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ABSTRACT

In the emerging agentic analytics, the fundamental unit of computa-
tion is no longer a SQL query or a Python script but an agentic work-
flow: a DAG of agent operations, each defined by a template that
may compose sub-operations such as SQL queries, object fetches,
model invocations, or multi-round subagent interactions. These
workflows are computationally explosive — a single input triggers
cascades of agent and subagent calls that quickly overwhelm the
modest, fragmented GPU resources typical of research groups; yet
existing serving systems treat each call in isolation.

We present LUMILAKE, an agentic analytics engine that models
workflows as first-class, introspectable DAGs and addresses three
key challenges: (i) LLM-aware query optimization that flattens the
two-level template structure and consolidates shared prefixes to
maximize KV-cache reuse across the explosion of agent instances,
(ii) a multi-tenant runtime that dispatches heterogeneous operators
across mixed-generation hardware with cross-tenant deduplication,
and (iil) governance by design with semantic lineage at every agent
and subagent step. Experiments on six workflows from clinical
decision support, materials spectroscopy, and financial analysis
show up to 3.8% speedup over Ray on commodity hardware. Our
engine is open-sourced at https://github.com/mlsys-io/lumilake.

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 [40] and its successors run distributed dataflow
programs written in Python or Scala. The two paradigms shared
storage, often with a data lakehouse [1], but were connected only
through manual hand-offs or brittle ETL. In both cases, the “blood”
of the engine, i.e., the unit of work it optimizes, schedules, and
governs, was a query or a script authored by a human.

We argue that a paradigm shift is underway. In the emerging
agentic analytics, the fundamental unit of computation is an agentic
workflow: a directed acyclic graph (DAG) whose nodes are agent
operations, each of which spawns sub-operations such as data re-
trieval, model invocations, or subagent interactions. At the top level,
a user submits a workflow DAG that orchestrates multiple agent
operations; for example, a data-retrieval stage feeding two parallel
analysis agents whose outputs are synthesized by a third. At the
node level, each agent operation instantiates a sub-DAG of actions
defined by a template: issuing a SQL query, fetching objects from
storage, invoking a VLM or diffusion model, launching subagents
for debate, or calling external APIs, with the agent generating the
runtime parameters that bind each action to the specific input. This
compositional, two-level structure distinguishes agentic workflows
from both 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.
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Figure 1: An agentic analytics workflow that combines SQL
query, object fetch, and LLM invocations.

Just as the transition from hand-written queries to cost-based
optimizers transformed relational analytics, the transition from
human-authored scripts to agent-authored pipelines demands a
new engine design: one that understands, optimizes, and governs
agentic workflows as first-class objects.

This shift is already visible in Al4Science [16, 33] 1. A clinical
decision-support workflow chains a data-retrieval agent that issues
SQL over patient records to six specialist agents, each prompted
with distinct clinical guidelines, which follow a debate template of
three pro/con rounds before a final arbiter synthesizes the diagno-
sis [3]. A materials-spectroscopy workflow dispatches three parallel
expert agents, each following a template with two analyst subagents
using different guided prompts, then orchestrates cross-branch cri-
tique through iterative rebuttal rounds [5]. A financial-analysis
workflow retrieves structured data via SQL and unstructured snap-
shot images via S3, fans out to VLM subagents for chart interpreta-
tion, and funnels their outputs through a bull/bear debate among
trading personas [36].

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 analysis (Nodes 3-4), and sequential reasoning (Nodes 5-
7). Each agent 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; and Nodes 5-7 compose multi-step LLM calls
for importance rating, synthesis, and recommendation. Running
this workflow for 160 symbols instantiates the same templates 160
times, producing over 800 GPU-resident LLM/VLM calls, most of
which share identical system prompts and overlapping prefixes. In
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Figure 2: Three representative agentic analytics workflows derived with domain experts. Edges denote data dependencies.

a Ray [18]+VvLLM [12] baseline, each call is served independently
with no KV-cache sharing across nodes or symbols. On a university
cluster of up to tens of commodity GPUs, this already takes hours.

Challenges. The above example exposes three challenges that
generalize across Al4Science applications:

(1) Agentic workflows are computationally explosive. An agentic
workflow amplifies each input through two levels of composition:
the top-level DAG fans out to multiple agent operations, and each
operation’s template may itself comprise subagent calls, debate
rounds, and synthesis steps, e.g., nearly 20 LLM calls per patient
in the clinical workflow and five GPU operators per stock symbol
above. As instances follow shared templates, they naturally exhibit
common system prompts and prefixes, and reusable artifacts; yet
existing serving systems [12, 22, 42, 43] treat each call in isolation.

(2) Heterogeneous operators on fragmented infrastructure. A single
DAG mixes SQL (CPU), object fetches (network), and VLM/LLM or
diffusion inference (GPU), each with different resource and latency
profiles. Research groups typically operate with a small number
of commodity GPUs, e.g., a mix of consumer cards and occasional
datacenter-grade accelerators spread across lab servers, departmen-
tal clusters, and cloud spot instances, where resources are frag-
mented, volatile, not abundant, and shared among competing users.
Orchestration frameworks [34] rely on external LLM API calls with
no cross-query batching or resource reuse; Ray [18] manages het-
erogeneous resources but lacks the LLM-semantic awareness to
co-schedule across operator types or deduplicate across tenants.

(3) Semantic provenance. The two-level template structure means
tracing a final output requires following both the top-level work-
flow and each agent’s sub-operations. Unlike Spark’s RDD lineage
for fault tolerance, agentic analytics must record inputs, prompts,
model versions, and intermediate outputs at every step for repro-
ducibility and attribution [15, 21, 27].

Our solution. Our prior work addressed pieces of this problem:
Halo [28] (DAG-level batch optimization), Helium [32] (cache-
aware LLM optimization), and FlowMesh [29] (multi-tenant service
fabric). Building on these, we introduce LUMILAKE, an analytics
engine with agentic workflows as the primary compute primitive:

o LLM-aware query optimization. LUMILAKE models agentic work-
flows as introspectable DAGs, flattening the two-level template
structure into a unified operator graph, and applies cost-based
rewrites that consolidate shared prefixes, deduplicate reusable
stages, and schedule execution to maximize KV-cache reuse, tam-
ing the explosion of agent instances into a coordinated plan that
fits within a modest GPU budget.

o Multi-tenant, model-aware runtime. Workflows are decomposed
into stateless, content-addressable tasks dispatched with operator-
type-aware placement and cross-tenant deduplication, maximiz-
ing utilization from fragmented, mixed hardware.

o Governance by design. Semantic lineage (inputs, model versions,
prompts, intermediate outputs) is co-designed with the operator
abstraction, making provenance intrinsic to execution so that
every agent and subagent step is auditable and reproducible.

