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ABSTRACT

Unstructured database management systems (UDBMSes) leverage
machine learning to apply the relational model to modalities beyond
tables, such as documents, images and videos. Queries in a UDBMS
consist of logical operators for which the UDBMS chooses physical
implementations (e.g., different models) with the goal to optimize
both query latency and accuracy. However, many operators only
expose a coarse-grained set of implementations, forcing the UDBMS
to excessively sacrifice either accuracy or latency without middle-
ground options. For example, an entity matching operator can
either be implemented through small, specialized models or large,
general-purpose models (e.g., Large Language Models) — while the
former struggles on challenging inputs, the latter is more accurate
but incurs orders of magnitude more computation. In this work, we
aim to address this issue with model cascades, which seek to process
“easy” inputs with small models and only resort to large models
when necessary. However, cascades incur higher memory usage
and additional data transfer between GPU memory and arithmetic
units, which often slows queries compared to single models. To
address this issue, we introduce KeN, a dedicated UDBMS execution
engine that dynamically adapts its use of cascades to the query load,
and optimizes the GPU placement and invocation scheduling of the
cascade models. Compared to baselines, KEN achieves 1.7 X —3.3x
latency reductions when combining similar models for a single
operator, and 122X latency reductions when combining models
with orders of magnitude size differences in a multi-operator query.
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1 INTRODUCTION

Relational database systems have matured into indispensable tools
for managing structured data. However, most of the world’s data
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is unstructured, such as documents, images, videos, and more. To
query such data, recent work introduces unstructured database man-
agement systems (UDBMSes) that employ machine learning (ML)
models to handle a wide range of data modalities [9, 11, 12, 14, 23, 38,
39,51, 54, 59, 62, 64, 68, 69, 89]. As in relational databases, queries
to UDBMSes are composed of logical operators, each of which can
be implemented in multiple ways (for example, using different ML
models). UDBMS query optimizers choose an implementation for
each operator but, unlike in traditional systems, their choices don’t
only affect the runtime of a query but also the accuracy of the query
output. As a result, UDBMSes must navigate a trade-off between
latency and accuracy, with the optimal balance depending on the
application’s requirements.

For example, imagine a UDBMS application that lets users up-
load PDF invoices, which are then parsed to populate a structured
database. The query may involve two operators: (1) parsing the
document to extract relevant fields, and (2) matching extracted
entities (e.g., vendor names) against a reference database. For ei-
ther of the operators, the UDBMS may choose between different
general-purpose Large Language Models (LLMs). Alternatively, the
UDBMS might employ specialized models, such as GOT-OCR [383]
for parsing and AnyMatch [98] for entity matching.

In this example, state-of-the-art LLMs achieve higher accuracy
than the specialized models but are three orders of magnitude larger.
This results in an enormous gap in the size of chosable models. Such
gaps don’t only exist between models that are designed for different
use cases—like general-purpose models versus task-specific ones—
but are generally common due to the high cost of training, which
discourages developers from producing models that only slightly
vary from existing ones. Unfortunately, such disparities limit the
UDBMS’s ability to strike effective trade-offs: if a small model fails
on challenging inputs, the next viable option may be significantly
larger, forcing the system to incur substantial runtime overheads
to handle the challenging inputs with higher accuracy.

To bridge such mismatches between operator needs and imple-
mentation offerings, we introduce KEn, a UDBMS query execution
engine that exposes a fine-grained latency—-accuracy trade-off curve
to the query optimizer. KEN leverages model cascades [80], which
directly address the above problem by aiming to use small models
for easy inputs and only resorting to large models when necessary.
Specifically, cascades first process inputs with a small model which
produces both a prediction and a confidence score. If the confi-
dence exceeds a predefined threshold, the prediction is accepted as
final output; otherwise, the input is escalated to a more powerful
model for reprocessing. Through their tunable certainty thresh-
olds, cascades expose a high-resolution trade-off between accuracy
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and computational cost, effectively creating many models at main
points in the trade-off space. Furthermore, cascades can signifi-
cantly save computation over using a single model at little accuracy
degradation. The left side of Figure 1 compares different cascades of
BERT classifiers to single BERT model instances. Each sample point
represents the average number of FLOPs per sample and accuracy
over a test set of 20,000 Sentiment-140 samples. Figure 1 shows that
cascades can match the accuracy of the largest BERT model, while
spending 2.5% fewer FLOPs. However, translating these savings in
computation into lower latencies is not trivial.

