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Abstract
Agents are emerging as the primary users of data systems. Yet, an
important class of data systems has not evolved for agents: real-time
data-streaming systems. To make streaming systems agent-first, the
real-time data stack requires new infrastructure abstractions that
let agents safely experiment on production dataflows via forking
and merging. There is also a need for new benchmarks to evaluate
agents acting on streaming data and agent-first streaming systems.
The agent-first infrastructure and benchmarking needs of streaming
systems have unique requirements and challenges compared to
other agentic data systems. We outline our initial steps toward
addressing these challenges and discuss open problems.
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1 Introduction
AI agents are increasingly operating on data systems alongside
traditional programs. Agents use the reasoning capabilities of LLMs
and interact with external systems through tool calling [54] to
perform complex data tasks specified in natural language.

Agents, as shown by prior work [34, 42], operate in ways that
differ markedly from that of traditional workloads. Rather than fol-
lowing optimized access patterns, agents issue highly speculative
and exploratory queries, resulting in sub-optimal system interac-
tions. Agents can also make mistakes because the LLM-informed
actions can be wrong. Supporting these agents thus requires re-
thinking the underlying systems from an agent-first perspective.

An orthogonal but equally important aspect is the develop-
ment of rich, domain-specific benchmarks that evaluate agents
on domain-specific data tasks. Such benchmarks play a dual role:
they aid application developers to assess and improve their agents,
while also offering system designers insight into how infrastructure
must evolve to effectively support agent-driven workloads.

Many databases [1, 5, 30], object stores [3, 4], lakehouses [56],
and filesystems [41, 57] have started embracing agents as first-class
citizens and proposing agent-first primitives. Similarly, there are
many expressive benchmarks that evaluate agents on data tasks
such as Text-to-SQL [37, 39], general data tasks across many data
systems [40, 46, 59, 62] and filesystem usage [43].

However, an important class of systems that are indispensable
for modern, real-time applications have not fully evolved for the
agentic era: data-streaming systems. Streaming systems [2, 11, 53]
enable the management and processing of streams of real-time data.
These data streams can be composed with stream processors [7, 12,
33]—entities that process one or more input streams to produce
output streams—to create complex data pipelines [8] that enable
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organizations to glean insights and take actions in real-time. Data
streaming plays a vital role in many domains like finance [17, 27,
28, 31, 50], supply chain management, and IoT [26, 51].

While many data-streaming companies today aim to support
agentic AI use cases [6, 29, 38, 52], we foresee challenges on two
fronts: deficiencies within core streaming infrastructure and the
lack of domain-specific benchmarks for data-streaming tasks.

The streaming infrastructure consists of two core components:
shared logs [18, 20, 32, 45], which ingest, durably store, and serve
streams; and stream processors, which consume data streams, update
state or perform computations, and output data to other streams.
While streaming systems today allow agents to read/write streams,
and to create/deploy stream processors, this is insufficient. Today’s
streaming systems lack the fundamental mechanisms to support
agents. For instance, they cannot avoid the performance interfer-
ence on streams and handle bursty spin-up/tear-down of stream
processors, which arise from the exploratory nature of agents. Like-
wise, today’s systems cannot stage and statefully validate agentic
writes, nor support tasks like testing or counterfactual “what-if”
analysis that inject synthetic events and observe their propagation
through the pipeline without affecting production workloads.

Second, benchmarks for agentic tasks over streaming data are
lacking. Existing benchmarks assess an agent’s ability to write SQL
and interact with data at rest, but none evaluate writing real-time
queries over streams. Such queries fundamentally require different
constructs as time-based windowing and state maintenance, skills
which do not necessarily translate from other tasks. Beyond gen-
erating processors or simple analyses, benchmarks must test an
agent’s ability to reason about entire pipelines, for example, answer-
ing counterfactuals like: “How would a 5% increase in failure rates
across the supply chain affect shipping throughput under current
operating conditions?” Finally, the benchmark must also include
metrics tailored to streaming tasks (e.g., robustness to late data).

This position paper describes our initial directions in bridging
the gap in streaming infrastructure to support agents and lays out
the open challenges (§3). We also highlight the missing pieces for
benchmarking agents on streaming tasks and our initial directions
towards such a benchmark (§4).