We deployed LuMILAKE at the National University of Singapore
and evaluated on six workflows spanning clinical decision support,
materials spectroscopy, and multimodal financial analysis, achiev-
ing up to 3.8x speedup over Ray [18] on commodity hardware. Our
results suggest that the database principles of query optimization,
multi-tenancy, and data lineage provide a strong foundation for
this new era of agentic analytics.

2 BACKGROUND
2.1 Agentic Analytics in Al4Science

Agentic workflows are replacing SQL queries and Python scripts
as the primary analytical primitive. An agentic workflow is a DAG
of agent operations, where each operation instantiates a sub-DAG
of actions defined by a template, e.g., SQL queries, retrieval calls,
LLM/VLM invocations, subagent interactions, composed without
human intervention. Three converging trends drive this shift. First,
modern LLMs serve as universal data interpreters, parsing SQL re-
sults, analyzing images via VLMs, and reasoning across modalities
in one context. Second, orchestration tools [34, 41] have lowered
the barrier to building multi-agent pipelines from such templates.
Third, Al4Science applications inherently demand cross-modal rea-
soning; a clinical diagnosis needs structured lab values, unstruc-
tured reports, and imaging data; materials discovery needs property
tables, spectra, and literature synthesis. 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 Al4Finance 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 template among four analyst personas before a
reporter synthesizes a final report. (2) Q2-Trading, modeled after
the TradingAgents framework [36], adds multimodal analysis: in
addition to structured data retrieval, a VLM agent analyzes market
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snapshot images, and agents follow a multi-round debate template
covering 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 final summarizer writes the output.

Clinical decision support. The Q5-Healthcare workflow is an osteo-
porosis decision-support pipeline developed in collaboration with
experts at the National University Hospital (NUH) Singapore. Each
input is a patient report containing clinical metrics drawn from
the NHANES dataset [19]. The workflow begins with two micro re-
views over imaging and clinical-risk evidence. The original patient
report is retrieved from the lakehouse, and six specialist agents
cross-reference it against the micro-review summaries from differ-
ent clinical angles, each following a template with distinct clinical
guidelines from practicing endocrinologists. The specialists’ out-
puts feed into a three-round pro/con debate template, after which
an arbiter produces the final diagnostic report with contradiction
checking. A single patient case requires nearly 20 LLM calls.

Materials spectroscopy. The Q6-Materials workflow is a spectroscopy
analysis pipeline developed with researchers from the NUS De-
partment of Chemical Engineering, based on experimental data
from [13]. Each input is a single-spectrum table covering either
X-ray diffraction (XRD) or photoluminescence (PL) measurements;
the base corpus contains 38 such spectra. The workflow launches
three expert branches (feature identification, quantitative extrac-
tion, physical interpretation), each following a template with two
analyst subagents using different guided prompts. A three-round
cross-branch critique-and-rebuttal debate template challenges the
branch analyses, with domain guidance and user insights retrieved
from the lakehouse to steer the discussion. A three-node chain
summarizes the debate and synthesizes the final report.

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. vLLM [12] and SGLang [42] achieve high
single-model throughput via continuous batching, paged attention,
and prefix caching. Disaggregated designs such as Splitwise [22]
and DistServe [43] further decouple prefill and decode phases for
goodput gains. However, all operate at request granularity: they
do not detect shared prefixes across workflow instances, reorder
execution across operators, or bypass already-materialized subtrees.
Because agentic workflows instantiate the same agent templates

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 [12], SGLang [42] X o X X
Orchestration AutoGen [34], LangGraph [10] X X X o
Classic Data Sys.  Ray [18], Spark [40] o X o o
LLM Data Sys. Palimpzest [15], LOTUS [21] X X X o
Workflow Sys. AFlow [41], JellyBean [35] X X X v
Ours LUMILAKE v v v v

many times across inputs, the structural sharing from repeated
templates (Challenge 1) is entirely invisible to these systems.

Agent orchestration frameworks. AutoGen [34], LangGraph [10],
and CrewAl [9] provide expressive multi-agent abstractions, in-
cluding support for composing agent operations into DAGs, but
treat every model invocation as a black-box user-defined function
(UDF) dispatched to an external serving endpoint. They perform
no cross-query optimization (C1), have no visibility into KV-cache
state (C2), and provide no built-in provenance beyond conversation
logs. Multi-tenancy, i.e., batching and deduplicating across concur-
rent users, must be retrofitted externally. Critically, while these
frameworks define templated agent patterns (e.g., debate rounds,
reflection loops), they do not optimize across template instances.

Classic data systems. Ray [18] and Kubernetes-based orchestrators
provide resource management and fault tolerance for heteroge-
neous clusters, making them the de facto baseline for deploying
ML workloads on the fragmented, commodity hardware typical of
research groups (Challenge 2). However, they lack semantic aware-
ness of LLM workloads: they do not consolidate equivalent agent
operations across users or track semantic provenance across the
two-level template hierarchy.

LLM-integrated (semantic) data systems. Palimpzest [15] explores
model selection and operator reordering across cost-quality-latency
trade-offs. LOTUS [21] formalizes semantic operators with accuracy
guarantees. DocETL [27] uses agent-based rewrites for document
pipelines. Abacus [25] adds Cascades-style cost-based optimization
to Palimpzest. These systems advance declarative optimization
for tabular or document-level operations, but target flat operator
pipelines rather than the compositional, two-level DAGs of agentic
workflows; they do not address multi-step reasoning chains with
templated subagent interactions, multimodal operators, or stateful
KV dependencies spanning operator boundaries.

Workflow systems. AFlow [41] uses MCTS to discover operator
compositions; JellyBean [35] optimizes ML workflows over a hybrid
cloud via cost-based query optimization. These systems improve
the logical plan by choosing which ML models or agent templates
to compose and how, but delegate execution to black-box backends
with no cross-query batching, KV-cache coordination, or built-in
provenance. LUMILAKE is complementary; it takes a given workflow
DAG and optimizes its physical execution, exploiting the template
structure for prefix consolidation and cross-instance deduplication.
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Figure 3: LUMILAKE system architecture.

Our prior work on optimizing agentic workflows. Helium [32]
models an agentic workflow as a query-plan DAG and optimizes
LLM serving via logical rewrites, proactive caching, and cache-
aware scheduling; its greedy DFS scales linearly but assumes all
nodes share one base LLM. Halo [28] removes this constraint via
epoch-based dynamic programming over heterogeneous CPU/GPU
operators. These systems pair one workflow template with one
user’s input batch. In practice, multiple users submit different tem-
plates concurrently to a shared cluster; this is the norm at uni-
versities where researchers across domains share the same GPUs.
FlowMesh [29] proposes a multi-tenant service fabric that oppor-
tunistically deduplicates tasks across concurrent users. LUMILAKE
extends FlowMesh to a multi-tenant, multi-template setting. The
opportunity is substantial even when templates differ: in our de-
ployment, workflows from different groups still share base LLMs
and large system-prompt fragments, creating cross-job prefix and
weight reuse that single-tenant optimizers miss. Our experiments
(Section 4.4) confirm benefits from cross-tenant deduplication alone.