While prior work has shown that cascades can improve the
performance of UDBMSes, such as Lotus [59] for classification
and NoScope [40] for video processing, they either only support
models behind pay-per-request APIs (e.g., OpenAl), or only sup-
port small models and homogeneous workloads (scanning a video).
Prior works do not leverage cascades in a more general setting,
where workloads may be dynamic (e.g., have fluctuations in request
arrival rates), and the UDBMS may query any model, including
large ones or ones that are not hosted behind pay-per-request APIs.
Such scenarios introduce several challenges which can even cause
cascades to slow queries compared to always using a large model:

Cascades incur additional data transfer. Computing a model’s
output requires the GPU to transfer the model weights and inputs
from memory to its arithmetic units. The execution engine can
batch inputs together and compute their predictions inside the
same forward pass, only requiring the model weights to be moved
once for all predictions. For small batch sizes, the data movement
takes longer than the arithmetic. As batch sizes grow, a forward
pass involves more arithmetic but only incurs slightly more data
transfer, eventually making the arithmetic the bottleneck.

When predicting a batch with a cascade, the weights of mul-
tiple models need to be transferred to the arithmetic units. As a
consequence, cascades degrade performance for small batch sizes
where memory transfers dominate the runtime. For large batch
sizes, cascades can improve performance as they save arithmetic
operations (e.g, FLOPs), as shown on the right of Figure 1, where
obtaining predictions with an example cascade takes longer than
directly using Llama-70B, even though the cascade saves FLOPs.
However, forming large batches may require the system to queue
samples — cascades therefore only improve performance when
their computational savings make up for the queuing delay.

Cascades incur a higher memory footprint. Model cascades
require multiple models to reside in GPU memory. Often, their com-
bined weights cannot fit onto a single GPU. As a result, individual
models cannot be replicated as extensively as if they were served
alone, reducing their achievable throughput. For generative LLMs,
throughput further depends on the amount of free GPU memory,
which is reduced if memory needs to be reserved for additional
model weights (§2).

In conclusion, cascades only reduce latencies in certain scenarios.
KEN introduces three mechanisms optimize the use of cascades and
account for the above limitations:

Adaptive cascade selection. User-facing systems, such as UDBM-
Ses, typically face fluctuations in query arrival rates [46, 56, 90]
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Figure 1: Left: Average FLOPs per sample versus accuracy of
BERT classifiers on Sentiment-140 [30]. Right: Runtimes of
Llama-70B and a cascade incurring 84% of its FLOPs.

(e.g., users upload PDF invoices during work hours). Different cas-
cades suit different arrival rates and KEn dynamically adapts which
cascade to use. High arrival rates allow for large batch sizes, and
KEN therefore favors FLOP-efficient cascades. For low arrival rates,
KEN prioritizes cascades with high accuracy (e.g., just using the
most expensive model, a one-model cascade).

Joint model placement. Loading models onto GPUs takes seconds
to minutes, so KEN preloads all models instead of loading them at
runtime. Cascade selection determines which models to preload
and how intensively each model is used for a given query arrival
rate. Given the load on the models, KEN optimizes how models are
replicated and parallelized across the GPU cluster.

Multi-model scheduling. Different models might be placed onto
the same GPU, which requires KEN to multiplex GPU time between
them and optimize queueing, batching, and load balancing.

While each mechanism is an optimization problem on its own, their
interdependence requires them to be co-optimized. For example, the
chosen cascades must allow for a GPU placement that meets their
throughput requirements. Similarly, the model placements must
allow for good load balancing. However, load balancing is defined
with respect to a placement, and a placement is defined with respect
to the cascade choices. To formalize the optimization and capture
its results, KEN parametrizes each mechanism and packages the
parameter configurations of all mechanisms into a gear plan.

Gear plans represent latency-accuracy trade-off points for an
operator, and the UDBMS’s query optimizer hence chooses a gear
plan for each operator. While computing the Pareto frontier of gear
plans is NP hard, Ken introduces a search algorithm that we find to
be effective in practice. Once the gear plan search is complete and
the UDBMS has selected a query plan, computing model predictions
and operating a gear plan online incurs negligible overheads.

