The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

AssetOpsBench-Live: Privacy-Aware Online Evaluation of Multi-Agent
Performance in Industrial Operations

Dhaval Patel'*, Nianjun Zhou'*, Shuxin Lin'*, James Rayfield'*,
Chathurangi Shyalika®*, Suryanarayana Reddy Yarrabothula®*

1IBM Research, Yorktown
2 Artificial Intelligence Institute, University of South Carolina
3Steel Authority of India Limited

Abstract

Industrial automation increasingly relies on multi-agent Al,
yet evaluation remains difficult due to task complexity and
data confidentiality. We present AssetOpsBench-Live, a
demo of a competition-ready platform for real-time, privacy-
preserving evaluation of multi-agent Al in industrial contexts.
The platform integrates AssetOpsBench, which measures
six dimensions of multi-agent performance and performs au-
tomated failure-mode discovery, with Codabench, which
supports reproducible, code-oriented competitions. End users
first validate agents locally, then submit containerized code
for execution on hidden industrial scenarios. Instead of raw
trajectories, the system provides quantitative scores and clus-
tered failure modes (e.g., reasoning—action mismatch, step
repetition), enabling participants to identify failures, apply
targeted improvements, and iteratively resubmit. By combin-
ing competition-based engagement with actionable diagnos-
tics, AssetOpsBench-Live delivers reproducible, real-
time insights reflecting real-world industrial constraints.

Demo — https://tinyurl.com/ypv98e85

Introduction

Benchmarking of agentic Al is shifting from model-centric
accuracy to end-to-end, domain-specific evaluation (Patel
et al. 2025; Jha et al. 2025), which requires reasoning, plan-
ning, tool use, task coordination, and privacy preservation.
Recent efforts such as AgentBench (Liu et al. 2023), Agen-
tRewardBench (Lu et al. 2025), MultiAgentBench (Zhu
et al. 2025), and REALM-Bench (Geng and Chang 2025)
highlight this trend, yet most benchmarks are limited to
planning modules (Shen et al. 2024) and trajectory anal-
ysis tool (Desmond et al. 2025). They lack infrastructure
for code-oriented, reproducible evaluation in applied do-
mains particularly industrial asset management, where pri-
vacy constraints limit data sharing.

Competitions complement benchmarks by engaging par-
ticipants in iterative improvement. Existing competition
platforms like Kaggle often only return scores, leaving par-
ticipants uncertain about why their systems failed. Empirical
evidence indicates that the absence of actionable feedback
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reduces participant engagement and increases dropout, un-
derscoring the necessity for benchmarking platforms to pro-
vide iterative, human-in-the-loop feedback. A central design
goal of AssetOpsBench-Live is therefore to combine
competition-based engagement with actionable diagnostics.

Motivation. One such diagnostic comes from failure-
mode analysis. As reported in our AssetOpsBench pa-
per, nearly 10% of multi-agent task failures stem from miss-
ing clarifying questions. As a developer, we traced this
mechanism in our open-source agent (ReActXen(Rayfield
et al. 2025)) and added support for clarifying interactions
(enable_agent_ask=True), yielding substantial gains:

Model Before After
LLaMA-4 Maverick 59% 66% (+7)
LLaMA-3-405B 44% 61% (+17)

This resulted in a leaderboard-topping agent, illus-
trating how actionable feedback can translate into con-
crete, code-level improvements. Building on this principle,
we introduce AssetOpsBench-Live!, which integrates
AssetOpsBench with Codabench (Xu et al. 2022) to
enable privacy-aware evaluation, automated failure-mode
discovery by extending static taxonomy (Cemri et al. 2025),
and structured feedback loops. Our system supports simu-
lated multi-agent environments for local Docker-based test-
ing and debugging, leverages scalable distributed backends
capable of executing long-running tasks reliably, and incor-
porates evaluation protocols tailored to multi-agent reason-
ing, collaboration, and real-world execution. It automates
submission pre-validation with optional human checks and
uses a multi-phase (Boot strap, Leaderboard), multi-
track (Planning/Execution) design to balance learning
and application while ensuring transparent, reproducible,
and trustworthy workflows.

System Architecture

Figure 1(a) illustrates the pipeline for local development, re-
producible submissions, and privacy-preserving global eval-
uation, supporting long-running code-oriented workflows
for multi-agent industrial tasks.