2 Background and Use Cases
Streaming systems are widely deployed to store and process huge
amounts of real-time data. Thus, there is much to gain from connect-
ing agents to the streaming ecosystem.We envision threemodalities
for the use of agents (Figure 1). First, developers may use coding
agents to create stream processors (§2.1). Second, non-technical
users may use chat-based agents to perform tasks on real-time data
(§2.2). Third, an autonomous inline agent may itself be used as a
stream processor, invoking LLMs to process events (§2.3).
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Figure 1: Agents and Streams: Use Cases.

2.1 Developer Use of Agents
Developers may use existing coding agents to write stream proces-
sors. Typically this is an iterative process with the agent editing
code with developer guidance [19]. Coding agents heavily use tools
[19] and probe data sources with exploratory queries [34, 42]. Mul-
tiple versions of the code are tested, then once the developer is
satisfied they deploy the final version.
Requirements: To support this use case, streaming systems must
provide agents with the ability to probe data and test code without
negative consequences. During iteration, coding agents’ reads and
writes must be isolated from production. After the code is deployed,
it can be treated as traditional (trusted) stream processors.

2.2 Non-expert Use of Streaming Agents
Enabling agents to interact with streams unlocks a variety of use
cases for non-expert users who are not developers. Rather than
writing and deploying stream processor code themselves, these
users can instead chat with conversational agents capable of using
the interfaces presented by stream infrastructure as tools to query
streams (e.g. reading events from the underlying shared log like
Kafka) and performing stream computations (e.g. running a Flink
SQL query). Thus with the help of agents, even non-expert users can
perform intricate computations that compose streams and stream
processors.
Stream reading.Many use cases are enabled simply by allowing
agents to read from streams. Agents might read events directly to
answer ad-hoc queries, e.g., checking the latest temperature reading.
Agents may also use stream processors to run streaming queries
with continuous output. For instance, a marketing team could build
a live dashboard for real-time insight into the performance of their
advertising campaign. Also, agents could aid in root-cause analysis
by searching stream data (e.g., SREs using an agent to search for
anomalous metrics and correlate them with events).
Stream creation. Agents can also create their own streams. They
might use these streams as output channels for computations or to
provide a filtered view of an input stream. This could be used for
continuous rule-based monitoring, e.g., a stream processor to issue a
frost warning if the temperature drops below a specified threshold.

Agent-created streams also enable testing scenarios with what-if
analysis: agents can copy and change an input stream to observe the
resulting change in a computation. Consider a distributed sensor
network that is producing an inaccurate output. A user could sus-
pect a faulty sensor, and ask the agent what the output would look
like excluding that sensor. The agent could simulate this by copying
and filtering the sensor stream and re-running the calculation.
Streamediting.Agents can be asked tomanipulate existing streams
and stream processors. They could insert events to a stream on a
user’s behalf. For example, an airline representative might ask an

agent to re-book passengers at risk of missing connecting flights
due to delays. The agent would insert events to remove the passen-
ger from the manifest of the missed flight and book them a seat on
a different connection. Editing a running stream processor would
allow an agent to alter the logic of a data pipeline in real time. For
example, in detecting fraudulent transactions, a user might ask the
agent to insert new rules to an existing stream processor.
Requirements: Agents acting on behalf of everyday users should
not be able to negatively impact production data pipelines: agents
must not impact performance of production workloads and agentic
writes must be isolated. At times, it is intended that agents modify
production data (as in “stream editing” uses); even in these cases it
is important to review the changes to avoid negative consequences.

2.3 Autonomous Agents as Stream Processors
Distinct from agents using stream infrastructure as tools, agents
may themselves be used to process stream events. New frameworks
like Apache Flink Agents [15] and Confluent’s Streaming Agents
[29] embed an LLM-based agent within a stream processor. The
agent is invoked for each input event in the stream, and can perform
various actions including accessing data from other streams, calling
outside APIs, and writing to output streams. Such an embedded
agent can be used to classify stream events or assign labels. It can
also take advantage of particular models’ strengths. For instance,
a model fine-tuned on financial transaction data may be used to
detect suspicious transactions for fraud prevention. It can also be
used to transform or enrich stream events using information from
multiple sources (e.g., for real-time search result personalization).
Requirements: Because embedded agents run autonomouslywith-
out per-event oversight, their actions need to be staged, validated,
and only then be allowed to take effect.

