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Abstract

Recent advances in autonomous LLM agents
demonstrate their ability to improve perfor-
mance through iterative interaction with the
environment. We define this paradigm as
Test-Time Improvement (TTI). However,
the mechanisms under how and why TTI
succeed or fail remain poorly understood,
and existing evaluation metrics fail to cap-
ture their task optimization efficiency, behav-
ior adaptation after erroneous actions, and
the specific utility of working memory. To
address these gaps, we propose Test-time
Improvement Diagnostic Evaluation (TIDE),
a lightweight, agent-agnostic and environment-
agnostic framework that decomposes TTI into
three comprehensive and interconnected dimen-
sions. The framework measures (1) the overall
temporal dynamics of task completion and (2)
identifies whether performance is constrained
by recursive looping behaviors or (3) by burden-
some accumulated memory. Through extensive
experiments, TIDE highlights that improving
agent performance calls for explicitly optimiz-
ing the interaction dynamics between the agent
and the environment.

1 Introduction

Through active interaction with the environment,
LLM agents (Yao et al., 2023; Xi et al., 2025)
demonstrate substantial potential for handling com-
plex real-world tasks. This capability has enabled
a wide range of practical applications, including
coding agents (Wang et al., 2024; Chen et al., 2025)
and GUI agents (Qin et al., 2025; Wu et al., 2024).

Due to the complexity and unpredictability of
real-world environments (Jimenez et al., 2024;
Zhou et al., 2024; Wang et al., 2025a), relying
solely on internal reasoning is often insufficient

1 denotes corresponding authors

for optimal task completion (Parisi et al., 2024).
This challenge necessitates a critical adaptive ca-
pacity, in which the agent accumulates experience
through continuous interaction to iteratively rectify
its actions. We define this dynamic improvement
process as Test-Time Improvement (TTI). De-
spite the critical role of TTI for agent autonomy,
a rigorous understanding of how such improve-
ment unfolds, stagnates, or deteriorates remains a
missing piece. As shown in Figure 1(c), we argue
that TTI reflects the interplay of three fundamental
aspects of interactive optimization, structured into
three complementary research questions as follows.

Firstly, beyond eventual success, a competent
agent should improve efficiently and progressively
through interaction with the environment. However,
widely adopted static metrics, such as Success Rate
(SR) (Wang et al., 2024; Xu et al., 2025b), col-
lapse the informative trajectory into a single binary
outcome, treating an efficient one-step success as
equivalent to a delayed success after extensive ex-
ploration. Based on this observation, we propose
RQ I: How to quantify the optimization efficiency
of an agent’s performance evolution?

Secondly, errors are inevitable in complex envi-
ronments, and effective agents must demonstrate
behavior adaptation that corrects their actions by
learning from failures. However, existing metrics,
such as the number of interaction turns (Zhang
et al., 2025; Pitre et al., 2025), are largely content-
agnostic, conflating genuine corrective behavior
adaptation with repetitive failure actions. As a re-
sult, an agent may appear active while repeatedly
executing ineffective strategies. This prompts RQ
II: How can we formalize the boundary between
behavior adaptation and recursive failure?

Thirdly, interaction inevitably accumulates work-
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Figure 1: Overview of our trajectory-based diagnostic evaluation framework. (a) An agent completes tasks through
multi-turn interaction. (b) Interaction trajectories are collected for diagnostic analysis. (c) TIDE provides a unified
and interconnected diagnosis of TTI trajectories via three complementary metrics. AUV quantifies optimization
efficiency by aggregating sub-areas along the trajectory; LR distinguishes loop-induced stagnation from behavioral
adaptation; MI measures performance sensitivity to working-memory availability.

ing memory that may contain both useful experi-
ences and misleading noise. While longer contexts
with more information are often assumed to be ben-
eficial, their actual impact on decision quality re-
mains unclear, as existing analyses (Chhikara et al.,
2025; Qiu et al., 2025) typically conflate mem-
ory effects with other confounding factors, such
as model scale or interaction length. Accordingly,
we propose RQ III: How to quantify the utility of
accumulated interaction memories to agent perfor-
mance?

To systematically address the research questions,
we introduce Test-time Improvement Diagnostic
Evaluation (TIDE), a lightweight diagnostic frame-
work for analyzing how LLM agents evolve dur-
ing interaction. TIDE operates on trajectory logs
for AUV and LR, while MI requires a simple
memory-removal evaluation protocol. Specifically,
TIDE formalizes TTI via three metrics correspond-
ing to the three above-mentioned RQs. AUV (Area
Under Variation) quantifies optimization efficiency
by capturing how quickly and steadily an agent suc-
ceeds over interaction. LR (Loop Ratio) measures
behavior stagnation by identifying loop patterns,
enabling the distinction between effective behav-
ior adaptation and recursive failure. MI (Memory
Index) isolates the utility of accumulated interac-
tion history, quantifying how working memory con-
tributes to performance. Through comprehensive
experiments, we highlight the need to optimize the
dynamics of agent—environment interaction.

We highlight our main contributions as follows:
(1) Conceptualization of Test-Time Improve-

ment for LLM agents. We first formalize
Test-time Improvement as a multi-dimensional,
interaction-driven process beyond accuracy.

(2) Diagnostic Evaluation Framework. We in-
troduce TIDE, a lightweight, agent-agnostic, and
environment-agnostic diagnostic framework that
decomposes TTI into optimization efficiency, be-
havior adaptation, and memory utility, operating
on recorded trajectories in a post-hoc manner.

(3) Empirical Diagnosis Across Environments
and Models. Extensive experiments reveal failure
modes and bottlenecks that are invisible to existing
metrics, providing actionable insights for optimiz-
ing interactive LLM agents.

2 Preliminary

We formalize the multi-turn interaction between
the LLM agent and the environment as a Partially
Observable Markov Decision Process (POMDP),
defined by the tuple M = (S, 4,0, F,R,g). S
represents the latent state space. A denotes the ac-
tion space. O is the observation space. The transi-
tion function F : S x A — S. The interaction pro-
cess yields a rollout 7 = |09, ag, 01, a1,...,o0r),
where a € Aand o € O. R(r) — {0,1} in-
dicates whether the trajectory [ reaches the goal
g. In our main experiments, we adopt five bench-
marks: BlocksWorld, FrozenLake, Sudoku, Alf-
World, Webshop. Additionally, we also include
several GUI environments for post-hoc analysis.
Detailed setup is in Appendix C.1. During task
evaluation, we include the average success rate
(SR) for comparison.
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Model BlocksWorld FrozenLake Sudoku AlfWorld WebShop
SRt AUVT | SRt  AUV?T | SRt AUVT | SRt AUVT | SRT AUVt
Non-thinking Model
Qwen3-4B-Instruct 40.0 30.8 59.0 46.1 29.0 19.3 52.1 38.3 15.0 9.6
Qwen3-30B-A3B-Instruct 64.0 45.4 61.0 49.0 77.0 4838 62.1 48.1 20.8 13.7
Llama-3.1-8B-Instruct 32.0 21.9 12.0 8.4 4.0 2.1 16.4 12.8 20.8 13.1
Llama-3.3-70B-Instruct 96.0 68.2 44.0 34.7 40.0 249 59.3 46.7 26.8 17.6
GLM-4-9B-Chat 23.0 18.2 10.0 7.2 4.0 2.0 25.7 21.8 16.4 11.5
GLM-4-32B-0414 83.0 57.5 67.0 49.9 55.0 34.4 37.9 29.0 254 17.2
Mistral-7B-Instruct 7.0 5.0 6.0 4.6 1.0 0.4 8.6 7.6 6.6 4.4
Ministral-3-14B-Instruct 72.0 39.0 56.0 35.8 18.0 13.3 22.1 15.8 15.2 5.4
Phi-4 56.0 41.2 66.0 50.8 330 214 25.0 18.6 18.8 12.2
DeepSeek-V3.2 98.0 71.1 97.0 73.1 93.0 56.8 80.7 59.0 41.0 24.8
Gemini 2.5 Flash 99.0 72.0 97.0 70.7 97.0 604 78.6 58.1 35.0 21.6
Thinking Model

Qwen3-4B-Thinking 77.0 47.9 91.0 66.7 55.0 30.7 571 40.9 12.2 8.2
Qwen3-30B-A3B-Thinking | 98.0 69.8 93.0 68.0 95.0 556 66.4 50.7 21.0 14.6
Phi-4-reasoning 68.0 51.3 62.0 48.8 51.0 37.4 15.7 9.8 22.6 14.3
gpt-0ss-120b 100.0 737 99.0 73.8 97.0  60.2 50.7 29.0 26.2 11.1
DeepSeek-R1 100.0 749 96.0 72.6 95.0 59.4 83.6 64.1 384 24.1
Gemini 2.5 Pro 100.0 75.2 100.0 75.0 99.0 60.2 80.7 62.9 432 271

Table 1: We report success rate (SR) and area under variation (AUV). 1 means a higher value is better. Colored
model name represents proprietary models. Best values are in bold.
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Figure 2: SR curves on two environments. We report
both AUV and final SR. We reveal that SR ignores crit-
ical information of TTI, and evaluation within limited
turns is insufficient.

