exploratory behaviors like blindly clicking links but not making
progress toward the actual task objective, wasting the additional steps. To tackle this issue, we
propose to combine online RL with a curriculum that prescribes how to scale the interaction horizon,
training agents that rst learn effective exploitation before extending their horizon to explore.

We instantiate our approach in the domain of web agents, a widely applicable setting with well-
established benchmarks. We rst show that scaling test-time interaction via prompting the agent to
“think and act again” after it decides to terminate can already improve the task success rate from
23%to 28% on WebArenaZ]. While this increases trajectory length and the number of tokens
generated, spending an equivalent amount of compute on conventional test-time scaling methods like
forcing the agent to think for longeR}] or running best-ofa [28-30] yields less than a 3% gain.
These validate interaction scaling as a promising and complementary axis of test-time scaling.

We then move beyond prompting and develdp (Test-Time Interaction), a curriculum RL approach

that trains agents to adaptively scale interaction by gradually increasing the rollout horizon. We scale
TTI to > 100K training tasks across20 domainsT Tl achieves state-of-the-art performance among
open-source agents trained on open data on both WebVoyggerd WebArenad], using only a

12B Gemma 3 model, improving over the non- ne-tuned agent by 9% and 8%, respectively. Our
analysis further shows that curriculum training enables adaptive exploration: agents learn to initiate
new searches or backtrack in complex tasks, while following ef cient paths in simpler ones.

2 Related Work

Scaffolded foundation models as web agent®rior works use external control stuctures to scaffold
foundation models via modular promptingl 6, 32—35], programs B6, 37], or feedback mecha-
nisms B8, 39. These methods often rely on proprietary models like GPZ&} ¢r Claude f1].

Thus, progress is largely driven by designing better prompts and work ows for planfitrg4],
self-correction 45], self-evaluation 46, 47], or by integrating external modules such as memdg} [

or retrieval systems4p]. More recently, developing specialized agents has become a promising
direction [L4]. Automated data curation work ows$5P-52] and distillation approache4 §] are also
developed. Despite these research efforts, scaffolding approaches remain fundamentally limited: they
do not enable agents to self-improve through interaction, and rely on xed behavioral wrappers that
lack adaptability across diverse tasks or environments.

RL training for foundation model agents. RL-based approaches provide an alternative by en-
abling agents to autonomously improve through interaction. Recent work has exploredBPO [
actor-critic R0, 21, 54, or distributed samplingd5]. Full pipelines like PAE 19] and Learn-By-



Interact p6] support automatic task generation, exploration, and labeling. However, most of these
approaches lack explicit mechanisms for test-time exploration, limiting the agent's ability to dynam-
ically adapt behavior over long horizons. Our work addresses this limitation by scaling test-time
interaction as an independent dimension, allowing agents to re ne behavior while acting. Curriculum-
based RL is used in AutoWebGLNb ] and WebRL P3]. However, their curricula are based on task

dif culty, whereas we adapt the interaction horizon.

Scaling test-time compute. Increasing test-time compute via bestrobampling 9], beam

search $8, 59, or veri ers [60-62] has shown to improve performance in reasoning-heavy tasks. In
non-interactive settings like math and competitive coding, recent methods train models to generate
long CoT and scale reasoning internally [e&8, 27, 64]. As for multi-turn interactive settings,

most existing works simply integrate CoT prompting into the agent system to enhance per-step
reasoning [e.g65, 44]. EXACT [66] scales up the search process for each action, GenRM-€4T [

the number of veri ers, and Jin et d68] the number of agents. However, none of these efforts study
the bene ts of scaling over the time horizon, where the agent can explore alternatives, backtrack, or
gather more information before committing to certain actions. Our work extends this line of research
by introducing test-time scaling of interaction. As we will show in our empirical results (Section 4.2),
the bene ts of scaling test-time interaction go beyond scaling test-time compute within each step,
because each extra step of interaction with the environment provides new information to the agentic
policy, whereas thinking for longer simply reorganizes information that the agent already has.

3 Problem Setup

We consider solving a web task as a nite-horizon decision-making précdsee environment
implements a transition function that evolves over time and provides an observatibstept. The

agent policy is parameterized by a multi-modal model that maps observation histery and

action historya; .+ ; to the next actior,. Denote the horizon, or the maximum number of interaction
steps allowed in the environment, lasFor each task, the interaction process ends when the agent
issues a stop signal or reaches the step lmltet hgop 2 (0; h] be the actual number of steps taken.

The agent receives a reward of 1 for task success, and 0 otherwiseb§aivation spaceconsists

of the task goal, the URL, the accessibility tree of the web page and a screenshot augmented with a
set-of-marks I]. Our action spaceconsists of six actions: click, type, scroll, go back, search (e.g.,
Google or Bing), and stop the task with an answer. For details, see Appendix C.1.

4 Scaling Test-Time Interaction: A New Dimension of Agent Scaling

Prior methods for agent test-time scaling usually scale the number of thinking tokens at each step,
but this does not enable the agent to engage in longer interactions with the environment to collect new
information. In principle, scaling the maximum number of interaction steps should allow the agent to
employ richer behavioral strategies such as exploration, backtracking, and recovery. We will now ver-
ify this hypothesis through controlled experiments on WebAr&haj/e will then build upon these in-

sights to develod Tl, an online RL method to explicitly train agents to optimize test-time interaction.

Experiment setup. We choose WebAren&] as our testbed because it enablegghle 1:Base results
reproducible interaction with diverse domains (OneStopShop, Reddit, Gitlagbraged over 3 runs.
CMS, and OpenStreetMap) and have ground truth evaluators. We sa  Task SR (%)

62 tasks for testing and reserve the remaining for online training (Sec. Sdignony  14.76

We set a generous test-time limit lof= 30, well above the 6-step averagecoT 23.81

required by most taskelB, 69]. To study the effect of increasirg we use a

simple prompting-based agent with Gemma 3 128 ,[which observes the web page and outputs an
action via asinglemodel call. It does not leverage any retrieval, veri ers, or other external modules,
ensuring any performance gains come solely from increbdaat not auxiliary scaffolding. We
prompt the agent to generate a reasoning trace before acting (see Appendix C.1 for the templates).
As Table 1 shows, CoT prompting yields signi cantly higher task success rate (SR) than direct action
generation. We thus adopt it as the default prompting strategy.

4.1 Scaling Test-Time Interaction by Acting Longer

AWhile this work centers on web agents, we believe the insights should generalize to other agent domains,
and we hope future work will extend these ideas beyond web agents and web navigation.