3 SYSTEM DESIGN

LUMILAKE is an agentic data analytics engine built upon a data
lakehouse [1], combining structured databases and object storage.
Each submitted job consists of a workflow defined in N8N JSON [31],
an input specified as either a literal string list or a location in the
lakehouse, and an output location in the lakehouse. As shown
in Figure 3, LUMILAKE is modular and consists of six components:

(1) Workflow Parser: parses incoming jobs, checks against guardrails,
and sends validated jobs to the job manager.

(2) Job Manager: manages job queues, selects pending jobs to form
a batch to dispatch, and assigns them to specific workers.

(3) Query Optimizer: optimizes the workflow DAG of the batch,
and generates a plan that maximizes resource reuse.

(4) Runtime Processor (Orchestrator + Executor): executes the
optimized workflow following the generated schedule on the
given hardware, while storing metadata for governance.

(5) Governance Layer: stores metadata for data and execution
traces, used for access control and auditing.

@ Storage: contains all structured and unstructured data, includ-
ing governance metadata.

Running example. Throughout this section, we use a simplified
variant of the Q2-Trading workflow (Section 2.1), shown in Figure 4.
The seven-node DAG takes a stock symbol via placeholder { symbol}
and produces a Buy/Sell/Hold recommendation: Node 1 issues a

SQL query over news_metadata; Node 2 fetches snapshot images
from S3; Nodes 3—4 are parallel VLM agents for market-structure
and momentum analysis; Nodes 5-7 are sequential LLM agents for
importance rating, synthesis, and recommendation. A user submits
three inputs (AAPL, NVDA, TSLA) with output at s3.

In a multi-tenant scenario, a second user may concurrently sub-
mit a different workflow over overlapping symbols; LUMILAKE
batches and deduplicates shared retrieval and prefix computations
(Section 4.4). As shown in Figure 4, workflow B (Q1-Social) shares
the same S3 and VLM prefix as workflow A, so LUMILAKE reuses the
intermediate results and only executes the divergent LLM nodes.

[ 3. SIQL ]/[ 4. VLM ]\[ 5. L:LM] Workflow A
(13 }{=2 \ILM }{6. v }—{ 7. 1M |

Workflow B [ 3. LLM ]—>[ 4. LLM ]

Figure 4: Running example for financial analysis workflow.

Scope and Limitations. LUMILAKE targets template-based agen-
tic workflows whose top-level DAG and per-node sub-DAGs are
fully specified before execution, enabling the optimizer to inspect,
rewrite, and schedule the entire operator graph ahead of time. This
covers the dominant pattern in Al4Science, where workflows are
authored once by domain experts and instantiated over many in-
puts (patient records, spectra, stock symbols, etc.). LUMILAKE does
not support dynamically generated DAGs in which agents decide
at runtime which sub-operations to spawn (e.g., adaptive tool-use
agents); this would require online re-optimization, left to future
work. All data is assumed to reside in or be accessible through the
lakehouse; external API calls are modeled as opaque CPU operators
with profiled latency but are excluded for prefix optimization.

3.1 Workflow Parser

The frontend exposes a low-code interface for defining and submit-
ting workloads. A workload consists of three parts: (1) a workflow
template defined via our N8N-based visual editor or as a JSON
file, (2) an input that binds each placeholder in the template to
a lakehouse path or a literal string list, and (3) an output loca-
tion in the lakehouse. Figure 1 shows an example: the template
contains seven agent operations with curly-brace placeholders
(e.g., {symbol}); the input binds symbol to a list of stock tickers
read from s3://.../stock_list.txt; the output is written to
s3://.../financial-suggestion/. Users may also assign a pri-
ority to each workload, which influences scheduling order.

Upon receiving a job, the parser aggregates all data-access nodes
in the workflow and checks that the submitting user has the re-
quired permissions via the governance layer (Section 3.5).

3.2 Job Manager
The job manager maintains a pool of queued jobs and a pool of CPU
and GPU workers, and controls batch construction and dispatch.

Input slicing. Workers are partitioned into groups at setup time,
each group serving as the unit for job dispatch. Upon ingestion, a
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Figure 5: Intermediate graphs by the query optimizer for our
running example. E, V’, and T represent the embedding, VLM
reasoning, and LLM text generation nodes, respectively.

job’s input is split along the input dimension, e.g., 160 stock symbols
are divided into slices of 1 each, while the workflow DAG remains
intact for every slice. Each slice becomes an independent scheduling
unit. This design has two benefits: (i) slices have roughly uniform
cost, preventing head-of-line blocking from a single large job; and
(ii) lightweight jobs consume fewer workers, enabling elasticity.

Priority queues. Pending job slices are maintained in per-priority,
per-user queues. Each scheduling cycle draws a configured quantum
from each priority level (higher priorities receive larger quanta) to
form a candidate pool. Within each level, round-robin over user sub-
queues prevents any single user from monopolizing a priority lane.
To avoid starvation, each job carries a miss counter that increments
whenever it is considered but not selected; once the counter exceeds
a threshold N, the job is pinned into the next batch.

Clustering-based batch selection. From the candidate pool, the man-
ager selects a batch of size B that maximizes intra-batch affinity—
promoting downstream prefix deduplication and reducing the num-
ber of distinct model weights that must be co-resident. For work-
flows i, j, affinity is measured by D(i, j) = 1 — (& Smodel + B Sdata +
¥ Ssize) With a+p+y = 1, where Spogel = |M; N M;|/|M; U M;| is the
Jaccard similarity over model-identifier sets, Sqata = |T; N T;|/|T; U
Tj| over normalized system-prompt sets, and Sgze = 1 — |N; —
Nj|/max(Nj, N;) penalizes mismatched graph sizes. We set « = 0.7,
B =0.2, y = 0.1 to prioritize model reuse.

Given these distances, LUMILAKE runs agglomerative hierarchical
clustering (average linkage) over the candidates. After each merge,
a cluster is eligible only if it contains all starved jobs and has size
>B. For eligible clusters larger than B, we greedily select a B-subset
by seeding with the starved set and iteratively adding the nearest
workflow. The globally best subset, minimizing average intra-batch
distance, is emitted. In the running example, with batch size 2, the
first two input slices (AAPL and NVDA) are selected.

3.3 Query Optimizer
The selected batch is sent to the query optimizer, which (1) rewrites

the batch of workflow graphs into a single optimized graph and
(2) generates an execution schedule maximizing resource reuse.

Graph Rewriting. The optimizer first aggregates slices from the
same job (they share identical dataflow and benefit from batched
execution), then applies three semantics-preserving rewrites to the
merged DAG:

Rule 1: VLM splitting. Each VLM node is decomposed into an image-
embedding node and a VLM-reasoning node with the embedding as
input. This exposes the embedding computation for deduplication:

when multiple agents analyze the same image, the embedding nodes
are identical and can be deduplicated by Rule 3.