3 Breakdown Test-Time Improvement

In this section, we analyze TTI through three diag-
nostic indicators with different input requirements:
AUV uses step-wise success outcomes, LR ad-
ditionally requires a task-appropriate state/action
equivalence function, and MI requires a simple
memory-removal input intervention.

3.1 Optimization Efficiency Diagnostic:
Modeling Temporal Dynamics

To quantify the optimization efficiency of an
agent’s performance evolution, we model agent

performance as a discrete-time evolution process
over interaction steps. Instead of assessing an inter-
action trajectory through a terminal outcome, we
characterize TTI progress with a variation curve F;,
which denotes the cumulative proportion of tasks
successfully solved within the first ¢ interaction
turns. Tracking P; over t explicitly captures how
quickly and steadily an agent converts additional
interaction budget into task success, enabling a
temporal analysis of the task completion dynamics.
Building upon F;, we introduce a holistic eval-
uation metric, denoted as Area Under Variation
(AUV), which is defined as the integral area un-
der the performance variation curve. Formally,
let [0, t;q2] denote the domain-specific evaluation
window, where ¢, is the experimental evaluation
horizon in each environment. Detailed configura-
tion for t,,4, is in Appendix C.4. AUV is calcu-
lated within this evaluation window as follows:

AUV = —

tmaz_l
1 P+ Py
2 )
mar 1,

ey

. P+P,
where the trapezoidal sum % accounts for the

incremental performance gain between successive
steps. The denominator ¢,,,4, serves as a normaliza-
tion constant, ensuring that the metric is bounded
between 0 and 1.

Unlike previous works (Taylor and Stone, 2009;
Brys et al., 2015) measuring training-phase conver-
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gence, AUV specifically quantifies the optimization
efficiency at test-time. Additionally, theoretical
proofs in Appendix A indicate that AUV comple-
ments final SR by distinguishing trajectories with
identical or similar terminal success but different
temporal efficiency. For comparison, we report
AUYV along with the corresponding SR in Table 1,
and reveal the following findings:

AUV Quantifies Temporal Efficiency. As illus-
trated in Figure 2(a), while DeepSeek-V3.2 and
Gemini 2.5 Pro converge to nearly identical final
success rates 0.807 in AlfWorld, they exhibit a
notable divergence in AUV. Specifically, Gemini
2.5 Pro achieves a higher AUV 0.629, indicating
early-stage TTI efficiency. This indicates that AUV
successfully captures the distinguishing temporal
efficiency of different agents. Notably, in simple
environments where SR saturates at 1 for differ-
ent models, such as BlocksWorld, AUV continu-
ously demonstrates unique value. AUV captures a
fine-grained distinction of optimization efficiency,
which cannot be discovered by SR. Moreover, to
better illustrate how success rates evolve with the
number of interaction turns, we further report the
turns required for each model to achieve a 50% suc-
cess rate across all environments in Appendix B.3.

AUV Rewards Sustained Convergence Dynam-
ics. Asillustrated in Figure 2(b), although GLM-
4-32B-0414 exhibits a comparable or even lower
SR in the early stages compared to Qwen3-4B-
Instruct, it achieves significantly higher perfor-
mance in later turns, demonstrating a superior TTI
capability. Crucially, the substantial marginal gains
realized in the later stages result in GLM-4-32B-
0414 achieving a superior overall AUV 0.499, con-
firming that AUV effectively rewards agents that
possess the continuous improvement capability.
Moreover, although SR and AUV reveal similar
evaluation results in this case (GLM-4-32B-0414
exhibits both high AUV and SR), we argue that
AUV is not equivalent to SR. More experimental de-
tails to validate this can be found in Appendix B.2.

TTI Success Depends on Agent-Environment
Match. TTI efficacy is not a universal capability
but is subject to agent-environment constraints. For
instance, Llama3.3-70B-Instruct surpasses Qwen3-
30B-A3B-Instruct in BlocksWorld, a trend that
sharply reverses in FrozenLake and Sudoku. This
highlights the imperative for holistic evaluation to
accurately verify a model’s generalized TTI capa-

Model \ BW \ FL \ Su \ Alf \ WS
Non-thinking Model
Qwen3-4B-Instruct 158 | 320 | 225 | 0.3 36.7
Qwen3-30B-A3B-Instruct 1.0 | 37.7 | 42 0.5 5.7
Llama-3.1-8B-Instruct 32 54 147 | 09 2.1
Llama-3.3-70B-Instruct 0.0 9.5 2.7 0.0 1.6
Glm-4-9B-Chat 76 | 167 | 95 0.8 1.5
Glm-4-32B-0414 12 5.1 5.8 0.0 0.1
Mistral-7B-Instruct 51.0 | 633 | 157 | 104 | 17.5
Ministral-3-14B-Instruct 6.0 4.3 6.9 2.7 4.0
Phi-4 123 | 243 | 21.0 | 0.2 2.6
DeepSeek-V3.2 0.0 0.0 0.1 0.0 0.0
Gemini 2.5 Flash 0.0 1.0 0.6 0.3 0.2
Thinking Model
Qwen3-4B-Thinking 285 | 9.8 | 343 | 44 4.5
Qwen3-30B-A3B-Thinking | 2.0 53 22 1.3 0.7
Phi-4-reasoning 52 1.4 1.0 1.4 | 35.7
gpt-0ss-120b 1.0 0.7 0.0 9.5 9.2
DeepSeek-R1 0.0 0.0 0.0 0.0 0.1
Gemini 2.5 Pro 0.0 0.2 0.1 0.0 0.0

Table 2: Loop Ratios, which are shown in %. Colored
model name represents proprietary models. BW, FL,
Su, Alf, WS refer to BlocksWorld, FrozenLake, Sudoku,
Alfworkd, WebShop, respectively.

bility, rather than its specialized performance.

Takeaway 1: Current metrics overlook the
temporal dynamics of TTI. Moreover, TTI ef-
ficacy depends on agent-environment match
rather than being purely intrinsic.

3.2 Behavior Adaptation Diagnostic:
Characterizing Recursive Loops

To formalize the boundary between behavior adap-
tation and recursive failure, we introduce an auto-
detection algorithm through interpreting an agent’s
interaction trajectory as a path over the latent envi-
ronment state space (described in Sec 2). From this
perspective, actions correspond to directed transi-
tions between states, allowing the trajectory to be
analyzed as a graph-structured process. Then we
rigorously distinguish adaptive exploration from
degenerate repetition by identifying recursive cy-
cle structures in the trajectory-based graph, which
serve as a signal of adaptation failure.

We define the cycle as l;; = [s;, a;, ..., aj—1, Sj],
where s; = s;j and ¢ # j. The environment state de-
parts from a state node s; and eventually returns to
the exact same state s;, yielding no goal progress.
The set of these cycle units is denoted as Ly e.
Notably, we impose a non-recursive constraint that
each cycle does not contain any nested sub-cycles
to avoid ambiguous decomposition. Moreover, a
single action resulting in no change of the environ-
ment state is also denoted as a cycle:
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Figure 3: (a) AUV against LR across 4 models, revealing the relationship between LR and AUV for each task in
FrozenLake. Different colors represent different values of AUV. (b) Average action entropy, in which a lower value

indicates that the model is more confident.

Lcycle = {lzj | S5 = S, 1< J,
and Vi <p < q<j,sp#sq}.
2)
Once encountering a cycle, the agent can utilize
it to traverse a new path or repeat the previous cycle
without task progress. The latter loop behavior
significantly diminishes exploration without task
progress. We define a subset of L.yce as Lioop,
where the agent repeats the previous cycle and the
two cycles should occur consecutively:

Eloop = {l]k € Ecycle | lij = ljk> 1< j <k,

3)
lij S £cycle }

We then quantify this loop behavior by Loop
Ratio (LR) as the proportion of these redundant
loop actions relative to the total actions:

_ Zlije‘cloop J =t

4
Total Actions ’ “)

where a lower LR suggests less stagnation, signi-
fying that the agent actively attempts to alter its
strategy upon failure rather than succumbing to
recursive failures.