To study the impact of test-time interaction

scaling, we introduce a purely inference-time

“check-again” mechanism: after the agent issues

the task completion action, we explicitly prompt

It;tgkrggﬂpslgt?(;r:tél?gtgsggﬂgg{:x éﬁ%iﬁggﬁlrlgure 2t:tS<5aIin% tei,t,-_ttime interaction by prompting
We can extend re-checking from double—chectle agentfo re-checkiis answer

(two passes) to triple-check (three passes) and beyond, using slightly varied prompt phrasings for
each pass. Detailed prompts are in Appendix C.4.

As shown in Figure 2, prompting the agent to re-check not only increases the actual interaction length
hsiop @s expected (dotted lines), but also improves the success rates on most WebArena domains
(bars). When being asked to “check-again”, the agent either reaf rms its decisior (ergvjously

stated the driving time was approximately 30 minutes....30 minutes seems plausible with typical traf ¢ conditions.
I'l stick with my previous answer) or revises it upon re ection (e.g‘My apologies. | jumped to a
conclusion prematurely. Although the address book *displays* the desired address, the task requires me to
*change* it....I should click button [24] to modify the addre9s.In particular, it changes its action25%

of the time after double-checkin@his highlights the potential of interaction scaling: when given

suf cient time, the agent is likely to explore alternatives or correct mistakes before reaching a nal
answer. The chance of the nal answer being correct could thus be higher.

However, we do observe that repeatedly prompting the agent to re-check can sometimes lead to
confusion, causing it to revise correct answers into incorrect ones. We attribute this limitation to the
use ofprompting which we discuss further in Section 4.2 and addressdiging the agent to scale.

4.2 Scaling Test-Time Interaction vs. Per-Step Test-Time Compute

Next, we examine the effect of scaling interaction relative to scaling per-step reasoning: Given a
total token budget, should agents prioritize more interaction steps or generating longer reasoning
traces at each step? To explore this, we study two test-time compute scaling methbdsigét)
forcing [27] prompts the agent to “wait and think again” after generating a CoT, encouraging more
intermediate reasoning before it commits to an action. We vary the number of forced waits from 1 to
4; (2) best-ofn [14] samples 2 f 3; 5; 7g candidate actions per step and performs majority voting.
Fig. 3 (top) plots the task success against total compute,

measured by the number of tokens per trajectory in log

scale. Among the three strategies, interaction scaling

(green) shows the steepest upward trend, achieving the

highest success rate as the allowed token budgets increase.

Budget forcing (blue) yields moderate gains but plateaus

around 0.26. Despite incurring the highest cost, best-of-

( ) brings the least improvements, suggesting that

repeatedly sampling actions per step is a less effective use

of compute in interactive tasks.

A natural question is then: how should we distribute a

bounded compute budget between running more interac-

tion steps vs. reasoning longer? These two dimensions

present different costs per unit, which may not be known

apriori. Figure 3 (bottom) decomposes total compute into

tokens per step (y-axis) and steps per rollout (x-axis). In-

teractiqn scaling extends alqng the x-axis, whilg per—stg%ure 3:Task success rate vs compute for
reasoning scales along y-axis. We nd that Scalogoss gcajing interaction vs. per-step compute.

steps is more effective than scalimgthin steps in We-

bArena tasks, likely because the former enables the agent to gather new information and enrich its
context. This ability to query and observe external feedback is unique to agentic settings but not
single-turn QA tasks. While standard per-step reasoning is constrained by the information already
available at each step, our approach takes advantage of this dynamic interaction.

While our results highlight the potential of scaling test-time interaction, the “check-again” strategy

only allows the agent to revisit its behavior upon task completion, it does not enable it to implement
nuanced behaviors such as switching between exploration and exploitation in the middle of a
rollout. We also experimented with combining interaction scaling with budget forcing and best-of-



Figure 4: Online RL with different values of maximum interaction horizdn. success rates for different
domains. “Harder” means generally lower success fie@verage rollout lengthhgiop ) on the evaluation set.

(Appendix Table 6) This shows the need for methods tifzéth agents to optimize for best behavior
when scaling test-time interaction, rather than naive prompting.

5 TTI: Curriculum-Based Online RL for Scaling Interaction

How can we train agents to make effective use of test-time interaction? A natural starting point is
to draw inspiration from current approaches for optimizing test-time compat&4{] and extend

these ideas to interactive settings. Speci cally, we can run RL with binary task rewards and longer
task horizons. However, is this approach suf cient enough? We rst describe the key challenges in
learning to scale interaction, and then develop our approach to address them via curriculum learning.

5.1 Challenges of Training Agents with Long, Fixed Horizons

A natural way to encourage more steps is to train with longer horizons. To study this, we run
REINFORCE [/ 1] with binary reward€R( ), also known as online ltered behavior cloningd, 19:

h i1 i
argmaxEr tasks Eop a0 1 1 (jT) log (a;jo ¢;T) 1[R(ogn;T)=1] 1)
t=0

We run it in the WebArena testbed, varyihg2 f 5;10;20g. Smallerh exposes the agent only
to exploitative rollouts that succeed within the allowed time steps, while ldrgdso includes
exploratory trajectories. We use the non-test tasks for rollout. Experiment details are in Appendix D.

As shown in Figure 4 (left), agent trained with= 5 learns quickly, likely because on-policy

RL is more sample-ef cient at smaller horizons, but it also quickly overts. This agent often
terminates prematurely during evaluation despite being allowed to interact for much longer time.
Conversely, agent trained at longer horizons generally learns policies that are quite stochastic and
learn signi cantly more slowly due to higher variance of policy gradient losses and optimization
challenges such as vanishing gradient [€/8+75]. Moreover, we manually inspect the trajectories

and nd that theh = 20 agent tends to associate exploratory actions such as “going back” or “trying
random links” with high rewards initially. This noisy credit assignment slows learning, and only after
several iterations do the agents begin to recover and produce more robust policies. The impact of
horizon is domain-dependent: in complex domains requiring exploration (e.g., CMS), long-horizon
agents outperform, while in simpler settings (e.g., Reddit), performance differences are minimal. As
a side note, the number of tokens generatechpBonremains relatively stable throughout training.

Importantly, although the interaction length increases as expectédS@0 (Figure 4 right), worse
performance stemming from noisy credit assignment and slower learning suggests that simply setting
h to be large is insuf cient to learn to scale test-time interaction. These observations motivate our
method's core idea: rather than xing the horizon throughout training, we aim to teach agents when
and how to scale their interaction length adaptively during learning.

