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Abstract
As large language models (LLMs) increasingly
tackle complex reasoning tasks, test-time scal-
ing has become critical for enhancing capa-
bilities. However, in agentic scenarios with
frequent tool calls, the traditional generation-
length-based definition breaks down: tool
latency decouples inference time from gen-
eration length. We propose TIMELY MA-
CHINE, redefining test-time as wall-clock time,
where models dynamically adjust strategies
based on time budgets. We introduce Timely-
Eval, a benchmark spanning high-frequency
tool calls, low-frequency tool calls, and time-
constrained reasoning. By varying tool latency,
we find smaller models excel with fast feed-
back through more interactions, while larger
models dominate high-latency settings via su-
perior interaction quality. Moreover, existing
models fail to adapt reasoning to time budgets.
We propose Timely-RL to address this gap. Af-
ter cold-start supervised fine-tuning, we use
reinforcement learning to enhance temporal
planning. Timely-RL improves time budget
awareness and consistently boosts performance
across Timely-Eval. We hope our work offers
a new perspective on test-time scaling for the
agentic era.

1 Introduction

As the parameter counts and data volumes of Large
Language Models (LLMs) continue to expand, rely-
ing solely on scaling these dimensions is becoming
increasingly expensive. A new wave of models,
represented by OpenAI-o1 and DeepSeek-R1, has
pivoted towards exploring test-time scaling, which
allocates increased inference time to tackle com-
plex reasoning tasks (Guo et al., 2025; Jaech et al.,
2024). Drawing inspiration from Group Relative
Policy Optimization (GRPO), methods based on
Reinforcement Learning with Verifiable Rewards
(RLVR) have emerged as a mainstream paradigm
for enhancing LLM reasoning (Shao et al., 2024;
Hui et al., 2024; Yu et al., 2025).

Furthermore, a significant portion of research
applies RLVR to scenarios involving external tools
and environmental interactions. (Qian et al., 2025;
Li et al., 2025c). Empowered by the reasoning
capabilities of LLMs, agent systems designed for
interactive tasks, such as web search and automated
machine learning model training, have also demon-
strated substantial application potential (Jiang et al.,
2025; Jin et al., 2025).

Regarding the reasoning capabilities of LLMs,
test-time scaling stands as a pivotal concept. Prior
to the widespread adoption of LLMs in tool-use sce-
narios, test-time scaling in standard reasoning tasks
(such as mathematics, coding, and commonsense
reasoning) was typically correlated with generation
time (Paglieri et al., 2025; Wen et al., 2025; Han
et al., 2025). Intuitively, in scenarios involving only
model inference, an inherent positive correlation
exists between time and generation length.

However, this relationship breaks down when
discussing agentic scenarios characterized by com-
plex tool utilization. In such settings, since the
latency of tool execution is unpredictable, the to-
tal time required to complete a task cannot be es-
timated solely based on the model’s generation
length. A concise reasoning trajectory might con-
sume much time if it involves high-latency tools;
and conversely, a longer trace could even end faster
given rapid environmental feedback. Consequently,
the traditional definition of test-time scaling based
on generation length proves inapplicable for agen-
tic tasks. Liu et al. (2025b) provides models with
remaining tool call budget through an external plug-
in. While this method is effective, it equivalently
treats the budget as the number of tool calls, which
still overlooks the latency of the tools themselves.

In this work, we introduce the concept of the
TIMELY MACHINE. By decoupling test time from
generation tokens, we restore the concept of "test
time" to its original meaning as a physical quantity:
time itself. We argue that the awareness of task
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duration and the ability to plan for task costs should
be intrinsic capabilities of LLMs.

Specifically, when environmental feedback in-
curs high latency, the model should adjust its in-
teraction frequency and prioritize the quality of
each interaction round to achieve better results;
conversely, when the environment responds rapidly,
the model should engage in faster interactions to
gather more sufficient feedback, thereby exploring
for higher payoffs within the same duration.

To validate this capability, we introduce Timely-
Eval, a benchmark designed to evaluate how well
models adapt their strategies based on temporal
feedback. Within Timely-Eval, we curate three
distinct interactive scenarios: high-frequency tool,
low-frequency tool, and general reasoning tasks
under strict time constraints. Across these tasks,
we aim to assess whether models are aware of the
concept of "time", and whether they can utilize this
awareness to dynamically adjust their reasoning
strategies accordingly.

We then evaluate model performance under dif-
ferent settings of tool latencies by adjusting the
feedback delays. We find that, on tasks with shorter
tool latencies, relatively smaller models sometimes
achieve better performance than larger models due
to their ability to perform more rounds of interac-
tions. However, as interaction time increases, the
speed advantage of small models gradually dimin-
ishes, while large models, benefiting from their
higher interaction quality, often yield greater re-
turns.

To further train models with this accurate time
awareness, we first synthesize a large Timely Rea-
soning dataset, where each sample strictly adheres
to the time constraints for task completion. We then
use this dataset to perform supervised fine-tuning
(SFT) on base models, obtaining initial points with
time awareness. We then propose Timely-RL on
these initial points for further enhance. As a vari-
ant of GRPO, Timely-RL encourages models to
maximally utilize the provided time budget. After
Timely-RL training, the model demonstrates the
ability to effectively plan and utilize time budget.

To summarize, our contributions are as follows:

• We introduce Timely Machine, redefining test-
time in agentic scenarios as wall-clock time.

• We propose Timely-Eval, a benchmark for
evaluating reasoning under varying time bud-
gets.

• Through evaluation, we find that: (i) model
preference shifts with tool latency, smaller
models outperform larger ones under low la-
tency through more interactions, while larger
models excel when latency is high (ii) exist-
ing models lack the ability to adjust reasoning
strategies based on time budgets.

• We develop Timely-RL, a reinforcement learn-
ing approach that teaches models time-aware
reasoning. Timely-RL enables models to de-
velop accurate time budget awareness and
adapt their reasoning strategies accordingly.

2 Related Works

2.1 Test-Time Scaling for LLM Reasoning
In research on enhancing LLM reasoning, sev-
eral early works improved reasoning accuracy
by voting on multiple responses (Wang et al.,
2022). Some also explored the possibility of self-
correction (Yuan et al., 2024; Ren et al., 2023;
Huang et al., 2023). Yao et al. (2023) proposed
Tree of Thought, which turns reasoning into a tree
structure segmented by steps. Later, some studies
investigated applying Monte Carlo Tree Search to
LLM sampling to tackle more complex reasoning
problems (Guan et al., 2025; Chen et al., 2024).