We find that Ken achieves 1.7 X —3.3X latency reductions over
state-of-the-art baselines when combining models from the same
family for a single logical operator. Furthermore, KEN enables the
query optimizer to effectively utilize models that differ by orders
of magnitude in size, achieving 122X lower latencies than existing
baselines at comparable accuracy.

In summary, our contributions are as follows:

e We propose KeN, a UDBMS execution engine that uses model
cascades to enable fine-grained latency—accuracy trade-offs. This al-
lows UDMBSes to avoid excessive latency or accuracy degradations
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for model serving.

that arise when only faced with coarse-grained trade-off points
where none meet the precise application needs.

o Achieving low latency response times with cascades comes with
caveats, which KeNn addresses by optimizing query-aware cascade
selection, GPU placement, and invocation scheduling.

o We evaluate KEN and find that it exposes trade-offs to the UDBMS
query optimizer that outperform strong baselines by 1.7 x —3.3x
when combing similar models. When combining models with large
size gaps, KEN achieves up to 122X latency improvements over
baselines for multi-operator UDBMS queries.

2 MODEL CASCADES: PROMISES AND
PITFALLS

In this section, we overview model cascades, describing their poten-
tial to enhance UDBMSes but also the challenges to build a query
execution engine around them.

Background on model cascades. A model cascade [80] consists
of a sequence of models {my, ..., mg}, each of which consumes
the same inputs and produces similar outputs. Generally, m; is
smaller (in terms of parameters and inference time) than mj,q.
Given this sequence of models, a set of thresholds {ry,...,7x_1}
dictate how samples are conditionally forwarded for inference.
Specifically, for a given sample x, m; first produces a prediction
fi(x) and a prediction certainty 61 (x). If §1(x) exceeds 71, fi(x) is
used as the final output. Otherwise, sample x is cascaded to my,
where the inference process is repeated recursively. Many existing
approaches (e.g., the entropy of the output logits) can quantify
prediction certainty without significant inference overhead [40].

Promising properties of model cascades. Model cascades have
two properties that are promising for query execution engines.
First, cascades can significantly reduce the incurred FLOPs while
largely maintaining accuracy over a prediction task. For example,
Figure 1 (left) shows the tradeoff between FLOPs and accuracy for
different model cascades in comparison to the stand-alone models
that are used to build the cascades. The models are fine-tuned BERT
classifiers and are running on a test set of 20,000 samples from
the Sentiment-140 classification benchmark [30]. In this example, a
model cascade can match the accuracy of BERT-Base while only
using 45% of its FLOPs per prediction. We have found that the
Pareto-optimal cascades in terms of FLOP savings typically use
1-3 cascades — more models merely add FLOPs in the worst case
(when a sample needs to be cascaded until the largest model), while

sizes for BERT classifiers.
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tion of available memory.

not showing benefits by having a more fine-grained model short-
circuiting mechanism. Prior work has shown that cascades can
reduce the average FLOP count on a variety of ML tasks [16, 24,
33, 40, 60, 80, 87, 92, 97]. While some cascades in Figure 1 even
outperform BERT-Base in accuracy, this is not typical (although
similar gains have been reported in prior work [79]). Conversely,
for workloads where queries have largely uniform difficulty, multi-
model cascades do not achieve meaningful FLOP reductions and
can be unnecessarily complicated.

Second, model cascades offer a high-resolution trade-off between
FLOPs and accuracy. Instead of choosing between individual mod-
els, cascades allow to choose points on the FLOP-accuracy trade-off
curve at a finer granularity. This makes them well-suited for work-
load adaptation. In this work, we model the query load to a UDBMS
after production request traces to Azure serverless functions [67],
which are commonly used to model the query loads issued to user-
facing applications such as UDBMSes [49, 63, 95]. Figure 2 shows
an excerpt of this production workload trace. The workload shows
large short-term variations in query load which are typical for user-
facing applications [46, 56, 90]. Cascades are well-suited to adapt to
such changes because they (i) offer a trade-off point that precisely
fits the momentary query load and (ii) transitioning between cas-
cades can be as simple as varying the certainty threshold r without
changing the models.