5.2 Our Approach: Curriculum Over Interaction Horizon

To address these challenges, we propoBe(Test-Time Interaction), a curriculum-based online RL
approach that trains the agent with short trajectories initially and gradually exposes it to longer ones.
Existing curriculum learning methods in RL [e.g6-80] or web agents43, 57] have been centered
around prioritizing easier tasks followed by harder ones, and are typically built around prede ned
heuristics. In contrast, we de ne curriculum progression in terms of the maximum number of steps an
agent performs per trajectory, and doing so does not require any external measure of task complexity.

How do we design a curriculum over the interaction horizonh? Ideally, the learning schedule
should allow the agent to rst learn basic, “atomic” skills to solve easier tasks, then progressively
tackle complex ones via skill chaining and exploration. We explore two strategies: (1) a conservative,
additive increase ih per iteration, giving the agent suf cient time to solidify core task-solving skills;




Table 3: TTI Gemma 3 12B achieves the best performance among open-weight agents trained on public
synthetic data. Baseline results are taken from Zhou et al. [19], Qin et al. [81].

Model Average Allrecipes Amazon Apple ArXiv GitHub ESPN Coursera Cambridge BBC Map Search HuggingFace WolframAlpha
Proprietary Model

Claude 3.7 84.1 - - - - - - - - - - - -

Claude 3.5 50.5 50.0 683 604 465 585 273 786 86.0 36.6 58.5 30.2 44.2 66.7
OpenAl CUA 87.0 - - - - - - - - - - - - -

Agent E 73.1 71.1 707 744 628 829 773 857 81.4 73.8 87.8 90.7 81.0 95.7

Open Model, Proprietary Human-Annotated Data
UI-TARS-1.5 84.8 - -

Open Model, Open Synthetic Data

LLaVa-34B SFT  22.2 6.8 26.8 233 163 49 8.6 26.8 67.4 16.7 12.2 233 20.9 38.1
PAE-LLaVa-7B 22.3 143 375 175 190 146 0.0 333 52.4 18.6 225 233 19.0 24.4
PAE-LLaVa-34B  33.0 22.7 537 385 256 146 136 429 74.4 39.0 22.0 18.6 25.6 42.9
Gemma 3 12B 55.8 25.7 323 455 606 54806 56.3 69.6 65.6 54.872.7 66.7 61.1
Fixedh = 10 59.1 25.7 741 515 757 709 441 593 66.7 50.0 41.9 60.6 755 72.2
Fixedh = 30 45.2 20.0 419 606 424 419 500 344 60.6 25.0 29.0 63.6 45.5 69.4
TTI (Ours) 64.8 57.1 483 69.6 66.6 452 56.3 46.9 85.2 81.2 66.7 72.7 75.7 79.4

and (2) a more aggressive, multiplicative increase, which assumes the agent can quickly acquire
the basic skills and bene t from earlier exposure to exploratory behavior. Formally, for iteration

hi := clip(hmin + i; hmax) (Additive schedule) (2)
hi := clip(hmin i; hmax) (Multiplicative schedule) 3)

We store the rollouts in a replay buffer and assign higher weights to more recent trajectories. The
full pseudocode folf TI and implementation details are provided in Appendix E.

Empirical insights. We instantiate these two strategies in WebArena, usi I‘; 2|_:C°mpa””_9 the

the non-test tasks for online training. We &g, to 10 andhpa to 30, stheduling Strateg'eos'

and apply the schedules on top of Itered BC. Evaluation results after 3fjcdule  Task SR (%)

. . . A Additive 29.50
iterations are shown in Table 2. Multiplicative schedule outperforms thgipiicaive ~ 32.25

additive one, possibly because it exposes the agent to longer horizons garly

on and helps prevent it from over tting prematurely to shortcut behaviors like always taking the

shortest path. Based on these ndings, we adopt the multiplicative schedule as the def&ilt for

Results in Table 2 show that even with limited data/Q0 training tasks), adaptiviEl1 outperforms
the xed h = 20 baseline in Figure 4 by nearly 3%, using 40% fewer training steps over 10 iterations.
In the next section, we demonstrate this advantage carries over to large-scale online training.

6 Experiments: Scaling Up to Realistic Benchmarks

We now provide a comprehensive evaluatio @f in large-scale, realistic environments, speci cally:
(1) WebVoyager [1] with 427 tasks across 13 domains; and (2) full WebArena [2] with 812 tasks.

Training. To enable large-scale training without training on the benchmark itself, we adopt synthetic
task generation inspired by PAEY and generate 140K synthetic tasks across diverse real-world
domains and WebArena's self-hosted domains. We leverage a prompting-based veri er based on
Gemma 3 27B and using action histories and screenshots to label rollouts. For the agent, we use
Gemma 3 12B () as the base model and train it for 10 iterations with a multiplicative schedule
with hpin = 10 andhpax = 30. Other training hyperparameters and prompt templates are in
Appendix F.3 and Appendix F.1, respectively.

Baselines. We compare with zero-shot Gemma 3 12B and xed-horizon baselinedwith 10; 30g.

We also compare to prior work, including closed-source agents (e.g., those based on4GPT-4 |
and Claude41]), open-weight models trained on proprietary data (e.g., UI-TAR$ [and fully
open-weight, open-data models (e.g., PAE [19]).

6.1 WebVoyager Results and Analysis
State-of-the-art open-weight, open-data performanceWe report the overall task success rates

(SR) on WebVoyager in Table 3. THEIGemma 3 12B achieves an average SR of 64.8%, setting a
new state-of-the-art among open agents trained purely on public data. While previous methods such
as UI-TARS achieves a strong SR of 84.8%, they rely on private human-annotated data that remains
inaccessible to the open-source community. In contfi@st,is trained entirely on synthetic data
generated by the base model (Gemma 3 12B) itself, meaning that our training protocol implements a
form of self-improvementT TI also obtains the highest SR in 8 out of 13 domains.



Figure 5:Dynamics of TTI during training. The green area represents the phase where the maximum allowed
interaction horizon is the largedt € 30), per our multiplicative schedule. All results are evaluated on a held-out
subset of WebVoyager, not on the training tasksAverage trajectory length, i.e. the average number of steps
taken in a trajectory normalized by the average length at the rst iteration (iteratidn Ratio of the sum of
GoBack and Bing actions out of all actions normalized by the rst iteratiohe average number of tokens
(CoT lengths) per actiord: Average task success rates 1drl . e: Per-domain success rates Torl .

