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Abstract
As Large Language Model (LLM) agents scale to-
ward real-world deployment, they generate large
volumes of fragmented, non-standardized execu-
tion traces. Many existing observability plat-
forms treat these traces primarily as passive log-
ging artifacts, lacking the unified infrastructure
to operationalize them for active governance and
agent adaptation across heterogeneous single-agent
and multi-agent workflows. To address this gap,
we introduce TraceBrain, an open-source infras-
tructure for autonomous agent trace management.
TraceBrain adopts a framework-agnostic architec-
ture built on a delta-based OpenTelemetry (OTLP)
schema, which mitigates context explosion and
supports on-demand reconstruction of long-horizon
execution trajectories. For runtime governance,
TraceBrain implements uncertainty-driven supervi-
sion, where an internal Trace Evaluator prioritizes
ambiguous trajectories for human review, thereby
reducing manual annotation workload. Moving
beyond passive observation, the platform incorpo-
rates a hybrid semantic-lexical retrieval engine that
combines dense vector similarity and exact key-
word matching for operational memory retrieval.
Furthermore, an automated curriculum mechanism
continuously synthesizes failure patterns into struc-
tured training artifacts. Empirical evaluations
demonstrate a ∼100× reduction in storage over-
head together with high precision in uncertainty-
guided trace supervision. Ultimately, TraceBrain
transforms the execution history into a reusable op-
erational memory substrate, bridging runtime ob-
servability with retrieval-driven agent adaptation.
The system is publicly available at https://github.
com/ToolBrain/TraceBrain.

1 Introduction
Recent advances in Large Language Model (LLM) agents
have enabled long-horizon workflows involving reasoning,
tool use, and multi-agent interaction [Yao et al., 2023; Wu
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et al., 2024]. As these agents transition to real-world deploy-
ments, they generate large volumes of execution traces, align-
ing with emerging observability standards [OpenTelemetry
Authors, 2026; Arize AI, 2023]. However, in practice, these
traces are often fragmented across heterogeneous frame-
works. As a result, practitioners lack a unified infrastructure
to systematically manage, analyze, and operationalize trace
data for continual agent adaptation.

This gap presents a major challenge for the operational
governance of autonomous agents. Many existing observ-
ability systems primarily treat traces as passive logging ar-
tifacts, providing limited support for active supervision and
trace-driven adaptation. Although recent work explores self-
reflection and experiential learning in autonomous agents
[Shinn et al., 2023; Wang et al., 2023], there remains insuf-
ficient operational support to transform execution traces into
structured supervision and learning assets. To address these
limitations, we introduce TraceBrain, a unified infrastructure
for trace collection, governance, and adaptation, making the
following contributions:

• Standardized ingestion and hybrid retrieval. Trace-
Brain adopts a framework-agnostic, delta-based Open-
Telemetry (OTLP) [OpenTelemetry Authors, 2026]
schema. This design mitigates context duplication, en-
abling efficient trajectory reconstruction. Furthermore,
TraceBrain incorporates a hybrid semantic-lexical re-
trieval engine based on Reciprocal Rank Fusion (RRF)
[Cormack et al., 2009] to support operational trace
querying.

• Uncertainty-driven supervision. TraceBrain imple-
ments a semi-automated feedback pipeline where an
internal LLM-based Trace Evaluator generates annota-
tions and requests expert input only when uncertainty
arises. Conceptually similar to uncertainty-based active
learning [Settles, 2009], this design improves the effi-
ciency of human-in-the-loop monitoring by prioritizing
critical or borderline cases.

• Trace-driven adaptation. TraceBrain continuously
mines failure patterns from operational traces and syn-
thesizes them into structured curricula and retrieval-
ready trajectories, supporting downstream fine-tuning
and retrieval-augmented adaptation [Bengio et al., 2009;
Lewis et al., 2020].
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• Comprehensive system evaluation. We provide quan-
titative assessments demonstrating TraceBrain’s scal-
ability and operational trade-offs. Empirical results
show a ∼100× reduction in storage overhead compared
to naive logging, stable hybrid retrieval latency (me-
dian 96.9 ms, P95 122.6 ms), and high precision in
uncertainty-guided supervision.

We demonstrate TraceBrain through representative multi-
agent coordination scenarios involving real-time trace inspec-
tion, uncertainty-driven supervision, and trace-driven adapta-
tion. By integrating observability, governance, and retrieval-
driven learning within a unified infrastructure, TraceBrain
provides a practical foundation for scalable autonomous
agent systems.

