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Abstract

In the emerging agentic analytics, the fundamental unit of com-
putation is no longer a SQL query but an agentic workflow: a
DAG of agent operations that compose SQL queries, object fetches,
LLM/VLM invocations, and multi-round subagent interactions. These
workflows are computationally explosive—a single seven-node
financial-analysis template applied to 160 stock symbols generates
over 800 GPU-resident LLM/VLM calls with overlapping prefixes—
yet existing systems treat each call in isolation. We present Lu-
MILAKE, an agentic analytics engine that models workflows as
first-class, introspectable DAGs and addresses three challenges:
(i) LLM-aware query optimization that consolidates shared pre-
fixes to maximize KV-cache reuse, (ii) a multi-tenant runtime that
dispatches heterogeneous operators across mixed hardware with
cross-tenant deduplication, and (iii) governance by design with
semantic lineage at every agent step. Deployed at the National Uni-
versity of Singapore, LUMILAKE achieves up to 3.8x speedup over
Ray on six real workflows from clinical decision support, materi-
als spectroscopy, and financial analysis on commodity GPUs. Our
engine is open-sourced at https://github.com/mlsys-io/lumilake.
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1 Introduction

For decades, data analytics engines have been defined by the primi-
tives they execute. SQL engines process declarative queries over re-
lational tables; Spark [22] and its successors run distributed dataflow
programs. The two paradigms shared storage, often via a data lake-
house [1], but were connected only through manual hand-offs or
brittle ETL. In both cases, the unit of work that the engine optimizes,
schedules, and governs was a human-authored query or script.
We argue that a paradigm shift is underway [8]. In the emerging
agentic analytics, the fundamental unit of computation is an agentic
workflow: a DAG whose nodes are agent operations, each of which
spawns sub-operations such as data retrieval, model invocations,
or subagent interactions. At the top level, a user submits a work-
flow DAG that orchestrates multiple agent operations; at the node
level, each operation instantiates a sub-DAG of actions defined by a
template—issuing SQL queries, fetching objects from storage, invok-
ing models, launching subagents—with the agent generating the
runtime parameters that bind each action to a specific input [18].
This compositional, two-level structure distinguishes agentic
workflows from flat SQL query plans and static Spark dataflow
graphs: the engine must optimize not only the top-level DAG but
also the templated sub-operations within each node. Just as the
transition from hand-written queries to cost-based optimizers trans-
formed relational analytics, the transition from human-authored
scripts to agent-authored pipelines demands a new engine design
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Figure 1: An agentic analytics workflow for financial analysis,
which generates over 800 GPU-resident calls for 160 symbols.

that understands, optimizes, and governs agentic workflows as
first-class objects. This shift is already visible in Al4Science [19, 23],
as illustrated with workflows from real scientific and industrial
settings in Section 2.

Consider the financial-analysis workflow in Figure 1: given a
stock symbol, a top-level DAG of seven agent operations produces
a Buy/Sell/Hold recommendation, chaining data retrieval (Nodes 1-
2), parallel VLM analysis (Nodes 3-4), and sequential LLM reasoning
(Nodes 5-7); an eighth node uploads the output to object storage.
Each node follows its own template: Node 1 issues a SQL query over
a relational database; Node 2 fetches market snapshots from object
storage; Nodes 3—4 each invoke a VLM to analyze every retrieved
image; Nodes 5-7 compose multi-step LLM calls for importance rat-
ing, synthesis, and recommendation. Running this workflow for 160
symbols instantiates the same templates 160 times, producing over
800 GPU-resident LLM/VLM calls, most sharing identical system
prompts and overlapping prefixes. In a Ray [9]+VvLLM [5] baseline,
each call is served independently with no KV-cache sharing across
nodes or symbols, and the job takes hours on a university cluster.

The above example exposes three challenges that existing sys-
tems leave unaddressed: (1) agentic workflows are computationally
explosive, amplifying each input through two levels of template
composition into hundreds or thousands of LLM/VLM calls, yet
serving systems [5, 24] treat each call in isolation; (2) a single DAG
mixes heterogeneous operators—SQL, object fetches, VLM, LLM,
diffusion—on fragmented infrastructure where orchestration frame-
works [4, 19] treat invocations as black-box UDFs; (3) tracing out-
puts requires semantic provenance across the two-level hierarchy,
unlike Spark’s fault-tolerance lineage [7, 11, 13].

Building on our prior work—Halo [14] (DAG-level batch opti-
mization), Helium [17] (cache-aware LLM serving), and FlowMesh [15]
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Figure 2: Three representative agentic analytics workflows. Top: agent-level DAG; bottom: expanded sub-operations. Edges

denote data dependencies.