TTI outperforms xed-horizon via adaptive exploration. Table 3 also shows our curriculum ap-
proach outperforms xeth = 10 baseline by 5.7% and xeH = 30 baseline by 19.6%. To better
understand the use of interaction within a rollout, we plot the average number of interaction steps
on a held-out validation set with 78 tasks in Figure 5 (a). Note that the agent traineld witl®

learns to continuously reduce the maximum number of steps it spends in a rollouthwhid®

quickly drifts into aimless exploration and executes a larger number of steps pre-maturely in training,
hindering performance. This aligns with our ndings in Section 5.1. Also, when training Tilith

the interaction length of the agent's rollouts rst decreases but then starts to increase as the maximum
allowed horizon increases, indicating that an adaptive curriculum enables effective interaction scaling.

Figure 5 (d) shows that the task success rate also grows over time and correlates with the expanding
horizon. While the average task success rate3 Tdrare better, we observe notable per-domain
differences. Figure 5 (e) shows representative per-domain success rates. On domains like Allrecipes
and CambridgeT Tl signi cantly outperforms xed-horizon and zero-shot approaches, improving
success rates by 31.4% and 15.6%, respectively, likely because these domains are highly information-
dense and bene t from extended exploration enabled by adaptive interaction scaling. However, in
domains like Amazon and GitHul;Tl underperforms the baselines. We notice that the base model
already has strong knowledge about domain-speci ¢ terminologies (e.g., commit history, forks, stars)
in these domains, resulting in high base performance. Inspecting the rollouts, we nd that instead
of using built-in Iters and sortingT Tl can engage in exploration behaviors such as initiating Bing
searches or consulting external sites. This exposes the agent to noisy or distracting information,
reducing task success. We discuss this amd include more case studies in Appendix F.4.

Learning dynamics of TTI. To study howT TI enhances the “within-rollout” exploration capabilities

of the agent, we measure the numbeGaBackandBing actions over the course of trainingoBack

actions measure the number of retries the agent makes within an episode to get unstuck during
exploration.Bing actions correspond to the number of times the agent attempts to seek information
by moving tobing.com. As shown in Figure 5 (a, b, and d), the performanc&®f improves
substantially as the number of GoBack and Bing actions and the trajectory length grow.

Also note that the trajectory length and the number&oBackandBing actions begin to increase

with TTI, once the maximum allowed horizon length is increased as a part of the curriculum schedule
(this regime is shown by the green shaded area in Figure 5). In contrast, these quantities continuously
decrease over the course of training for the run with a lower number of maximum interaction steps
(h = 10). We also nd that the trajectory length shoots up substantially for the run kvith30

and this correlates with worse performance. Finally, as shown in Figure 5 (c) we also note that as
the agent's trajectory grows longer witiT1, the number of tokens appearing in per-step reasoning



Table 4:Full WebArena results. For proprietary agents, we include the top 8 from the of cial leaderboard. We
do not train xedh = 30 baseline due to its generally poor performance and large compute cost for training.

Method Backbone Average Shopping CMS Reddit Gittab Maps
Proprietary-Based  IBM CUGA [82] - 61.7 - - - -
OpenAl CUA [4] - 58.1
Jace Al [83] - 57.1 - - - -
ScribeAgent [14] GPT-40 + Qwen2.5 32B 53.0 45.8 37.9 73.7 59.7 56.3
AgentSymbiotic [18] Claude 3.5 + Llama 3.1 8B 48.5 48.7 41.2 63.2 47.2 57.8
Learn-by-Interact [56] Claude 3.5 Sonnet 48 - - - - -
AgentOccam-Judge [33] GPT-4 45.7 43.3 46.2 67.0 38.9 52.3
WebPilot [34] GPT-40 37.2 36.9 24.7 65.1 39.4 33.9
Fully Open-Source  Learn-by-Interact [56] Codestral 22B 24.2
(Self-lmprovement) AgentTrek [35] Qwen2.5 32B 22.4
AutoWebGLM [57] ChatGLM3 6B 18.2 - - - - -
NNetnav [84] Llama 3.1 8B 7.2 7.4 4.2 0 0 28.5
7777777777 Zero-Shot Baseline =~ ~ Gemma312B 183 267 87 309 ~ 55 277
Fixedh = 10 Gemma 3 12B 23.8 284 156 26.0 13.2 34.7
Fixedh = 30 Gemma 3 12B 19.0 25.7 9.7 29.8 8.7 28.57
TTI (Ours) Gemma 3 12B 26.1 33.9 155 353 15.7 40.5

actually becomes smaller. This implies that our agent is automatically learning to tradeoff interaction
for per-step compute in order to attain higher performance and prevents any issues with overthinking.

6.2 WebArena Results and Analysis

Benchmark results. We further asseskT| on the full WebArena] (we only use the model-based
evaluator for training but use the original benchmark evaluators for evaluation). As shown in Table 4,
TTI obtains the highest performance among open-source agents trained entirely via self-improvement,
without relying on proprietary models for task completion or distillation. WTilé improves over

the zero-shot baseline by 7.8%, the gains are smaller than on WebVoyager, possibly because: (1)
WebArena tasks are more complex, as re ected in lower accuracies even for proprietary models,
leading to fewer successful rollouts per iteration and slower learning; (2) agents sometimes mistake
WebArena sites for real websites and attempt invalid actions (e.g., searching works well on Reddit but
fails on WebArena's Postmill due to environment bugs). More experiment details are in Appendix G.

Further scaling. While TTI equips agents with the ability to adjust
their interaction horizon during deployment, an open question re-
mains: Can we further amplify performance by combining TTI with
inference-time interaction scaling techniques such as re-checking?
To explore this, we apply the “check-again” strategy (Section 4)
to intermediatel Tl checkpoints. Due to the high evaluation cost
associated with evaluating on full WebVoyager or WebArena, we

leverage the WebArena subset checkpoints obtained in Section 5.2.
- . ) . Figure 6:We apply test-time re-
As shown in Figure 6, applying re-checking on topldflimproves checks taT Tl checkpoints.

task success across various training stages. The bene ts are more

obvious in the early stages of training, when the agent has a stronger bias to terminate prematurely.
As training progresse3, Tl encourages longer interaction traces that naturally incorporate behaviors
like re-checking, reducing the added bene t of explicit re-checks. Nonetheless, even in later stages,
re-checking continues to provide modest gains, serving as a safety-check for well-trained agents.

7 Conclusion

In this work, we introduced interaction scaling as a new dimension of test-time scaling for interactive
agents. Through empirical studies on web agents, we validate that interaction scaling enables agents
to explore and adapt dynamically, signi cantly improving task performance. We hope that this work
opens new directions in agentic reasoning and inspires broader applications beyond web navigation.

