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Abstract—The bulk-synchronous parallel (BSP) paradigm pow-
ers critical computational workloads from scientific simulations
to large-scale machine learning training. Running on tens of
thousands of processors, these systems are uniquely sensitive
to performance variations that current observability approaches
struggle to diagnose—post-hoc analysis of massive traces intro-
duces latency and rigidity that obstructs timely diagnosis.

To address these challenges, we present ORCA, a system
for always-on, steerable BSP observability. ORCA enables op-
erators to materialize relevant views from running applica-
tions on demand and intervene in response, via a tree-based
overlay providing coordinated collection, in-situ SQL analytics,
and timestep-consistent control. ORCA accelerates observability
workflows across the spectrum. On a real AMR code at 4096
ranks, ORCA collects equivalent traces at ~2% overhead (vs
56-81% for tracing tools), enables up to 7275x faster queries,
and 99.999 % in-situ data reduction. In an LL.M-driven evaluation
of steerability, a performance anomaly that took us months to
diagnose manually is localized in 27 minutes.

Index Terms—Observability, distributed tracing, in-situ ana-
lytics, bulk-synchronous parallelism, computational steering.

I. INTRODUCTION

The bulk-synchronous parallel (BSP) [1] paradigm powers
critical computational workloads, from scientific simulations
to large-scale machine learning training. These systems
are uniquely fragile: at the scale of tens of thousands of
processors, lockstep execution means a single straggler
can block cluster-wide progress at every synchronization
point. As ML training pushes BSP toward 100K GPUs [2]
and scientific workloads grow in tandem [3, 4], the cost
of undiagnosed performance pathologies has become
economically untenable. Yet the causes are diverse and
highly context-dependent [5-24] —load imbalance, poor
task overlap, hardware variability—varying across clusters,
workloads, and scales. Metrics [25, 26] provide baseline
visibility but rarely enough workload structure to attribute
causes. Tracing [27-31] can capture the fine-grained patterns
needed for diagnosis, but prevailing approaches—exhaustive
collection to disk followed by expensive extract-transform-
load (ETL) [10, 32] —cannot provide feedback at the speed
problems demand. In a prior study of placement in AMR
codes [10], we found that isolating the root causes of several
performance artifacts took months, while fixes typically took
days. Rapid visibility into production pathologies remains
one of the highest-yield paths to efficiency.
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We argue for always-on, steerable observability as a pro-
duction capability for BSP workloads, not just faster post-hoc
analysis, but continuous visibility with the ability to escalate
on demand. The evolution of distributed tracing [33-35] offers
an instructive parallel. In microservices, tracing evolved to pre-
serve causal relationships between requests (the unit of work
in asynchronous systems) so tail latency is continuously mon-
itored and attributable to specific services. In BSP, causality is
induced by synchronization: performance anomalies manifest
as stragglers that stall collectives. The same synchronization
creates natural windows for both observation and intervention,
enabling operators to steer collection on demand, test hypothe-
ses live, and act on feedback while the job runs. Real-time
diagnostics are already proving valuable in ML training [16—
24] for problems ranging from straggler localization to training
correctness, but each system implements a bespoke collection
and analytics pipeline. BSP workloads need a common observ-
ability substrate, providing low-overhead on-fabric transport,
BSP-aware coordination semantics for telemetry aggregation
and control, and programmable analytics interfaces (§III).

In this paper, we present a tree-based overlay [36] for
rapid feedback loops over large-scale BSP applications called
ORCA (Observability with Real-time Control and Aggre-
gation). ORCA treats telemetry as columnar streams and
provides in-situ SQL-based analytics, faster offline analytics,
and a control plane for online steerability. Central to the
design is treating synchronization as the fundamental con-
sistency boundary. On the data path, this yields timestep
dataframes (§IV-A): a per-timestep grouping of all ranks’
telemetry into a single logical analysis unit. Because syn-
chronization partitions BSP execution into causally inde-
pendent windows, timestep dataframes support both in-situ
analysis during execution and timestep-partitioned persistence
for faster offline queries. Combined with columnar formats
(Arrow [37] in transit, Parquet [38] at rest), this eliminates
the ETL that dominates conventional tracing workflows. An
RDMA-based transport (§IV-B) minimizes collection over-
head, while distributed query planning with operator push-
down minimizes data movement (§IV-C), On the control path,
a timestep-consistent commit protocol (§1V-D) enables atomic
interventions—new analytics, probes, or parameter updates—
applied asynchronously at the same timestep across all ranks.



We evaluate ORCA on a real AMR code at 512-4096 CPU

ranks across tracing, in-situ, and agentic workflows:

« In conventional tracing workflows, ORCA captures equiv-
alent telemetry at ~2% runtime overhead (vs 56-81% for
state-of-the-art tracers), produces up to 42x smaller traces,
and enables up to 7275x faster offline analyses (§VI-A).

« In-situ analytics enable low-overhead needle-in-the-haystack
workflows—outlier MPI_Wait calls are isolated in real-
time at sub-2% runtime overhead, while discarding up to
99.999% of data at MPI ranks (§VI-B).

« In an agentic evaluation of its steerable capabilities using
an LLM agent, ORCA enables localizing a performance
anomaly—the same bug that took us months to diagnose
in a prior study [10]—in 27 minutes, while reducing data
volume by up to 144x (§VI-C).

More broadly, ORCA demonstrates that declarative SQL
analytics can be embedded on the fabric alongside a live MPI
application, enabling streaming analytics workflows beyond
observability (§VIII). ORCA is open source [39].

II. BACKGROUND AND MOTIVATION

Bulk synchronous parallel (BSP) [1] workloads in both sci-
entific computing and machine learning training pose unique
efficiency challenges. These jobs, increasingly spanning tens
of thousands of nodes, execute in lockstep and synchronize
frequently via collective communication. At these scales, BSP
is uniquely fragile: a single straggler can block cluster-wide
progress at synchronization points. Their root causes are
highly context-dependent, ranging from load imbalance and
suboptimal overlap to tuning-induced variability, and have
been documented extensively [5—24]. Despite extensive case
studies, performance pathologies persist and remain costly to
diagnose and fix.

We argue this reflects a structural limitation in how BSP
observability is practiced. While monitoring infrastructure is
widely deployed [25, 26], it targets known unknowns via a
fixed set of metrics such as CPU utilization. Performance
pathologies are dominated by unknown unknowns [40-42] —
they cannot be anticipated by predefined metrics, and resolving
them requires iterative investigation at varying resolutions:
from high-level aggregates to fine-grained detail when needed.
Current approaches to capturing fine-grained telemetry —
large event traces followed by post-mortem analyses — incur
prohibitive collection and analysis costs [10, 32], delaying
interventions. As a result, operators are forced to choose
between expensive investigations and ad-hoc workarounds.
This gap motivates a different model: always-on application
observability as a production capability, with relevant views
constructed on demand in real-time, hypotheses tested live,
and collection steered accordingly while the job is still running
— a paradigm we call steerable observability.