(multi-tenant service fabric)—we introduce LUMILAKE, an analytics
engine with agentic workflows as the primary compute primitive:

o LLM-aware query optimization that flattens template structure,
consolidates shared prefixes, and schedules execution to maxi-
mize KV-cache reuse;

e Multi-tenant runtime that dispatches heterogeneous operators
across mixed hardware with cross-tenant deduplication;

o Governance by design with semantic lineage at every agent step
at under 2% overhead.

Deployed at the National University of Singapore, LUMILAKE achieves
up to 3.8x speedup over Ray [9] across six workflows spanning
three Al4Science domains [16].

2 Background
2.1 Agentic Analytics in Al4Science

Agentic workflows are replacing SQL queries and Python scripts
as the primary analytical primitive. We describe six workflows
drawn from real scientific and industrial settings that also serve as
our evaluation benchmarks in Section 4. Figure 2 illustrates three
representative workflows.

Financial data analytics. The following four workflows reflect com-
mon patterns in AI4Finance analysis. (1) Q1-Social models a text-
only analyst roundtable: given a stock symbol, agents issue four
SQL retrieval queries over financial, insider-trading, market, and
news data, summarize the retrieved materials, and follow a three-
round discussion among four analyst personas before a reporter
synthesizes the report. (2) Q2-Trading, modeled after the Tradin-
gAgents framework [21], adds multimodal analysis: in addition to
structured data retrieval, a VLM agent analyzes market snapshot
images, and agents follow a multi-round debate template cover-
ing bull/bear researcher debate, risk analysis, trader decisions, and
fund-manager synthesis, combining SQL, S3 retrieval, VLM, and
LLM operators in a single 18-node DAG. (3) Q3-ImageGen captures
a news-to-infographic generation scenario: given a stock symbol,
the workflow retrieves related news, summarizes it, drafts com-
peting render prompts via a critique template, invokes a diffusion
model, critiques outputs with a VLM, and produces a final image
artifact. (4) Q4-Summary represents an ETL-style ingestion pipeline
commonly used by financial data vendors: it takes news images
from object storage, analyzes each with a VLM, and runs three par-
allel drafting-and-critique branches following a reflection template
before a summarizer writes the final output.

Table 1: Comparison of systems w.r.t. cross-query LLM-aware
optimization (C1), KV-cache-aware scheduling (C2), semantic
provenance (C3), and first-class support for agentic DAGs
(C4). v = supported, o = partial, X = not supported.

Category System(s) Ci C2 C3 (4
LLM Inference vLLM [5], SGLang [24] X o X X
Orchestration AutoGen [19], LangGraph [4] X X X o
Classic Data Sys.  Ray [9], Spark [22] o X o o
LLM Data Sys. Palimpzest [7], LOTUS [11] X X X o
Workflow Sys. AFlow [23], JellyBean [20] X X X Vv
Ours LUMILAKE v v v Y

Clinical decision support. The Q5-Healthcare workflow is an os-
teoporosis decision-support pipeline developed with experts at the
National University Hospital (NUH) Singapore [10]. A data-retrieval
agent issues SQL over patient records; six specialist agents cross-
reference each patient report against micro-review summaries from
different clinical angles, each following a template with distinct
clinical guidelines from practicing endocrinologists; a three-round
pro/con debate template produces a final diagnostic report with
contradiction checking. A single patient case requires nearly 20
LLM calls; screening 320 patients requires over 6,000 calls.

Materials spectroscopy. The Q6-Materials workflow is a spectroscopy
analysis pipeline developed with researchers from the NUS Depart-
ment of Chemical Engineering [3, 6]. Three expert branches (feature
identification, quantitative extraction, physical interpretation) each
follow a template with two analyst subagents using different guided
prompts; a three-round cross-branch critique-and-rebuttal debate
challenges the analyses before a summary chain synthesizes the
final report. Analyzing 160 spectra produces over 1,200 LLM calls.

2.2 Prior Systems for Agentic Workflows

Table 1 summarizes the capabilities of existing systems along four
axes that correspond to the challenges identified in Section 1: cross-
query LLM-aware optimization (C1), KV-cache-aware scheduling
(C2), semantic provenance (C3), and first-class support for agen-
tic DAGs with templated sub-operations (C4). No prior system
addresses all four. We discuss each category below.

LLM inference engines [5, 24] achieve high throughput via continu-
ous batching and prefix caching but operate at request granularity:
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Figure 3: LUMILAKE system architecture.

they cannot detect shared prefixes across workflow instances or re-
order execution across operators. Orchestration frameworks [4, 19]
define templated agent patterns but do not optimize across instances;
they treat every invocation as a black-box UDF with no cross-query
optimization, KV-cache visibility, or built-in provenance. Classic
data systems [9, 22] provide resource management but lack LLM-
semantic awareness to deduplicate across tenants. Semantic data
systems [7, 11, 13] target flat operator pipelines rather than compo-
sitional two-level DAGs. Workflow systems [20, 23] improve the
logical plan but delegate execution to black-box backends; Lumi-
LAKE is complementary, optimizing the physical execution.