Rule 2: Node absorption. Lightweight formatting and code-execution
nodes that perform no GPU computation are absorbed into their
immediate successors by prepending the formatting logic to the
successor’s input specification. This reduces the node count and
simplifies the DAG without affecting semantics.

Rule 3: Subgraph deduplication. We compute a structural signature
for each node by normalizing its operator specification (backend,
model, data template, inference parameters) and recursively includ-
ing the signatures of its parents. Nodes with identical signatures
within and across jobs are merged; their downstream dependents
are rewired to the single canonical copy.

In the running example, Rule 1 splits each VLM node into an
embedding and a reasoning node; Rule 3 then merges the two
identical embedding nodes into one shared copy, producing the
optimized graph in Figure 5a.

Scheduling Objective is defined as follows.

Definition 1 (Agentic Workflow DAG). An agentic workflow DAG
is a directed acyclic graph G = (V, E) where each node v € V is
annotated with an operator type

7(v) € {Text, EMBED, VLM, Drrr, DB, S3}

and an optional model identifier m(v). The vertex set is partitioned
into GPU operators Vgpy = {0 | 7(v) € {TexT, EMBED, VLM, DIFF}}
and CPU operators Vepy = V' \ Vgpy. An edge (u,0) € E denotes a
data dependency: v cannot execute until u completes.

Definition 2 (Worker Pool). A worker pool is a set W = Wpy U
Wepy. Each GPU worker w € Wy executes GPU operators; each
CPU worker w € Wy executes CPU operators. A node v must be
assigned to a worker of the matching type: v € Vipy & 7(0) € Wepy
and likewise for CPU. Each GPU worker maintains mutable state
(myy, v4y)—the currently loaded model and the last executed node—
which determines model-switching and KV-cache reuse costs.

Problem 1 (Heterogeneous DAG Scheduling (HDS)). Given a work-
flow DAG G = (V, E) and a worker pool W, find a worker assign-
ment 7: V — W respecting operator types and an execution or-
dering that respects all data dependencies, minimizing a weighted
combination of GPU makespan, total GPU load, and CPU load.

THEOREM 1 (NP-HARDNESS). The Heterogeneous DAG Scheduling
problem (Problem 1) is NP-hard.

Proor. To show that HDS is NP-hard in general, we only need
to prove that a special case—a single operator type, a single model,
two identical GPU workers, and independent nodes (no edges)—is
NP-hard, for which we reduce from MULTIPROCESSOR SCHEDULING
(m > 2 machines) [4]. Given n jobs with processing times py, ..., pn
and two identical machines, construct an HDS instance with G =
(V, ) of n independent TEXT nodes (same model, cost p;) and
|[Wepy| = 2. With no CPU nodes and only two identical GPU workers,
the scheduling objective reduces to minimizing the maximum load
across the two workers, i.e., max(L;, Ly)—exactly the two-machine
makespan in MULTIPROCESSOR SCHEDULING. m]

Since HDS is intractable, we introduce two reasonable assump-
tions that reduce the search space. The first assumption follows
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from a common practice also adopted in Halo [28], which discretizes
the search space into epochs.

Assumption 1 (Epoch-based scheduling). Rather than optimizing
over continuous start times, we partition execution into discrete
epochs: a partition of V into ordered groups o = (Ej, ..., Er) such
that for every edge (u,v) € E, u is not assigned to a later epoch
than v. Within each epoch, all assigned nodes execute concurrently
on their respective workers.

With this assumption, the search space is parameterized by a
3-tuple (o, 7, p): the epoch partition o, the worker assignment r,
and the per-worker execution order p within each epoch (which
determines KV-cache reuse).

The second assumption constrains how contracted components
are scheduled:

Assumption 2 (Atomic component execution). Each contracted
homogeneous component executes in a dedicated epoch: its nodes
are distributed across all available GPU workers, and no other GPU
nodes share that epoch.

It is reasonable because grouping nodes that share the same base
LLM maximizes the chance of resource reuse across nodes.

Cost Model. Under Assumption 1, the total schedule cost is:

T
Clomp)=).| P+ max Ly(E)
=1 —— weWepy
epoch penalty i
GPU makespan
)
+wy - Z Lyw(Er) + Wepy - Z Lyw(Er) ],
we Wgpy weWepy
GPU total load CPU load

where L,,(E;) is the execution load on worker w in epoch ¢ (defined
below), P(t) =1 + 0.1 - ¢ is an increasing epoch penalty, and Wy,
ws, Wepy balance GPU makespan, total GPU load, and CPU overlap
(weight choices in Section A).

The per-worker load L., (E;) aggregates operator execution cost,
model initialization overhead, and a KV-cache reuse bonus:

Lu(E) = D, [#0.W) Coo)(0) + G0, )] (2)
veE;: m(v)=w

Cr(v) (0) is the estimated execution time of node v, linear in model
size |m(v)| and input count b (the number of inputs routed to node
0): Cr(0) (0) = ar - [m(v)| + B - b, with per-class coefficients for text,
embedding, VLM, and diffusion.

Cinit (v, w) is the overhead of loading model weights onto worker
w:

%/1 -|m(v)|, cold start (no prior model),
Cinit (v, w) = {0,
A+ m(v)],

m,, = m(v) (reusing resident model),
full model switch,
®3)

where A is the per-billion-parameter load coefficient. Cold starts
pay half because no eviction is needed.

(v, w) is the KV-cache reuse bonus: 0.9 when the last node on
worker w is a parent of v (the child reuses the parent’s cached
key-value state), and 1.0 otherwise.

Algorithm 1 Hybrid Helium + Halo Scheduling

Require: Rewritten DAG G = (V, E), worker pool W
Ensure: Schedule (o, 7, p)

Phase 1: Helium scheduling with cycle-safe contraction

1: C « same-model, text-only connected components of G

2: Remove components below size/path threshold

3. Split any C € C that would create a cycle upon contraction

4: for each surviving component C do

5 orderc < HeLrum(C) > [32]
6: Contract C into super-node d¢; remap external edges

7. end for

8

. Build contracted graph G

Phase 2: Halo DP on contracted graph
9. (6, %) « Haro(G, W) > [28]

Phase 3: Schedule expansion
10: for each super-node 9¢ in 6 do
11: Expand d¢ into orderc; shard across GPU workers
12: end for
13: return merged schedule (o, 7, p)

For CPU workers, Cipit and p do not apply (no model load-
ing, no KV-cache), so L., reduces to ), C;(y)(v). For DB nodes,
Cos(0) =¥ * Cexplain(0), Where Cexplain (0) is the base cost from Post-
greSQL EXPLAIN [28] and y € [0.5,1.0] discounts for data reuse
when queries in the same epoch access overlapping tables. Each
query carries a data-access footprint mapping table names to ac-
cess weights; y decreases with the weighted overlap ratio between
footprints. For S3 nodes, Cs3(v) = cf - ny + ¢; - s, where ny is the
number of objects fetched and s; the total transfer size. Concrete
coefficient values appear in Section A.