We now illustrate this gap with case studies from HPC
and ML training (§1I-A), survey existing approaches and their
limitations (§II-B), and use our experiences with eBPF [43]
to motivate a programmable substrate for real-time visibility
at workload scale (§II-C).
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Fig. 1: A performance pathology we identified in an AMR
code [10]. A volatile MPI_Wait preceding MPI_Allgather is
misattributed as elevated collective cost in aggregate telemetry
(left). Rank-level telemetry for a single timestep (right) reveals
the true cause but requires joining all ranks’ data.

A. Case Studies from HPC and ML

1) Optimizing Placement in AMR: A prior study of place-
ment and load-balancing in adaptive mesh refinement (AMR)
codes [10] illustrates this gap concretely. Although AMR
codes are widely known for load-imbalance challenges [44],
we found load imbalance indistinguishable from other hard-
ware, software, and tuning artifacts without fine-grained
telemetry. Fig. 1 shows one such example: tail latency spikes in
MPI_Wait that only manifested at scale would get attributed to
collectives in aggregate telemetry. Each artifact took us months
to diagnose, while mitigations typically took days.

The primary diagnostic bottleneck in our study was a slow
feedback loop: each iteration required running the codes,
collecting large event traces, followed by post-mortem trace
analyses bottlenecked on expensive ETL (extract-transform-
load) from formats such as CSV. Mitigations identified were
cluster- and workload-specific. Even after these artifacts were
fixed, placement demonstrated a fundamental tradeoff between
compute load balance and communication locality — the right
balance between the two varies across workloads, scales, and
architectures. Translating these optimizations to production
environments would require repeating this time-consuming
exercise — underscoring the need for infrastructure that makes
such investigations routine.

2) Parallels from the Pytorch Ecosystem: The PyTorch [45]
ML training ecosystem exhibits the same offline feedback
loop. Kineto [29] captures fine-grained traces on demand
as JSON, triggered via a node-local control daemon called
Dynolog [46]. Holistic Trace Analysis (HTA) [47] computes
derived views such as activity breakdowns and straggler de-
tection. Together, these cover capture, actuation, and analysis
— but HTA is a single-node Pandas [48] script that cannot
scale to cluster-wide traces, and Dynolog provides best-effort
actuation with no workload-level consistency guarantees.

Recent ML training systems have begun addressing specific
pathologies online — straggler localization [16-20], fault
diagnosis [22, 23], and training correctness [24] — but each
reimplements subsets of collection, aggregation, and control
from scratch. A common programmable substrate would gen-



eralize these diagnostics, allowing detection strategies to be
expressed as analytical queries over system state, composable
without rebuilding the underlying infrastructure.

B. Existing Approaches and Gaps

Monitoring. Monitoring enables basic cluster visibility via
periodically captured metrics, but lacks the workload context
necessary to construct views like Fig. 1. Widely deployed
infrastructure for metrics includes Prometheus [25], a time-
series database, and LDMS [26], an on-fabric hierarchical
metric collection infrastructure used in HPC clusters.

Profiling and Tracing. Tools such as TAU [27], Score-P [28],
and Kineto [29] can provide both high-level aggregates via
profiles or fine-grained telemetry via traces, but are post hoc by
design. Traces can characterize short runs, but cannot provide
always-on visibility over long-running jobs. In the absence of
any real-time feedback to guide collection, traces simultane-
ously overcollect and undercollect — despite capturing every
MPI_Wait, they can not explain which sub-functions within
anomalous MPI_Wait caused the latency spikes. Formats like
OTF2 [49] and JSON [50] require expensive transforms for
dataframe-style analytics [10, 32], and visual inspection for
anomalies is impractical for cluster-scale workloads.

Dataframe Analytics. Recent tools such as Caliper [31],
DFTracer [30], Pipit [51], and Pytorch HTA [47] have adopted
Pandas [48] and Dask-based [52] dataframe analytics inter-
faces to analyze telemetry, but require expensive ETL [10, 32]
— the working set for which scales with ranks x timesteps.
Columnar formats like Parquet [38] offer efficient post-hoc
analytics, but do not by themselves address overcollection,
working set scaling, or real-time feedback, and remain largely
unadopted in tracing workflows. In a simple internal port of
HTA analyses from JSON to Parquet, we observed 12x faster
data loading and 8 x faster end-to-end analysis.

Streaming and In-situ Analytics. ADIOS [53] enables fixed-
function in-situ workflows [54] on scientific data, typically
run as another MPI application. MRNet [55, 56] is a tree-
based overlay used as a reduction backend for commercial
debuggers, but provides a compiled packet-based program-
ming model. Neither enable runtime-programmable dataframe-
style analytics needed for real-time BSP observability. Cloud
streaming systems such as Flink [57] and Kafka [58] are
designed for independent event streams over IP networks
They lack fabric-aware transport and BSP-aligned coordinated
collection, precluding views like Fig. 1.

C. The Missing Substrate

Diagnosing the root cause behind Fig. 1 required capabilities
beyond what any single tool in the taxonomy provides. At
node scale, eBPF [43] provides a template: dynamic probes,
programmatic aggregation, low overhead in the common case
with depth when needed. It enabled controlled and targeted
access to telemetry within MPI_Wait after alternatives were
exhausted. Hypotheses about interrupts and scheduler effects
were tested and discarded in hours. But eBPF is node-local,

and our workflow involved ad-hoc orchestration, uncoordi-
nated collection, and manual post-hoc correlation. Extending
this to workload scale requires a substrate for real-time feed-
back, treating observability not as distributed logging, but as
materializing views directly from running applications. But
visibility alone is insufficient for steerability. Interventions —
whether additional views or parameter adjustments — require
a control plane back to the running application, and may be
driven by humans, automated agents, or policies. The next
section states the requirements such a substrate must satisfy.

III. REQUIREMENTS

Our goal is to accelerate the full spectrum of observability
workflows, from offline trace analysis to real-time diagnosis.
This requires analytics to transform fine-grained telemetry in
situ, terminating in aggregated views or detailed traces but
reorganized for efficient offline analyses. Additionally, control
semantics are needed for interventions ranging from steering
application views to steering the application itself. We model
BSP as consisting of timesteps punctuated by synchronous
collectives [59, 60], with timesteps containing one or more
collectives. Steerable observability for this model must support
three key requirements.

BSP-Aware Semantic Guarantees. Both the data and control
paths must be synchronization-aware. On the data path, both
transport and analytics must offer consistency guarantees, as
all telemetry for a timestep must be collected and analyzed
as a single unit. Control inputs must similarly be applied
consistently and atomically at timestep boundaries across
all ranks. While uncoordinated updates may be tolerable in
some cases, they break correctness for interventions such as
hyperparameter changes — a timestep-consistent control plane
generalizes across use cases.