Shao et al. (2024) proposed Group Reward Pol-
icy Optimization (GRPO). GRPO fueled a surge
of interest in enhancing model reasoning via Re-
inforcement Learning with Verifiable Rewards
(RLVR). In general reasoning, RLVR-based post-
training strategies have brought remarkable perfor-
mance gains (Li et al., 2025b; Hui et al., 2024; Shen
et al., 2025; Team et al., 2025; Yang et al., 2025).

Following RLVR’s success on reasoning tasks,
subsequent work explored RL practices that involve
interacting with tools (Qian et al., 2025; Feng et al.,
2025; Song et al., 2025; Li et al., 2025a,c). These
efforts show the promise of applying LLMs’ gen-
eral reasoning ability to more complex, agentic
interactive environments.

2.2 Budget Control for LLM Reasoning
Before agentic RL became a trend, researchers
investigated lengthy reasoning chains in general
tasks (Qu et al., 2025; Sui et al., 2025; Zhang
et al., 2024). In these settings, budget control
is equivalent to controlling output length. Con-
sequently, a line of work focused on regulating
generation length (Paglieri et al., 2025; Wen et al.,
2025; Han et al., 2025), aiming to make LLMs
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sensitive to inference budgets for dynamic adjust-
ment. Recently, some studies have further incor-
porated wall-clock latency into general reasoning
via additional designs (Fan et al., 2025; Wang
et al., 2025b). Transitioning to agentic scenarios,
AgentTTS (Wang et al., 2025a) allocates task bud-
gets based on FLOPs, while Liu et al. (2025b) intro-
duces an external plug-in to modulate tool-use and
reasoning budgets. However, these approaches rely
on extra designs. We take a more radical stance:
time awareness should be an intrinsic capability.

3 Preliminary Study

3.1 Test-Time Scaling in Agentic Scenarios
Before presenting our approach, we first clarify
what test-time means. In tasks like math and code,
test-time was identical to the model’s inference
time. Therefore, for a given reasoning task, sup-
pose the model performs N reasoning steps. The
total time cost tall can be written as:

tall =
N∑

i=1

t(i)gen, (1)

where t
(i)
gen denotes the generation time at the i-th

step. Here, total time equals inference time. There-
fore, allocating a larger time budget is equivalent
to allocating a larger token budget.

However, in an LLM-powered agentic task with
tool calls, the total time cost tall becomes:

tall =

N∑

i=1

t(i)gen +

N∑

i=1

t
(i)
tool, (2)

where t
(i)
tool denotes the time consumed by the tool

call at the i-th step. Since tool latency is now part
of the overall cost, test-time is no longer directly
proportional to the number of generated tokens.
For clarity, we discuss the following three cases:

Tools Take the Lead We first consider the case
where the tool latency in each round is much larger
than generation latency:

t
(i)
tool ≫ t(i)gen. (3)

In this case, generation time has little impact on
test-time. Therefore, under a fixed time budget
tbudget, the number of interaction rounds N is
largely determined by tool latency:

N ≈ tbudget
ttool

. (4)

Consequently, the per-round interaction quality be-
comes the key factor that determines task perfor-
mance. For such tasks, the model should plan more
carefully in each round.

Models Take the Lead In some scenarios, tool
latency is negligible, or the model can even solve
the task without any tool use:

t(i)gen ≫ t
(i)
tool. (5)

In this case, test-time collapses back to the conven-
tional setting, where the total cost is dominated by
the number of generated tokens.

Meeting in the Middle In more general settings,
the model’s generation latency and the tool-call
latency are often of a similar scale, i.e.,

t
(i)
tool ≈ t(i)gen. (6)

In this regime, test-time compute is jointly deter-
mined by tool latency and generation latency. We
define a per-step latency ratio

mi =
t
(i)
tool

t
(i)
gen

. (7)

Then ttool(i) = mi tgen(i), the total cost becomes

tall =
N∑

i=1

(mi + 1) t(i)gen. (8)

Since neither t
(i)
gen nor t

(i)
tool is known before-

hand, mi can vary substantially across steps. When
mi > 1, tool latency dominates, and the model
should spend more effort to improve the quality
of each tool call; When mi < 1, generation domi-
nates, and the model may shorten its reasoning to
enable more interaction rounds. Overall, because
mi is unpredictable, token-based budget control is
insufficient. Therefore, agent systems must condi-
tion their strategies on time and adapt dynamically
to the observed latency feedback.

4 Method

In this section, we describe TIMELY-EVAL and
TIMELY-RL introduced in the Introduction.

4.1 Timely-Eval
To measure an LLM’s awareness of time and its
ability to regulate behavior in agentic tasks, we
introduce TIMELY-EVAL, which covers three task
families: (i) Interactive Text Games, (ii) Machine
Learning Tasks, and (iii) General Reasoning Tasks.
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Figure 1: Pipeline for Timely-RL

Interactive Games Interactive fiction games
present a natural testbed for agentic scaling. We
build upon Jericho1, an interface connecting agents
to classic text-based games like Zork. In these en-
vironments, models navigate through rounds of
interaction, selecting actions to maximize rewards.

Since these games are lightweight, we can easily
assign different arbitrary interaction delays to each
action without worrying about actual tool execution
time. This allows us to simulate both high-latency
and low-latency scenarios, enabling exploration of
how models adapt their strategies across varying
time constraints. We benchmark each model to
obtain its average per-step latency τ , then set the
time budget as an integer multiple of τ .

Machine Learning In machine learning tasks,
tool execution dominates the time budget. We
adapt several tasks from MLEBench-Lite (Chan
et al., 2024), where LLMs should train ML mod-
els to solve given problems. Models should inter-
act with code interpreter, submitting solutions and
observing execution outputs, error messages, and
performance scores across multiple iterations.

After estimating the average per-round latency
τ (including both LLM reasoning and model train-
ing), we allocate multiples of τ as the time budget.
Because the training of ML models is typically
time-consuming, this suite evaluates whether the
LLM can make effective use of additional time
budget when tool cost dominates.

General Reasoning Finally, we return to stan-
dard reasoning tasks, where test-time is equivalent
to generation time. To ensure the model conditions
on time (rather than only token length), we provide
a timer tool that reports elapsed time. Models must
query it during reasoning to avoid timing out. As
before, we run speed test to obtain τ and set per-
instance budgets as scaled multiples. This suite
tests whether time awareness emerges naturally.

1https://github.com/microsoft/jericho

4.2 Timely Cold Start

Before applying reinforcement learning, we first
distill supervised data to provide a cold start and
establish baselines.

On general reasoning tasks, We distill 1M
training examples from Qwen3-235B-2507-
Instruct (Yang et al., 2025) on queries sampled
from AM-DeepSeek-R1-Distilled-1.4M (Zhao
et al., 2025). Specifically, we equip the teacher
model with a timer tool, enabling it to produce
solutions under varying time budgets.