3 Streaming Infrastructure
3.1 Problems with Streaming Infrastructure
Today’s streaming systems enable agents to read, write, and create
streams and stream processors [6, 29, 38, 52], but run into many
problems when supporting different agentic use cases.
Exploratory reads cause performance interference.Agents are
exploratory in nature: they repeatedly probe the data, format, and
configurations to ground themselves and create their own context,
and as a means of test-time scaling [55], often explore many parallel
trajectories [42] to accomplish a task. This leads to a high volume
of stream reads, which can contend with production workloads
on the streams. For instance, an agent analyzing anomalies could
issue many exploratory reads and thus contend with a real-time
alert system, affecting the end-to-end latency for alerts. With many
agents operating on a streaming system simultaneously, this in-
terference will only worsen. Current streaming systems, however,
lack mechanisms to isolate production workloads from agents.
Stream processing engines are not designed for bursty spin-
up and tear-down.Agents taskedwith building streaming pipelines
might try multiple pipeline architectures and evaluate them to
achieve a given task. To do so, they quickly spin-up and orchestrate
many stream processors, and subsequently tear-down the ones that
lead to bad solutions. Today’s stream processors however are not
designed for such bursty workloads but are instead architected for
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a few carefully-crafted, long-lived pipelines. Provisioning stream-
processing compute for peak usage would also be expensive. Thus,
there is a need for stream-processing engines that quickly scale up
or down as needed to support these bursty workloads.
No means to stage agentic writes. Agents need to write to
streams in many use cases (e.g., an order-fulfillment agent writes
events to an order confirmation stream). Allowing agents to write
directly to a production stream, however, is risky because LLM-
informed actions can be incorrect. The system must therefore allow
agents to write to streams in isolation, validate them (e.g., using a
reviewer agent), and only thenmerge them back into the production
stream. Further, agents may need to explore multiple write paths
(e.g., different LLMs producing different outputs), pick the best one,
and merge only that path. Today’s streaming systems offer no such
explore-validate-merge primitives for stream writes.
No means for stateful validation.While in some cases agentic
writes can be validated by inspecting the generated records in iso-
lation, in most cases there is a need to statefully validate the record
along with the history in the stream. Specifically, stream writes
would benefit from quick validation from stateful downstream pro-
cessors. Therefore, there is a need for streaming systems to not only
allow isolated writes, but enable them to flow through the state
being computed by downstream processors for validation without
impacting the production processors themselves.
No isolation for synthetic writes. Use cases like testing and
what-if analysis require injecting synthetic data into streams or
perturbing streaming data to observe how it affects downstream
computations. Performing such tasks with realistic production data
has immense value. However, such synthetic events must remain
isolated from production streams and pipelines, but must still flow
through realistic processor state derived from real data. Today’s
systems force agents to spin up a separate cluster with synthetic
data, which loses temporal realism and is operationally expensive.

3.2 Initial Directions and Open Challenges
We now describe a few initial directions in our recent work, Ag-
ileLog [21], to address these problems, and outline open challenges.

3.2.1 Initial Steps: AgileLog
AgileLog introduces two new primitives to the shared log abstrac-
tion to address the deficiencies of data streams: fork and promote. To-
gether these primitives provide agentic tasks the ability to cheaply
create an isolated fork of a given data stream and merge appends
back into it. Our implementation, Bolt, utilizes a diskless shared log
architecture [13, 35, 49, 58] and incorporates several techniques to
ensure that forks are zero-data-copy, low-latency, and performance-
isolated even with many such forks in the system.
Continuous Fork (cFork). A fork in AgileLog is a cheap, logically
separate, performance-isolated child copy of an existing parent
instance that an agent can read from and write to just like any
shared log without affecting the parent. With forks, exploratory
agentic reads happen on the child rather than production streams,
avoiding performance interference. Similarly, agentic writes can
be staged on a fork, isolated from the main stream and statefully
validated with the history on the main stream.