2 Background and Related Work

The growing deployment of autonomous LLM agent systems
[Yao et al., 2023; Wu et al., 2024] has increased the need
for scalable infrastructure to manage execution traces. Ex-
isting systems primarily treat traces as passive debugging ar-
tifacts rather than reusable operational data. TraceBrain ad-
dresses these limitations through observability, supervision,
and trace-driven adaptation.

Agent Observability and Tracing. Platforms such as
LangSmith [LangChain, 2026] and OTLP-based observability
systems support instrumentation and monitoring, but largely
focus on passive logging. Frameworks such as AgentTrace
[Anonymous, 2026] extend scalable observability toward se-
curity monitoring, while OpenInference [Arize AI, 2023]
standardizes LLM telemetry on top of OTLP but still relies on
cumulative prompt logging. TraceBrain instead introduces a
delta-based OTLP schema for incremental state transitions
together with hybrid semantic-lexical trace retrieval.

Model Evaluation and Supervision. LLM-based evalua-
tors have emerged as an effective approach for automated
assessment [Zheng et al., 2023]. While models such as
Prometheus [Kim et al., 2024] provide specialized evalua-
tion capabilities, operational systems often lack uncertainty-
aware human feedback mechanisms. Agent Trajectory Ex-
plorer [Desmond et al., 2025] supports human review but
remains limited to manual binary feedback. TraceBrain in-
troduces an uncertainty-driven supervision pipeline in which
an internal LLM-based Trace Evaluator selectively escalates
low-confidence trajectories for expert review, improving su-
pervision efficiency [Settles, 2009].

Continuous Agent Adaptation. Prior work has shown that
agents can improve through self-reflection and experiential
learning [Shinn et al., 2023; Wang et al., 2023]. However,
most observability systems treat traces as terminal artifacts.
TraceBrain extends observability through automated curricu-
lum synthesis inspired by curriculum learning [Bengio et al.,
2009], continuously mining historical failure patterns to gen-
erate structured adaptation signals for downstream refinement
workflows.

Framework Trace
Storage

Feedback Retrieval Adaptation

LangSmith Proprietary Manual UI × ×
Langfuse Relational DB Manual labels × ×
Prometheus Eval records Automated only × Eval synthesis
Agent Traj. Exp. Proprietary Manual binary × ×
TensorZero Prop. tables Code annotations × ×

TraceBrain
(Ours)

Delta-OTLP Uncertainty-
Driven

Hybrid Curriculum

Table 1: Comparison of Agent Observability Infrastructure

Figure 1: TraceBrain operates as a closed-loop infrastructure for
trace-driven governance and adaptation. The Ingestion Layer con-
verts heterogeneous agent executions into reconstructable delta-
based OTLP trajectories. The Governance Layer performs runtime
supervision through uncertainty-driven evaluation and human vali-
dation. The Cognitive Layer supports hybrid semantic-lexical re-
trieval and automated curriculum synthesis, enabling downstream
adaptation through reusable operational traces and structured train-
ing artifacts.

3 System Architecture
TraceBrain organizes trace management through three layers
(Figure 1): ingestion, governance, and cognitive adaptation.

3.1 Ingestion Layer: Structuring Execution
Agent frameworks such as LangChain [LangChain, 2026]
and SmolAgents [Roucher et al., 2025] produce heteroge-
neous execution logs. The Ingestion Layer standardizes
these activities through a delta-based OpenTelemetry (OTLP)
schema [OpenTelemetry Authors, 2026], recording incre-
mental state updates rather than cumulative prompt histo-
ries. Conversational state is reconstructed on demand through
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hierarchical parent-child execution links. The TraceClient
SDK provides consistent instrumentation across heteroge-
neous frameworks.

3.2 Governance Layer: Enabling Runtime
Supervision

The TraceStore exposes runtime governance interfaces for:

• Runtime Intervention. TraceBrain supports runtime
escalation for anomalous or unstable execution behav-
iors, enabling supervisory intervention beyond passive
post-hoc debugging.

• Uncertainty-Driven Supervision. An internal LLM-
based Trace Evaluator assigns confidence-aware eval-
uations to trajectories using previously validated expert
feedback. Only low-confidence traces are escalated for
human review, improving supervision efficiency.

3.3 Cognitive Layer: Supporting Trace-Driven
Adaptation

The Cognitive Layer transforms stored traces into structured
learning assets.

• Experience Retrieval. Successful trajectories are in-
dexed through a hybrid semantic-lexical retrieval en-
gine, enabling runtime retrieval of operational memory
for retrieval-augmented adaptation [Lewis et al., 2020].