Similarly, we distill interaction traces from
DeepSeek-V3.2 (Liu et al., 2025a) on interactive
games. To prevent memorization, we limit distil-
lation to the first 50 steps per game, ensuring that
subsequent exploration must be learned rather than
merely recalled. We do not perform task-specific
distillation for ML tasks.

After distillation, we combine the synthetic
dataset with DataScience-Instruct-500K (Zhang
et al., 2025) to form the final cold-start mixture.
Through SFT on various base models, we provide
the initialization point for subsequent RL training.

4.3 Timely-RL

Tool latency creates dynamic, real-time feedback
signals that naturally lend themselves to reinforce-
ment learning. We therefore propose Timely-RL, a
time-aware RL approach that trains models to op-
timize their behavior under time constraints. The
whole pipeline is shown in Fig. 1.

In each interaction round i, the time feedback
t(i) is computed as the sum of inference time t

(i)
gen

and tool execution time t
(i)
tool. To adapt the model

to different conditions, we multiply t
(i)
gen by a co-

efficient α as the feedback received by the model,
simulating scenarios on faster or slower devices.

Next, we design reward functions for the three
tasks during RL training. For each response, let r
denote the accuracy reward, t denote the time cost
for task completion, and Tmax denote the time limit.
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Figure 2: Scaling experiments across four text-based interactive games (Zork1, Advent, Enchanter, Detective) using
Qwen3 models (0.6B-32B parameters). All models are cold-started with the same dataset. Each row represents
different tool call latency settings: No latency, Low (∼2s), Medium (∼10s), and High (∼50s).

The reward function can be expressed as:

R(t, r) =





0, t > Tmax

rf, t ≤ Tmax, r = 0

rf + r + λU(t), t ≤ Tmax, r > 0
(9)

where rf is a fixed reward for correct formatting
and timely completion, and U(t) represents the
model’s utilization rate of time cost, calculated as:

U(t) = sin

(
π

2
·min

(
t

Tmax
, 1

))
(10)

This ensures that as the time ratio nears 1.0, the
reward increases more slowly, preventing minor
time differences near the deadline from causing
large reward fluctuations.

5 Experiments

5.1 Tool Latency Flips the Scaling Winner

8B Beats 32B To compare the scaling perfor-
mance of models with different sizes under various

tool call scenarios, we select four well-known in-
teractive text games as evaluation benchmarks: En-
chanter, Zork1, Advent, and Detective. We perform
cold start on six models from the Qwen3 series,
ranging from 0.6B to 32B parameters, and conduct
evaluations under four settings with different tool
call latencies, as shown in Fig. 2. The deployment
resources are fixed for all models.

The results show that when tool latency is low,
smaller models can outperform larger ones within
the same time constraint due to faster inference. For
instance, in the zero latency setting on Detective,
with a 50s-120s time budget, the 8B model achieves
top performance among all models, outperforming
both 14B and 32B. On other games, the largest
32B model still shows no significant performance
advantage under the same budget.

However, as tool latency increases, the task tran-
sitions to a tool-dominated regime. Under the same
time budget, different-sized models perform a sim-
ilar number of interaction rounds. At this point,
larger models demonstrate higher interaction qual-
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Table 1: Evaluation results on Timely Eval across three task categories. For general reasoning tasks, we report the
average accuracy under various time budgets. For interactive games, we show the average game scores achieved
under different budgets (averaged over 8 trials per game). For ML tasks, we present the average test set accuracy of
generated code (averaged over 8 trials per task). The best score is in bold, while the second best is underlined.

Model
General Reasoning Interactive Reasoning Machine Learning

MATH AIME GPQA Zork1 Advent Enchan Detect Leaf Space Pizza Insult
Diam. -ter -ive Clf. -ship Detect

GPT-5.1(medium) 71.5 46.7 71.0 34.1 57.6 24.4 105.0 67.5 63.5 58.0 79.0
DeepSeek-V3.2 82.9 43.3 58.7 24.9 48.7 15.9 63.2 72.0 68.1 68.6 78.0
Gemini2.5-pro 63.0 37.5 59.0 34.9 50.7 34.1 71.9 71.4 65.4 74.6 75.1

Qwen3-8B 71.2 40.0 37.5 2.3 36.0 5.2 54.1 32.0 17.8 28.6 51.9
Qwen3-14B 70.8 41.7 21.0 9.8 34.9 9.5 50.5 46.4 55.9 60.7 70.6
Qwen3-32B 75.0 45.7 35.5 14.4 38.2 11.7 70.0 51.8 50.1 59.0 57.2

TimelyLM-8B 78.0 42.5 49.5 27.5 48.5 29.5 88.1 93.9 74.4 76.1 84.0

ity. In the high latency setting, 32B consistently
achieves the best performance across all tasks. Ad-
ditionally, when model size is too small, exempli-
fied by the 0.6B, 1.7B, and 4B models, despite
their fast generation speed, their performance re-
mains inferior to larger models regardless of tool
setting due to capability limitations. Therefore, for
an agentic task, beyond tool latency, the model’s
inherent capability must also be considered. An ap-
propriate model selection should balance inference
speed and performance.

5.2 Experimental Setups

Timely-Eval Details We first introduce the com-
ponents of Timely-Eval. For interactive games, We
collect and wrap 57 text-based interactive games
from the Jericho environment. Models are provided
with tools to execute actions, query valid moves,
check scores, and terminate games.

General benchmarks comprise three reasoning
benchmarks: AIME, MATH, and GPQA-diamond
(Hendrycks et al., 2021; Rein et al., 2024). Models
are provided with a tool to track elapsed inference
time, and must adjust their reasoning strategies
based on time costs and budget consumption.

ML benchmarks contain four ML tasks: Leaf
Classification, Spaceship Titanic, Random Acts of
Pizza, and Detecting Insults in Social Commentary.
Models are allowed to use tools to execute code,
obtain results, and monitor elapsed time.

Evaluation Setups We then introduce the experi-
mental settings in Timely-Eval. For General Bench-
marks, we set time budgets at 0.75×, 1.0×, 2.0×,
and 3.0× of this baseline, treating responses ex-
ceeding the budget as incorrect. We report accuracy

averaged across budgets.
For Machine Learning Benchmarks, we measure

the average time per reasoning step (including tool
calls) and allocate budgets ranging from 1× to 5×
this duration.

For Interactive Games, we assign latencies to dif-
ferent tools to simulate real execution. We evaluate
on four games (Enchanter, Zork1, Advent, Detec-
tive) with budgets equivalent to 30, 50, 100, and
200 steps, reporting scores averaged across settings.
In Section 5.1, budgets range from 30 to over 400
steps.