Limitations and future work. Our experiments are limited to web environments; extending this
method to other domains like robotics or open-world games requires further exploration. Besides,
scaling interaction steps increases computational costs during both inference and training. Although
our adaptive scheduling helps, more ef cient handling of long interactions is needed. In addition, our
training relies on simple behavior cloning; future work could incorporate more advanced RL methods
like PPO B5], GRPO 3] to improve performance. Lastly, due to high compute cost, we only ran the
full benchmark once per setting, limiting the ability to quantify variance from policy, environment,
and evaluator stochasticity. Future work should explore multiple runs or more robust evaluation.
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A Broader Impact

This work contributes to the development of more adaptive and capable Al agents by introducing a new
test-time scaling dimension focused on interaction rather than per-step reasoning alone. While this
approach improves robustness and generalization in open-ended environments, it also raises important
considerations. Increased agent autonomy can amplify both the bene ts and risks of deployment
in real-world systems. Moreover, agents capable of richer behaviors could be applied to sensitive
domains (e.g., customer service, education, or automation work ows) where unintended actions
could have large impacts. We encourage future work to consider ethical safeguards, interpretability
tools, and human-in-the-loop designs when deploying interaction-scaled agents. Our experiments are
conducted entirely in simulated environments, and we hope this work inspires further research on
controllable and trustworthy agent behavior under realistic constraints.

B Observation Space Design

We use the screenshot accompanied with the web page's accessibility tree as our main observation.
We study two versions of accessibility tréeich accessibility treeis modi ed from the WebArena
code and looks like:

[21]: RootWebArea 'Dashboard / Magento Admin' focused: True; [0]: link ‘"Magento Admin Panel’;
[1]: link 'DASHBOARD?; [2]: link 'SALES"; [3]: link 'CATALOG; [4]: link ' CUSTOMERS'; [5]:

link ' MARKETING'; [6]: link 'CONTENT; [7]: link 'REPORTS'; [8]: link 'STORES"; [22]: link
'SYSTEM'; [23]: link 'FIND PARTNERS & EXTENSIONS'; [24]: heading 'Dashboard’; [9]: link
‘admin’; [10]: link ”; [25]: StaticText 'Scope:'; [12]: button 'All Store Views' hasPopup: menu; [13]:
link 'What is this?'; [14]: button 'Reload Data'...

Simple accessibility treeis modi ed from the PAE code and looks like:

[1]: "Dashboard"; [2]: "Sales"; [3]: "Catalog"; [4]: "Customers"; [5]: "Marketing"; [6]: "Content";
[7]: "Reports”; [8]: "Stores"; [9]: "admin”; [12]: <button> "All Store Views"; [13]: "What is this?";
[14]: <button> "Reload Data"; [15]: "Go to Advanced Reporting"; [16]: "here";...

Rich tree contains more details such as the HTML tag and attributeselikered , hasPopup
compared to simple tree. However, it is much longer than simple tree and hence harder to optimize
due to the increased context length. As simple tree gives more steady training dynamics, we mainly
use it for our experiments.

C Preliminary Test-Time Experiments on WebArena

C.1 General Prompts

General Prompt
Imagine you are an agent browsing the web, just like humans. Now you need to complg¢te a

task. In each iteration, you will receive an observation that includes the accessibility tree of the
webpage and a screenshot of the current viewpoint. The accessbility tree contains informgtion
about the web elements and their properties. The screenshot will feature numerical labels
placed in the TOP LEFT corner of web elements in th current viewpoint. Carefully anaﬁze
the webpage information to identify the numerical label corresponding to the web element
that requires interaction, then follow the guidelines and choose one of the following actipns:
1. Click a web element.

2. Delete existing content in a textbox and then type content.
3. Scroll up or down the whole window.

4. Go back, returning to the previous webpage.

5. Answer. This action should only be chosen when all questions in the task have been s@lved.
Correspondingly, action should STRICTLY follow the format speci ed by one of the follov
ing lines:

Click [numerical_label]

Type [numerical_label] [content]
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Scroll [up/down]

GoBack

ANSWER [content]

Some examples are:

Click [8]

Type [22] [Boston]

Scroll [down]

ANSWER [06516]

Key guidelines you MUST follow:
* Action guidelines *

- Use either screenshot or accessibility tree to obtain the numerical_label. Sometimep the
accessibility tree captures more elements than the screenshot. It's safe to select these elgments
without scrolling

- For text input, use Type action directly (no need to click rst). All existing texts in th
textbox will be deleted automatically before typing

- Preserve text inside quotation marks exactly as provided by user

- You must not repeat the same actions over and over again. If the same action doesn't yvork,
try alternative approaches

- Use ANSWER only after completing ALL task requirements

- Wrap content for Type and ANSWER with square brackets [’
- Do not add quotation marks for search queries

* Web navigation hints *

{hint}

Your reply should strictly follow the format:

Thought: Your reasoning trace. A good practice is to summarize information on the curfent
web page that are relevant to the task goal, then generate a high-level plan that contaiIs the

11

sequence of actions you probably need to take

Action: Based on this reasoning, identify the single most optimal action. You should outp

in the format speci ed above (under "STRICTLY follow the format")

After each action, you'll receive a new observation. Proceed until task completion. Now

solve the following task.

Task: {task_goal}

Current URL: {url}

Screenshot of current viewpoint: attached

Accessibility tree of current viewpoint: {accessibility _tree}
\. J

tit

Beyond the above CoT prompt, we also tried using a more complex prompt for the thought process.
However, this does not lead to signi cant gain in downstream accuracy (see Table 5), but it could
increase training and inference cost, so we did not use it in the end.

Complex Prompt

Thought: You must analyze the current webpage thoroughly to guide your decision-mal
Show your reasoning through these steps:

- Summarization: Begin by understanding the page context - identify what type of page
you're on (search results, form, article, etc.) and how it relates to your objective. Summayize
important information on the webpage that might be relevant to task completion. Especlally
when the task requires to return some answers to a speci ¢ question, you should note down
intermediate information that helps generate the answer.
- Planning: Generate a checklist of subtasks required for completion and cross-out the suhljtasks
you've completed. Identify the next logical subtask.
- Veri cation: Verify all information you've entered so far. Check that your inputs match
requirements in terms of spelling and format (you should not change the user-sped ed
information, even if therere grammar errors). Verify if any selections for dropdown items
align with the task objective. Identify if there're necessary elds that have not been llgd
in. Note that if the last few steps are repeating the same action, there must be missing or

incorrect information.
\_ J

ng.
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pages, etc) to nd out an answer, consider if you need to issue GoBack and return td
previous web page.

task.