More implementation details and the auto-
detection algorithm can be found in Appendix C.3.
We demonstrate the LR results in Table 2 and reveal
the following findings:

Loop is Widely Observed in Current Models.
A majority of the evaluated LLM agents exhibit

remarkably high LR. This indicates that instead of
adapting their behaviors based on negative environ-
ment feedback, the models tend to persist in a state
of recursive failure, repeatedly attempting the same
erroneous actions. This vulnerability is particularly
pronounced in smaller or less aligned architectures.
For instance, Qwen3-4B-Instruct records a LR of
32.0% in the FrozenLake environment. Such rigid-
ity suggests that these agents suffer from a defi-
ciency in valid behavior adaptation. Notably, in
Appendix B.10, we further demonstrate that agents
exhibit significant loops even in open-ended ac-
tion spaces (such as GUI environments), where the
probability of re-executing identical failed action
sequences is intuitively much lower.

High LR Indicates Suboptimal TTI. To inves-
tigate the extent to which the loop phenomenon
constrains performance, we visualize the relation-
ship between LR and AUV in Figure 3(a). Every
data point represents a single task in each envi-
ronment, which is repeated 8 times to generate a
reasonable AUV value. We observe a statistically
significant inverse relationship across four models,
where a high LR is associated with a low AUV.
This suggests that loops are strongly associated
with suboptimal TTI. Notably, as indicated by the
data points in the lower-left corner of each sub-
figure, a low Loop Ratio does not strictly guarantee
a high AUV. Thus, we conclude that minimizing
loops is strongly associated with high TTI capacity.
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Loop Phenomenon Analysis. To understand the
inner cause of loops, we further analyze the en-
tropy on loop actions against non-loop actions. In
Figure 3(b), Qwen3-4B-Instruct and GLM-4-9B-
Chat, the remarkably low entropy during stagna-
tion phases indicates that the agent is confidently
fixed on erroneous paths. Conversely, Llama3-
8B-Instruct demonstrate low entropy along with
low LR. This comparison indicates that most loops
stem from over-confidence. Moreover, from Ta-
ble 2, we can observe that within the same model
family, larger models consistently demonstrate sig-
nificantly lower LR, providing a straightforward
way to mitigate loop phenomenon. Furthermore,
we provide manual qualitative analysis of fail tra-
jectories with loop phenomenon in Appendix B.4.

~

Takeaway 2: Loop-induced stagnation ap-
pears frequently in evaluated models, which
is associated with overconfidence. High LR is
consistently associated with lower AUV, mak-
ing LR a useful diagnostic signal for one com-
mon source of inefficient TTL. y

3.3 Memory Utility Diagnostic: Assessing
Working Memory Contribution

To quantify and analyze the utility of interaction
memories to agent performance, we adopt an abla-
tion evaluation protocol that compares agent per-
formance w/ and w/o access to the accumulated
interaction trajectory. By keeping the agent and
environment fixed and varying only the availability
of past trajectories, this setup enables a direct quan-
tification of the specific contribution of working
memory to optimization dynamics.

Building on this setup, we define Memory Index
(MI) as a quantitative measure of this effect, com-
puted as the performance gap between w/ memory
and w/o memory configurations, thereby capturing
the specific contribution of the expanding interac-
tion memory:

MI = AUV, memory — AUVyyo memory ; (5)

where AUV memory denotes the performance us-
ing complete working memory, and AUV /o memory
represents the performance when the agent is re-
stricted to only the task description and immediate
observation, without access to earlier trajectory. A
positive MI reflects a scenario in which working
memory relates positively to TTI, while a negative
MI indicates a harmful influence.

We emphasize that MI is designed to measure
the efficacy of working memory rather than to de-
pict the agent’s competence in performing memory
management. For instance, an agent with both
AUV, memory — 1 and AUV, memory — 1 pro-
duces a zero MI, but this does not imply a failure
in memory management. It suggests that the mem-
ory information plays a negligible role between
these settings. We demonstrate the MI results in
the FrozenLake Environment in Figure 4(a) and
reveal the following findings:

Negative Memory Influence is Widely Observed.
As illustrated in Figure 4(a), contrary to the prevail-
ing assumption that expanding context promotes
agent performance, our MI data reveal a counter-
intuitive phenomenon: as evidenced by negative
memory influence of multiple models in Frozen-
Lake, simply leveraging working memory without

14710



further management often acts as a cognitive bur-
den, especially for open-source models. This may
be because excessive irrelevant details in memory
hinder reasoning, suggesting that a simple scaling
context length is not a universally valid strategy for
performance enhancement, highlighting the need
for active memory management.

Moreover, we provide the agent with different
window sizes of interaction history and reveal that
simply scaling the history buffer yields negligible
improvements once the essential context is cap-
tured, which can be found in Appendix B.6. We
additionally conduct another experiment that the
agent automatically summarize the history and con-
tinue to interact based on the summary. Results in
Appendix B.7 indicates that a simple summary is
still a suboptimal mechanism.

Memory Mechanism Analysis. To investigate
the underlying cause of the memory limitation, in
AlfWorld, we define Memory Recall Lag as the
temporal interval between acquiring a critical infor-
mation and its utilization. For example, if the agent
takes a fork at the first step and use it at the third
step, then the interval is 2. We firstly select the
trajectories, in which the agent acquires the critical
information, then divide them by whether the agent
finishes the task. In Figure 4(b), we reveal a sharp
divergence: successful trajectories cluster tightly
around low lags, while failures exhibit a long-tail
distribution of high lags. This confirms that al-
though the agent retrieves critical information, it
fails reasoning across long-range information. Im-
plementation details can be found in Appendix C.5.

Takeaway 3: Simply leveraging working
memory without deliberate management is of-
ten harmful in several scenarios, which can
be caused by the inability of reasoning across
long horizon interactions.

4 Application of TIDE Framework

In this section, we synthesize the three metrics to
present a holistic TTI analysis of the SOTA LLM
agents in the five environments mentioned above.
We further demonstrate that the AUV and LR com-
ponents of TIDE can be applied post-hoc to exter-
nal trajectories.

4.1 Comprehensive Diagnostic

TIDE serves as a lightweight, agent-agnostic and
environment-agnostic tool to deconstruct the un-
derlying mechanisms of TTT into three distinct di-
mensions. Figure 5 depicts a comparative analysis.
More results across various models can be found
in Appendix B.8.

Extremely Large-scale Models Stand Out as
a Robust Baseline. Gemini and DeepSeek se-
ries consistently achieve superior AUV and LR
across all environments. Notably, in tasks like
BlocksWorld, these models exhibit relatively low
MI. The lower MI does not imply a deficiency in
the model’s memory utilization capability. This
suggests that their robust reasoning capability re-
duces reliance on interaction memory.

Adaptive Models Derive TTI Capacity from
Working Memory With Minimum Loop. We
identify agents like GLM-32B-0414 with high
memory sensitivity, characterized by a small gap
between AUV and MI. This suggests that their TTI
benefits substantially from access to interaction his-
tory under our ablation protocol. Crucially, this suc-
cess corresponds to a low LR, indicating that mem-
ory can be more effectively translated into behavior
adaptation when agents avoid recurrent loops. We
highlight that agents with limited prior task com-
petence can attain strong performance with TTI
through environmental feedback.

Merely Test-Time Scaling is Insufficient for TTI.
We challenge the view that test-time scaling inher-
ently guarantees better behavior adaptation. In our
experiments results, reasoning-enhanced models,
such as gpt-oss-120b, often fail to translate inter-
nal chain-of-thought into effective external actions
in tasks like AlfWorld. This reveals a critical de-
coupling between internal cognitive capacity and
external interactive efficacy. Consequently, agent
design should shift from solely maximizing static
reasoning depth to explicitly optimizing dynamic,
interaction-driven evolution.