In summary, model cascades offer great potential to reduce the
computational cost of ML inference and adapt to dynamic and vari-
able workloads. However, in real-world applications, users are more
concerned with latency and throughput than pure computational
cost (i.e., FLOPs). Thus, to leverage the promising properties of
cascades, the query execution engine must translate savings in
computation cost to lower latencies and higher throughput. In the
following, we discuss the challenges of optimizing these metrics.

Batching effects. Model inference systems typically propagate
several samples through a neural network as one batch. The run-
time for processing a batch does not increase proportionally with
the batch size, especially for small batch sizes. For example, Figure 3
shows the time taken to propagate one batch with two BERT classi-
fiers on a V100 GPU. The runtime for BERT-Tiny essentially stays
constant for all batch sizes up to 512. The reason in this particular
case is that BERT Tiny’s per-batch computational load is so low
on Sentiment-140,that system-level overheads (e.g., tokenization,
moving tokenized samples from CPU to GPU, kernel launches and
synchronization) hide GPU scaling effects. Propagating 16 samples
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Figure 5: Workflow of KEN.

through the BERT-Base only triples the runtime when compared to
propagating one sample through it.

Thus, while cascades save computation, batching effects can ac-
tually cause them to lower throughput. For example, consider a
cascade that first propagates four samples through a BERT-Tiny clas-
sifier and cascades just one sample to a BERT-Base classifier. It takes
2ms + 8ms to process the four samples, resulting in a throughput
of 400 samples per second. However, directly propagating the four
samples through BERT-Base only takes 8ms, resulting in a through-
put of 500 samples per second. The cascade therefore decreases the
throughput by 20% despite incurring 4x less computation. As we
describe in Section 4, KeN directly optimizes such effects.

Memory constraints. With the rise of larger models, GPU mem-
ory constraints become a key consideration for inference systems.
For example, the weights of a Llama 70B model occupy 140GB
of memory, requiring the model to be split across several GPUs.
Furthermore, in the case of auto-regressive LLMs, the amount of
available memory directly affects the model’s throughput: LLMs
produce an intermediate state for each request called the Key-Value
(KV) cache. The number of KV caches that can be held in memory
determines how many requests the LLM can process in parallel,
therefore directly affecting the LLM’s throughput. Figure 4 shows
the throughput of Llama-3.1 70B as a function of the memory avail-
able to store KV caches.

Because model cascades require loading multiple models into
GPU memory, some configurations may exceed available capacity.
For LLMs, even when additional models fit, loading their weights
further reduces the GPU memory available for KV caches, restrict-
ing the LLM to smaller batch sizes and potentially lowering through-
put. KEN mitigates this by selecting cascades that account for both
memory limits and their effect on LLM throughput.

3 SYSTEM OVERVIEW

KEN targets the common scenario where models are served on a pro-
visioned set of GPUs which is exclusively managed by Ken. KEN’s
workflow mirrors the current workflow of UDBMSes and therefore
allows for seamless integration. Specifically, applications that run
on UDBMSes often feature similar types of repeated queries (e.g.,
populate fields in a structured database whenever a user uploads a
PDF invoice). A UDBMS will optimize such an application by first
asking the user for a workload sample, configuring each operator in
the query (i.e., running the query optimizer), and finally processing
requests “online” according to the query plan.
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System design. The inputs to KEN are a set of models that are
relevant for executing the operator. These models must have the
same input and output formats — for example, they may belong to
the same model family (e.g., Llama models, BERT models, etc), and
the hardware that the UDBMS will use to run these models. KEn
targets a set up where a fixed number of hardware resources (e.g.,
a provisioned cluster) are allocated to it.

KEN then follows the typical workflow of a UDBMS. KEN first
searches for gear plans where a gear plan contains (i) an assignment
of cascades (including 1-model cascades) to query arrival rates, (ii)
a placement of models onto GPUs, and (iii) a scheduling policy on
how to route models to GPUs and when to trigger model invoca-
tions. KEN exposes these gear plans to the query optimizer, which
selects one. This search happens “offline” and leverages the sample
workload that is given to the UDBMS. Once the query optimizer
has chosen a gear plan and the UDBMS enters the online phase,
KEN starts serving requests according to chosen gear plan.