Training Setups We first perform SFT as cold-
start, followed by Timely-RL. SFT runs for 2
epochs using Xtuner (Contributors, 2023). For RL,
each sample is rolled out 8 times with batch size 16,
with maximum generation length of 16,384 tokens.
We set learning rate to 1e-6 and clip ratio to [0.2,
0.28]. We use VeRL for RL (Sheng et al., 2024).

5.3 Timely-Eval Results

Starting from the cold-started 8B, we apply Timely-
RL across three tasks to obtain TimelyLM-8B. For
evaluation on Timely-Eval, we select several main-
stream general models as performance references,
and also evaluate models from the Qwen3 series
for direct comparison. The evaluation results on
Timely-Eval are shown in Tab. 1.

First, TimelyLM-8B outperforms Qwen3-8B on
all three general benchmarks. Notably, all mod-
els show significant performance drops on Timely-
Eval compared to raw benchmarks. For reasoning
models(such as DeepSeek-V3.2), this is because
they cannot control the generation length, and thus
frequently fail to complete the task within the time
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Table 2: Performance under a 0.75× time budget. On Time: percentage of samples finished within the time limit
(%). ACC: accuracy (%). Tool-use rate: percentage of samples that invoked at least one tool call (%).

AIME (0.75×) GPQA-Diamond (0.75×) MATH (0.75×)
Model On Time ACC Tool-use rate On Time ACC Tool-use rate On Time ACC Tool-use rate

DeepSeek-V3.2 33.3 33.3 100.0 43.4 33.3 100.0 75.0 74.0 100.0
GPT5.1 33.3 30.0 40.0 48.0 44.0 8.0 34.0 34.0 8.0

Qwen3-8B 30.0 26.7 53.3 36.0 20.0 94.0 48.0 42.0 66.0
Qwen3-14B 30.0 20.0 10.0 18.0 12.0 8.0 38.0 32.0 6.0
Qwen-32B 33.3 26.7 26.7 34.0 28.0 52.0 46.0 42.0 26.0

TimelyLM-8B 53.3 33.3 100.0 52.0 36.0 100.0 56.0 52.0 100.0
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Figure 3: Changes in reasoning length across different time budgets. The time budget is the model’s original
reasoning time scaled by factors such as 0.75× and 1.0×.

budget at 0.75× or even larger time constraints.
While GPT-5.1 does not perform lengthy reason-
ing, the time constraint forces it into extremely
short reasoning, leading to performance degrada-
tion. The Qwen series models consider fewer tool
calls during reasoning. Due to their faster infer-
ence speed, they occasionally complete reasoning
within the time limit. More detailed discussion of
this phenomenon is provided in Section 5.4.

On Interactive Games and Machine Learning
tasks, TimelyLM-8B achieves strong performance.
On ML tasks, larger models sometimes choose to
implement more complex solutions, causing the
code execution to exceed the time limit. TimelyLM,
however, produces more stable code implementa-
tions. On Interactive Games, although we only use
the first 50 steps as a cold start, TimelyLM still
achieves performance comparable to the strongest
general models, demonstrating that the model has
effectively learned exploration strategies for these
interactive games.

5.4 Training LLMs to be ON TIME

Furthermore, we design additional experiments to
verify whether Timely-RL truly equips the model
with better time awareness.

5.4.1 Behavior under reduced budgets

To demonstrate this, we first select general bench-
marks and compare the on-time completion rates
of different models under a 0.75× time budget. As
shown in Tab. 2, models exemplified by Qwen3-8B
cannot adapt to shorter time constraints and thus
fail to complete reasoning within limit. However,
TimelyLM-8B can leverage the timing tool to ob-
tain the remaining budget in real-time and adjust
its reasoning process across the tasks, thereby en-
abling more tasks to be completed on time.

Additionally, we observe two interesting phe-
nomena. First, the performance variation caused
by budget reduction differs across benchmarks. On
more challenging tasks like AIME and GPQA-
diamond, higher completion rates do not lead
TimelyLM to significantly outperform other mod-
els. However, on simpler problems like MATH,
the model’s on-time completion rate more closely
aligns with its accuracy rate, meaning that most
tasks completed on time are solved correctly. On
such tasks, the benefit of completing tasks on time
outweighs that of performing more extensive rea-
soning.

Second, comparing more powerful models,
DeepSeek-V3.2 better utilizes tool calls to ob-
tain remaining time, while GPT-5.1 prefers single-
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Figure 4: Scaling Experiments on ML tasks and Interactive Games.

round reasoning to meet time constraints. A similar
pattern appears between Qwen3-8B and Qwen3-
32B, 32B prefers single-round reasoning followed
by direct summarization, while 8B is more will-
ing to invoke tool calls before summarizing. The
14B model almost completely ignores the instruc-
tion requirements for tool calls, instead performing
complete single-round reasoning directly.

5.4.2 Behavior under increased budgets
Moreover, Fig 3 shows the changes in reasoning
length under different time budgets. We observe
that TimelyLM exhibits a significant increasing
trend in reasoning length as the time budget in-
creases. In contrast, the Qwen series models do
not show this trend, and their reasoning length in-
creases marginally under different time budgets.
This demonstrates that Timely-RL indeed enables
the model to learn to adjust reasoning strategies
based on changing time budgets.

5.5 Task-dependent budget sensitivity

Fig. 4 illustrates the impact of providing additional
time budgets on performance for interactive games
and ML tasks. On ML tasks, we observe little direct
relationship between increased budgets and perfor-
mance improvements. The first few rounds of gen-
erated code often determine the final performance.
In contrast, on Interactive Games, additional time
budgets lead to clear score improvements.

Therefore, tasks exemplified by Machine Learn-
ing rely more heavily on generation quality. Once
a solution is good enough, further test-time scaling
yields diminishing returns. Conversely, Interactive
Games require multiple rounds of interaction to

Method AIME GPQA MATH

Qwen3-8B 30.0 36.0 48.0
+ SFT 46.7 48.0 56.0
+ GRPO 33.3 46.0 48.0
+ Timely-RL 53.3 52.0 56.0

Table 3: On-time completion rates under 0.75× time
budget. All methods start from Qwen3-8B.

obtain rewards. For such exploratory tasks, the
benefits of continued test-time scaling remain evi-
dent.

5.6 Ablation Study on Timely-RL
Training Method Finally, Table 3 presents our
ablation study on different stages of Timely-RL
training. The results demonstrate that Timely-RL
achieves notably higher on-time completion rates
compared to SFT alone. Moreover, when applying
standard RLVR training without time constraints
on the SFT model, the model fails to learn compa-
rable reasoning strategies. Therefore, we conclude
that Timely-RL training effectively enhances the
model’s awareness of task time budgets.