Low-Cost, Low-Latency Feedback. For always-on view-driven
observability to be viable, overhead must be low and propor-
tional to view complexity. Induced jitter must be minimized,
so that continuously monitored aggregates incur minimal cost,
while detailed traces remain available on demand. Analytics
must execute in real-time, as feedback latency bounds inter-
vention latency.

Declarative and Flexible Analytics. No predefined set of anal-
yses can anticipate every pathology. Operators must be able
to specify views and collection policies via a programmable
interface at runtime, without recompilation or restart. Collec-
tion and analytics must be schema-agnostic, enabling visibility
into any layer of the runtime stack — from MPI and fabric
libraries to the application itself.

At scale, both data and control paths necessitate distributed
execution, requiring a careful balance of consistency guaran-
tees with asynchrony for low overhead. Our design leverages
modern columnar primitives (Arrow [37], Parquet [38]), an
extensible query engine called DataFusion [61], and RDMA
for low-overhead transport, with a tree-based topology for
reductions and broadcast.
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Fig. 2: ORCA architecture. A three-tier TBON with application
ranks (MPI) at the leaves, intermediate aggregators (AGG), and a
controller (CTL) at the root. Telemetry originates as columnar
timestep dataframes, is transformed by SQL plan operators
at each tier, and persisted via DuckDB and Parquet sinks
— enabling workflows from real-time feedback via lightweight
metrics to zero-ETL post-hoc analytics.

IV. DESIGN

ORCA (Fig. 2) is a programmable tree-based overlay
network (TBON) with a controller (CTL) at the root and
aggregators (AGG) as the intermediate scale-out tier, attached
to application ranks (MPI) as the leaf tier. CTL and AGG run
on dedicated nodes outside the MPI domain and communicate
with the application via on-fabric RPCs. The TBON provides
asynchronous data and control planes. Data originates as
columnar Arrow [37] streams at leaf ranks, flows through the
TBON, and is persisted via sinks. Two sinks are currently
implemented: Parquet [38] for high-volume telemetry, and
DuckDB [62] for real-time metrics streamed to dashboards.
We present ORCA as a progression of capabilities that suc-
cessively shorten the observability feedback loop:

« Timestep-consistent, low-overhead collection is provided via
a timestep-based data model (§IV-A) along with an RDMA-
based transport (§1V-B). By themselves, they write timestep-
partitioned traces, enabling a workflow similar to conven-
tional tracers, but more efficient to collect and analyze.

o A SQL-based interface called OrcaFlow (§IV-C) provides
declarative in-situ analytics over data en-route to sinks, with
automatic operator pushdowns to minimize data movement.

« Timestep-consistent online interventions are provided via
a speculative two-phase commit variant called TS2PC
(timestep-linked two-phase commit), ensuring atomic com-
mit across all ranks at the same timestep (§IV-D).

A. Data Model: Timestep Dataframes

ORCA workloads emit telemetry via named and typed
streams generating timestep dataframes, which are the logical
unit of collection, analysis, and persistence. Applications can
have any number of streams, each generating events with a
fixed schema. Streams are flushed at the end of each timestep
to form these dataframes, comprising all events from that

timestep. Timestep dataframes are logical constructs consisting

of rank-partitioned shards that are transported over the TBON

asynchronously, but analyzed and persisted as a single unit.

Timesteps can contain multiple collectives, dividing execution

further into causally-independent synchronization windows,

assigned unique monotonic identifiers called swids.

Timestep dataframes enable efficient analytics by capturing
the causal structure of BSP execution. At blocking collec-
tives, all ranks wait for stragglers and execution resets. Each
timestep is therefore, naturally, an independent analysis unit.
Pathologies are first attributed to a straggler rank that delayed
a collective, then to events in the dataframe that led to that
straggler. This mirrors the evolution of distributed tracing in
loosely-coupled microservices — from treating traces as bags
of events [33] to capturing causal edges between events via
request IDs [34, 35]. For BSP workloads, this timestep-centric
dataframe abstraction confers two analytical advantages:

o In transit, data can be represented as Arrow [37], whose
contiguous columnar layout enables efficient serialization
into RDMA-registered memory, zero-copy deserialization
and in-situ analytics, while types such as dictionary arrays
map naturally to repeated symbols in trace data.

o Atrest, data is persisted as timestep-partitioned Parquet [38]
(see Fig. 2), a columnar analytics-oriented format and a
natural counterpart to Arrow. It not only enables zero-ETL
analytics, but also reduces data read via rowgroup statistics
and operator pushdowns.

Conventional tracers [27-31] not only employ ETL-heavy
formats [49, 50], but create rank-major layouts that fragment
a single timestep across thousands of per-rank logs. ORCA’s
partitioning aligns the primary key of the storage layout with
the causal structure of BSP telemetry. Among prior work,
Hatchet [63] postprocesses traces to build callflow graph
indexes. Callflow graphs are a secondary index for BSP
telemetry, complementary but optional when the primary key
(timestep, rank) is effective.

B. TBON-Optimized RDMA Transport

ORCA’s transport layer is designed to move Arrow
dataframes asynchronously over an RDMA fabric across
TBON tiers. Application overhead is minimized via an incast-
optimized, receiver-driven mechanism that avoids synchro-
nized pushes and overlaps data movement with application
execution. As the CTL and AGG nodes are fully asynchronous
and throughput-optimized, fabric QoS features [64] can be
used to relegate ORCA traffic to a lower priority class, relying
on idle fabric capacity for low-perturbation transfer.

The transport layer is agnostic to how telemetry is gener-
ated. Different profiling mechanisms may accumulate teleme-
try into per-stream collectors — local buffers that emit Arrow
dataframes when flushed. After each timestep, all collec-
tors on each rank are flushed to generate per-stream Arrow
dataframes, which are then serialized into RDMA-registered
memory. Ranks then send an RPC to their aggregators con-
taining RDMA descriptors for the serialized data. Ranks then
resume execution, while aggregators collect these dataframes
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Fig. 3: OrcaFlow compilation showing flows and their compiled
tier plans. Flows chain SQL transforms over telemetry streams
en route to configurable sinks. Both operators and sinks are
placed automatically. (Left) A selective filter pushed to MPI,
discarding most data at source. (Right) Aggregations also reduce
data volume — pushed-down partial aggregations emit fixed-size
intermediates regardless of input volume.

via asynchronous RDMA GETs. After multiple iterations, we
developed three key mechanisms for stable TBON operation:

o Aggregators must issue RDMA GETs at controlled concur-
rency to prevent catastrophic throughput collapse, as NICs
have limited resources to track active RDMA operations (1-
2 on older fabrics). The pull-based model, which resembles
receiver-driven flow control, lets aggregators stay in control
of data volume and is essential for stable incast operation.

« Because the collection pipeline yields dataframes in timestep
order, it is vulnerable to head-of-line blocking from missing
shards, risking out-of-memory errors. We address this with a
priority queue at aggregators that prioritizes lower timesteps.