Hybrid Scheduling Algorithm. The rewritten graph may contain
30-50 nodes with heterogeneous operator types. Helium [32] scales
linearly via greedy DFS over a templated radix tree but assumes all
nodes share one base LLM. Halo [28] co-schedules heterogeneous
CPU/GPU operators via dynamic programming but is exponential
in graph size and struggles beyond ~20 nodes. Our key observation
is that multimodal agentic workflows still contain large homo-
geneous subgraphs (all text-generation nodes sharing one LLM),
with heterogeneous operators appearing mainly at DAG bound-
aries. Based on this observation, we propose a hybrid scheduling
algorithm that combines Helium and Halo to get the best of both
worlds. The algorithm proceeds in three phases and is summarized
in Algorithm 1.

Phase 1: Helium scheduling with cycle-safe contraction. We iden-
tify connected components of same-model, text-only LLM nodes;
components below a size threshold are left uncontracted. Before
contracting, we check cycle safety: contracting a region is valid
only if no external node has both an incoming and outgoing de-
pendency on it (see Figure 6b for an example of a cycle that would
arise otherwise). Any violating component is split at the ancestor
boundary and re-partitioned. In this way, we can avoid the cycle
issue, as formally proved in Theorem 2.
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THEOREM 2 (CONTRACTION SAFETY). The cycle-avoidance proce-
dure guarantees that the contracted graph G is a valid DAG.

PROOF. Suppose for contradiction that G contains a cycle. Since
G is acyclic, the cycle must pass through at least one super-node ¢,
so there exist external nodes u, w ¢ C withu — d¢ — w and a path
from w to u in G. Expanding d¢, the edge u — dc becomes u — v’
for some v’ € C, and 60 — w becomes w — w for some w’ € C.
Combined with the path from w to u, the external node u has both
an ancestor w’ € C (viaw’ — w — --+ — u) and a descendant
v’ € C (viau — ¢’). This is exactly the condition detected and split
above. Contradiction. O

We then apply Helium [32] to each surviving component to ob-
tain a cache-aware execution order. Each component is contracted
into a super-node dc whose cost encapsulates the Helium-scheduled
internal execution:

k
Csuper(ﬁc) = Z i+ Crexr(ni) + M - Cinit(n1, w), 4
i=1
where M = |Wgpyl, pti = 0.9 when the preceding node in the Helium
order is a parent of n; (reflecting KV-cache reuse) and 1.0 otherwise,
and Cipit (n1, w) is the per-worker model initialization cost (identical
across workers since all load model m(C); n; triggers the load).
Dependencies are remapped so that edges to members of C now
target dc.
Phase 2: Halo DP on contracted graph. The contracted graph typically
has 5-15 nodes, small enough for Halo’s exact DP solver [28]. Halo
produces an optimal epoch-based schedule and worker assignment
for this graph.

Phase 3: Schedule expansion. Each super-node in the DP schedule
is replaced by its Helium-ordered members, sharded across eligi-
ble GPU workers. Cross-node dependencies are preserved in the
merged schedule.

In the running example, the three sequential LLM nodes are
contracted into one super-node; the retrieval, embedding, and VLM
nodes remain explicit (Figure 5b), yielding the schedule in Figure 6a.
Optimality Analysis. The hybrid optimizer provides per-level
optimality guarantees. Within each contracted region, Helium’s
DFS over the templated radix tree maximizes shared prefix length
between consecutive nodes, achieving optimal cache reuse for tree-
structured workflows [32]. At the inter-region level, Halo’s DP
exhaustively explores frontier subsets and worker placements, pro-
ducing an optimal schedule for the contracted graph under its cost
model [28]. By partitioning the problem at homogeneous-region
boundaries, the hybrid approach extends the reach of both solvers:
Helium operates within its optimal regime on arbitrarily large
single-model subgraphs, while Halo handles the remaining het-
erogeneous structure at a scale its DP can solve exactly, enabling
end-to-end optimization of 50+ node DAGs with <2% overhead
(§4.5), well beyond either optimizer’s standalone capacity. The for-
mal proof of the optimality of the schedule generated by our hybrid
optimizer under Assumptions 1 and 2 can be found in Section A.2.
Complexity Analysis. Let the original graph be (V, E) with N, =
[{m(v)|o € V}| distinct models and N; = |[{v € V|r(v) = TEXT}|
text generation nodes. Similarly, let the contracted DAG be (V, E)
with Ny, = [{m(v)|o € V}| distinct models. Let M = |Wypy| be the

151 ty t3 1y ts Before

()
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LLM T(A—B—C)
X3

GPU1 VLM @

(a) Schedule of the running example.

(b) Contraction cycle.

Figure 6: Left: The schedule of the contracted example graph
on a worker group with one CPU and two GPU workers.
Right: A, B, C are LLM nodes (teal) sharing the same base
LLM; D is a VLM node (orange). Contracting A, B, C into a
super-node T createsacycleT — D — T.

number of GPU workers available. Phase 1 builds the templated
radix tree in O(|V| + |E| + N; - L) where L is the maximum prompt
length, then runs Helium’s cache-aware scheduling in O(|Viy| -
3 + |E’| - d) where |Viy| is the number of internal TRT nodes,
Cmax the maximum branching factor, |E’| the dependency edges,
and d the TRT depth (Theorem B.1 in [32]). Phase 2 runs Halo’s
DP [28] in O(2!V! - (N, [V)™). Phase 3 expands in O(|V]). The
overall complexity is therefore
O(IVI+ [El + Ny - L+ [Vin| - 2 +1E| -d + 2IV1 - (N, VM),

max

For a fully homogeneous workflow ([V| = 1, N, = 1), the Halo
term vanishes and the costis O(|V| + |E| + N; - L + |Vint| - €3y +
|E’| - d), identical to Helium’s standalone complexity. For a fully
heterogeneous workflow (V| = |V|, N,y = N,), no contraction

occurs (|Vint| = |E’| = 0) and it recovers Halo’s O(2IV! - (N,,,|V])M).

3.4 Runtime Processor

The runtime comprises an orchestrator and an executor and is
built on FlowMesh [29], extending scheduling hints and additional
operator support.

Orchestrator. LUMILAKE passes the optimizer’s output to FlowMesh
as two hints: a hard task-to-worker assignment (pinning each task
to a specific worker) and a soft per-worker execution order (used asa
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.

Executor. We extend FlowMesh’s executor pool beyond LLM in-
ference to include: SQL and S3 data retrieval from the lakehouse,
image embedding and VLM understanding, diffusion-based image
generation, and data profiling (collecting cost estimates for the op-
timizer). Splitting image embedding from VLM reasoning enables
deduplication when multiple agents analyze the same image.