4.2 Generalize to Extended Environments

Our proposed lightweight framework is delib-
erately designed to be both agent-agnostic and
environment-agnostic, ensuring broad compatibil-
ity across diverse evaluation settings. Leverag-
ing this property, we extend TIDE to GUI en-
vironments through a secondary analysis of ex-
isting interaction logs (Xie et al., 2024; Bonatti
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Model AW OSW WAA
AUV LR | AUV LR | AUV LR
InternVL3.5-30B-A3B | 124 6.8 - - 6.7 4.4
UI-TARS-1.5-7B 250 448 | 154 213 -
UI-TARS-72B-DPO 348 169 | 203 16.1 - -
Qwen2.5-VL-72B-Instruct - - 5.9 4.6 6.0 8.1
Qwen3-VL-235B-A22B-Instruct | 43.2  32.6 - - 9.5 19.1
Claude3.7-Sonnet-20250219 - - 8.4 1.4 00 21.6
GPT-40 + ScaleCUA-7B - - 158 368 - -

Table 3: Evaluation results in AndroidWorld (AW), OS-
World (OSW), WindowsAgentArena (WAA). For GPT-
4o + ScaleCUA-7B, the former acts as a planner and the
latter acts as a grounder for low-level execution. Col-
ored model name contains proprietary model.

et al., 2025; Liu et al., 2025b; Rawles et al., 2025;
Sun et al., 2025b). Notably, TIDE can operate
solely on recorded interaction trajectories without
re-executing the experiments. Implementation de-
tails of the code are provided in Appendix C.7,
which can generalize to various environments.

We use the screenshot to define the current state,
which is processed into an embedding through
CLIP model. Two state are considered the same if
their cosine similarity is above a pre-defined thresh-
old. The results provided in Table 3 reveal a ubiqui-
tous looping phenomenon, where models become
trapped in repetitive, unproductive actions in GUI
settings. We additionally provide the LR variation
along with different thresholds in Appendix B.9,
revealing that our proposed LR is a robust metric
under different threshold settings. Moreover, we
argue that the grounding capability is still a bottle-
neck of existing GUI agents in Appendix B.10.

5 Related Works

Multi-turn Interaction Agent. While LLMs ex-
hibit strong reasoning capabilities (Xu et al., 2024;

DeepSeek-Al et al., 2025; Xu et al., 2025a; Yang
et al., 2025; Wu et al., 2026a,c; Yan et al., 2026),
relying purely on internal estimates lacks environ-
mental grounding, which is prone to hallucina-
tion (Du et al., 2024; Yan et al., 2025; Huang et al.,
2025a) and suboptimal performance in partially
observable or non-static scenarios (Parisi et al.,
2024; Wei et al., 2025). Consequently, effective
problem-solving requires self-refinement (Madaan
et al., 2023; Cheng et al., 2025; Wu et al., 2026b) to
adapt action from environmental feedback. Recent
works (ang Gao et al., 2025; Dou et al., 2025; Shen
et al., 2025; Huang et al., 2025b; Acikgoz et al.,
2025; Yang et al., 2026) are shifting their focus
to multi-turn interaction agents, which adopt in-
ner reasoning to dynamic interaction contexts. We
formalize these evolving mechanisms as TTI.

LLM Agent Evaluation. Outcome-oriented
frameworks (Liu et al., 2025a; Zhou et al., 2024,
Sun et al., 2025a) primarily benchmark agents
based on the final Success Rate, ignoring the in-
teraction quality. Beyond the LLM setting, stud-
ies in reinforcement learning via sample-efficiency
curves (Taylor and Stone, 2009; Brys et al., 2015)
and cycle-detection analyses (Bellemare et al.,
2016) assume access to the value function that
black-box LLM agents do not expose. Several
works have shifted towards fine-grained analy-
sis. For example, refining SR into Progress Rate
(PR) (Chang et al., 2024; Gioacchini et al., 2024)
or decompose performance into specific capabili-
ties (Jian et al., 2024; Chang et al., 2025; Yuanzhe
et al., 2025; Yu et al., 2025). However, they over-
look the temporal dynamics of how an agent adapts
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behavior during interaction. In contrast, TIDE is
deliberately designed to be content-aware, assess-
ing the interaction quality beyond final success.

6 Conclusion

We formalize TTI as a dynamic improvement pro-
cess. To address the limitations of existing evalua-
tions in multi-turn agent tasks, we introduce TIDE,
an agent-agnostic and environment-agnostic diag-
nostic framework that characterizes the dynamics
of TTI through three complementary metrics: AUV,
LR, and MI. Experiments reveals that agent perfor-
mance hinges not only on final success but also on
how efficiently, adaptively, and effectively agents
improve through interaction.

Limitations

(1) Our study mainly focuses on test-time improve-
ment in single-agent systems built upon foundation
models. Extending the proposed analysis to multi-
agent settings, where improvement may emerge
from inter-agent interaction, is left for future work.
(2) Moreover, while TIDE applies to a wide range
of agentic tasks, certain domains with irreversible
dynamics (e.g., board games) challenge the inter-
pretation of loop-based diagnostics. In such cases,
Loop Ratio may not strictly indicate suboptimal
behavior, motivating domain-aware extensions.
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A Theoretical Analysis of AUV Properties

In this section, we provide a rigorous theoretical
framework to analyze the mathematical properties
of the area under variation (AUV) metric. We argue
that AUV is not merely a redundant correlate of
final success rate, but a distinct metric that cap-
tures convergence rate and marginal interaction
gain. Moreover, we provide proof of statistical
consistency and convergence for AUV.

A.1 Preliminaries and The
Weighted-Increment Lemma

Let the interaction horizon be defined as 7 = {t €
Z |0 <t < tpas}- Let P, denote the cumula-
tive success rate at turn ¢, which is monotonically
non-decreasing. Notably, Py = 0. We define the
marginal performance gain at step k as Jy, repre-
senting the incremental probability of discovering
a solution at the k-th interaction turn:

5k = Pk+1 - Pk, where 519 > 0. (6)

Consequently, the performance at any step ¢ can be
reconstructed as:

t—1
Pi= Y 6 (7

k=tmin

Recall the definition of AUV, calculated via the
discrete trapezoidal integration rule over the nor-
malized horizon H = t,,44:

tmaz—1

1 max Pt +Pt+]_

AUV = — _
Z 9

7 (®)

t=0

To facilitate our proofs, we first derive Lemma 1
that reformulates AUV as a weighted sum of
marginal gains.

Lemma 1: Weighted-Increment Representation
The AUV is mathematically equivalent to a linear
combination of all marginal gains oy, weighted by
a time-decaying coefficient wy,.

Proof. First, substitute the recursive expansion

P = Z;imm 0 and P41 = P, + 4, into Eq. (8).
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Let A = H - AUV denote the area without normal-
ization:

tmaz_l 1
A= Z (Pt + 251:)

t=0

tmaz—1 t—1 1
= Z ( 5k+25t>
k=0

t=0

©)

We analyze how many times a specific d; generated
at step k contributes to the summation over ¢:

e The term %5,5 appears exactly once when t =
k.

« The accumulated term >_t_{ & includes 0},
for all subsequent time steps ¢ > k. Specifi-
cally, d;, contributes a weight of 1.0 for each
step fromt = k + 1 t0 ty00 — 1.

Summing these contributions, the total weight co-
efficient wy, for dy, is:

tmaac _1

+ > 1

t=k+1
——

contribution at t>k

1) — (k+1)+1)

0.5
—~~

contribution at t=Fk
(10)
= 0.5+ ((tmaz —
= tmar — k—0.5

Thus, AUV can be rewritten as follows:

1 tTVL(L(L’ -1

7 2 wk)d

k=0

AUV = (11)

g

A.2 Differs from Final Success Rate

Proposition 1: AUV resolves the ambiguity
within the equivalence class of trajectories yielding
the same final metric S Rfnq, strictly distinguishing
efficient paths from inefficient ones.

Proof. The final success rate is a path-agnostic
metric that performs a compression of the inter-
action trajectory. In contrast, AUV is a path-
dependent metric.

Let the trajectory of marginal gains be repre-
sented by a vector § = [, ...,d,..-1)7. The
standard metric S Rgp, is mathematically equiv-
alent to the unweighted L; norm shifted by the
baseline:

SRina(6) = [|6]1 =D _ ok (12)
k

This functional is permutation-invariant that any
temporal rearrangement of the gain sequence {Jy }
yields the exact same S Rgpar. Thus, S Riina defines
ansetCqo = {0 | >_ 0x = Q}, where all trajectories
achieving total gain {2 are indistinguishable.

In contrast, AUV is formulated as the inner prod-
uct:

1 1
AUV(8) = —(w,8) = — > w(k)dy

H H
k

(13)

Since w is not vector 1 that elements are all ones,
the value defined by AUV is totally different from
the value defined by SR.