« While the system must be provisioned with adequate band-
width to ensure minimal backpressure, flow control is es-
sential for stability. Aggregators communicate backpressure
by withholding RPC ACKs, and ranks block if outstanding
RPC count exceeds a configured limit.

For offline analyses, aggregators compress and persist data
at preconfigured timestep intervals. As the incoming data is
already partitioned by timestep and rank, the TBON simply
preserves this partitioning.

C. In-Situ Analytics for Real-time Feedback

The timestep dataframe abstraction also enables zero-copy
in-situ SQL analytics at every TBON tier, enabling low-latency
materialization of views and drastically reducing persisted
data volume. OrcaFlow (Fig. 3) is a SQL-based programming
interface that turns the TBON into a programmable reduction
tree, transforming dataframes en route to sinks — currently
partitioned Parquet for offline analysis and DuckDB for real-
time metrics accessed by dashboards [65]. For analyses diffi-

cult to express in SQL, map operators allow invoking arbitrary
precompiled kernels.

OrcaFlow is backed by a TBON-aware distributed planner
and query engine built on Apache DataFusion [61]. Each flow
compiles into tier plans describing transforms to apply, data
to forward, and sinks to execute locally. The planner automati-
cally places both transforms and sinks, pushing operators that
reduce data volume as close to the source as possible. MPI
and AGG operate on rank-partitioned shards and execute per-
partition operators: selection, projection, partial aggregation.
Cross-partition operations like joins must run on CTL, the root
aggregator. Sinks are placed on the lowest tier that produces
their stream (no sinks on MPI, DuckDB only on CTL). Fig. 3
illustrates with two flows:

o (Left) A selective tracing flow for MPI_Waits > 10ms
pushes filters all the way to the MPI tier. Results are
coalesced at AGG and written as Parquet. Most telemetry
for pathologies like Fig. 1 gets discarded at source.

o (Right) An aggregation computing per-collective statistics
splits into a partial aggregation at MPI and a final merge at
CTL. Each leaf emits one row per group regardless of input
volume — sketches and quantile digests fit the same model,
producing fixed-size intermediates.

The programming model resembles batch analytics frame-
works like Spark [66], but targets a multi-tier TBON, re-
mains in-memory until sink ingestion, and avoids distributed
shuffling to maintain predictable throughput. All tiers collect
dataframes asynchronously but analyze them in timestep order.
Per-partition compute budget scales with MPI and AGG, while
cross-partition work is limited to a single node (CTL). This
suffices for residual work after filtering and pre-aggregation.
Post-mortems remain the preferred workflow for expensive
cross-partition analyses, but still benefit from ORCA’s in-situ
filtering, preaggregation, and timestep-partitioned Parquet.

D. Control Plane for Steerable Observability

The control plane enables users to intervene in response to
feedback, closing the loop between observation and action.
Interventions range from steering collection to steering the
application itself in response to observed behavior. Prior work
has explored auto-tuning for specific use cases [67]. ORCA
instead provides general mechanisms for timestep-consistent
feedback and control, on which such policies can be built.

Requirements. The control plane must be asynchronous, as
the controller is not part of the collective domain. It must
also be atomic and timestep-consistent — commands must
be acknowledged by all ranks before being executed, and they
must execute on all ranks at the same timestep for correctness.

The TS2PC Protocol. ORCA implements the control plane
as a replicated state machine [68] using timestep-linked two-
phase commit (TS2PC). Commands are opaque payloads —
the protocol only decides when to commit and apply them. As
the controller is asynchronous, it maintains a lagging view of
the application’s current timestep (= Tg,,). TS2PC proposes
commands for a future timestep Tcpqg = Typp + A, Where A
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Fig. 4: Timestep-linked two-phase commit (TS2PC). Commands
are proposed for a future timestep T¢,,q = Tmpi +A. (A) Normal
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is retried with a larger A. (C) Stall: ranks have prepared but
not received commit/abort. Execution blocks until resolution to
preserve correctness.

is an automatically learned speculative margin. The TBON
assists the protocol by broadcasting requests and reducing
responses — any NAK in the subtree results in a single NAK
at the controller. Fig. 4 illustrates the protocol via three cases.

e Case A (Commit): Ranks agree to commit if they have not
yet reached 7,4, and apply the command just before 7., 4.

e Case B (Abort): If ranks are past T4, they vote to
abort. The controller processes the abort, increments A, and
automatically retries the transaction. As a result, A quickly
converges to the natural latency of the TBON.

e Case C (Stall): A subtlety arises when ranks have prepared
but not yet received commit/abort by T.,,q. Correctness
requires stalling execution until commit/abort is received,
so the prepared command can be applied before T, 4.

More implementation-specific details are discussed in §V-B.

V. IMPLEMENTATION

The core ORCA framework consists of 40K lines of code
(80% C++, 20% Rust). ORCA uses the Mercury [69] RPC
library for on-fabric communication via libfabric [70] and
UCX [71] providers. The Rust portion consists of OrcaFlow’s
DataFusion-based query planning and execution on each node,
while the bulk of the functionality — bootstrap, transport, and
control — lies on the C++ side.

A. Implementation Overview

Integration. 'Two integration surfaces exist: the OrcaClient

shim for applications, and collectors for profiling interfaces.

o OrcaClient: The OrcaClient shim links with the application
and exposes a PostTimestepAdvance() hook, called after
every timestep. ORCA can be activated at runtime by
preloading the full library, otherwise these hooks become
no-ops. PostTimestepAdvance() captures all data path
work, including draining collectors, executing tier plans,
dispatching data, and handling control messages.

e Collectors: Streams are implemented via collectors that
accumulate events locally and emit Arrow dataframes when
drained. At the end of each timestep, ORCA drains all
collectors and enqueues the output for analysis. Our imple-
mentation currently packages basic collectors for MPI [59]
and Kokkos [72]. Additional collectors may be defined by
clients. Collectors can also implement dynamic instrumen-
tation via interfaces like eBPF [43] and Dynlnst [73].

Overlay. The overlay bootstraps via a TCP-based protocol and
switches to on-fabric RPCs after the initial handshake. While
it supports additional topologies for use cases like intermediate
fan-in reduction, only one is discussed for simplicity.

Data Path. The data path is completely asynchronous
but timestep-ordered. Each tier executes its tier plans on
dataframes in timestep order independently, and forwards
relevant data to the next tier. Despite its asynchronous nature,
flow updates across tiers also guarantee timestep-consistency.

B. TS2PC: Implementation Details

TS2PC is implemented as separate inner and outer layers.
The inner layer enables a single transaction with a unique
monotonic ID called txnseq, targeting a particular 7.,,4. The
outer layer adds features like automatic A-learning (discussed
in §IV-D) and control domains for cross-tier consistency.
Concurrency. Correctness necessitates that only one transac-
tion be in flight at any given time, as intermittent failures and
automatic retries can result in commands being committed out
of order. However, a single transaction can contain an arbitrary
number of commands applied as a batch.