Action: Choose ONE of the following action formats:

- Click [numerical_label] - Click a speci ¢ element

- Type [numerical_label] [content] - Input text into a eld

- Scroll [up/down] - Navigate the page vertically

- GoBack - Return to previous webpage

- ANSWER [content] - Provide nal answer when task is complete
\_ J

C.2 WebArena Prompts
Below are the content replacing “{hint}" in the general prompt.

General Hint

- Always save progress through appropriate buttons (Save, Submit, Post, etc.)
- Always remember to interact with dropdown options after expanding
- Clear lters before setting new ones

Reddit

|(
.

- Always save progress through appropriate buttons (Save, Submit, Post, etc.)
- Always remember to interact with dropdown options after expanding

clicking the dropdown menu and select "New" or "Top" with the correct time range

pick the most relevant one, ideally the subforum is about objects or locations contained in
given objective
- "Trending" means "hot"

or "Comments"
\_ J

CMS

- Always save progress through appropriate buttons (Save, Submit, Post, etc.)
- Always remember to interact with dropdown options after expanding

- Clear Iters before setting new ones

- Use date format: month/day/year (e.g., 1/1/16, 12/31/24)

- When searching phone numbers, remove the country code

- When searching product name, use single but not plural form

- When the web page contains a table, aggregate the rows with the same item

|(
\_

Shopping

- Always save progress through appropriate buttons (Save, Submit, Post, etc.)
- Always remember to interact with dropdown options after expanding

- When searching product name, use single but not plural form
- If the objective requires only nding an item, stop at the item page without adding to ca|

—

.
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- To nd out all posts or replies from a user, click the user name and then click "Submissiops

- Backtracking: If the task requires exploring multiple webpages (e.g., orders, posts, item

the

- Candidate Generation: After all the above reasoning, list the most relevant possible actions,
evaluate pros and cons of each action, and nally select the most effective action to progress

- Pay attention to words like "latest", "newest", "hottest" in the task objective, which require

- When selecting a subforum, you can either browse the dropdown menu in the "Submit” page
or navigate to "Forums" and check all subforums by clicking on "Next" to go over all pages.
You must try to nd a subforum that exactly matches your query. If there's no exact mafch,
the

- Sort items by price by clicking the dropdown menu and set descending/ascending diregtion

- To nd out the quality of a product, search the item, click on review, and inspect its re\yaw



- Click "Page Next" to iterate over all orders
- Since there's no way to Iter order history, click "View Order" for every order within a dat|
range and inspect individually. If the condition is not met, go back

- Always save progress through appropriate buttons (Save, Submit, Post, etc.)

- Always remember to interact with dropdown options after expanding

- Clear lters before setting new ones

- When searching a repo in gitlab, type only the project name after "/" in the search box
1\ J

Map

- Always remember to interact with dropdown options after expanding
- When searching for a place, remove prepositions like in/fon/by/at. For example, use 'jstar-
bucks, craig street" instead of "starbucks on craig street". Put the city name at the end
- When there is no results shown up after search, rephrase the address and try again
- To nd direction between two points, after entering the from and to addresses, selec{ the
correct transportation (foot/bicycle/car) before clicking "Go"
- When the given location is not a geological address, use your knowledge to infer the address
\_ _/

C.3 CoT Experiments for Base Agent

To enable ef cient rollout collection, we spin up multiple Docker containers on a single GPU
according to the of cial WebArena repository. We use the vLL8&] engine for inference and apply
the following inference hyperparameters for most of our experiments.

* max_new_tokens: 1024

* max_attached_imgs: 4

* temperature: 1

e top_p: 0.95

We randomly subsample 62 test tasks for analysis purposes. Below are the results of zero-shot agent
vs CoT prompting. “CoT” uses the “General Prompt” in Section C.1. “Complex CoT” uses the
“Complex Prompt” in Section C.1. .

Table 5:Base agent results averaged over 3 runs on WebArena subset.

Prompt Task SR (%)
Action Only 14.76
CoT 23.81

Complex CoT 23.33

C.4 Scaling Trade-off Experiments

“Check-again” for interaction scaling.  After the agent outputs the task-stop signal, we append
the following prompts to the observation to induce it to check again.

Check-Again Prompt

Important: You returned an answer in the last step. Let's pause, check the web page| and
think again. If you still think the task is nished, double-check your answer, revise it if negd,
and return a nal answer. If not, continue the task. Your output should still be in the sajne
“Thought:...Action:...” format.
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Table 6:Comparing different inference-time prompting strategies. Results averaged over 3 runs on WebArena
subset. All methods are applied once.

Inference-Time Strategy Task SR (%)
Baseline 23.81
Check-again 26.14
Budget-forcing 24.81
Best-ofn 25.03
Check-again + Budget-forcing 26.33
Check-again + Best-af- 27.36

When applying multiple re-checks, we slightly vary the prompts suchBefore you nalize the
answer, re-evaluate it in terms of the current web page—what exactly supports or contradiais it?”
“Why do | believe this answer is correct? What on the page justi es it? Could an alternative answer be
better?” Please refer to the code base for the exact prompt used.

Per-step budget forcing. Following [64], we use the phrases below to induce longer per-step
thinking. The phrases are different to ensure that the model does not run into the scenario of endless
repeating a phrase.

* First time: Wait, let me think deeper.

» Second time: But let me double-check.

e Third time: But hold on.

Per-step best-ofn. We tried both selecting by log likelihood and majority voting, with the latter
showing slightly better results.

Additional results for combined scaling. Beyond evaluating each scaling method separately, we
also tried combining methods along different axes.

D Online Filtered BC on WebArena

We use the following hyperparameters to obtain the training curves in Table 4. During training,
the vision_tower of Gemma 3 is kept frozen because it is frozen during pretraining. Other
hyperparameters can be found in our code in the supplementary material.

e num_iteration: 10

 actor_epochs: 1 # number of epochs to update the actor

* rollout_size: 512

e num_update_sample_per_iteration: 512

e Ir: 1e-6

 optimizer: AdamwW

 scheduler: WarmupCosineLR

 batch_size: 4

 grad_accum_steps: 2

« eval_horizon: 30

E TTI Implementation
We provide the pseudocode in Algorithm 1. For the replay buffer, to encourage the agent to learn

from more recent examples, we assign weights based on recency when sampling rollouts to update
the agent: for th&-th trajectory added to the buffer, its Weightﬁl};r.
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Algorithm 1 TTI: Filtered Behavior Cloning with Interaction Scheduling

1. Input: Agent policy , EvaluatorR, EnvironmentE, Learning rate , Replay bufferD,
Interaction scheduler hyperparametefs, , hmax

2: Initialize policy  from pretrained model

3: Initialize replay buffeD fg

4: for each episodedo

5: Set interaction horizoh; get_schedul@; h min ; Nmax )