A key property that distinguishes streams from prior forkable
data systems is that streams are real-time: data continues to be

ingested into the parent after the fork is taken. For an agent an-
swering a streaming query, the fork must therefore continue to
see new appends on the parent even after the fork point, rather
than freezing at a snapshot as forks in prior data systems do [1, 3–
5, 30]. AgileLog thus offers a novel form of a continuous fork that
continuously inherits records appended to the parent even after
the fork is created, and interleaves them linearizably with private
writes on the fork. This arms agents with the ability to create cheap,
isolated copies of any data stream that can be appended to while also
remaining “in sync” with the production state.
Promoting a cFork to incorporate writes. Forks alone are insuf-
ficient: when an agent’s writes on a fork are validated and need to
take effect, the systemmust provide a way tomerge the fork into the
parent (production) stream. AgileLog introduces a promote call that
makes a cFork essentially become its parent. Thus, an agent’s writes
can not only be validated statefully in a continuously updating fork,
but can also be incorporated back into the parent’s stream.

3.2.2 Open Challenges
AgileLog demonstrates the value in forkable streams for agentic
tasks. However, AgileLog is only an initial step towards agent-first
streaming systems. Specifically, while AgileLog addresses most of
the challenges within the stream-storage layer, i.e, shared logs, it
does not address challenges in the compute layer: stream processors
and stream processing engines. We outline the open challenges.
Challenge 1: Forking stream processors and pipelines. A
streaming system is not just a collection of streams; it is a graph of
streams connected by stream processors with their own state. To
support counterfactual analysis, testing, and to enable stateful vali-
dation, the unit that must be forked is the entire pipeline: streams,
processors, and processor state. For instance, a testing agent that
verifies whether a fraud-detection processor catches a new pattern
must fork both the payments stream and the processor (with its
state) so that the synthetic events are evaluated in a realistic context.
Similarly, a “what-if” query requires forking the input stream along
with the entire pipeline that the input touches in order to replay
perturbed events on it, and observe outputs at the forked proces-
sors several hops downstream, all while the production pipeline
runs unaffected. Such forks are also useful for stateful validation of
agentic writes. Achieving this requires solving many problems.
How to cheaply fork stream processors? Stream processors store their
state in-memory or within embedded databases. Cheap forking re-
quires the ability to quickly clone this state. Today’s stream proces-
sors do not provide a way to create such forks. However, an initial
approach could rely on the fault-tolerance mechanisms that stream
processors already employ. Specifically, stream processors often
back their state to remote storage (e.g., S3) to recover from failures.
Thus, a fork can be created by cloning the checkpointed state and
catching it up to the latest offset. We believe recent work in disag-
gregated state management approaches for stream processors [48]
can provide a good substrate for cheap forking.
How to realize pipeline forks efficiently and correctly? Pipelines can
be deep and complex, and at any instant a record may have been
processed by some operators, be in-flight at others, and unseen
by the rest. A forked pipeline must resume from a state consistent
with the parent’s: it should neither re-process records the parent
already acted upon nor miss in-flight records. We believe an initial
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Spider [61] ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗
KaggleDBQA [36] ✗ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗

BIRD [39] ✗ ✗ ✗ ✗ ✓ ✗ ✓ ✗ ✗
Spider 2.0 [37] ✓ ✗ ✗ ✗ ✓ ✗ ✗ ✗ ✗
BEAVER [24] ✗ ✗ ✓ ✗ ✓ ✗ ✗ ✗ ✗
CoSQL [60] ✗ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗
DAB [46] ✓ ✗ ✓ ✗ ✓ ✓ ✓ ✓ ✗

AgentFuel [47] ✗ ✗ ✓ ✗ ✓ ✗ ✗ ✗ ✗

Table 1: Features and Evaluation Metrics in Existing Benchmarks

approach can be informed by the consistent global snapshot tech-
niques already used within some stream processing engines [23] for
fault-tolerance, software patches and testing. Turning them from a
fault-tolerance tool into a cheap, low-latency, agent-initiated fork-
ing primitive is, in our view, an interesting open problem.
Challenge 2: Efficient resource management within stream
processing engines. Today’s stream processing engines are opti-
mized for a few long-lived pipelines. However, for agentic explo-
ration, they must support quick creation and destruction of many
stream processors: some of which may be created anew while oth-
ers created by forking existing processors. Additionally, they must
be resource efficient and scale compute gracefully based on the
workload. This requires fundamentally rethinking the design as-
sumptions within these engines. An optimization that proves partic-
ularly useful for agents is reusing computation across explorations
whenever possible [42]. For instance, if many explorations perform
the same initial filter and join step, and each branch does not intend
to perturb the inputs to these operators, then forking the stream
processors that perform these operations is wasteful: instead, they
can simply fork the output stream. Similarly, stream processing
steps that can benefit from sharing read caches can be co-hosted
on the same nodes. Importantly, stream processing engines must
perform such optimizations transparently whenever possible.
Challenge 3: General multi-fork merge beyond promote. Ag-
ileLog’s promote intentionally acts as a restricted merge: it only
allows a singular continuous fork to replace its parent and destroys
the other promotable forks. AgileLog is designed this way to explic-
itly support agentic patterns where a single write path wins. Agents
sometimes might want to mergemore than one fork while providing
meaningful semantics. The challenge is that these forks can have
diverging histories with no way to determine the relative order
of records across forks. However, merges can be meaningful in
certain contexts. For instance, in a stream of financial transactions,
refund records written on two forks by two different agents to two
different users’ accounts can safely appear in either relative order
on the merged stream. Merges must therefore generalize beyond
first-promote-wins and allow applications to specify merge policies.