3.5 Governance Layer

Agentic workflows compose many autonomous steps, each with
its own model, prompt, and intermediate output. Auditing a final
result, therefore, requires end-to-end semantic provenance across
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all agent and subagent operations—a requirement absent from tra-
ditional data systems, where lineage serves fault tolerance rather
than attribution. LUMILAKE’s governance layer addresses this by
recording provenance as a by-product of execution rather than as
a separate post-hoc system. The layer is backed by an in-memory
DuckDB [24] instance (periodically checkpointed to the lakehouse)
and provides two services:

Access control and versioning. Role-based access control maps users
to roles and roles to per-table permission IDs via a bridge table;
the workflow parser checks these permissions before admitting a
job (Section 3.1). Row-level versioning is maintained via a version
column on every structured table; unstructured objects in MinIO
are versioned by the storage service itself.

Execution traces. Every executor reads upstream results from the
governance layer, records timestamped events during execution
(model initialization, generation start/end, intermediate outputs),
and writes final results back. These traces enable two kinds of au-
diting: (i) semantic: reconstructing which inputs, prompts, model
versions, and intermediate outputs contributed to a given result;
and (ii) performance: extracting critical-path latency, per-stage pro-
cessing time, and networking overhead. In the running example, the
user can trace exactly which news articles were retrieved, how each
VLM agent interpreted them, and which LLM version produced the
final recommendation, or diagnose a latency bottleneck.

3.6 Storage

LUMILAKE stores all data in a lakehouse combining a relational data-
base (PostgreSQL or TimescaleDB) and an object storage (MinIO
or S3), partitioned into public read-only data (subject to per-user
permissions) and private per-user storage with read-write access.
Governance metadata (permission tables, execution traces) is hid-
den from all users. During execution, LUMILAKE polls task status to
synchronize fine-grained progress. Completed results are fetched
from FlowMesh, traces are collected from the governance layer,
and outputs are written to the user-specified lakehouse location for
downstream analytics.

4 EVALUATION
We investigate the following aspects to justify LUMILAKE's efficacy:

RQ1. LumiLakE outperforms off-the-shelf solutions across different
agentic analytics workloads and hardware generations.

RQ2. LuMmrLAaKE effectively scales across workflow and data sizes.

RQ3. LumiLakE schedules multi-tenant workloads according to
their priority while exploiting overlapping opportunities.

RQ4. LUMILAKE’s query optimization and governance layer intro-
duce low overhead.

RQ5. The governance layer provides actionable execution traces
for performance diagnosis.

Experiment setup. LUMILAKE is deployed at the National Univer-
sity of Singapore in collaboration with domain experts in finance,
clinical medicine, and materials science.

e Resources. A setup representative of a university research group:
four local NVIDIA H200 GPUs, with up to eight on-demand
NVIDIA RTX 5090 GPUs from a cloud marketplace.

—— Q1-Social —— Q3-ImageGen

Q2-Trading —— Q4-Summary
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Figure 7: End-to-end time for AI4Finance workloads across
data scales and GPU counts. Solid: LuMmiLAKE; dashed: Ray.

e Workloads. The six workflows Q1-Q6 described in Section 2.1: four
Al4Finance workflows (text-only analysis, multimodal analysis,
image generation, ETL) and two Al4Science workflows (clinical
decision support, materials spectroscopy).

o Datasets. For Al4Finance workloads, we prepare three data splits
of 1 GB (small), 10 GB (medium), and 100 GB (large); structured
tables occupy one-third of each split, with the remainder con-
sisting of raw HTML files and market snapshot images. Data
size primarily affects SQL query performance. For healthcare,
we collect reports for 320 patients from the NHANES 2017-2020
Pre-pandemic Data Files [19]. For materials science, we use up
to 160 variant spectra from [13].

e Baseline. We compare with Ray [18], a widely used distributed
ML framework. Each workflow is mapped to a Ray Data pipeline:
LLM/VLM operators run as Ray Actor pools with one GPU per
actor and vLLM [12] as the inference backend; CPU operators use
standard map/map_batches transforms. A stage planner topolog-
ically sorts the DAG and schedules GPU-intensive stages within
a configurable GPU budget.

e Metrics. End-to-end wall-clock time (lower is better) for all ex-
periments; job progress over time for multi-tenant case studies;
percentage overhead for optimization and governance.

4.1 End-to-end Performance

AI4Finance workloads Q1-4 (Figure 7). For the ETL workflow
we sample 800, 1600, and 3200 news HTML files (batches of 100);
the other three workflows process 160 stock symbols (batches of
10). We vary the number of H200 GPUs from one to four. With a
single GPU, Ray is competitive on some workloads because contin-
uous batching via vVLLM streams all inputs concurrently, yielding a
larger effective batch size and higher per-operator GPU utilization.
LUMILAKE partitions inputs into smaller batches for cross-node
scheduling, which reduces per-operator batch size on one GPU.
However, as GPUs increase, LUMILAKE’s schedule-driven batching
enables better reuse of model weights and KV-cache prefixes across
nodes within each worker; with four GPUs, LUMILAKE outperforms
Ray on all four workloads, averaging 1.7 speedup (up to 2.2X).

AI4Science workloads Q5-6 (Figure 8). We run the healthcare
workflow over 80, 160, and 320 patients, and the materials workflow
over 40, 80, and 160 spectra (batches of 10 in both cases). Lumi-
LAKE scales linearly with GPU count for both workloads, and the
advantage over Ray grows with available compute, averaging 2.2x
speedup (up to 3.8%) on four H200s. With four H200s, LUMILAKE
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Figure 8: End-to-end time for AI4Science workloads across
data scales and H200 GPU counts.
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Figure 9: End-to-end time for AI4Finance workloads on
RTX 5090 GPUs.

Table 2: Optimizer ablation on workflows of various sizes.

10-node 18-node 50-node
# Runtime Nodes 16 24 80
End-to-end Time (Halo)  49.4 min - -
End-to-end Time (Ours) 629min  79.2min  168.6 min

diagnoses over 300 patients or analyzes 100 spectra within one
hour—demonstrating that complex, high-quality agentic analyses
are practical on modest hardware.

Alternative hardware (Figure 9). We repeat the financial work-
load experiments on up to eight NVIDIA RTX 5090 GPUs from a
cloud marketplace. The scaling pattern mirrors the H200 results.
Variance is higher because different GPU counts are provisioned on
different cloud instances, which differ slightly in CPU performance,
network speed, and GPU throughput. We don’t run the Ray baseline
on RTX 5090s due to budget constraints.