KEN leverages the UDBMS workflow in several ways: first, by
having access to a sample workload, KeNn searches for optimized
gear plans by evaluating them against it, effectively tailoring its
execution to the workload. Second, KEN uses the offline phase to
offload all of its decision making to minimize online overheads.
Specifically, KEN optimizes query execution by jointly deciding on:
(i) which cascade to serve under varying query loads; (ii) how to
replicate cascade models (i.e., serve the same model on different
GPUs), and parallelize them across GPUs; and (iii) how to schedule
requests (i.e., balance load across model replicas and time model
invocations to maximize batching). While a model placement (ii),
and a scheduling policy (iii) are fundamentally needed to run in-
ference, adapting the cascades to variations in query load (i) is an
optimization introduced by KEeN.

The offline phase of UDBMSes allows KEN to use slower, but more
accurate, algorithms to search this decision space. KEN parametrizes
these decisions and stores them inside a gear plan, which precisely
describes how to serve the workload online and allows KEN to
apply these optimizations with negligible overhead. Finally, by
knowing the choice of gear plan before online serving starts, KEn
can pre-load all models onto the GPUs and avoid the overheads
of loading them dynamically in response to workload changes.
These overheads would quickly become impractical as it often takes
seconds to minutes to load models but typical inference serving
workloads can fluctuate from second to second (Figure 2).

Optimization approach. Before searching for a gear plan, KEN
performs a one-off, up-front search for Pareto-optimal cascades



(FLOPs vs. accuracy) using the sampling method from [82], which
effectively solves the problem.

Given these cascades, finding optimal gear plans is NP-hard'. To
approximate the latency-accuracy Pareto frontier, KEN begins with
two anchor points: the highest-accuracy gear plan (i.e., always se-
lecting the most accurate cascade or model) and the lowest-latency
gear plan (i.e., always choosing the cheapest model). It then itera-
tively generates gear plans that approximate the frontier between
these points, greedily trading off minimal accuracy for maximum
latency reduction.

Each gear plan is built via a cost-based search that leverages the
problem’s hierarchical structure. Specifically, model placement P4
can only be optimized once a cascade assignment A is fixed (i.e., it’s
known which models are used and what throughput they require).
Similarly, a scheduling policy Sp 4 can only be determined given
both the cascade assignment and the model placement (i.e., how
many requests go to a model and which GPUs host it). Although
these decisions follow a fixed pipeline, the performance of the
earlier stages affects the outcome of the later ones.

Figure 6 illustrates this with an example where three static cas-
cades process a workload on two V100 GPUs. We measure cascade
latency under different model placements and scheduling policies,
showing that cascade design must jointly consider placement and
scheduling to assess performance. Cascade 1 uses BERT Mini and
forwards 60% of samples to BERT Medium. Cascade 2 uses BERT
Mini, forwards 30% of samples to BERT Medium, and 20% of those
to BERT Base. Cascade 3 uses BERT Mini and forwards 9% of sam-
ples directly to BERT Base. In the example, we use two V100 GPUs
and under Placement 1, all three models are replicated on both
GPUs, with samples split evenly. At high QPS, BERT Base fails to
meet throughput targets for Cascades 2 and 3, making Cascade 1
the lowest-latency option. In Placement 2, all models run on GPU 1,
while GPU 2 hosts only BERT Medium and Base. Load is balanced
across GPUs for all QPS levels. This substantially boosts BERT Base
throughput, greatly benefiting Cascades 2 and 3 but only marginally
helping Cascade 1. BERT Medium becomes a relatively significant
latency source and slightly lags behind when processing queries
at high QPS. Finally, Schedule 3 increases BERT Base batch sizes
at higher QPS, enabling it to fully meet throughput targets. BERT
Medium remains the latency bottleneck, making Cascade 1 the
slowest and Cascade 2 the second slowest.