Reward Design In addition to our sinusoidal re-
ward design, we compare it against two alternative
reward formulations, namely, a step-function re-
ward and a linearly increasing reward, to justify the
necessity of our design choice.

Specifically, for the linear reward function, given
the task completion time t and the maximum al-
lowed time tmax, the model’s utilization rate of
time cost U(t) is defined as:

U(t) = min

(
t

tmax
, 1

)
. (11)
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Table 4: Performance of different reward designs under a reduced inference budget(0.75x). On Time: percentage of
samples finished within the time limit (%). ACC: accuracy (%). Tool-use rate: percentage of samples that invoked
at least one tool call (%).

AIME GPQA-Diamond MATH
Method On Time ACC Tool-use rate On Time ACC Tool-use rate On Time ACC Tool-use rate

Linear Reward 33.3 20.0 100.0 46.0 34.0 98.0 60.0 52.0 100.0
Step Reward 50.0 16.7 100.0 44.0 32.0 98.0 60.0 50.0 100.0
Ours 53.3 33.3 100.0 52.0 36.0 100.0 56.0 52.0 100.0

Table 5: Comparison of different reward function de-
signs under the standard evaluation setting.

Method GPQA-diamond MATH AIME

Linear Reward 50.5 74.5 35.9
Step Reward 42.0 69.0 28.4
Ours 49.5 78.0 42.5

For the step-function reward, we define U(t) as
the following piecewise function:

U(t) =





0.25 if r < 0.25

0.5 if 0.25 ≤ r < 0.5

0.75 if 0.5 ≤ r < 0.75

0.1 if r ≥ 0.75

, r = min

(
t

tmax
, 1

)
.

(12)

Table 5 presents the main comparison results
across different reward designs.

To further understand the behavior of different
training strategies under a reduced inference bud-
get, we report additional metrics, including on-time
rate, accuracy, and tool-use rate, in Table 4.

As shown in Table 4, among the three methods,
the sinusoidal-curve-based reward still achieves the
best overall performance. For the linear reward,
because it does not impose any additional prefer-
ence toward making fuller use of the available time,
the reward differences among solutions that fin-
ish relatively early are not substantial. As a result,
the model is rewarded primarily for solving the
problem correctly, while it is not sufficiently in-
centivized to make fuller and more efficient use of
the available time. Consequently, on AIME, when
the model is given a shorter inference budget, its
on-time rate drops substantially.

The step reward suffers from a different issue.
Since the reward is heuristically divided into sev-
eral intervals, there is little distinction among tra-
jectories that fall within the same interval. This
lack of granularity weakens the incentive for the
model to perform more thorough reasoning. As a
result, its performance degrades even when suffi-
cient reasoning budget is available.

In contrast, the sinusoidal reward design can
both encourage more adequate reasoning and pro-
vide an appropriate incentive for the model to make
greater use of the available time. This leads to
the best overall performance among the compared
methods.

6 Conclusion

In this work, we propose the concept of Timely Ma-
chine, arguing that test time in agentic scenarios
should directly correspond to physical time itself.
We advocate that LLMs should possess awareness
of time budgets. To this end, we introduce Timely-
RL to train models to better perceive task execu-
tion time and dynamically adjust their reasoning
accordingly. We hope our work provides a new per-
spective for test-time scaling in agentic scenarios.

Limitations

Finally, we discuss several limitations of this work.
First, our evaluation is currently conducted on text-
based tasks. In multimodal interactive tasks, pro-
cessing image or video streams typically introduces
more complex and variable latencies, presenting a
more challenging scenario. Second, our framework
does not fully address cases where LLMs are de-
ployed in multi-agent systems. In these multi-agent
settings, latency may arise from another LLM’s
generation time, and training LLMs for effective
collaboration in such contexts remains an open
topic. Finally, an interesting observation is that
while models become more timely under time con-
straints, accuracy improvements vary with bench-
mark difficulty. Future work could explore how
to better balance the trade-off between time con-
straints and model performance.
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A Experimental Details

A.1 Details for Timely-Eval

In this section, we first introduce the implemen-
tation details of TIMELY-EVAL. Specifically, we
elaborate on the evaluation protocols for three dis-
tinct benchmarks.

A.1.1 General Benchmarks
For general benchmarks, we provide the following
system prompt to the model to enable time-aware
strategic reasoning:

System Prompt for Time-Aware Strategic Rea-
soner

Act as a Time-Aware Strategic Reasoner. Your objec-
tive is to conquer complex challenges within a strictly
enforced time window.
You must treat Time as your most critical resource.
1. Initial Assessment: Immediately gauge the prob-
lem’s complexity against the remaining time. 2. Cog-
nitive Budgeting: Allocate specific time slots for
analyzing, utilizing tools, and synthesizing the final
answer. Do not over-invest in low-value details. 3.
Dynamic Adjustment: If a reasoning path proves too
time-consuming, decisively pivot to a more efficient
heuristic or alternative method. 4. Convergence:
You must guarantee a complete conclusion before the
deadline. A partial perfect derivation is a failure; a
complete, logically sound conclusion is success.
Output Requirements: - Wrap your condensed final
insights in <summary>...</summary> tags. - Record
your actual elapsed duration in <conclusion>total
duration: {time} seconds</conclusion>
tags. Your final answer should be wrapped
in <answer> and </answer> tags, for example,
<answer>\boxed{100}</answer>.
Tools: You may call functions to assist with the user
query. Available tool: get_duration() - Gets the
total elapsed time (in seconds).

In our evaluation of the Qwen3 series models, all
experiments were consistently conducted on hard-
ware equipped with 8×NVIDIA H200 GPUs. To
determine the time constraints for each benchmark,
we first performed a baseline inference pass for
every case without any time limits. We then es-
tablished the target time limit by multiplying this
baseline duration by a designated coefficient.

A.1.2 Interactive Games
For the interactive games task, our environment is
built upon the Jericho framework, which supports
57 interactive fiction games. Models are given the
initial observation of the environment, and asked
to gain as much score as possible.

The training split specifically includes the fol-
lowing 16 games: acorncourt, advent, adventure-
land, anchor, awaken, balances, ballyhoo, curses,

Table 6: Full list of 57 games in the Jericho environment.