4 Benchmarks for Agents on Streams
Table 1 summarizes past work in benchmarks for evaluating LLM
and LLM-based agents’ usage of data systems. Initial benchmarks
used for evaluating the capabilities of LLMs (e.g. Spider, KaggleD-
BQA, BIRD) to interact with data systemswere focused on achieving
high execution accuracy across a wide number of SQL queries, cov-
ering a large space of expressible SQL. These early benchmarks

had a number of limitations that following works aimed to address.
BEAVER demonstrated that even agents that performed well across
public databases struggled to manage complexity when operating
on private enterprise databases. Spider 2.0 and DAB evaluate the
ability of a multi-turn agent to build its own context by searching
database documentation or probing the database with queries.
New benchmarks are needed for streaming systems. The ex-
isting benchmarks do not exercise features unique to streaming set-
tings, such as time-based windowing or state maintenance. Agent-
Fuel, which focuses on LLMs querying time-series data, comes
closest. It proposes a method to generate time-series data, but does
not evaluate agents interacting with it as it arrives; instead agents
are tasked with wrangling the data after it is collected in a database.

Properly evaluating agent use of streaming systems will require
new benchmarks designed specifically for the stream processing set-
ting. The types of queries relevant to stream processing are naturally
different, as stream processors only have access to a small amount
of in-memory state that they maintain. Likewise, in stream process-
ing, data arrives gradually and is not available all at once. This leads
to unique challenges such as handling events that arrive late or out
of order, as well as the need to compute efficiently so as to not fall
behind the stream. Agents’ ability to write queries that handle these
considerations should be considered part of their performance on
the benchmark. Fundamentally, the time that events occur is as
relevant to a streaming system as the event contents. A benchmark
built for agent use of data streaming infrastructure should consist
of queries defined over replayable event traces that specify arrival
times rather than a list of tasks to execute on a static database.
Benchmarks should focus on metrics important to real-time
streamworkloads. Agents interacting with real-time data will use
streams and stream processors and must be evaluated over dimen-
sions that are more important in this setting, such as time-to-plan,
plan performance, and resource utilization. Time-to-Plan, or the time
for an agent to implement its final plan, is a crucial metric in the
stream processing setting where a long time spent planning may
mean missing important events. Additionally, the performance of
an agent’s plan can be equally as important as its accuracy, because
poor performance leads to delayed downstream processing. Be-
cause streams constitute an unbounded amount of data, an agent’s
plan must also be evaluated for its resource utilization. As argued
in BranchBench [14], any evaluation of performance should also
quantify the impact of providing new agent-first abstractions for
the underlying data system. And, of course, the cost (tokens) of
agentic reasoning must also be considered during evaluation.
Benchmarks should evaluate agent’s ability to do complex
tasks. In addition to stream-analytics tasks, the benchmark must
evaluate the agent’s ability to perform complex tasks like what-if
analysis. It must also evaluate the agent’s ability to perform tasks
that edit and create streams. In these complex tasks, the agent not
only reads but also modifies the underlying data system.
Benchmarks should be grounded in enterprise data and use
cases.While we anticipate that our new streaming abstractions will
make it easier to evaluate agents on real production data streams,
we also call for the release of enterprise-quality time-series datasets
as existing stream processing benchmarks [9, 10, 16, 22, 25, 44]
do not include suitable semantically rich data or queries. In this
capacity, we have already begun discussions with industry partners.
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