To demonstrate the resolving power of AUV,
consider a temporal perturbation within the set Cq.
Assume an agent originally achieves a marginal
gain € at a late step t;4,.. We construct a variation
where this specific gain is shifted to an earlier step
tearly, forming a new marginal gain trajectory &'
So that 63, = 6t,,,, +€and =y, —€

This perturbation shows keeps that ASR = 0.
And AAUV o w(teariy) - € — W(tiate) - € > 0.

This proves that while S Ry, treats performance
as a static state variable, AUV treats it as a dynamic
process variable. AUV strictly rewards the tem-
poral optimization of the solution path, retaining
structural information lost by the standard metric.

]

A.3 Statistical Consistency and Convergence

In real-world evaluations, the true performance of
an agent is an unknown population parameter. We
estimate it using a finite dataset of IV tasks. Let d;
denote the true expected marginal increment € R
that the agent achieves exactly at step k. The empir-
ical marginal increment observed in the experiment
is a random variable, denoted as 5k.

Pr()@gtion 2: Consistency and Variance Decay
Let AUV N be the empirical estimator calculated
from N i.id. tasks. As N increases, AUVy con-
verges in probability to the true population value
AUV*. The estimator is unbiased, and its variance
decays at a rate of O(1/N).

Proof. For a dataset of N tasks, let J;,(;) be the
marginal metric increment observed for the i-th
task at step k. Here, :L‘](;) € [0, 1] represents the
value added at this specific step. The empirical
marginal gain by, is the sample mean of these indi-
vidual increments:

<1 )
5k:N;wk (14)
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Consequently, the cumulative performance P; is
the summation of these empirical marginal gains:

t—1
P=Y9
j

>

15)

Il
o

Based on Lemma 1, the empirical AUV is the
weighted sum of these marginal gains:

tmaz_l
ﬁ]\[ = E Z w;ﬁk (16)
k=0

Substituting the sample definition of O
| tmaz—1 N "
S i
AUVy = — kzo wy (Nz;xk ) A7)
= 1=

We rearrange the summation order to isolate indi-
vidual samples:

o 1 N 1 tmaz—1 )
AUVy = + 3 (H wkx;”) (18)
=1 k=0

Z()

Here, Z(®) represents a single-task AUV score for
the ¢-th task. Since the tasks are i.i.d., the variables
ZW .. ZW) are ii.d. random variables with

finite variance a%.

Assuming the true expected increment is
(D) _ §*.
Elz,’] = &;:

— ]_ N
E[AUVN] = E Z wk]E[dk]
k

1 «
=2 D undy
k

— AUV*

The variance of the sample mean becomes:

N
— 1 .
Var(AUV y) = Var <N ;_1j Z@)

1 N
= — Y Vvar(Z%)
7
N =1
_ 03
N

Since the variance tends to/()\as N increases,
and the estimator is unbiased, AUV y converges in
probability to AUV™. This confirms that AUV is a
statistically consistent estimator. O

B Supplementary Analysis

B.1 Flexible&Extensible Framework

Our proposed metric is highly flexible and exten-
sible. Operationally, metrics such as AUV and
LR are derived directly from standard interaction
logs, including step-wise success rates and raw
trajectory sequences without architectural modifi-
cations. Notably, our proposed metric AUV is not
only designed for binary success rate. It can also be
applied on progress rate or other metics. Further-
more, the computation of MRI necessitates only a
straightforward control experiment, restricting the
agent’s input to the immediate state. Detailed cod-
ing help for adopting other logs into our framework
can be found in Appendix C.7.

B.2 More Results of SR and AUV

To strongly demonstrate that AUV is a new met-
rics that captures more information than SR, we
illustrate some scenarios that a higher SR does not
result in a high AUV in Table 4.

B.3 Time to 50% success

To provide more information on success rate
against interaction turns, we further provide time
to 50% success of each model across all environ-
ments as a time-weighted success integral to enrich
the evaluative dimension of the AUV metric: it en-
ables fine-grained differentiation between early and
late task success, capturing nuanced differences in
success trajectories (e.g., early plateau versus late
surge) that are not fully characterized by a single
AUYV value alone, which can be found in Table 5.

B.4 Qualitative Analysis of Loop Phenomenon

We manually inspect 100 randomly sampled failure
trajectories on AlfWorld and WebShop, focusing
on trajectories containing loop actions.

On AlfWorld, we find that 42% of loops stem
from planning failures, in which the agent repeat-
edly executes a syntactically valid but strategically
wrong sub-plan. For example, re-opening the same
drawer after already inspecting it, instead of mov-
ing on to the next receptacle. 40% are memory-
recall failures, where the agent revisits a location
whose contents were observed earlier in the trajec-
tory but absent from its working reasoning context.
18% are grounding failures, where the agent issues
actions referring to objects or receptacles that do
not exist in the current observation. For instance,
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Benchmark | ModelA | ModelB | SRa  SRp | AUV4 AUVp
Qwen3-4B-Thinking Phi-4-reasoning 77.0 68.0 479 51.3
Qwen3-30B-A3B-Thinking | DeepSeek-V3.2 98.0 98.0 69.8 71.1

BlocksWorld | gpt-oss-120b DeepSeek-R1 100.0  100.0 73.7 74.9
gpt-0ss-120b Gemini 2.5 Pro 100.0  100.0 73.7 75.2
DeepSeek-R1 Gemini 2.5 Pro 100.0  100.0 74.9 75.2
Gemini 2.5 Flash DeepSeek-V3.2 97.0 97.0 70.7 73.1

FrozenLake Gemini 2.5 Flash DeepSeek-R1 97.0 96.0 70.7 72.6
Phi-4-reasoning Qwen3-30B-A3B-Instruct 62.0 61.0 48.8 49.0
GLM-4-9B-Chat Llama-3.1-8B-Instruct 4.0 4.0 2.0 2.1
GLM-4-32B-0414 Phi-4-reasoning 55.0 51.0 34.4 37.4

Sudoku Qwen3-4B-Thinking GLM-4-32B-0414 55.0 55.0 30.7 344
Qwen3-4B-Thinking Phi-4-reasoning 55.0 51.0 30.7 37.4
Qwen3-30B-A3B-Thinking | DeepSeek-V3.2 95.0 93.0 55.6 56.8

AlfWorld DeepSeek-V3.2 Gemini 2.5 Pro 80.7 80.7 59.0 62.9
gpt-0ss-120b GLM-4-32B-0414 50.7 37.9 29.0 29.0
Ministral-3-14B-Instruct Qwen3-4B-Instruct 15.2 15.0 5.4 9.6
Ministral-3-14B-Instruct Qwen3-4B-Thinking 15.2 12.2 5.4 8.2
Llama-3.1-8B-Instruct Qwen3-30B-A3B-Instruct 20.8 20.8 13.1 13.7
Phi-4-reasoning Qwen3-30B-A3B-Thinking | 22.6 21.0 14.3 14.6

WebShop gpt-o0ss-120b Qwen3-30B-A3B-Instruct 26.2 20.8 11.1 13.7
Llama-3.3-70B-Instruct gpt-0ss-120b 26.8 26.2 17.6 11.1
gpt-o0ss-120b GLM-4-9B-Chat 26.2 16.4 11.1 11.5
gpt-0ss-120b GLM-4-32B-0414 26.2 254 11.1 17.2
gpt-0ss-120b Phi-4 26.2 18.8 11.1 12.2
gpt-0ss-120b Phi-4-reasoning 26.2 22.6 11.1 14.3

Table 4: All model pairs (A, B) satisfying SR(A) > SR(B) and AUV(A) < AUV(B). Three key scenarios of the
complementary nature of SR and AUV metrics in model evaluation are illustrated: equal SR with divergent AUV,
equal AUV with divergent SR, lower AUV but higher SR, and instances of lower SR but higher AUV between two

models.

taking apple 1 from countertop 2 when no apple
was ever observed.

On WebShop, the distribution shifts noticeably:
51% of loops are planning failures (e.g., oscillating
between two product-listing pages without com-
mitting to a purchase), 26% are grounding failures
(e.g., clicking buttons or filters whose textual la-
bels were hallucinated), 23% are memory-recall
failures (e.g., re-issuing a search query that had al-
ready been issued earlier with the same keywords).