4.2 Optimizer Ablation

To demonstrate the necessity of graph contraction for scaling Halo
to large workflows, we compare our hybrid optimizer against Halo
on variants of Q2-Trading with different sizes (Table 2). Although
Halo produces a better schedule on the small 10-node graph, the DP
solver fails to exhaust the search space within the 30-minute timeout
on larger variants which contain more than 20 runtime nodes. In
contrast, our hybrid optimizer keeps the total optimizer overhead
at ~1.4 s per batch across all variants by contracting homogeneous
regions and applying Halo to the contracted graph, trading a modest
optimality gap for better scalability.
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Figure 10: Left and Mid: End-to-end time and per-batch exe-
cution time vs. batch sizes on Q2-Trading (2xH200, medium).
Right: End-to-end time vs. workflow sizes (GPU nodes).
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Figure 11: Multi-tenant progress on 2xH200. Left: priority
scheduling (medium vs. low). Right: cross-job merging,.

4.3 Scalability and Sensitivity Analysis

Batch size (Figure 10 Left and Mid). We vary the batch size
from 1 to 160 on Q2-Trading with 160 inputs, two H200s, and the
medium data split. Smaller batches yield lower per-batch latency
but higher end-to-end time because cross-input reuse is limited.
As batch size grows, the optimizer can consolidate shared prefixes
and deduplicate retrieval across more inputs per batch, sharply
reducing end-to-end time: batch size 10 takes 79.2 min (6.0x faster
than batch size 1), and batch size 40 takes 32.0 min (14.8X). However,
per-batch execution time rises from 5.9 min to 16.0 min over this
range as each batch contains more work. Note that with two H200s,
LUMILAKE can process two batches concurrently. At a batch size of
160, all inputs are processed in a single batch, leaving one GPU idle
and yielding a worse end-to-end time than a batch size of 80.

Workflow size (Figure 10 Right). We construct variants of the
Q2-Trading workflow with 10, 18 (original), 30, and 50 LLM nodes
by varying the number of debate rounds, and run each on two
H200s with the medium data split. LUMILAKE scales linearly with
node count, confirming that the hybrid optimizer remains efficient
as workflows grow.

4.4 Multi-tenant Case Studies

Priority scheduling and starvation avoidance (Figure 11, left).
Two users submit a medium-priority Q2-Trading job and a low-
priority Q4-Summary job concurrently. Both jobs make progress
from the start, but the medium-priority job advances significantly
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Figure 12: Per-workload overhead breakdown: execution, op-
timization, and governance time (two H200s, medium split).

faster. Once it completes, the ETL job accelerates to finish, con-
firming that LUMILAKE respects priorities, avoids starvation, and
elastically reallocates freed resources.

Cross-job merging (Figure 11, right). Two users submit high-
priority jobs over the same 160 stock symbols with overlapping
workflows: Q1-Social and Q2-Trading-Text (a text-only variant
of Q2-Trading that shares the data-retrieval stage with Q1-Social).
As a baseline, we run each workload sequentially with a batch size
of 10 (dashed lines); items from only one job appear per batch, so the
optimizer cannot deduplicate shared stages. Sequential execution
totals 126.5 minutes. When submitted concurrently with batch size
20, LumiLAkE deduplicates shared retrieval and analysis stages
across the two workflows and completes both in 92.3 mins (1.37X%).

4.5 Overhead Analysis

We measure the overhead of query optimization and governance on
the medium data split with two H200s (Figure 12). Across all four
financial workloads, the combined overhead is below 2% of end-to-
end time, confirming that LUMILAKE’s optimization and provenance
tracking are inexpensive relative to the end cost of the workflows.

Table 3: Critical-path breakdown of one Q2-Trading batch (10
inputs, 2xH200, medium). 15/24 tasks lie on the critical path.

LLM gen. Model init. Queue Preproc. Comm. ‘ Cri. path

sec 275.0 110.3 85.4 61.6 39.0
% 48 19 15 11 7

571.3
100

4.6 Execution Trace Analysis

We examine the execution trace of a single Q2-Trading batch (Ta-
ble 3). The governance layer records 1,210 timestamped events
across 24 tasks and 265 data dependencies without user instru-
mentation. Of the 24 tasks, 15 lie on the critical path (571.3 s); the
remaining 9 (SQL and S3 retrievals) execute on the CPU worker in
parallel with GPU inference. LLM generation and model initializa-
tion account for 67% of the critical path, validating the optimizer’s
focus on KV-cache reuse and reducing model switches.
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5 RELATED WORK

Section 2 positioned LUMILAKE against LLM inference engines,
orchestration frameworks, classic and semantic data systems, and
workflow optimizers. We discuss four additional themes below.

Shared computation and prefix optimization. SGLang’s Radix-
Attention [42] organizes cached prefixes in a radix tree so that
requests sharing a common prefix automatically reuse stored KV
states. Prompt Cache [6] generalizes this by pre-computing atten-
tion states for reusable prompt modules, and CacheBlend [37] goes
further by blending pre-computed and fresh KV states for partially
overlapping contexts. The scope of reuse has grown from exact
prefixes to partial overlaps, but all of these operate within a single
serving endpoint. LUMILAKE schedules execution across an entire
workflow DAG to maximize prefix sharing across nodes, inputs,
and tenants.

Multi-tenant LLM serving. Orca [38] introduced continuous
batching so that new requests join an in-flight batch at every decod-
ing step; vLLM [12] complemented this with paged KV-cache man-
agement. At the model-placement level, AlpaServe [14] co-locates
multiple models on shared GPU clusters via statistical multiplexing,
and S-LoRA [30] serves thousands of LoRA adapters from a single
base model through unified paging of adapter weights. All of these
schedule at request granularity and cannot detect, for instance, that
two tenants’ workflows share an identical retrieval-plus-analysis
subgraph. LuMILAKE adds a workflow-aware layer that batches and
deduplicates at the DAG level (Section 4.4).

Heterogeneous DAG scheduling. Cluster schedulers have evolved
from multi-dimensional bin packing (Tetris [7]) to DAG-aware pack-
ing (Graphene [8]) to learned policies via reinforcement learning
over graph neural networks (Decima [17]). Sia [11] further adds
heterogeneity awareness, jointly optimizing placement and paral-
lelism across mixed GPU types. None of these model LLM-specific
costs such as model-switch overhead, KV-cache reuse, or prompt
structure. LUMILAKE’s hybrid scheduler fills this gap by combin-
ing cache-aware ordering within homogeneous subgraphs with
epoch-based DP over the heterogeneous remainder.

Data provenance and experiment tracking. LIMA [23] traces
lineage inside ML pipelines at dataframe, column, and cell granu-
larity, enabling deduplication of intermediate results. MLflow [39],
Weights & Biases [2], and Neptune [20] take a lighter-weight ap-
proach, logging parameters, metrics, and artifacts for model train-
ing. LLM data systems such as LOTUS [21] and Palimpzest [15] have
begun tracking semantic operator metadata. All of these cover flat
pipelines; none capture the nested provenance of agentic workflows,
where a top-level DAG triggers sub-DAGs of agent and subagent
operations. LUMILAKE records provenance at agent-step granularity
as a by-product of execution, without user instrumentation.