KEN uses recursive search to jointly optimize all subproblems.
For each, it introduces a dedicated module that generates and scores
multiple candidate solutions using simulated latency and accuracy
as cost-based guidance. Specifically, the workload adapter (§4.3.1)
proposes cascade assignments; for each candidate assignment A, the
placement optimizer (§4.3.2) explores multiple model placements
Py; and for each Py, the scheduling optimizer (§4.3.2) explores
scheduling policies Sp 4. Each complete candidate gear plan—i.e.,
a combination of A, P4, and Sp 4—is simulated on the user’s sam-
ple workload to estimate accuracy and latency. Scoring is done
bottom-up: Scheduling candidates Sp 4 are scored by calling into
the simulator directly. After converging on an optimized scheduling
policy S}S, 4> the candidate placement Py is scored considering the
latency achieved by Sp 4. Finally, after converging to an optimized

!E.g., Multiple Knapsack Problem reduces to GPU placement
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placement P7, the cascade assignment A is scored by the accuracy
and latency achieved by PJ,. As shown in Section 5.6, this approach
is efficient because each submodule exploits structural properties
of its subproblem to quickly narrow down high-quality candidates.

When approximating the gear plan Pareto frontier for an opera-
tor embedded in a pipeline with further operators, KEN’s cost-based
search naturally applies. It incorporates not only the models and
load defined by the current gear plan’s cascade assignment, but
also the ones of cascade assignments of other gear plans—i.e., the
models they use, and the loads that their models face—integrating
all into the simulation. To optimize the current gear plan, the three
submodules then proceed as usual, but their cost evaluations now
account for the interactions with these fixed gear plans.

Likewise, KEN’s cost-based approach generalizes across model
types, including auto-regressive LLMs and models that require only
a single forward pass. Combined with the broad applicability of
cascades to ML tasks, KEN provides a general framework capable
of supporting a wide range of models.

System workflow. Figure 5 shows the workflow of KeN. First, the
user registers a sample workload with KEN, containing (i) a sample
query arrival trace, such as the one depicted in Figure 2, (ii) some
labeled queries that are similar to the queries to be served online,
(iii) access to the provisioned hardware for serving the requests,
and (iv) a set of models that KEN may choose to construct cascades
(e.g., BERT-Tiny, BERT-Small, BERT-Base). Given these inputs, KEN
generates several gear plans that approximate the latency-accuracy
Pareto frontier on the user’s workload in the offline phase.

After generating this approximate Pareto frontier, the user picks
the gear plan that best matches their application requirements (e.g.,
service-level objectives). The result of the offline phase is a selected
set of gear plans. As shown in Figure 5, the gear plans consist of a
cascade for different ranges of input queries per second (QPS). Each
cascade has an accompanying assignment of models to hardware
and load balancing schedule. This gear plan is fed to the online
phase for inference serving. Prior to the online phase all models in
the gear plan are loaded into GPU memory.

Pivotal workload changes. Prior work has found that model serv-
ing workloads have high repeatability from the perspective of the
serving system [49, 95]. Furthermore, users typically know the size
and domain of their business operations. Nevertheless, workloads
may pivot or some users might provide the UDBMS with an un-
representative sample workload in the offline phase. While Ken
functions under such circumstances, its gear plan will be optimized
for a different workload.

To deal with such scenarios, KEN allows to monitor system per-
formance online and swap the gear plan out if deemed necessary.



Section 5.6 shows that the offline phase runs within a couple of
minutes, which makes re-running the offline phase very practical.
Since the offline phase runs on the CPU and is significantly faster
than real-time, the UDBMS query optimizer might even decide to
run the offline phase over a moving window of the workload.

4 CONSTRUCTING THE GEAR PLAN
FRONTIER

This section describes how KEN generates gear plans that approxi-
mate the latency-accuracy Pareto frontier on a user-provided sam-
ple workload. We begin with the case of a single operator in iso-
lation. Section 4.1 defines the optimization problem. Section 4.2
outlines the iterative frontier search, where each iteration produces
one gear plan. Section 4.3 details how a gear plan is constructed.