905 acorncourt advent adventureland
afflicted anchor awaken balances
ballyhoo curses cutthroat deephome
detective dragon enchanter enter
gold hhgg hollywood huntdark
infidel inhumane jewel karn
lgop library loose lostpig
ludicorp lurking moonlit murdac
night omniquest partyfoul pentari
planetfall plundered reverb seastalker
sherlock snacktime sorcerer spellbrkr
spirit temple theatre trinity
tryst205 weapon wishbringer yomomma
zenon zork1 zork2 zork3
ztuu

cutthroat, deephome, detective, dragon, enchanter,
hhgg, hollywood, and zork1. For these games, the
system prompt provided to the model is as follows:

System Prompt for Interactive Games

Act as a Time-Aware Strategic Reasoner. Your objec-
tive is to conquer complex challenges within a strictly
enforced time window.
You must treat Time as your most critical resource. 1.
Initial Assessment: Gauge complexity vs remaining
time. 2. Cognitive Budgeting: Allocate specific time
slots. 3. Dynamic Adjustment: Pivot to efficient
heuristics if needed. 4. Convergence: Guarantee a
conclusion before the deadline.
Output Requirements: - Record duration:
<conclusion>total duration: {time}
seconds</conclusion> - Summarize score:
<score>{your_score}</score>

The model uses the following tools to interact
with the engine:

• step(action): Execute game action.
• get_available_actions(): Get valid moves.
• get_score(): Check current score.
• get_max_score(): Check goal score.
• end_game(): Terminate session.

Table 8 demonstrates the initial strategic reason-
ing of TIMELYLM-8B on Zork1.

A.1.3 Machine Learning Tasks
As the third component of TIMELY-EVAL,
we select four representative machine learn-
ing (ML) tasks: leaf_classification, space-
ship_titanic, random_acts_of_pizza, and detect-
ing_insults_in_social_commentary. In these tasks,
the model is required to perform end-to-end data
science reasoning, including data preprocessing,
model selection, training, and evaluation.

The system prompt for ML tasks is designed to
emphasize time efficiency and rapid execution:
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Interaction Example: TimelyLM-8B on MATH Dataset

User: The volume of the cylinder shown is 45π cubic cm. What is the height in centimeters of the cylinder? [asy]
size(120); draw(shift(2.2,0)*yscale(0.3)*Circle((0,0), 1.2)); ... label("r = 3",midpoint((2.2,0)–(3.4,0)),N); [/asy]
Please answer the question within 5.31 seconds.

Assistant: <think> I’ll start by assessing the problem... The volume is V = πr2h. We have V = 45π and r = 3.
</think>
<tool_call> {"name": "get_duration", "arguments": {}} </tool_call>

User: <tool_response> 0.54 seconds. </tool_response>

Assistant: <think> Good, I have about 4.77 seconds left. 45π = π · 32 · h ⇒ 45 = 9h ⇒ h = 5. </think>
<tool_call> {"name": "get_duration", "arguments": {}} </tool_call>

User: <tool_response> 1.36 seconds. </tool_response>

Assistant: <think> Still plenty of time. The calculation is correct. </think>
<summary> The volume is V = πr2h. With V = 45π and r = 3, we have 45π = 9πh, yielding h = 5 cm.
</summary>
<conclusion> total duration: 1.36 seconds </conclusion>
<answer> 5 </answer>

Table 7: A full reasoning trace of TimelyLM-8B. The model strategically monitors its remaining time using the
get_duration tool to ensure completion within the 5.31s limit.

System Prompt for Machine Learning Tasks

Act as a Time-Aware Strategic Reasoner. Your objec-
tive is to conquer machine learning reasoning tasks
within a strictly enforced time window.
You must treat Time as your most critical resource. 1.
Initial Assessment: Immediately gauge complexity
against remaining time. 2. Cognitive Budgeting: Al-
locate time slots for analysis and coding. 3. Dynamic
Adjustment: Pivot to efficient solutions if a method
is too slow. 4. Convergence: Guarantee a complete
conclusion before the deadline.
Instructions: Wrap your code in <code>...</code>
tags. Avoid long-running code or cross-validation.
Output Requirements: - <conclusion>total
duration: {time} seconds</conclusion> -
<accuracy>{accuracy_float}</accuracy>

In each round, the model generates an imple-
mentation plan and the corresponding Python code.
The code is then executed via a specialized tool:
execute_code_and_get_duration(code). This
tool returns the execution stdout, the final evalua-
tion accuracy, and the time consumed.

Table 9 illustrates a complete execution trace of
TIMELYLM-8B on the leaf classification task.

A.1.4 Inference and Evaluation Setup

During the evaluation phase, all models were
deployed on a hardware cluster equipped with
8×NVIDIA H200 GPUs. For high-throughput
inference, we employed the SGLang framework
(Zheng et al., 2024).

To balance efficiency and stability, the concur-

rency level (number of parallel requests) for model
calls was set to 16 across all benchmarks. For tasks
that exhibit inherent variance—specifically Inter-
active Games and Machine Learning Tasks—we
evaluated each individual case across 8 indepen-
dent runs. The reported results for these categories
represent the aggregate performance across these
iterations to ensure statistical significance and miti-
gate the impact of stochastic generation.

A.1.5 Time Budget Allocation Strategy

General Benchmarks For general tasks, the time
budget is determined on a per-case basis. Let x
denote the duration a model requires to complete a
specific case during a baseline inference pass (with-
out time constraints). The enforced time budget
for that particular case is then defined as n × x,
where n is a configurable scaling factor. This ap-
proach ensures that the difficulty of each individual
problem is intrinsically accounted for.

Interactive Games and ML Tasks In contrast,
for Interactive Games and Machine Learning Tasks,
we employ a step-based budgeting strategy. The
total time budget is calculated by multiplying a
measured average duration per step (derived from
baseline performance) by a fixed constant. This en-
sures a consistent pressure on the model’s strategic
planning and tool-calling efficiency throughout the
multi-turn interaction or the entire coding pipeline.
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Reasoning Trace: TimelyLM-8B on Zork1 (Steps 0–3)

System: [Rules and Tool Definitions]
User: Game started. Observation: West of House. You are standing in an open field west of a white house... There is a
small mailbox here. The time limit is 47.99 seconds.

Assistant (Step 0): <think> I have 47.99s to maximize my score. Let me get the max score and available actions.
</think>
<tool_call> {"name": "get_max_score"} </tool_call>
Tool Response: The max score is 350. You have played for 3.6 seconds.

Assistant (Step 1): <tool_call> {"name": "get_available_actions"} </tool_call>
Tool Response: Available actions: [’open mailbox’, ’north’, ’south’, ’west’]. You have played for 4.1 seconds.

Assistant (Step 2): <think> Max score 350. Time ≈ 44s. Let me check my score before starting. </think>
<tool_call> {"name": "get_score"} </tool_call>
Tool Response: Your current score is: 0. You have played for 4.6 seconds.

Assistant (Step 3): <think> Time is critical. I’ll examine the mailbox first. </think>
<tool_call> {"name": "step", "arguments": {"action": "open mailbox"}} </tool_call>
Tool Response: Opening the small mailbox reveals a leaflet. Played for 6.0 seconds.