6 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
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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 re-
search is inherently analytics-heavy for querying databases, cross-
referencing multi-modal evidence, and iterating through expert
review; agentic workflows automate exactly these central activities.
The emerging Auto Research paradigm [26], in which agents au-
tonomously 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.

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 princi-
ples can tame the computational explosion of agentic analytics on
commodity hardware.
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A FORMAL ANALYSIS
A.1 Cost Model Coefficients

In this section, we list the concrete coefficient choices for the cost
model in Section 3.3. These can be obtained by profiling each op-
erator class on the target hardware; we fix them to representative
values in our experiments.

Objective weights. With multiple GPUs we set wWi,x = 0.93, wy =
0.07, prioritizing makespan with a small load-balancing term; with
a single GPU, wimax = 1, ws = 0. Wepy is scaled by the fraction of
CPU nodes in the workload.

Coefficient values. For GPU operators with model size |m(v)| (bil-
lions of parameters) and input count b:

Crexr (v) = ar - [m(v)| + fr - b, ®)
Cempen (0) = @z - [m(0)| + fe - b, O
Cun(0) = ay - [m(v)| + fy - b, @
Cous(v) = (ap - [m(0)| + fo - b) - 55 - 3, ®

where N is the number of diffusion steps and (H, W) the output
resolution. We use a; = 0.12's/B, S = 0.03 s/input for text inference
and ay = 0.18s/B, fy = 0.07 s/input for VLM; embedding and
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diffusion coefficients follow the same structure. For S3 retrieval,
cf =0.005s and c; = 0.02s. The model initialization coefficient is
A =0.8s/B.

A.2 Optimality Proof

Definition 3 (Component-respecting schedule). A schedule (o, 7, p)
for G is component-respecting w.r.t. contracted components C if for
every C = (ny,...,ng) € C (ordered by Helium):

(1) (Epoch dedication) All nodes of C are assigned to a single epoch
E;, and E; contains no other GPU node: E; NVgpy = {ny,...,nk}.
CPU nodes may share the epoch.

(2) (Internal order) p orders C’s nodes as (ny, . .
order.

., ng), i.e., in Helium

We write Sci for the set of all component-respecting sched-
ules, OPT = min,, ) C(0, 7, p) for the unrestricted optimum, and
OPT¢x = Min(g, 1 p)es., C(0, 7, p) for the optimum within this class.

The optimality proof relies on the optimality guarantee of He-
lium and Halo, plus two lemmas.

LeEmMA 1 (HELTUM OPTIMALITY [32]). LetS C Vypy be a connected
subgraph of same-model, text-only nodes. Among all topological or-
derings of S, the Helium order (ny, ...,n;) minimizes the internal
execution cost

k
Ls = Z[ﬂi - Crexr(ni) | + M - Cinir(ny, w),
i1

where the init term accounts for one model load per worker (ny triggers
it; subsequent nodes in S share the same model). When S is sharded
across M workers, each shard follows Helium order independently.

LemMA 2 (HALO OPTIMALITY [28]). Given a DAG G and worker

pool W, Halo’s epoch-based DP computes an optimal schedule
(6%, #*) = arg min C(6, 7).
6,77

LEMMA 3 (COMPONENT-RESPECTING OPTIMUM). Under Assump-
tion 2 and Lemma 1, for any feasible schedule (o, , p) there ex-
ists (o', 7', p’) € Scx with C(o’, 7', p") < C(o, m, p). In particular,
Opt, = OPT.

Proor. Fix a contracted component C = (ny,...,n;) € C. We
construct (¢’, 7, p”) from (o, 7, p) in two steps, each of which does
not increase the total cost. Step 1 aligns ¢’ (epoch partition); Step 2
aligns p’ (execution order). Under Assumption 2, 7’ is determined:
each component’s nodes are distributed across all GPU workers, so
7’ requires no separate alignment.

Step 1 (Epoch dedication — aligning ¢’). Suppose C’s nodes are
scattered across multiple epochs and may share those epochs with
other GPU nodes. Move all nodes of C into a single epoch E;, and
move any non-C GPU nodes out of E; into adjacent epochs. Nodes in
different components use different models or have disjoint prefixes
(u = 1.0 across components), so relocating the non-C GPU nodes
does not change their cache bonuses. Within E;, all nodes now
share model m(C), requiring only a single model load per worker.
Hence C(o’, 7', p) < C(o, 7, p).

Step 2 (Internal order — aligning p’). The nodes of C now occupy
a dedicated epoch; set p’ to the Helium order (ny,...,nt). By
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Lemma 1, Helium order minimizes the total GPU load in C’s dedi-

cated epoch:
Z LW(Et)

WEWgpy

s <D LuE)|, ©)

WwEWgpy

By Assumption 2, costs of all nodes outside C are unaffected (they
are in separate epochs). Applying Steps 1-2 to every C € C yields
(o', 7', p") € Scr with C(o’, 7', p’) < C(o, 7, p). O

LEMMA 4 (COST-PRESERVING BIJECTION). Under Assumption 2,
there exist inverse maps ¢: Sezx — S(G) and ¢: S(G) — Sep such
that C(o, 7, p) = C($(o, 7, p)) and C(8, #) = C(¥(6, #)).

Proor. Contraction ¢. Given (o, 7, p) € Scg, define (6,7) =
¢(o, 7, p) on G as follows. For uncontracted nodes, #(v) = 7(v).
For each component C € C, the super-node dc is placed in C’s
dedicated epoch. In the original schedule, C’s nodes are sharded
across all GPU workers (Assumption 2); in the contracted graph,
Halo treats 9¢ as a single unit and assigns it to one representative
worker 7 (d¢). This assignment is a bookkeeping device—Phase 3
expansion re-shards the super-node across all GPU workers, so the
choice of representative does not affect the actual cost. For an epoch
dedicated to super-node 9c, the representative worker’s load is
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Csuper (9¢); for epochs containing only uncontracted nodes, the per-
worker load follows the usual pi-C; 4 Cinit formula. By Assumption 2,
a component’s dedicated epoch contains no other GPU nodes, so
Csuper (9c) equals the total GPU load of that epoch in the original
schedule. Uncontracted terms are identical, so C(o, 7, p) = C(6, 7).

Expansion ¢. Given (6, ) on é expand each d¢ into (ny, ..., ng)
in a dedicated epoch, distributed across all GPU workers. The result
is component-respecting by construction, and by Assumption 2,
C(y(8,#)) = C(6,#).Since Y o ¢ = id and ¢ o ¥ = id, the maps are

inverses. [m}

THEOREM 3 (HYBRID OPTIMALITY). Under Assumptions 1 and 2,
the schedule (c*, *, p*) produced by Algorithm 1 is optimal:

C(o*,n*, p*) = Orr.

Proor.
OpPT = OPT¢y (Lemma 3)
= mings, 4) C(6, %) (Lemma 4)
=C(6*, %) (Lemma 2)
=C(c*, 7%, p%). (Lemma 4: / preserves cost)
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