Handling Pauses. The control plane supports pausing and
resuming the application between timesteps for basic lifecycle
management, and as primitives for more complex workflows.
An interesting case emerges from the interaction of the paused
state with TS2PC — resume commands in this state will be
committed for a future timestep never reached by a paused ap-
plication, creating a deadlock. Our solution recognizes that the
paused state makes the application synchronous with the user
and renders TS2PC unnecessary for consistency. Commands in
this state circumvent the protocol and are executed directly.
Cross-tier Consistency. Commands such as flow updates
trigger tier plan updates at all tiers, and must be applied
at a consistent timestep across the entire TBON. This is
challenging as the higher tiers are asynchronous and observe
application timesteps at different times. A tier is defined to
observe a timestep when it processes its dataframes.



Cross-tier consistency is supported via control domains,
which make each overlay tier independently addressable by
the control plane in a timestep-consistent manner. Each tier
corresponds to a domain, and each transaction carries a
bitmask specifying which domains it targets — flow updates,
for example, target all domains. The inner protocol remains
unchanged, with MPI making all commit decisions as the
single source of truth on the application timestep, regardless
of the domain. Higher tiers snoop on protocol traffic and apply
commands only if their domain bit is set.

VI. EVALUATION

We evaluate ORCA by progressively enabling its capabil-
ities. As a passive telemetry collector, we compare runtime
overhead (§VI-A1l), storage efficiency (§VI-A2), and analytics
performance (§VI-A3) against state-of-the-art tracers. We then
demonstrate online analytics (§VI-B) and control workflows
(§VI-C) — capabilities with no existing counterparts.

Hardware Setup. Experiments run on a 600-node research
cluster with QLogic Truescale fabric (Intel Xeon E5-2670, 16
cores/node, 64 GB RAM, 40 Gbps QLogic 7340 NICs) and a
20-node Lustre filesystem with 3GB/s aggregate bandwidth.

Software Setup. We use the Sedov Blast Wave 3D [74] AMR
code from the Parthenon [75] and Phoebus [76] frameworks
at 512-4096 CPU ranks, with 16 ranks/node. ORCA uses
one aggregator node per 1024 ranks plus one controller node.
All experiments use MVAPICH2 v2.3.7 [77] with a tuned
PSM [78] library for our fabric. While simulation nodes use
PSM, ORCA communication uses Mercury [69] over verbs
because of fabric restrictions.

This setup represents a strenuous observability workload:
CPU codes make every cycle visible as runtime overhead,
the legacy fabric lacks QoS support and forces ORCA onto a
non-native interface (verbs), and the code’s multiple commu-
nication patterns — multiple collectives, halo exchanges, and
frequent load balancing — make it highly jitter-sensitive.

A. Tracing Overhead and Efficiency

We compare ORCA in conventional tracing workflows with
four state-of-the-art tracing tools (TAU [27], Score-P [28],
Caliper [31], and DFTracer [30]) along three axes: runtime
overhead, storage efficiency, and analytics performance.
Collection Profiles. ORCA is set up with two tracing pro-
files: a lightweight profile that only captures MPI collectives,
and a detailed profile that also captures all MPI point-to-
point messages and Kokkos events. Extremely high-volume
events like MPI_Test and MPI_Iprobe are excluded. For
ORCA, the lightweight profile measures the common-case
overhead of always-on observability, while the detailed profile
measures the worst-case overhead of capturing all MPI and
Kokkos events. All other tracing tools are configured with the
same detailed collection profile. Unless otherwise specified,
all experiments run for 2000 timesteps, and we report the
average runtime from three runs. Unlike tracing tools, ORCA
is deployed with additional resources: one aggregator node per
1024 ranks, plus one controller node.

1) Runtime Overhead: Fig. 5 compares the runtime over-
head of ORCA and other tracing tools for 512-4096 ranks.

Takeaway: ORCA incurs an overhead of 0.8-2% across all
scales and profiles, vs up to 56-81% for TAU and DFTracer.

o ORCA remains within 0.8-2% overhead across all scales
and profiles, while that of TAU and DFTracer degrades, from
18-20% at 512 ranks to 56-81% at 4096 ranks (Score-P and
Caliper discussed separately below).

o At 4096 ranks, the 2% overhead is despite sharing the fabric
with a real AMR code with no QoS support, transporting
1.8 GB/s of telemetry (550 GB on-wire, 111 GB after com-
pression, over 308 s).

o Overhead increases only 0.4% between ORCA’s lightweight
and detailed profiles at 4096 ranks, despite 200x more
telemetry (524 MB vs 111 GB), enabled by Arrow’s serial-
ization efficiency and a TBON-optimized RDMA transport.

Why ORCA Works. TAU and DFTracer degrade steadily
because they flush trace buffers to storage as they fill, which
produces uncoordinated flushing patterns. This, coupled with
a kernel-based data path for storage, introduces jitter that
compounds at scale. ORCA, in comparison, uses an inher-
ently efficient format, serializes synchronously into RDMA-
registered buffers, and transports via efficient RDMA GETs.

Caveats on Score-P and Caliper. Because of difficulties
running them for the full 2000 timesteps, all numbers for
Score-P and Caliper are extrapolated from 200 timesteps. Both
tools are designed for short characterization runs where data
is buffered in memory and flushed once at the end. Score-
P also requires an additional workload pass to estimate trace
buffer sizes, and frequently crashed with out-of-memory errors
despite generously configured buffer sizes. While Caliper sup-
ports periodic flushing, the path was buggy and performance
was significantly degraded even after patches.

2) Storage Efficiency: Fig. 6 compares the total size, and
the per-record size of the traces emitted by ORCA and
other tracers. ORCA writes Parquet, TAU and Score-P are
configured for OTF2, DFTracer writes jsonl, and Caliper
writes its custom plaintext cali format. Key findings:

Takeaway: ORCA’s Parquet traces are up to 6.4x and 44.3x
smaller than OTF2 and plaintext formats, respectively.

e« ORCA consistently emits the smallest traces, 3.6-3.8x
smaller than TAU, and up to 44.3x smaller than Caliper.

« Differences can be partly explained by format efficiency.
Per-record footprint of OTF2, being a binary format, is only
1.4x larger, while that of plaintext formats is 7-13x larger.

Record Amplification. Accounting for format efficiency, other
tracing tools emit 2.5-3.3x more records than ORCA, despite
the same collection profile.

1) Most tracers generate separate entry and exit records per
traced function call, while ORCA and DFTracer generate
one record containing both start time and duration. Latter is
both more space-efficient and allows duration-based filters
without additional preprocessing.
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Fig. 5: Runtime overhead for a detailed tracing profile on an AMR code at 512-4096 ranks. An additional minimal profile (collective-
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Fig. 6: Trace size (left) and per-record size (right) comparison
for detailed profile. ORCA traces are 3.6-44 < smaller than other
formats. Per-record size isolates format efficiency from record
amplification — other tracers emit 2.5-3.3x more records than
ORCA for the same collection profile.