Our prior work. Helium [17] optimizes batched execution of agentic
workflows via greedy DFS-based cache-aware scheduling, which
scales linearly but assumes all nodes share one base LLM. Halo [14]
uses epoch-based DP to support heterogeneous operators, but it
scales exponentially to the workflow size. FlowMesh [15] proposes a
multi-tenant service fabric that deduplicates tasks across concurrent
users. LUMILAKE unifies all three into a single multi-tenant, multi-
template agentic analytics engine.

3 System Overview

As shown in Figure 3, LUMILAKE is built on a data lakehouse [1]
and comprises six components: a workflow parser that validates
incoming jobs against guardrails; a job manager that constructs and
dispatches batches; a query optimizer that rewrites and schedules
batched workflow DAGs; a runtime processor (FlowMesh [15]); a
governance layer for semantic lineage; and a storage layer.

Job manager. Upon ingestion, a job’s input is split along the input
dimension (e.g., 160 stock symbols become 160 slices), yielding
uniform-cost scheduling units that prevent head-of-line blocking.
Pending slices are maintained in per-priority, per-user queues with
round-robin to prevent monopolization; a starvation counter pins
long-waiting jobs into the next batch. From the candidate pool, the
manager selects a batch of size B that maximizes intra-batch affinity,
i.e,, Jaccard similarity over model identifiers and system-prompt
sets, via agglomerative hierarchical clustering, which promotes
resource reuse within the batch.

Query optimizer. The selected batch is sent to the query optimizer,
which (1) rewrites the batch of workflow graphs into a single opti-
mized graph and (2) generates an execution schedule maximizing
resource reuse.

Graph rewriting aggregates slices from the same job, then applies
three semantics-preserving rewrites: (1) VLM splitting decomposes
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each VLM node into an embedding and a reasoning sub-node, ex-
posing embeddings for deduplication when multiple agents analyze
the same image; (2) Node absorption merges lightweight formatting
nodes into their GPU-bound successors; (3) Subgraph deduplication
computes structural signatures over operator specifications and
parent signatures, merging identical nodes within and across jobs.
Hybrid scheduling. The rewritten graph may contain 30-50 nodes
with heterogeneous operator types. Helium [17] scales linearly via
greedy DFS over a templated radix tree but assumes all nodes share
one base LLM. Halo [14] co-schedules heterogeneous CPU/GPU op-
erators via epoch-based dynamic programming but is exponential
in graph size and struggles beyond ~20 nodes. Both systems pair
one workflow template with one user’s input batch. Our key obser-
vation is that multimodal agentic workflows still contain large ho-
mogeneous subgraphs (all text-generation nodes sharing one LLM),
with heterogeneous operators appearing mainly at DAG boundaries.
Based on the observation, we propose a hybrid algorithm that gets
the best of both. We identify connected components of same-model,
text-only LLM nodes and contract each into a super-node, apply-
ing Helium’s cache-aware greedy DFS within each component to
optimize KV-cache reuse order. We then schedule the contracted
graph (typically 5-15 nodes) via Halo’s epoch-based DP solver to
optimize cross-operator placement and model switching. This hy-
brid approach keeps optimizer overhead at ~1.4 s per batch while
scaling to 50+ node DAGs, on which Halo alone would time out.
Cycle-safe contraction. Naive contraction can introduce cycles. Con-
sider three LLM nodes A, B, C sharing the same base LLM and a
VLM node D, with edges A—B, B—C, A—D, and D—C. Contract-
ing A, B, C into a super-node T creates a cycle T-D—T, violating
the DAG property. Our algorithm checks cycle safety before con-
tracting: contraction is valid only if no external node has both an
incoming and outgoing dependency on the component. Any violat-
ing component is split at the ancestor boundary and re-partitioned,
guaranteeing the contracted graph remains a valid DAG.

Multi-tenant runtime. The runtime is built on FlowMesh [15], ex-
tended with heterogeneous operator support and scheduling hints.
LUMILAKE passes the optimizer’s output as two hints: a hard task-
to-worker assignment (pinning each task to a specific GPU or CPU
worker) and a soft per-worker execution order (used as a tiebreaker
among ready tasks). The soft constraint allows FlowMesh to merge
tasks destined for different execution slots when doing so increases
the inference batch size, improving per-node throughput. The ex-
ecutor pool supports SQL and S3 data retrieval, image embedding,
VLM understanding, LLM text generation, and diffusion-based im-
age generation. In multi-tenant settings, researchers on the same
cluster share base LLMs and system-prompt fragments, creating
cross-job prefix and weight reuse invisible to single-user systems.