Table 8: Initial steps of TIMELYLM-8B in Zork1. The model uses the first few seconds to calibrate its goals and
state.

ML Reasoning Trace: TimelyLM-8B on Leaf Classification

User: The objective is to identify 99 species of plants using shape, margin, and texture features. You must produce
submission.csv with predicted probabilities.
Data: train.csv (891 rows), test.csv (99 rows).
Please finish the task within 5.32 seconds.

Assistant: <think> I’ll use a Random Forest classifier. It handles multi-class tabular data effectively and trains quickly.
I will: (1) Load data, (2) Encode labels, (3) Train a model with n_jobs = -1, (4) Generate probabilities. </think>

import pandas as pd
from sklearn.ensemble import RandomForestClassifier
from sklearn.preprocessing import LabelEncoder

# Load and Prepare
train_df = pd.read_csv('./data/public/train.csv')
test_df = pd.read_csv('./data/public/test.csv')
X = train_df.drop(['id', 'species '], axis =1)
y = LabelEncoder ().fit_transform(train_df['species '])

# Train and Predict
clf = RandomForestClassifier(n_estimators =100, random_state =42, n_jobs =-1)
clf.fit(X, y)
X_test = test_df.drop(['id'], axis =1)
probs = clf.predict_proba(X_test)

# Submit
sub = pd.DataFrame(probs , columns=label_encoder.classes_)
sub.insert(0, 'id', test_df['id'])
sub.to_csv('./ submission.csv', index=False)

<tool_call> {"name": "execute_code_and_get_duration", "arguments": {...}} <tool_call>

Tool Response: Code execution succeeded. Stdout: Submission file created successfully!
Evaluation accuracy: 0.9394. You have spent 5.22 seconds.

Assistant: <conclusion> total duration: 5.22 seconds </conclusion>
<accuracy> 0.9394 </accuracy>

Table 9: An example of TIMELYLM-8B solving an ML task. The model selects a computationally efficient Random
Forest model to ensure the entire pipeline (loading, training, and prediction) completes within the strict 5.32s limit.
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A.2 Details for Timely-RL

In this section, we provide a comprehensive de-
scription of the implementation and training details
for TIMELY-RL. Our RL framework is built upon
the VeRL (Sheng et al., 2024) and InternBootCamp
frameworks. We designed three categories of tools
and corresponding RL pipelines tailored to the
three task types. For the sake of clarity, we re-
state the unified reward function introduced in Sec-
tion 4.3 here:

R(t, r) =





0, t > Tmax

rf, t ≤ Tmax, r = 0

rf + r + λU(t), t ≤ Tmax, r > 0
(13)

where rf is a fixed reward for correct formatting
and timely completion, and U(t) represents the
model’s utilization rate of time cost, calculated as:

U(t) = sin

(
π

2
·min

(
t

Tmax
, 1

))
(14)

A.2.1 Timer Tool
We implemented a Timer Tool that supports a sin-
gle function call: get_duration(). To simulate
diverse execution environments, the tool’s initial-
ization allows for specific time scaling coefficients
and stochastic perturbation factors (jitter). When
the model calls this tool, the returned duration is the
product of the actual elapsed time and a designated
coefficient, plus a random noise component. This
design enables TIMELY-RL to generalize across
different computational resources and varying in-
ference speeds.

A.2.2 General Reasoning RL
For general reasoning tasks, the Timer Tool serves
as the primary interface for time-awareness. We
deployed a dedicated service to manage timers for
different cases. Before each VeRL rollout session,
every case is registered with this service to ensure
that the timing for each instance is strictly indepen-
dent and isolated.

During the RL process, the model is encouraged
to call get_duration() to monitor its own reason-
ing progress. Following the reward formulation in
Eq. 13, for General Reasoning tasks, we set the
parameters as follows: the task reward r = 0.5 (for
correct answers), the formatting reward rf = 0.1,
and the time-utilization weight λ = 0.4.

A.2.3 Interactive Games RL

For the interactive games task, we deploy a spe-
cialized service to host the Jericho game engine.
Specifically, an isolated game instance is initialized
prior to each rollout session. The model interacts
with this environment by invoking designated tools
until the game reaches a terminal state or the model
explicitly calls the end_game tool. We integrate
the Timer Tool (described in Section A.2.1) directly
into this service, ensuring that the model receives
both environmental feedback and the total elapsed
time in a single turn.

Critically, we differentiate between inference
time (the latency of model generation) and tool
call time (the latency of environment execution, in-
cluding simulated tool delays). To simulate diverse
reasoning speeds, we apply a scaling coefficient
to the actual inference time, while the tool call du-
ration remains unadjusted. This separation allows
us to better analyze the model’s strategic behav-
ior under varied computational constraints. For
interactive games, r is calculated as follows:

r = (
scurr
smax

)1/3 (15)

where scurr is the score gained in this game, and
smax denotes the maximum score of the game.

A.2.4 Machine Learning Tasks RL

Lastly, for machine learning tasks, we deploy a
dedicated code execution service to process the
model-generated scripts. Unlike interactive games,
ML tasks do not require maintaining complex en-
vironmental state transitions; therefore, we simply
instantiate a separate Timer Tool for each case to
monitor execution duration.

In this category, the performance component r in
Eq. 13 corresponds to the evaluation metric (accu-
racy) achieved by the model’s code on the test set.
Since all four selected ML benchmarks are classi-
fication tasks, r is naturally a floating-point value
within the range [0, 1]. To balance the total reward
magnitude, we define the performance contribution
to the final reward as 0.5× r.

A.3 Prompts for ML Tasks

We designed individual task prompts for the four se-
lected machine learning benchmarks. The detailed
prompts for each task are provided below.
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Task 1: Detecting Insults in Social Commentary

Please first outline your proposed solution in natural
language, followed by a single markdown code
block.
The task description is: The challenge is to detect
when a comment from a conversation would be
considered insulting to another participant. The goal
is to create a generalizable classifier for real-time
moderation.
Note:
• Datasets train.csv and test.csv are in
./data/public/.

• You MUST produce ./submission.csv on the
test split.

• Predict probability (0 to 1). Evaluated using AUC.
• ./submission.csv format:
Insult,Date,Comment

Task 2: Leaf Classification

Please first outline your proposed solution in natural
language, followed by a single markdown code
block.
The task description is: Use binary leaf images and
extracted features (shape, margin, texture) to identify
99 species of plants.
Note:
• Datasets: train.csv, test.csv, and images/ in
./data/public/.

• Task: Predict probabilities for 99 species.
Evaluated using multi-class logarithmic loss.