6 for each rollout to collectlo

7 Initialize environmentsy E

8 for eacht in [1; hj] do

9: Observe current statg

10: Predict actiorfy (st)

11: Execute actiord; in environment

12: Observe next stat® +1

13: if episode donéhen

14: Compute reward; R (si;4)

15: else

16: ' 0

17: end if

18: Store transitionD D [f  (st;&;rt;St+1)d
19: end for

20: end for

21: for sample successful trajectoryindo

22: for t = 1 to hgpdo

23: Accumulate lossL () L( )+ CrossEntropy (st);4:)
24: end for

25: end for

26: Update policy: r L()

27: end for

F WebVoyager Experiments

F.1 Task Generator & Evaluator Prompt

Task Generator Prompt

You are a website exploration assistant tasked with discovering potential tasks on websites.
These tasks should be similar to a user-speci ed task and aim to complete some high-jevel
goals such as booking restaurants in a website. Your goal is to freely explore websiteg and
propose tasks similar to a given set of examples. For each iteration, you'll receive:
- An observation with the webpage's accessibility tree

- A screenshot showing numerical labels in the TOP LEFT corner of web elements
You will then generate possible tasks while exploring the website. You should imagine tdsks
that are likely proposed by a most likely user of this website. You'll be given a set of examples
for reference, but you must not output tasks that are the same as the given exampleg. The
generated tasks must be realistic and at least require 3 steps to complete. It cannot lpe too
simple.

## Response Format and Available Actions

Your reply for each iteration must strictly follow this format:
Thought: Analyze the current webpage thoroughly to guide your exploration. Examine|the
webpage's structure, content, and interactive elements to identify potential tasks that yisers
might perform on this site. Decide whether you want to keep exploring or output some tdsks
Tasks: If you think you are ready to generate some tasks, output them in the follow-
ing format (note that different tasks are separated with double semicolons): GENERATE
[taskl;answerl;;task2;answer2]
Action: Then, to continue with your exploration, choose ONE of the following action formjs:
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- Click [numerical_label] - Click a speci ¢ element

- Type [numerical_label] [content] - Input text into a eld
- Scroll [up/down] - Navigate the page vertically

- GoBack - Return to previous webpage

Examples:

Click [8]

Type [22] [Boston]

Scroll [down]

GENERATE [Find the company's phone number;(555) 123-4567;;Locate the price of the
basic subscription plan;$19.99/month]

Your nal output should look like:

Thought: ...

Tasks: GENERATE [...] (this is optional, only generate when you are con dent)
Action: ...

## Critical Guidelines

### Action Rules

- Use either screenshot or accessibility tree to obtain the numerical_label

- For text input, use Type action directly (no need to click rst)

- Ensure proposed tasks are diverse and demonstrate different aspects of the websit¢. The
tasks must have diverse dif culty and require different number of steps (3-20) to complege.

- Tasks should be clear, speci ¢, achievable, and self-contained. It cannot be too general} e.g.,
related to any postny productany place It must not depend on any context or actions thgt

you have performed, i.e., you must assume zero prior knowledge when someone waits to
complete the task
- Your task should be objective and unambiguous. The carry-out of the task should NOT
BE DEPENDENT on the user's personal information such as the CURRENT TIME QR
LOCATION
- Your tasks should be able to be evaluated OBJECTIVELY. That is, by looking at the last
three screenshots and the answer provided by an agent, it should be possible to tell without
ambiguity whether the task was completed successfully or not

- Answers should be precise (e.g., exact prices, speci c information, exact text)
- Your should output both operational tasks (the goal is to complete some steps) and infgrma-
tion retrieval tasks (the goal is to nd some answer to return)
- You must refer to the examples given and mimic the complexity and task structure. See jhow
these tasks are self-contained and realistic
- Your proposed task cannot be a single action like click, type! Tasks like 'Determine the
number of uses for that term' is unacceptable because it is ambiguous as a stand-along task;
‘Uncheck Use system value' is unacceptable because it is not a complete task; '‘Locatg the
total revenue for the last month' is unacceptable because ‘last month' is ambiguous;
After each action, you'll receive a new observation. Continue exploring and generating tgsks.
Here're some examples: {example}

Current URL: {url}

Screenshot of current viewpoint: attached

Accessibility tree of current viewpoint: {accessibility _tree}

\_ _/

Evaluator Prompt

You are an expert in evaluating the performance of a web navigation agent. The aggnt is
designed to help a human user navigate a website to complete a task. Your goal is to decide
whether the agent's execution is successful or not.
As an evaluator, you will be presented with three primary components to assist you in your
role:
1. Web Task Instruction: This is a clear and speci c directive provided in natural langudge,
detailing the online activity to be carried out.
2. Result Response: This is a textual response obtained after the execution of the web tgsk. It
serves as textual result in response to the instruction.
\_ J
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3. Result Screenshots: This is a visual representation of the screen showing the re%ilt or

intermediate state of performing a web task. It serves as visual proof of the actions tak
response to the instruction.

—You SHOULD NOT make assumptions based on information not presented in the screer
when comparing it to the instructions.

— Your primary responsibility is to conduct a thorough assessment of the web task instrug
against the outcome depicted in the screenshot and in the response, evaluating wheth
actions taken align with the given instructions.

nin
shot

tion
er the

— NOTE that the instruction may involve more than one task, for example, locating the gafjage

and summarizing the review. Failing to complete either task, such as not providing a sumn
should be considered unsuccessful.

hary,

— NOTE that the screenshot is authentic, but the response provided by LLM is generated at the

end of web browsing, and there may be discrepancies between the text and the screen
— Note that if the content in the Result response is not mentioned on or different from
screenshot, mark it as not success.

— NOTE that the task may be impossible to complete, in which case the agent should ind
this in the response. CAREFULLY VERIFY THE SCREENSHOT TO DETERMINE IR
THE TASK IS IMPOSSIBLE TO COMPLETE. Be aware that the agent may fail becau
of its incorrect actions, please do not mark it as impossible if the agent fails because (¢
incorrect actions.

You should explicit consider the following criterion;

- Whether the claims in the response can be veri ed by the screenshot. E.g. if the resp
claims the distance between two places, the screenshot should show the direction.
SHOULD EXPECT THAT THERE IS A HIGH CHANCE THAT THE AGENT WILL
MAKE UP AN ANSWER NOT VERIFIED BY THE SCREENSHOT.

- Whether the agent completes EXACTLY what the task asks for. E.g. if the task asks to
a speci c place, the agent should not nd a similar place.