"https://www.codabench.org/competitions/10206/



AssetOpsBench-Live

AssetOpsBench Queue

f "Local Environment (Dvocker)x / Im'dustry 4'0 Data
(Offline Environment) .
= (Local correctness check — Asset Monitoring
= on two scenarios) EMEA/ 2 (Alert. (Live Environment)
o i . 8 g o ¥ | Lack of final answer (21%)
5 § Develop Agent 55 1 El CouchDB — 2L}
23 utterance-driven workflow S E AssetOps Sensors Inability
> oo Docker registry as EAcentsill| | = © Redundant
c — - . = .
wg WatsonX / Data stubs 2 watsonx = h?m.“e Insufficient 10T data Lack of final Lack of final answer
3 = (Live % CO TESE dsen?or) download | summary (7%) (14%)
it . . Environment) data ata (7%
o9 Containerized Code (zip file) LM Time - (7%) (w8)
u-. K Series FM ol 1]
Insufficient
Submit Code to tool usage

Hidden Scenarios (10) Leaderboard (6 Dimensions) \
Private dataset Completion, Accuracy,
= (Private dataset) N Verification, Action Seq.,
..3 Execute g g Justification, Hallucination
83| . . T2 & Results
5 g | HEEIRIS R (Y ‘ Lol 83 Failure-Mode Dashboard
x 0 . Think — Act — Observe Loop 83 i i
g 5 I 7 3 § o Mismatch, Re;?(?tlthn,
om '8 Trajectories — Abstract £ 3 ] Incomplete Verlflcatlo_n,
o E Unsupported Grounding
e Trajectory Evaluation, 3= 5 Guidelines
RNy Summarization & —< = Feedback — Improve —
K% Failure-Mode Discovery @ Resubmit

Inconsistent (7%)
data retrieval

(7%)

Lack of
actual
data
analysis
(7%)

Lack of
conceptual
understanding
(7%)

Insufficient data
retrieval (7%)

Figure 1: AssetOpsBench-Live: (a) System architecture of AssetOpsBench integrated with the Codabench, showing local devel-
opment, global evaluation, and the feedback; (b) Example visualization of failure modes, clustered into interpretable categories.

First, we build a simulated environment using CouchDB
and distribute it via a Docker registry, including reference
agents and a small dataset. This environment offers sam-
pled sensor telemetry, work orders, IoT streams, alerts, and
failure-mode catalogs for experimentation. The simulated
environment comprises: (i) an ToT Agent with 7 tools
for sensor queries, (ii)) an FMSR Agent with 3 tools for
linking failure modes to signals, (iii) a TSFM Agent with
5 tools for forecasting and anomaly detection, and (iv) a
Work Order Agent with § business objects for mainte-
nance tasks. Here is a high-level description of the workflow,
which consists of three key steps:

Step @: Users build a Planning or Execution agent, run
example scenarios locally, containerize it as a ZIP, and sub-
mit to Codabench for evaluation.

Step @: Submissions are validated to ensure exactly one
.py and one . json file (with required keys), then exe-
cuted on one public scenario (previously runnable locally)
and several hidden track-specific scenarios.

Step ®: Covers scoring, result generation, status updates,
and robust error handling. Evaluation provides scenario-
level and model-level analyses across 6 dimensions obtained
using the LLM-as-Judge approach: Task Completion, Ac-
curacy, Result Verification, Action Sequencing, Clarity, and
Hallucinations. Below is an example of aggregated scores
from run (#371162) evaluated on 11 hidden scenarios.

Task  Retrieval  Verification Sequence Clarity Hallu.

6 6 7 8 9 2

Execution traces (trajectories) are never exposed to the
user. Instead, we developed a novel algorithm that ana-
lyze these traces and dynamically generate failures that are
grouped into diagnostic clusters (e.g., verification errors,
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Algorithm 1: Dynamic Failure Mode Taxonomy from Traj.

Given trajectories 7' and initial taxonomy Fj,,;;
E <+ LLM _Diagnostic(T)
Fezisting — {6 eFE | e matches F“”t}
U « {e € E | e does not match Fj,,;; }
if |U| > 0 then

Chrew < Cluster(U)

Fewt — Finit u Cnew
else

Fezt — Finit
end if
Return F,

TeYRXIDINE LD 2

—_—

hallucinations), preserving industrial confidentiality while
providing interpretable insights. (Algorithm 1).

Users receive categorized reports indicating where and
why their agent failed, without revealing any underlying
data, utterances, or server-side scenarios. In Figure 1(b), we
identify six failure clusters for the same run (#371162). No-
tably, the agent struggled the most with handling missing
data, followed by issues in output validation and tool usage.

Conclusion

The system enables iterative agent improvement while safe-
guarding industrial confidentiality. It has been tested with
225 users across more than 300 agent evaluations. Fu-
ture work will focus on extending the platform to broader
scenarios and addressing the subjectivity of LLM-as-a-
Judge evaluation metrics, particularly “hallucination.” By
bridging benchmarks, competitions, and industrial realism,
AssetOpsBench-Live establishes a robust foundation
for evaluating agentic systems.
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