• Automated Curriculum. An LLM-based curator mines
clustered failure patterns to synthesize structured reme-
diation tasks inspired by curriculum learning [Bengio et
al., 2009].

Curated traces and synthesized curricula are exportable
in standardized formats (e.g., JSONL), enabling integration
with downstream fine-tuning and evaluation pipelines.

4 System Demonstration and Evaluation
To demonstrate TraceBrain and evaluate its infrastructure
scalability, we present a representative multi-agent scenario
followed by quantitative system benchmarks. A demonstra-
tion video is available at https://youtu.be/rH3Nlsd4Ut8.

4.1 Scenario: Multi-Agent Coordination Failure
We demonstrate TraceBrain through a Collaborative Cod-
ing Environment implemented with LangChain [LangChain,
2026], featuring a Coder and a Reviewer agent. This scenario
highlights TraceBrain’s support for multi-agent observability.

Anomaly Detection and Semantic Diagnosis. During ex-
ecution, the agents enter a cyclical negotiation loop caused
by semantic misalignment. Using the TraceClient SDK,
TraceBrain ingests these interactions through the delta-based
schema, automatically flagging the trajectory as anomalous
(internally categorized as logic loop). The Trace Ex-
plorer visualizes the interaction as a hierarchical execution
graph for localizing divergence points.

Uncertainty-Driven Supervision and Adaptation. Due to
low evaluator confidence, the trajectory is prioritized for hu-
man review. The Automated Curriculum engine then syn-
thesizes the labeled failure into a targeted remediation task
(e.g., “Multi-Agent Conflict Resolution”). Reconstructed tra-
jectories can be exported as JSONL artifacts for downstream
adaptation workflows.

4.2 System Evaluation
We conducted quantitative benchmarks to evaluate Trace-
Brain’s infrastructure scalability and supervision perfor-
mance. The key results are summarized in Table 2.

Metric Result & Impact

Storage
Efficiency

Delta-based schema mitigates context
explosion associated with naive cumulative
logging. For a 200-step trajectory, storage
dropped from 16.10 MB to 0.15 MB, achieving
a ∼100× reduction.

Reconstruction Backward traversal overhead is minimal.
Rebuilding a 500-span trajectory context
requires only 3.64 ms and 0.82 MB peak
memory on the client side.

Ingestion vs.
Retrieval

Hybrid indexing introduces write-time
overhead (41.8 RPS under a throttled
20-concurrency load) while maintaining
stable retrieval latency (median 96.9 ms, P95

122.6 ms) at 100k traces.

Labeling
Efficiency

Evaluated on 75 complex traces from the
TRAIL benchmark [Deshpande et al., 2025].
The LLM-based Trace Evaluator achieved an
89% automatic acceptance rate (> 0.8
confidence) and 0.93 priority precision,
indicating strong potential for reducing human
annotation workload.

Table 2: Summary of TraceBrain System Evaluation

Table 2 demonstrates scalable retrieval and uncertainty-
driven supervision with low storage overhead. The evaluator
automatically processes routine trajectories while escalating
severe anomalies for expert review.

5 Conclusion
We presented TraceBrain, an open-source infrastructure for
trace-driven observability, supervision, and adaptation in au-
tonomous LLM agents. TraceBrain introduces a delta-based
OTLP schema that mitigates context explosion caused by
cumulative prompt logging, while supporting uncertainty-
driven supervision and retrieval-driven adaptation using his-
torical execution traces. Empirical evaluations demonstrate
substantial reductions in storage overhead together with scal-
able hybrid retrieval, efficient uncertainty-aware supervision,
and robust trajectory reconstruction. Future work will explore
automated workflow mining and fine-grained error attribution
across long-horizon execution trajectories.
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to mitigate privacy risks.
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Tim Rocktäschel, Sebastian Riedel, and Douwe Kiela.
Retrieval-augmented generation for knowledge-intensive
nlp tasks. In H. Larochelle, M. Ranzato, R. Hadsell, M.F.
Balcan, and H. Lin, editors, Advances in Neural Informa-
tion Processing Systems, volume 33, pages 9459–9474.
Curran Associates, Inc., 2020.

[OpenTelemetry Authors, 2026] OpenTelemetry Authors.
OpenTelemetry Documentation. https://opentelemetry.io/,
2026. Accessed: 2026-02-12.

[Roucher et al., 2025] Aymeric Roucher, Albert Villanova
del Moral, Thomas Wolf, Leandro von Werra, and Erik
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