• Predicted probabilities should be clipped:
max(min(p, 1− 10−15), 10−15).

• ./submission.csv format:
id, Acer_Capillipes, Acer_Circinatum,
...

Task 3: Random Acts of Pizza (RAOP)

First outline your proposed solution in natural
language, followed by a single markdown code
block.
The task description is: Predict which textual
requests for pizza from the Reddit community will
be successful based on request text and meta-data.
Note:
• Datasets: train.json and test.json in
./data/public/.

• Task: Predict probability of receiving pizza.
Evaluated on ROC AUC.

• ./submission.csv format:
request_id, requester_received_pizza

Task 4: Spaceship Titanic

First outline your proposed solution in natural
language, followed by a code block.
The task description is: Predict which passengers
were transported to an alternate dimension after the
Spaceship Titanic collided with a spacetime anomaly.
Note:
• Datasets: train.csv and test.csv in
./data/public/.

• Task: Achieve best classification accuracy on test
split.

• ./submission.csv format:
PassengerId, Transported

A.4 Prompts for Interactive Games

In this section, we present the initial observations
and prompts received by the model during the first
step of several representative games in the Jericho
environment. Each task provides the model with a
max_score target and a textual description of the
starting environment.

Game: Zork1 (Target Score: 350)

Game started. Initial observation:
Copyright (c) 1981, 1982, 1983 Infocom,
Inc. All rights reserved.
ZORK is a registered trademark of
Infocom, Inc.
Revision 88 / Serial number 840726

West of House
You are standing in an open field west
of a white house, with a boarded front
door. There is a small mailbox here.

Game: Detective (Target Score: 360)

Game started. Initial observation:
Type "help" for more information about
this version
Detective. By Matt Barringer. Ported
by Stuart Moore.
Release 1 / Serial number 000715 /
Inform v6.21

« Chief’s office »
You are standing in the Chief’s office.
He is telling you "The Mayor was
murdered yesterday night at 12:03 am.
I want you to solve it before we get
any bad publicity or the FBI has to
come in." "Yessir!" You reply. He
hands you a sheet of paper. Once you
have read it, go north or west.

You can see a piece of white paper
here.
Your score has just gone up by ten
points.
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Game: Advent (Target Score: 350)

Game started. Initial observation:
Welcome to Adventure! (Please type
HELP for instructions.)
ADVENTURE. The Interactive Original.
By Will Crowther (1976) and Don Woods
(1977).

At End Of Road
You are standing at the end of a road
before a small brick building. Around
you is a forest. A small stream flows
out of the building and down a gully.

Game: Enchanter (Target Score: 400)

Game started. Initial observation:
"Krill’s evil must be unmade," he
begins... "Only then may his vast evil
be lessened or, with good fortune,
destroyed."

ENCHANTER. Infocom interactive fiction.
Copyright (C) 1983, 1984 by Infocom,
Inc. All rights reserved.

Fork
You stand at a point of decision on a
road which makes a wide fork to the
northeast and southeast, circling the
base of the Lonely Mountain, which
looms high overhead to the east. A
very long and winding road starts here
and stretches out of sight to the west
through low, smoky hills. The sun is
rising over the lands to the east.

B Distillation Details

In this section, we provide the implementation de-
tails for the distillation process used to generate
cold-start data, specifically focusing on the Gen-
eral Reasoning tasks.

To provide a high-quality cold-start founda-
tion for TIMELY-RL, we developed a distillation
pipeline using queries sampled from the AM-1.4M
dataset. We utilized Qwen3-235B-Instruct-2507
as the teacher model, equipped with a Timer Tool
and instructed to complete tasks accurately within
strictly enforced deadlines. To ensure the model
generalizes across various hardware scenarios and
reasoning speeds, we randomly sampled different
time limits and timer acceleration coefficients dur-
ing data synthesis.

For response verification, we employed a two-
stage checking process:

1. Rule-based Verification: We first used the
math-verify2 library to perform symbolic and
rule-based correctness checks.
2https://github.com/huggingface/Math-Verify

2. Model-based Verification: Cases that failed
rule-based checks were further evaluated by
Qwen3-235B. Each case was checked 3 times;
if all three evaluations passed, the solution was
deemed accurate.

The system prompt provided to the teacher
model during data generation is shown below:

System Prompt for Distillation (Teacher Model)

Act as a Time-Aware Strategic Reasoner. Your objec-
tive is to conquer complex challenges within a strictly
enforced time window.
You must treat Time as your most critical resource. 1.
Initial Assessment: Immediately gauge complexity
against remaining time. 2. Cognitive Budgeting: Al-
locate time slots for analysis and tools. 3. Dynamic
Adjustment: Pivot to efficient heuristics if needed.
4. Convergence: Guarantee a complete conclusion
before the deadline.
Output Requirements: - Wrap insights in
<summary>...</summary> tags. - Record dura-
tion in <conclusion>total duration: {time}
seconds</conclusion>. - Wrap final answer in
<answer>\boxed{...}</answer>. - Note: Keep fi-
nal conclusions brief. Split reasoning into multiple
short steps and call the get_duration tool frequently
to avoid estimation errors.

For the verification stage, the system prompt for
the judger model is as follows:

System Prompt for Judger Model

You are an expert agent evaluating the timely reason-
ing tasks. You will be given the final answer and
the correct answer, and you should evaluate the final
answer and output the evaluation result.
Please answer only yes or no in the following format:
<answer>yes or no</answer>

C Broader Impacts

In this section, we discuss the broader implications,
ethical considerations, and reproducibility of our
work.

Ethics Statement All datasets utilized in this
study are obtained from publicly available sources
and are free for academic research. Our data syn-
thesis and evaluation processes do not involve the
collection or processing of any sensitive personally
identifiable information (PII). Consequently, we do
not foresee any significant privacy risks associated
with the data used in this work.

Reproducibility We are committed to open-
source and reproducible research. To facilitate the
reproduction of our experimental results, we will
release our complete source code, the synthesized
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distillation datasets, and the TIMELY-EVAL evalua-
tion framework upon publication. Detailed imple-
mentation parameters and hardware configurations
are also documented in the preceding sections of
this appendix.

Contributions and Perspective The primary
contribution of this research is the introduction of a
novel perspective on test-time scaling within agen-
tic scenarios. We posit that test-time in agentic con-
texts should be directly coupled with physical wall-
clock time rather than purely symbolic computation
steps. By providing a theoretical framework and
designing the TIMELY-RL algorithm, we demon-
strate that time-aware strategic reasoning is a dis-
tinct capability that can be significantly enhanced
through specialized training. We hope this work
inspires further research into making autonomous
agents more efficient and reliable in time-sensitive
real-world environments.
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