Across both environments, planning failures
dominate, suggesting that loop stagnation in
current LLM agents is primarily a deliberation
deficit rather than a perception or memory deficit.
Memory-recall failures are notably more frequent
in AlfWorld, consistent with its stronger partial
observability and longer dependency horizons.
Grounding failures are correspondingly more fre-
quent in WebShop, whose action space is tightly
coupled to dynamically rendered page elements.
This qualitative breakdown complements our quan-
titative LR analysis and confirms that LR captures
heterogeneous failure modes that can be further

decomposed by domain-specific annotation.

B.S More Results of MI

We report detail MI data in Table 7, from which we
can observe that a negative MI is widely observed
in reasoning-bound tasks.

B.6 Expanding Memory Demonstrates
Saturation.

Given the limited or even negative influence of
working memory, we further evaluate the impact
of fine-grained working memory length. As illus-
trated in Figure 6, we restrict the agent’s access to
a limited prefix of recent interaction history. Only
several of the most recent interaction turns are vis-
ible for the agent at each step, which is denoted
as the window size. We can observe that perfor-
mance gains exhibit diminishing marginal returns.
Benefits are confined primarily to the first 5 win-
dow sizes, after which the curve rapidly plateaus.
This indicates that simply scaling the history buffer
yields negligible improvements once the essential
context is captured.
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Model Blocksworld  FrozenLake Sudoku AlfWorld WebShop
T50 AUV T50 AUV T50 AUV T50 AUV T50 AUV
Qwen3-4B-Instruct 3.0 308 6.0 46.1 70 193 11.0 383 50 9.6
Qwen3-30B-A3B-Instruct 50 454 60 490 70 488 11.0 481 50 137
Llama-3.1-8B 40 219 8.0 8.4 8.0 2.1 11.0 128 5.0 13.1
Llama-3.3-70B 60 682 60 347 70 249 11.0 467 50 17.6
GLM-9B-Chat 5.0 182 7.0 7.2 100 2.0 80 218 50 115
GLM-4-32B 60 575 7.0 499 70 344 120 290 50 172
Mistral-7B 3.0 5.0 4.0 4.6 13.0 04 5.0 7.6 5.0 44
Ministral-3-14B-Instruct 100 390 100 358 40 133 150 158 100 54
Phi-4 50 412 60 508 60 214 130 186 50 122
DeepSeek-V3.2 6.0 71.1 6.0 73.1 80 568 120 590 50 248
Gemini 2.5 Flash 60 720 70 707 70 604 12.0 58.1 50 216
Qwen3-4B-Thinking 70 479 60 667 7.0 307 13.0 409 50 8.2
Qwen3-30B-A3B-Thinking 6.0 698 7.0 680 80 556 120 507 5.0 14.6
Phi-4-Reasoning 50 513 60 488 50 374 190 98 5.0 14.3
gpt-08s-120b 60 737 60 738 70 602 240 290 80 11.1
Deepseek-R1 50 749 60 726 70 594 11.0 64.1 50 241
Gemini 2.5 Pro 50 752 60 750 80 602 100 629 50 271

Table 5: BW represents BlocksWorld, FL represents FronzenLake, Su represents Sudoku, AW represents AlfWorld,
WS represents WebShop. TS50 represents the turn usage for the agent to reach its half relative success rate (For
example, if the final success rate is 20%, then half relative success rate is 10%).

Model BlocksWorld FrozenLake Sudoku AlfWorld WebShop
Naive Summary | Naive Summary | Naive Summary | Naive Summary | Naive Summary
Qwen3-4B-Instruct 30.8 235 46.1 45.7 19.3 11.9 38.3 25.5 9.6 4.8
Llama3.1-8B-Instruct | 21.9 13.5 8.4 53 2.1 0.7 12.8 44 13.1 7.9
Glm4-9B-Chat 18.2 8.1 7.2 2.7 2.0 0.0 21.8 7.6 11.5 11.6
Mistral-7B-Instruct 5.0 4.8 4.6 0.0 0.4 0.0 7.6 0.0 44 0.0

Table 6: Memory summary performance comparison across five environments. We report AUV in two settings:
Origin (LLM agents interact with the environment without summary) and Summary (LLM agents interact with the

environment with summary).

B.7 Memory Summary Influence

To investigate memory utility under alternative
management strategies, we instruct the LLM agent
to summarize its interaction trajectory and reason-
ing process. The results in Table 6 demonstrate that
even with summarization, the accumulated work-
ing memory continues to impose a cognitive burden
on LLM agents.

B.8 More Results of TIDE Comprehensive
Analysis

We demonstrate all comparative data in Figure 7 to
provide a comprehensive diagnose of LLM agents
in our paper.

B.9 LR with Different CLIP Threshold

We report the sensitivity of similarity threshold in
the following table to demonstrate the stability of
LR metric. Results in Table 8 indicate that provid-
ing the threshold is sufficiently high, the fluctuation

in LR is minimal and the comparative conclusions
hold.

B.10 More Evaluation Results of Existing
GUI Agent Trajectories

As shown in Table 9, our analysis in OSWorld
reveals a stark contrast in robustness. Click Ra-
tio quantifies the proportion of click action loops
within all loops. While most agents suffer catas-
trophic performance degradation in looping trajec-
tories, Claude3.7-Sonnet-20250219 stands out as
the sole exception, maintaining a loop AUV 6.9%
comparable to its non-loop performance 9.0%.
This resilience correlates directly with its signif-
icantly lower Click Ratio 31.1%. Since high click
ratios in loops typically indicate repeated failed
attempts to manipulate GUI elements, Claude’s
performance pinpoints grounding precision as the
critical bottleneck causing exploration failure in
GUI environments.
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Model BlocksWorld | FrozenLake Sudoku AlfWorld WebShop
AUVT MI | AUVt MI | AUVT MI | AUVt MI | AUVT MI
Non-thinking Model
Qwen3-4B-Instruct 30.8 7.0 46.1 33 19.3 7.3 38.3 383 9.6 7.6
Qwen3-30B-A3B-Instruct 454 158 | 490 -05 488 143 | 481 481 | 137 114
Llama-3.1-8B-Instruct 21.9 54 8.4 0.4 2.1 0.2 128 127 | 13.1 121
Llama-3.3-70B-Instruct 68.2 355 | 347 -1.4 249 127 | 467 467 | 17.6 16.6
Glm-4-9B-Chat 18.2 4.7 7.2 -5.5 2.0 24| 21.8 206 | 115 8.7
Glm-4-32B-0414 575 305 | 499 5.5 344 21.1 | 29.0 290 172 143
Mistral-7B-Instruct 5.0 -71.7 4.6 -1.5 0.4 -0.6 7.6 7.6 4.4 3.0
Mistral-3-14B-Instruct 39.0 355 | 358 -1.5 13.3 8.4 158 15.8 54 54
Phi-4 412  16.8 | 50.8 0.6 214 153 ] 18.6 186 | 122 98
DeepSeek-V3.2 71.1 13.8 | 73.1 3.8 56.8 234 ] 59.0 590 | 248 240
Gemini 2.5 Flash 72.0 21.7 | 70.7 1.9 604 114 | 58.1 581 | 21.6 20.6
Thinking Model
Qwen3-4B-Thinking 479 158 | 66.7 4.6 307 127 | 409 409 8.2 6.1
Qwen3-30B-A3B-Thinking | 69.8 9.3 68.0 2.0 55.6 237 | 50.7 507 | 146 122
Phi-4-reasoning 513 -11.7| 488 -219| 374 8.6 9.8 9.8 143 134
gpt-oss-120b 73.7 4.0 73.8 2.4 60.2 137 | 29.0 29.0| 11.1 11.1
DeepSeek-R1 74.9 7.7 72.6 2.2 59.4 1.1 64.1 633 ] 241 232
Gemini 2.5 Pro 75.2 0.3 75.0 1.7 60.2 8.6 629 622 | 27.1 26.1

Table 7: Detailed MI data. Colored model name represents proprietary models.

Qwen3-4B-Instruct Llama-3.1-8B-Instruct —=

GLM-4-32B-0414
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Figure 6: Window size denotes the number of most recent interaction turns retained in memory.

C Implementation Details

C.1 Experiment Environment

We select 5 widely used environments, dividing
them into two categories based on the main charac-
ter of environment feedback in TTI: (1) reasoning-
bound (MDP), including BlocksWorld, Frozen-
Lake, Sudoku. (2) information-bound (POMDP),
including AlfWorld, WebShop.