2) TAU incurs additional amplification from hardcoded de-
rived events: for every MPI send and receive, it emits a
function event, a message event, and an event for messages
received during certain phases such as MPI_Wait.

3) Flush-induced jitter with Score-P and Caliper creates strag-
glers, resulting in additional wait events from other ranks.

Why ORCA Works. ORCA’s storage efficiency stems from
two design choices. First, Parquet yields an inherently com-
pact representation through binary columnar layout, dictionary
encoding, and Snappy [79] compression. Second, separating
derived events from collection — computing them via Or-
caFlow rather than baking them into the tracer — prevents
record amplification from creeping in as features accumulate.
We discuss compression further in §VI-A4.

3) Query Performance: We evaluate analytics performance
using a suite of post-mortem queries (Fig. 7). All queries run
on traces from a smaller 20-timestep run, executed cold with
caches cleared, latencies averaged over 3 runs.

Takeaway: ORCA traces enable 3—4 orders of magnitude
faster analytics compared to DFTracer and Caliper.

Queries. We use three queries of increasing complexity.
Outlier Waits is a simple filter identifying MPI_Wait events ex-
ceeding 1 ms. Outlier Collectives aggregates collective events
by swid and filters for outliers (max duration > 10ms).
Timestamp Range returns all events within the first second of
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Fig. 7: Post-mortem query latencies on 20 timesteps. ORCA
queries execute in O(100 ms), 3—4 orders of magnitude faster
than DFTracer and Caliper. Performance for plaintext formats
is dominated by parsing, not query complexity. TAU and Score-P
are omitted as OTF2 is not a queryable format.

execution—a query that might power a visualization frontend,

and notably not a dimension ORCA partitions on.

Analytics Tools. All queries execute on a single 16-core node.

DFTracer and Caliper queries use their bundled Python-based

analytics libraries. ORCA queries use an off-the-shelf query

engine [80] with no partition awareness for simplicity. TAU
and Score-P are excluded as OTF2 does not support dataframe
analytics. Findings:

o ORCA queries complete in hundreds of milliseconds, 3—4
orders of magnitude faster than DFTracer and Caliper. The
gap widens with scale.

e Query times for DFTracer and Caliper do not vary with
query complexity. This is because performance is bound by
parsing, not computation — entire plaintext traces need to
be parsed and loaded as dataframes for queries.

Why ORCA Works. Plaintext formats used by analytics-
oriented tracers [30, 31] require expensive ETL to materialize
dataframes before any analyses, while Parquet’s columnar lay-
out enables zero-ETL analytics. Additionally, ORCA’s layout
enables both cross-file and intra-file pruning via partitioning
and rowgroup statistics. The outperformance in Fig. 7 is
despite the query suite not exploiting the former — unmodified
Polars with lazy execution must scan all footers. Open table
metadata formats [81, 82] would accelerate queries further by
adding a catalog layer over Parquet, enabling standard query
engines [62, 80] to automatically leverage ORCA’s partition-
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Fig. 8: (Left) Compression reduces trace size but induces se-
vere jitter on simulation ranks.ORCA avoids this by offloading
compression to dedicated aggregators. (Right) TCP transport
increases ORCA overhead from 1-2% to 45-55%. Arrow-RDMA
co-design is essential for low overhead.

Flow Query

Outlier Wait Counts  SELECT COUNT (*) FROM mpi_wait
WHERE duration > 1ms

Outlier Wait Traces SELECT * FROM mpi_wait

WHERE duration > 1ms

SELECT rank, SUM(duration) FROM kokkos
WHERE name IN <compute kernels>
GROUP BY rank stats

PERCENTILES(stats, 50/90/99th)

Load Imbalance

TABLE I: In-situ workflows evaluated in §VI-B, ranging from
lightweight metrics and selective tracing on the communication
path to aggregates over compute kernels.

ing. Conventional formats offer no such benefits, requiring
larger analytics clusters for ETL as traces grow.

4) Tradeoff Analysis: We now isolate the impact of key
architectural decisions using a 512-rank run (Fig. 8).

Takeaway: Architectural choices — dedicated nodes and
RDMA — are key to compression and low runtime overhead.

Compression. DFTracer supports gzip compression, which
reduces its trace size from 12.2x that of ORCA to 1.6x
(fig. 8a), but at the cost of increasing runtime overhead from
18% to 504%. Compression on MPI ranks is unviable because
it competes with the application for CPU, amplifying jitter.
ORCA offloads compression to dedicated aggregator cores,
keeping it off the critical path. Additionally, most compressed
formats cannot be queried without full decompression, while
ORCA queries only require decompressing the files and row-
groups that match query predicates.

Transport Layer. Switching from verbs to libfabric’s TCP
provider increases ORCA’s overhead from 1-2% to 45-55%
(fig. 8b). Even with the same Arrow-based data path, TCP
suffers because retrieval incurs CPU overhead on simulation
ranks, introducing jitter. These results underscore the cost
of TCP-based transport for tightly-coupled BSP workloads.
While GPU codes may have more tolerance for the transport
overhead of conventional event-based streaming systems [57,
58], they still lack the columnar, causally-partitioned data path
that underpins ORCA’s analytical efficiency.
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Fig. 9: Runtime overhead (top) and MPI tier data reduction
(bottom) for in-situ analytics with operator pushdown. Flows
range from monitoring communication outliers to compute load
balance. Pushdown discards 98.5-99.999% of data at sub-2%
overhead, despite operators executing on MPI ranks.

B. ORCA-Native In-Situ Workflows

While it can enable conventional tracing workflows, ORCA
is fundamentally designed for in-situ analytics — directly
materializing views from a running application. We now
evaluate these capabilities, measuring the runtime overhead
of operator pushdown, and its impact on data movement.

Takeaway: In-situ analytics and operator pushdown reduce
data movement by 98.5-99.999%, at sub-2% overhead.

Workflows. Table 1 shows three flows of increasing complex-
ity, designed for AMR codes. The first demonstrates a moni-
toring workflow: measuring the count of MPI_Wait exceeding
I ms each timestep, while the second persists outlier events
to Parquet. The third flow tracks compute load imbalance in
AMR codes — it filters for known compute kernels, computes
duration aggregates by rank, and streams details to Parquet and
percentiles to DuckDB for real-time dashboards.

Observations. Fig. 9 shows the runtime overhead and the data
reduction at MPI for the three flows.

« All workflows incur an overhead of < 2% across all scales
despite executing operators on CPU ranks, illustrating the
efficiency of Arrow-based in-situ analytics. Computation
budget for pushdown only grows with modern GPU codes.

o Data movement from MPI ranks is reduced by 98.5% —
99.999%. Designing observability around materialized
views reduces data movement and improves feedback la-
tency. Most telemetry is redundant for monitoring and
debugging — a small fraction of aggregated and filtered
data suffices to materialize the required views.

o The MPI_Wait flows do not sample—they perform continu-
ous predicate evaluation for every single MPI_Wait, emitting
only outliers. Comprehensive continuous observability of
this type is impractical without pushdown.
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Fig. 10: Visual transcript of an agentic debugging session
demonstrating closed-loop capabilities. An LLM agent is tasked
with localizing the anomaly from Fig. 1 using high-level metrics,
progressively collecting targeted telemetry to identify the source.
The agent operates largely autonomously, producing the complete
call path in 27 minutes. Reverting to baseline monitoring reduces
data volume by 144 x.