Governance layer. LUMILAKE records provenance as a by-product
of execution: every executor logs timestamped events (model ini-
tialization, generation start/end, intermediate outputs) into an in-
memory DuckDB instance checkpointed to the lakehouse. This
provides both semantic auditing (which inputs, prompts, and model
versions contributed to a result) and performance diagnosis. The
combined overhead of query optimization and governance tracking
is below 2% of end-to-end time across all workloads.
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4 Evaluation

Experiment setup. LUMILAKE is deployed at the National Univer-
sity of Singapore in collaboration with domain experts in clinical
medicine and materials science. The hardware is representative of
a university research group: four local NVIDIA H200 GPUs, with
up to eight on-demand NVIDIA RTX 5090 GPUs from a cloud mar-
ketplace. We evaluate on the six workflows Q1-Q6 described in
Section 2.1. For Al4Finance workloads, we prepare three data splits
of 1GB (small), 10 GB (medium), and 100 GB (large); structured
tables occupy one-third of each split, with the remainder consisting
of raw HTML files and market snapshot images. For healthcare, we
collect reports for 320 patients from the NHANES 2017-2020 Pre-
pandemic Data Files [10]. For materials science, we use up to 160
variant spectra from [6]. We compare against Ray [9] with vLLM [5]
as the inference backend—the de facto standard for deploying ML
workloads on commodity clusters. Request-level prefix caching (e.g.,
SGLang [24]) is orthogonal to and composable with LUMILAKE’s
workflow-level optimization across operators and tenants.

End-to-end performance (Figure 4, Figure 5). With a single
GPU, Ray is competitive on some workloads because continuous
batching via vLLM yields a larger effective batch size. However,
as GPUs increase, LUMILAKE’s schedule-driven batching enables
better reuse of model weights and KV-cache prefixes across nodes;
with four GPUs, LUMILAKE outperforms Ray on all six workloads,
averaging 1.7x speedup (up to 2.2X) on financial workloads and
2.2X (up to 3.8%) on Al4Science workloads. LUMILAKE scales near-
linearly with GPU count; with four H200s, it diagnoses over 300
patients or analyzes 100 spectra within one hour.

Cross-tenant merging. When two researchers submit overlap-
ping workflows concurrently—Q1-Social and a text-only variant
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of Q2-Trading over the same 160 stock symbols—LUMILAKE dedu-
plicates shared retrieval and analysis stages across the two work-
flows, completing both in 92.3 minutes versus 126.5 minutes when
they are processed sequentially. This 1.37X speedup comes from
cross-tenant deduplication, confirming that multi-tenancy creates
substantial optimization opportunities invisible to per-user systems.

Priority scheduling. When a medium-priority Q2-Trading job
and a low-priority Q4-Summary job are submitted concurrently,
both jobs make progress from the start, but the medium-priority job
advances significantly faster. Once it completes, the low-priority job
accelerates to finish, confirming that LUMILAKE respects priorities,
avoids starvation, and elastically reallocates freed resources.

5 Discussion and Conclusion

What makes agentic analytics different? A key lesson from our
experiments is that the optimization surface of agentic workflows
is unlike that of SQL or Spark: the bottleneck is not data shuffling or
1/0, but the sheer volume of LLM calls and model switches, and the
primary lever is exploiting the structural regularity that templates
create across inputs and users. This suggests that future agentic
engines should be co-designed with the serving layer, treating KV-
cache state, model residency, and prompt structure as first-class
objects in the optimizer’s cost model, rather than layered on top of
general-purpose infrastructure.

Al4Science, auto research, and agentic analytics. Scientific
research is inherently analytics-heavy: querying databases, cross-
referencing multi-modal evidence, and iterating through expert
review; agentic workflows automate exactly these central activ-
ities [2]. The emerging Auto Research paradigm [12], in which
agents autonomously formulate hypotheses, run experiments, and
synthesize findings, amplifies this by orders of magnitude: a single
research campaign may launch thousands of agentic analytics runs.
Efficient, governed execution of such workloads is precisely the
problem LuMILAKE addresses.

Scope and limitations. LUMILAKE targets template-based agentic
workflows whose top-level DAG and per-node sub-DAGs are fully
specified before execution—the dominant pattern in Al4Science,
where workflows are authored once by domain experts and instan-
tiated over many inputs. Dynamically generated DAGs, in which
agents decide at runtime which sub-operations to spawn (e.g., adap-
tive tool-use agents), would require online re-optimization, which
we leave to future work.

Conclusion. We present LUMILAKE, an agentic analytics engine
that treats template-based workflows as first-class DAGs over a data
lakehouse. By combining LLM-aware query optimization, multi-
tenant scheduling, and built-in governance, LUMILAKE outperforms
Ray across all workloads on multi-GPU setups, scales to 50+ node
DAGs with under 2% overhead, and achieves 1.37x speedup from
cross-tenant deduplication—demonstrating that database principles
can tame the computational explosion of agentic analytics.
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