In your responses:

You should rst provide thoughts EXPLICITLY VERIFY ALL THREE CRITERION and
then provide a de nitive verdict on whether the task has been successfully accomplis
either as 'SUCCESS' or 'NOT SUCCESS'.

A task is 'SUCCESS' only when all of the criteria are met. If any of the criteria are not m

shots.
the

cate
5e

fits

pnse
YOU

nd

the task should be considered 'NOT SUCCESS'. )

F.2 Agent Prompt

Imagine you are a robot browsing the web, just like humans. Now you need to complete a
In each iteration, you will receive an observation that includes the accessibility tree of
webpage and a screenshot of the current viewpoint. The accessbility tree contains inform

placed in the TOP LEFT corner of web elements in the current viewpoint. Carefully anal
the webpage information to identify the numerical label corresponding to the web ele
that requires interaction, then follow the guidelines and choose one of the following acti
1. Click a web element.

2. Delete existing content in a textbox and then type content.

3. Scroll up or down the whole window.

4. Go back, returning to the previous webpage.

5. Navigate to Bing's homepage.

6. Answer. This action should only be chosen when all questions in the task have been s¢
Correspondingly, action should STRICTLY follow the format speci ed by one of the follov
ing lines:

Click [numerical_label]

Type [numerical_label] [content]
Scroll [up/down]

GoBack

about the web elements and their properties. The screenshot will feature numerical ’I-Ibels

fask.
the
ation

ze

ent
PNS:

Ived.
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Bing

ANSWER [content]

Some examples are:

Click [8]

Type [22] [Boston]

Scroll [down]

Bing

ANSWER [06516]

Key guidelines you MUST follow:
* Action guidelines *

1. The predicted action should be based on elements as long as it's accessibility tre¢ OR
screenshot. Sometimes, accessibility tree or screenshot captures more elements than the other,
but it's ne to use either one.
2. To input text for search bars, no need to click textbox rst, directly type content. After
typing, the system automatically hits 'ENTER' key.
3. When a complex task involves multiple questions or steps, select 'ANSWER' onlyf at
the very end, after addressing all of these questions or steps. Double check the formatting
requirements in the task when ANSWER. Always think twice before using '"ANSWER'
action!!!

4. When specifying the content for 'Type' and 'ANSWER' actions, be sure to wrap the
content with '[]". T
5. Use "GoBack’ to return to the previous state, use it when you nd the previous acfi
incorrect.
6. When you see a pop-up page, you should immediately "GoBack™ to the previous page.
7. Use "Bing” when you need to navigate to a different website or search for new information.
Your reply should strictly follow the format:

Thought: Your reasoning trace. A good practice is to follow this format:
- Observation summary: where are you at now? list all elements that are related to thetask
goal. e.g. if you're trying to Iter something out, list all lters visible.
- Planning: what sequence of actions do you need take to achieve the task goal? dive a
high-level overview of the steps you need to take.
- Possible actions: to achieve that plan, what are potential actions you need to do immedijtely
and what's their effect? List at least 3 actions and analyze each of them.
Action: Based on this reasoning, identify the single most optimal action. You should outhI it

ion

in the format speci ed above ("...STRICTLY follow the format...").
After you issue an action, the user will execute it and provide a new observation. Now s
the following task.
Task: {task_goal}
Current URL.: {url}
Screenshot of current viewpoint: attached
Accessibility tree of current viewpoint: {accessibility_tree}
\. J

Ive

F.3 Experiment Details

We use the following hyperparameters to obtain the WebVoyager results.

e num_iteration: 10

 actor_epochs: 1 # number of epochs to update the actor
« rollout_size: 512

* num_update_sample_per_iteration: 512

e Ir: 1e-5

* optimizer: Adamw

 scheduler: WarmupCosineLR

 batch_size: 4

» grad_accum_steps: 2
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« eval_horizon: 30 # note that train horizon is different for different methods, but evaluation
horizon is kept the same
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F.4 Case Studies: Strengths and Failure Modes

We conduct detailed case studies to analyze Tidlvbehaves across tasks and domains. These cases
highlight both the strengths and remaining limitations of our approach.

Strength: Effective exploration in complex tasks (example visualized in Appendix F.5). For
complex, exploratory tasks that require information retrieVal, trains agent to extend its interaction
horizon through searches and backtracking, gathering and comparing information before making
decisions. For instance, when tasked to nd the baking temperature of an apple pie recipe with 4+
stars and 50+ reviews, our agent rst selects a recipe but encounters a pop-up it cannot dismiss due to
backend issues. It then tries another recipe but nds no baking temperature. Returning to the listing
again, it correctly identi es one that meets all criteria. We also observe that such behaviors emerge
progressively. In early training with = 10, the agent actually tends to stick to the rst recipe it
nds, keeps retrying it and saying remember seeing one with 613 ratings earlieiristead of
seeking alternatives. This illustrates that whilEl schedules interaction length globally, it teaches
agents to adjust their horizamithin a task and shift from exploitation to exploration. In contrast,
training with a xed short horizon can make it dif cult to develop such exploratory behaviors.

Strength: Strategic exploitation in simple tasks (Appendix F.6)For simpler tasks with clear, de-
terministic paths (e.g., form Tling or direct lookups),TT-agent completes tasks ef ciently without
over-exploration. For example, when instructed to nd the “top trending open-source project on ma-
chine learning” in GitHub, the agent goes directly to the Open-Source menu, selects the Trending tab,
and performs search. This shows thai balances exploration and exploitation based on task context.

Despite these strengths, we also observe characteristic failure modes that point to areas for improve-
ment and may partly explain the agent's lower performance on domains like GitHub.

Failure mode: over-reliance on resets (Appendix F.7)When an action fails, our agent can reset

the task by returning to the Bing search page rather than attempting recovery within the target domain.
This suggests the agent treats search as a universal fallback, even when more domain-speci ¢ actions
(e.g., revisiting menus, re ning Iters) would be more effective. We also observe repeated resets
within the same trajectory, indicating a lack of adaptive error recovery. While agents can extend
horizons through both resetting and backtracking, the latter is often more natural. This highlights an
area wherd Tl could improve by guiding exploration more systematically and enforcing structure.

Failure mode: limited self-veri cation (Appendix F.8). We also observe that the agent can fail to
verify its actions against the task goal, especially in the last step. In one case, the agent identi es a
2021 GitHub repository for a task requiring one from 2022. While it explicitly acknowledges the
mismatch,‘|lt was created in 2021, not 2022, so it doesn't meet the criteyi’still submits it as the
answer. This implies limited self-veri cation ability and could be mitigated by longer, more deliberate
per-step reasoning. An important next step is to comiiflewith scaling per-step reasoning.
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