C. Closing the Loop: Agentic Debugging

While ORCA was designed for human operators, the emer-
gence of LLM-based coding agents, capable of issuing com-
mands and analyzing outputs, offers a way to validate the
steerability paradigm. We task an LLM agent with localizing
the 4096-rank AMR anomaly shown in Fig. 1, which we
previously investigated [10].

Takeaway: Steerable collection and in-situ analytics compress
our months-long manual investigation into 27 minutes.

Setup. Claude Code (Opus 4.5) [83] ran on the head node with
access to the running application instance via ORCA, and a
copy of the codebase. The agent was asked to monitor only
collective statistics initially, collecting additional Kokkos/MPI
telemetry only if outliers were detected. The LLM wrote and
installed all ORCA flows and used Polars [80] on the head
node for all analyses.

Timeline. Fig. 10 shows the debugging session: user and LLM
interactions at top, per-timestep event volume at bottom. After
a warmup phase, the LLM began the localization exercise at
272's by monitoring collectives for outliers (D).

1) At 384s, it analyzed collective percentiles, identified strag-
glers, and installed a flow for Kokkos events > 1 ms (@).

2) Between 510-1000s, it used the Kokkos events to identify
a map.clear() in AMR redistribution as the culprit.

3) At 1042s, user rejected this as inadequate given the mag-
nitude of the anomaly (50-100ms). LLM then found a
MPI_Wait in a buffer destructor triggered by the clear().

4) At 1191 s, LLM proposed capturing all MPI_Wait events to

confirm, user rejected and asked for a duration-based filter.
LLM then installed a flow for MPI_Waits > 1 ms.

5) At 13355, telemetry confirmed waits as the root cause.
LLM reported the complete call flow at 1605 s. Application
then resumed with baseline collective monitoring ((1).

Observations. The agent autonomously correlated high-level
telemetry with code, requested targeted detail, and traced the
root cause to where instrumentation ended — completing in
27 minutes an investigation that previously took us months.
Reverting to baseline monitoring afterwards reduced data
volume by 144 x. User interventions were minor: rejecting an
incomplete explanation and asking for basic filtering. While
the exercise relied on pre-existing annotations in relevant
regions, dynamic instrumentation [43, 73] would enable inves-
tigations to continue into the MPI and fabric layers. Beyond
localization, the same anomaly signature can be deployed
as an always-on metric, allowing regressions to be detected
immediately.

VII. DISCUSSION

While ORCA is evaluated primarily as an observability
system, its architecture also suggests broader implications for
BSP execution, ML training, streaming analytics, and scientific
data management. We discuss these implications next, moving
from synchronization semantics and ML training to general
streaming analytics and scientific data management.

A. Synchronization as a Semantic Interface

While global synchronization makes BSP applications un-
usually sensitive to performance variability, it also provides
unusually strong semantics for observability and control. Col-
lectives enable materializing a consistent global snapshot of
system state, while also acting as execution fences, creating
natural boundaries for consistent intervention. Conventional
observability tooling largely discards this structure, collecting
telemetry as per-rank logs that must be correlated after the fact.
ORCA instead models observability as analytics over timestep-
consistent slices of application state, attaching asynchronously
to the application heartbeat while preserving the same structure
for offline telemetry.

B. Applicability to ML Training Workloads

Large-scale ML training is itself BSP, and a recent burst
of observability systems addresses straggler localization [16,
17, 20], fault attribution [19, 21-23, 84], and training correct-
ness [24] while reimplementing subsets of collection, detection
and actuation. Table II compares these systems with ORCA
and shows how these workflows can instead be expressed
via composable operators over over a common substrate for
aligned collection, analysis, and control. The same substrate
need not stop at performance telemetry: Arrow—DLPack
interoperability [37, 85] and GPU-native OLAP kernels [86]
enable pushed-down analytics over model state itself, support-
ing workflows ranging from numerical stability to evolution
of weights and gradients without exporting full tensors.



System Diagnostic Task

Their Approach

ORCA Equivalent

Greyhound [17]
(Fail-slows)

« Iteration boundary detection

* Fail-slow detection

« Straggler localization

« Straggler cause disambiguation
 Online interventions

* Autocorrelation over collectives

* Track iteration times

* Aggregate NCCL events (off-fabric)

¢ Microbenchmarks

* Tune micro-batch distribution or parallelism

* PostTimestepAdvance

* Track iteration times

* GROUPBY swid (on-fabric)

* Microbenchmarks or trace events
* Supported via control plane

Flare [84]
(Training anomalies)

« Stall detection/disambiguation
* Slowdown analysis

« Call stack analysis
* Periodic metrics

* In-situ reductions
« In-situ trace event aggregation

* Qutlier collective detection

¢ Random forest model

Holmes [16]

(Fail-slows) * Localization

* Graph search

* Policy-dependent
« Learn collective topology at bootstrap,
GROUPBY swid, trace critical path in reverse

Mycroft [20]
(Training anomalies)

« Straggler detection/localization

* Fine-grained trace NCCL events buffered
locally, flushed to Kafka if heuristics trigger

* Aligned dataframes analyzed in-situ

TrainCheck [24] ¢ Correctness invariants

(Training correctness)

« Offline trace analysis for invariant generation,
online enforcement

 Timestep-aligned traces for offline generation,
in-situ enforcement via OrcaFlow

Reveal [21]
(Training anomalies)

* Anomaly detection and attribution

* Time-windowed metrics + unsupervised learning

* Workload-level trace events

Minder” [23]
(Fault diagnosis)

* Fail-slow hardware

* Cluster-level metrics and anomaly detection

* Workload-level trace events

Aegis® [22]
(Fault diagnosis)

* Fail-stop hardware

¢ Per-node NCCL counters pulled on timeouts

* Workload-level trace events

EROICA? [19]
(Training anomalies)

* Anomaly detection and attribution

* Always-on iteration monitoring
* Trigger-driven detailed capture

« Identical workflow, but workload-level

* In-situ telemetry reductions

# Minder, Aegis, and EROICA target multi-tenant environments. ORCA currently supports a single large workload.

TABLE II: Diagnostic approaches in ML training observability and their ORCA equivalents.

ML training also exposes additional optimization
opportunities through its multi-dimensional collective
structure. Data (DP), tensor (TP), and expert parallelism
(EP) form hierarchical collective domains [87, 88]. This
structure enables topology-aware pushdowns: for example,
a reduction scoped to a TP group can terminate deeper
in the hierarchy than one spanning DP groups. Unlike the
common interfaces provided by MPI [59] and NCCL [60]
for individual collective domains, no standard interface exists
for describing multi-dimensional parallel structure, requiring
framework-specific integrations to exploit it.