Additionally, we apply our framework to 3 do-
mains of existing POMDP agent interaction tra-
jectories in AndroidWorld, OSWorld and Win-
dowsAgentArena.

BlocksWorld is a PDDL (Vallati et al., 2015) en-
vironment in which an agent must rearrange stacks
of blocks to satisfy goal configurations. In our

experiments, it contains 100 data generated by our-
selves, which are included in our data file.

FrozenLake is a grid-world environment in
which an agent must navigate toward a goal while
avoiding holes. We follow the implementation in
RAGEN (Wang et al., 2025b). In our experiments,
it contains 100 data generated by ourselves, which
are included in our data file.

Sudoku is a constraint-satisfaction puzzle in
which agent must fill a partially specified grid so
that each row, column, and designated subregion
contains all required symbols exactly once. In our
experiments, it contains 100 data generated by our-
selves, which are included in our data file.

AlfWorld (Shridhar et al., 2021) consists of
household manipulation tasks that require agents
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Figure 7: TIDE radar plot results.

Benchmark Model 7=0999 7=099 7=095 7=0.90
Qwen3-VL-235B-A22B-Instruct 32.6 33.0 33.4 33.5

AndroidWorld InternVL3.5-30B-A3B 6.8 7.3 7.5 7.5
UI-TARS-72B-DPO 16.9 17.3 17.9 18.2
UI-TARS-1.5-7B 44.8 47.1 48.3 48.7
Claude3.7-Sonnet-20250219 21.6 22.8 23.6 242

WindowsAgentAreana  InternVL3.5-30B-A3B 4.4 4.5 4.9 5.0
Qwen2.5-VL-72B-Instruct 8.1 9.2 9.5 9.6

Table 8: LR under different CLIP thresholds, which is denoted as 7.

to navigate their environment and execute actions
grounded in commonsense reasoning. We use eval-
uation in distribution, which contains 140 data en-
tries.

WebShop (Yao et al., 2022) serves as a network-
based simulation environment that enables con-
trolled experiments on e-commerce tasks. We use
the full 500 data entries.

AndroidWorld (Rawles et al., 2025) is a real-
world Android environment and benchmark de-
signed to evaluate autonomous Al agents on their
ability to execute complex, cross-application daily
tasks on a mobile operating system.

OSWorld (Xie et al., 2024) is a benchmark
and realistic computer environment designed to
evaluate multimodal agents on their ability to ex-
ecute open-ended, cross-application tasks within
real desktop operating systems.

WindowsAgentArena (Bonatti et al., 2025) is
a scalable benchmark and realistic environment

developed by Microsoft to evaluate multimodal
Al agents on their ability to execute diverse tasks
within a native Windows operating system.

C.2 Model Selection

Following recent work (Dou et al., 2025), we di-
vide models into thinking and non-thinking mod-
els. Additionally, we divide models into pro-
prietary models and open-source models. For
Qwen series, we use a single base model and
change between instruct mode and thinking
mode, which can be simply implemented by a
single parameter enable_thinking in function
apply_chat_template.

C.3 Loop Ratio Implementation Details

We provide detailed pseudo code of LR calcula-
tion in Algorithm 1. Moreover, for BlocksWorld,
FrozenLake, Sudoku, AlfWorld and WebShop, we
use exact text match to represent the state and the
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Model Trajectories w/ Loop Phenomenon | Trajectories w/o Loop Phenomenon
AUV Click Ratio AUV

UI-TARS-1.5-7B 32 57.2 28.0

UI-TARS-72B-DPO 53 50.7 26.3

Qwen2.5-VL-72B-Instruct 04 50.4 8.3

Claude3.7-Sonnet 6.9 31.1 9.0

GPT-40 + ScaleCUA-7B 6.6 47.4 29.5

Table 9: Results on OSWorld. Trajectories are divided into two categories based on the presence of loops. Click
Ratio is defined as the proportion of Click actions among all loop actions. GPT-4o + ScaleCUA-7B denotes GPT-40

as planner and ScaleCUA as GUI grounder. Colored model name contains proprietary model.

action. For GUI environments, we use clip-vit-
base-patch32 (Radford et al., 2021) model for pic-
ture embedding and set 0.999 as the threshold for
identifying two pictures as the same state. We use
exact match for same action identification.

C4 t,,4. Configuration

The AUV metric is specifically designed to quan-
tify the efficacy of agent environment interaction.
Regarding the upper boundary ¢4, we determine
it empirically based on the performance saturation
point observed across agents.

Guided by the cumulative success rate trajec-
tories in Figure 8, we set domain-specific ¢,,qz
values of 20, 30, 20, 60, and 15 for BlocksWorld,
FrozenLake, Sudoku, AlfWorld, and WebShop, re-
spectively. Additionally, we set ¢,,,4, to 50 for GUI
tasks following the implementation of original data.

Notably, in environments that involve multi-step
tasks which cannot be solved within a single ac-
tion, the AUV metric is inherently bounded away
from 1. Nevertheless, an empirical upper bound of
AUV can be estimated through extensive rollouts
of SOTA models under the same evaluation proto-
col. An observed AUV value substantially lower
than this empirical upper bound indicates untapped
potential for improving TTI capacity, rather than a
limitation imposed by the task structure itself.

C.5 Memory Recall Distance in AlfWorld

To quantitatively evaluate an agent’s ability to main-
tain and utilize memory of object locations across
extended action sequences, we propose the Mem-
ory Recall Distance metric. This metric measures
the temporal gap between observing a task-relevant
object and later interacting with it.

To compute the memory recall distance in a tra-
jectory 7 with T' timesteps, we first identify the
set of task-relevant objects G,k by extracting tar-
get required objects from the instruction based on

the task categorization defined in the AlfWorld
benchmark (Shridhar et al., 2021): Gisx = {0bj |
obj is required for task }

Throughout the trajectory, we track when each
object appears in the agent’s observations. Let
E(o¢) denote the extraction function that returns
all objects visible in observation o;. For any ob-
ject obj, we maintain a record of its most recent
observation timestep prior to ¢:

LastSeen(obj, t) = max{k | k < t,

objc o)y )

where LastSeen(obj, t) is undefined if obj has
not been observed before timestep t.

The key measurement occurs when the agent in-
teracts with a task-relevant object. Specifically, at
timestep ¢, if action a; involves interaction with ob-
ject obj where 0bj € Gk and LastSeen(obj,t)
is defined, we compute the recall distance as:
di(obj) =t — LastSeen(obj,t)

This distance captures how many timesteps have
passed since the agent last saw this object before
deciding to interact with it. Finally, we aggregate
these individual recall distances across the entire
trajectory to obtain the overall memory recall dis-
tance:

1 :
Drecan (T) = m Z dt (Obj ) (20)
(t,0bj)ET

where Z represents the set of all valid (timestep,
object) pairs in the trajectory: Z = {(¢,0bj) |
0bj € Gask N FLastSeen(obj,t)}

C.6 Radar Plot Details

Specifically, we generate distinct radar profiles for
each task environment. To facilitate cross-model
comparison, all metrics are normalized to the unit
interval [0,1] via min-max scaling across all mod-
els. Notably, regarding that LR serves as a negative
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Algorithm 1 Finite State Machine-based Loop Ratio (LR) Calculation

Input: Trajectories set {T(l), 7(2), .. ,T(N)}, where each 7% is a trajectory.

Output: LR
1: Initialize Global Counters:

2: Siotal < 0// Total interaction steps across all samples

3: Lot < 0// Total loop steps across all samples
4: fork =1to N do
5: T < T(k)
6:  Stotal < Stotal + Length(7)
7: I/ Reset local tracking variables for the new trajectory
8 H <0, lprey < 0, teng < —1
9:  for ¢t = 0 to Length(7) do
10: hi < Hash(s;) // Compute hash of the current state
11: if h; € H then
12: i <— H[h] // Retrieve start index of potential cycle
13 lewr < 70 2 1]
14: // Condition 1: Check Non-Recursive
15: if not HasNested(lcy) then
16: // Condition 2: Check Consecutive Repetition
17: if (1 == tena) and (leurr == lprev) then
18: Liotal < Liotar + (t — @) // Accumulate loop length into global counter
19: end if
20: lprev < leurr
21: tend < t
22: end if
23: H[h:] < t // Update the latest visit time for this state
24: else
25: H[h¢] < t // Record the first visit time
26: end if
27:  end for
28: end for

29: Return LR = Lyota1/ Stotal

indicator of TTI performance, we apply an inver-
sion transformation 1 - LR to ensure a consistent
orientation across all axes, so that a larger value
indicates a better TTI. More over, we add a mini-
mum baseline value to make each bar visible even
its corresponding indicator is zero. We also limit
the maximum hight so that the highest bar does not
reach the boundary of the figure. Notably, these
shifts do not influence the diagnose of each model.

C.7 Framework Design

Our framework adopts a highly modular architec-
ture with clear separation of concerns. Complex
concurrency control and inference logic are encap-
sulated within abstract base classes, allowing re-
searchers to focus solely on task-specific adapta-
tions. This design significantly reduces the barrier

to entry for incorporating new evaluation bench-
marks.

Task Execution The TaskRunner module im-
plements a template method pattern providing
flexible lifecycle management while minimizing
the required interface surface. Researchers can
leverage two complementary environment manage-
ment strategies: (1) Resource pooling for stateful,
expensive-to-initialize environments (e.g., Web-
Shop) through the EnvPool mechanism, elimi-
nating redundant instantiation overhead; (2) On-
demand instantiation for environments requir-
ing complete teardown between episodes, where
researchers simply define construction logic in
_initialize_trajectory and the framework
handles per-trajectory environment generation au-
tomatically.
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Figure 8: Cumulative success rate curves across five environments. The trajectories illustrate the performance
saturation points, which serve as the empirical basis for determining the upper boundary t,,, in our AUV metric.

Context Management The ContextManager
module achieves complete separation between
prompt engineering and control flow logic. In-
teraction histories are abstracted as structured
StepMemory objects, enabling seamless switching
between experimental configurations (e.g., inclu-
sion of chain-of-thought reasoning, history trunca-
tion) without modifying underlying implementa-
tion code.

Unified Agent Interface To support fair com-
parison between open-weight models and propri-
etary APIs, we provide a unified BaseAgent inter-
face with ClientAgent implementation wrapping
OpenAl-format API calls. This abstraction allows
seamless backend switching through configuration
changes alone—transitioning from local Qwen3-
4B-Instruct to remote Gemini 2.5 Pro requires no
task code modifications. The framework incorpo-
rates thread-pooled concurrent requests with back-
off retry mechanisms, ensuring robust performance
despite network latency.

Parallel Execution The framework implements
multi-level parallelism for large-scale evaluation on
limited computational resources. At the GPU level,
automatic dataset sharding distributes workloads
across devices with file-lock mechanisms ensuring
safe concurrent result aggregation. At the batch
level, TaskRunner maintains a global trajectory
pool, automatically collecting contexts from all
active trajectories into unified batches for efficient
inference.

Furthermore, we present the primary class struc-
tures and function interfaces below, covering: core
data structures, task runner framework, agent inter-
face, context manager, and environment interface.
Notably, we are thankful to valuable works (Wang

et al., 2025b; Xue et al., 2025) for their open-
sourced code.

C.8 Hyper-Parameter and Hardware Settings

We set temperature to 0.7 and top-p = 1.0 for all
generation. For models with configurable reason-
ing effort (gpt-oss-120b, Gemini 2.5 Pro), we use
the medium setting. We conduct our experiments
on Nvidia-A100 GPUs.

C.9 Prompt Details

We provide our detailed prompt implementation.
First, we provide the template of interaction for-
mat. Detailed system prompt can also be found
following the interaction template.
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@dataclass
class StepMemory:
''"'"Stores information for a single reasoning step in the trajectory.

Attributes:
observation: Current environment observation
true_state: Ground truth state from environment
input_state: State representation input to the model
analysis: Model's reasoning/thinking for this step
action: Action taken by the model
is_valid: Whether the action was valid
feedback: Environment feedback message
previous_memory: Link to previous step

observation: str

true_state: str

input_state: str

analysis: str

action: str

is_valid: bool

feedback: str

previous_memory: Optional['StepMemory']

@dataclass
class TrajectoryInfo:

"'""Encapsulates complete trajectory information for parallel processing.

Attributes:
idx_in_batch: Index within the current batch
traj_rollout_idx: Rollout index for multiple trajectories
env: Environment instance for this trajectory
env_idx: Index in the environment pool
ctx_manager: Context manager for prompt formatting
steps: List of step dictionaries
done: Whether trajectory is completed
success: Whether task was successfully solved
stop_right: Whether agent stopped at correct time

idx_in_batch: int

traj_rollout_idx: int

env: BaseEnv

env_idx: int

ctx_manager: ContextManager

steps: List[Dict[str, Any]]

done: bool

success: bool

Code 1: Core Data Structures
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class TaskRunnerBase:
''"'Base class for task execution and evaluation management.'''

def

def

def

def

def

def

__init__(self, config: DictConfig, agent: BaseAgent,
dataset: List[Dict]) -> None:

'"'"'Initialize task runner with configuration, agent, and dataset.
Args:

config: Configuration object containing task and agent settings

agent: Agent instance for generating actions

dataset: List of task instances to evaluate
_prepare_step_history(self, traj: TrajectoryInfo) -> None:
'"'"'Prepare history and state information for current step.
Args:

traj: Trajectory to prepare step for
_process_step(self, traj: TrajectorylInfo,

step_info: Dict[str, Any]l) -> None:

'"'"'"Execute action in environment and update trajectory state.
Args:

traj: Trajectory to process

step_info: Dictionary containing action and analysis
_initialize_trajectory(self, data_idx: int, data: dict,

traj_rollout_idx: int) -> TrajectoryInfo:

'"'"'"Initialize single trajectory with environment and context.
Args:

data_idx: Index in dataset

data: Data instance dictionary

traj_rollout_idx: Rollout index for this trajectory
Returns:

TrajectoryInfo: Initialized trajectory object
run(self, dp_idx: int = 0

lock: Optional[Lock] = None) -> None:
"'"'Main entry point for running evaluation on dataset.

Args:
dp_idx: Starting index in dataset
lock: Optional lock for thread synchronization

_run_stepwise_episode_batch(self,
batch: List[Dict]) -> List[Dict]:
'"'"'Run batch of episodes with step-by-step execution.
Args:
batch: List of data instances
Returns:

List of trajectory results with multiple rollouts per instance

Code 2: Task Runner Framework
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class BaseAgent:

''""Abstract base class for all agent implementations.

def

def

def

__init__(self, config: DictConfig):
'"'"'"Initializes the agent with task-specific configurations.

Args:
config: Configuration object containing model and generation

get_next_step_parallel (self,
trajectories: List[TrajectoryInfol]
) -> List[Dict[str, Anyl]:
''"'"Generate actions for multiple trajectories in parallel.

Args:
trajectories: List of trajectories to process

Returns:
List of action dictionaries for each trajectory

close(self) -> None:
'""'Clean up agent resources and connections.

Code 3: Agent Interface

class ContextManager:
'''"Manages conversation history and prompt formatting.'''

def

def

def

__init__(self, system_prompt: str, instruction_prompt: str,
tokenizer: AutoTokenizer, config: DictConfig) -> None:
'"'"'Initialize with prompts and formatting configuration.

Args:
system_prompt: System-level instruction prompt
instruction_prompt: Task-specific instruction
tokenizer: Tokenizer for applying chat templates
config: Configuration for formatting options

format_prompt(self) -> str:
"'"'"Format full prompt string based on chat format and history.

Returns:
Formatted prompt string including conversation history

Supported formats:
- 'default_format': Standard prompt format
- 'user_assistant_format': Dialogue-based format
- 'user_assistant_format_part': Partial dialogue format

format_messages(self) -> List[Dict[str, strl]l:
'"'"'Format as message list for API-based agents.

Returns:
List of message dictionaries with 'role' and 'content' keys

Code 4: Context Manager
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class BaseEnv:
''""Abstract base class for task environments.'''
def reset(self, seed: int, mode: str) -> None:
''"'Reset environment to initial state.

Args:
seed: Random seed for reproducibility
mode: Evaluation mode ('easy', 'medium', 'hard')

def step(self, action: str) -> Tuple[Any, float, bool, Dict]:
'"'"'"Execute action and return environment response.

Args:
action: Action string to execute

Returns:
Tuple containing:
- observation: New environment observation
- reward: Reward signal
- done: Whether episode is terminated
- info: Additional information dictionary

def render(self) -> str:
''"'Generate string representation of current state.

Returns:
Human-readable string of environment state

@property
def instruction_text(self) -> str:
'"'"'"Return task instruction or query text.

Returns:
Task-specific instruction string

Code 5: Environment Interface
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