C. ORCA as a Computational Model

ORCA’s broader lesson is that in-situ analytics can be
treated as a streaming ORCA can be understood as a general
model for streaming and in-situ analytics, with observability
as one application. It executes dataflows of reusable kernels
over a tree-based overlay, with operators placed at runtime by
a tier-aware planner. SQL is only a convenient frontend for
constructing these dataflows from relational operators.

« ORCA instantiates a tree-based variant of MapReduce.
MapReduce frameworks [52, 66] typically use a single tier
of executors communicating using all-to-all shuffles. ORCA
instead maps reducible computation onto its tree hierarchy.
Shuffling naturally composes with this model as an intra-
tier operation. Prior work [89, 90] demonstrates the viability
of all-to-all shuffling for streaming reorganization on MPI
ranks. A tier- and phase-aware planner can leverage both,
turning placement into a planning decision—checkpoint
phases may favor the aggregate resources of the MPI tier,
while compute phases may favor auxiliary tiers to minimize
application interference.

e Compared with in-situ coupling systems such as
ADIOS [53], ORCA differs in three key ways. First,
downstream computation is asynchronous while retaining
timestep consistency, and need not execute as a second
timestep-synchronous MPI  application. Second, the
simulation itself is an execution target, allowing operators
to be pushed into application ranks to reduce data before
movement. Third, a dedicated root controller has consistent
authority over the overlay, enabling coordinated dataflow
placement and updates as well as application steering.
Together, these observations suggest a path beyond today’s

separate in-situ pipelines for observability, data reorganization

and indexing [89, 90], and visualization [91, 92]. These
workloads can instead be expressed as dataflows over reusable
kernel libraries shared across in-situ and post-hoc analyses.

While prior work [93-95] suggests that even mesh-based

workloads may admit a common algebra, defining one upfront

is unnecessary: useful dataflows can be composed directly,
with richer algebras and optimizers emerging as common
operators and patterns develop.

D. OLAP Lessons for Scientific Data Management

The evolution of analytical data systems offers useful
lessons for challenges in scientific data management. Modern
lakehouses decouple query engines from data at rest, with
both data and dataset metadata in open formats: Parquet for
files, and Iceberg/Delta Lake [81, 82] for logical datasets.
These table formats not only bundle related Parquet files,
but also expose statistics and layout information that query
planners can exploit to accelerate analytics. This metadata
layer is a natural counterpart to the reusable-kernel model
above: standardized metadata lets planners push common



analytical operators toward the data without coupling either
data or computation to a particular engine. This separation
closely resembles scientific workflows, where data outlives the
simulation that produced it and is subsequently consumed by
independent analysis tools.

Adopting the same separation could address long-standing
fragmentation in scientific data management without requiring
a particular storage substrate. The same logical dataset could
span filesystems such as Lustre [96] and object stores from
DAOS [97] to the cloud, while exposing common metadata
to downstream analytics. Zarr [98] already moves in this
direction for N-D arrays by separating logical array metadata
and chunks from the storage backend. These dataset meta-
data layers can in turn be complemented by a filesystem-
backed catalog [99]: a higher-level namespace for dataset
discovery, governance, and lifecycle management. Combined
with reusable dataflows, this offers a path toward a common
scientific data platform rather than separate stacks for each
stage of the data lifecycle.

E. Beyond the Relational Model

The obvious concern with applying OLAP tools to HPC is
that scientific data and its decomposition are richer than the
relational model. While genuine differences exist at the logical
level, two observations suggest that they need not require
separate physical and execution substrates:

o N-D arrays, tensors, and meshes ultimately reduce to linear
buffers plus compact metadata describing properties such
as shape, dimensionality, and layout. Their logical structure
therefore need not dictate a different physical container.

« While scientific partitioning may encode complex spatial or
topological structure that does not map cleanly to hash or
range partitioning, the simulation has already decomposed
the problem domain to execute at scale. In-situ analytics
can inherit that decomposition as their native partitioning,
requiring shuffle or repartitioning only when an analysis
needs a different organization.

VIII. RELATED WORK

Tool Infrastructure.  MRNet [55] introduced TBONs for
scalable distributed tool infrastructure, but its compiled C++
filter model predates modern analytical interfaces. eBPF and
Dynlnst [43, 73] provide complementary mechanisms for
dynamically instrumenting symbols at runtime. SmartNICs are
also being explored as execution targets for Arrow-based data
pipelines [100, 101]. A declarative engine like ORCA’s could
offload supported plan fragments to such devices transparently.
Trace Analytics. Fay [102] and Snicket [103] compile declar-
ative queries into distributed probes that filter and aggregate
telemetry at source, while Pivot Tracing [104] adds happened-
before joins to preserve causal relationships across distributed
events. ORCA’s corresponding organizing primitive is timestep
partitioning induced directly by BSP synchronization.
DiTing [105] adopts a tiered, lakehouse-style architecture
after hitting ingestion limits with a centralized OLAP de-
ployment, and a custom columnar format to avoid Parquet

footer overheads for extremely wide metrics, a limitation
substantially addressed by recent Parquet metadata optimiza-
tions [106]. Its broader production experience nevertheless
reinforces ORCA’s architectural direction of pushing analytics
toward telemetry sources while using higher tiers for aggre-
gation and persistence.

Hatchet [63] postprocesses traces into graph-based colum-
nar dataframes. Such structure composes naturally as a sec-
ondary index, while (timestep,rank) is the more useful pri-
mary key for BSP, directly enabling timestep dataframes
and in-situ analytics. Recent work also explores accelerating
telemetry queries using approximate proxy statistics [107].
Such summaries fit naturally into declarative query plans as
approximate replacements for exact operators.

Computational Steering. Computational steering—interactive
control of running simulations—dates to the early 1990s [108,
109] and continues through modern in-situ visualization
frameworks [91, 92]. ORCA extends this lineage with OLAP-
style analytics and timestep-consistent control.

IX. CONCLUSIONS

BSP workloads require always-on observability as a pro-
duction capability, capable of materializing actionable views
and enabling rapid intervention. Traditional tracing works
against this: the post-hoc paradigm incentivizes overcollection,
requires large analytics clusters, and delays feedback. ORCA
inverts this by pushing analytics to the source. Timestep
dataframes and columnar representation enable multi-tier SQL
analytics with operator pushdown—sub-2% overhead, up to
99.999% data reduction at source, agentic anomaly localiza-
tion in minutes rather than months—all while contending for
cluster resources with a live CPU code. GPU workloads and
modern fabric QoS capabilities only increase the headroom
available for such pushed-down workflows. Views materialize
on demand, so only the stories—not the raw data—exit the
fabric. The hero run need not be followed by a hero analysis.
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