4.1 Optimization Problem

Gear plan parametrization. Gear plans encode three decisions: (i)
which cascade to use at each request arrival rate, (ii) how to replicate
and parallelize the involved models, and (iii) how to balance load
across GPUs and schedule model invocations. While a model place-
ment (ii), and a scheduling policy (iii) are fundamentally needed
to run inference, adapting the cascades to variations in query load
(i) is an optimization introduced by KEeN. For single-forward-pass
models, each request comprises of one forward pass and QPS is
therefore measured simply by the number of arriving queries. How-
ever, for auto-regressive models, forward passes are requested by
new user queries but also by running, auto-regressive queries. In
such cases, Ken measures system load (i.e., QPS) as the number of
requested forward passes, i.e., the number of running queries and
queued queries at the time. We now describe the parametrization
of a gear plan.

(i) Ken must handle a wide range of query arrival rates, measured
in queries per second (QPS). Given a minimum rate (e.g., 0) and
maximum rate QPSyqx, KEN uniformly partitions the range into
|Q| QPS intervals. Each interval q; € Q is assigned a cascade,
parameterized by its cascade ID.

(ii) Let M be the set of models used in the selected cascades.
A model placement P specifies a set of replicas for each model.
Each replica is assigned to one or more GPUs (indicating paral-
lelization). For example: # = {R[m1], R[m2], ...}, where R[m] =
{{gpu1, gpua,...),...}. R[m] is a set because one model may have
several replicas and each element in the set is one replica.

(iii) The scheduling policy defines, for each QPS range ¢q; € Q:
(a) g}, the QPS routed to replica r under rate g;, and (b) bs], the
queue length required before invoking replica r under load g;,

Optimization problem. The overall optimization problem of the
offline phase is to approximate the latency-accuracy Pareto frontier
of gear plans. This involves finding optimized parameter combi-
nations that allow gear plans to achieve high performance while
also, collectively, spanning the latency-accuracy trade-off curve at
a high resolution. KEN targets a set up where a fixed number of
hardware resources (e.g., a provisioned cluster) is allocated to it.
This is a common scenario for running ML inference and suits KEn
as overheads from loading additional model weights are incurred
once offline, and not at runtime, e.g., as additional nodes are spun
up. In Supplementary Material B we show how KEN saves cost in
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Figure 7: KEN iteratively generates gear plans. KEN starts
from the gear plan that achieves the highest accuracy and
iteratively trades accuracy off for lower latency.

such a set up, as it allows the user to reach trade-off points in the
latency-accuracy trade-off space with fewer GPUs than baselines.

The main challenge in optimizing a gear plan is that it involves
three sub-problems — cascade assignment, model placement, and
invocation scheduling — that need to be optimized jointly, resulting
in an immense exponential search space and an NP-hard problem.
For instance, optimal model placement depends on the cascade’s
QPS allocation: a frequently-invoked, expensive model at high
QPS ranges must be replicated across GPUs to meet throughput.
Conversely, optimal cascade assignment depends on both placement
and scheduling: Figure 6 illustrates this on an example of three
BERT-Cascades whose latency is measured on a sample workload
of Sentiment-140 queries. For the initial placement and scheduling,
Cascade 1 incurs the lowest p95 latency. However, after changing
both placement and scheduling policy, Cascade 1 actually incurs
the largest latency of the three. As a result, cascades can only be
chosen and assigned with respect to a placement and scheduling
policy. The interdependence of the sub-components of a gear plan
call for an approach that optimizes them jointly.

4.2 Iterative Generation Process

The offline phase of KEN iteratively generates a set of gear plans
that approximates the latency-accuracy Pareto frontier on the user-
provided workload.

In each iteration, KEN generates a gear plan by selecting a cascade
assignment, model placement, and scheduling policy. It begins with
a Pareto-optimal assignment that maps the most accurate cascade
(e.g., most expensive model) to each QPS range, then optimizes
placement and scheduling accordingly. In subsequent iterations,
KEN proposes modifications to this assignment by replacing some
cascades with cheaper alternatives, aiming to gradually trade-off
accuracy for lower latency.

Because changes to the cascade assignment can impact the fea-
sibility of placement and scheduling, all three components must
be co-optimized (§ 4.1). KEN uses dedicated modules for each sub-
problem and greedily searches for cascade modifications that reduce
latency with minimal accuracy loss. Within each iteration that pro-
duces a new gear plan, the workload adapter performs a cost-based
search over candidate cascade assignments. For each candidate,



it re-optimizes placement and scheduling, simulates the resulting
gear plan on a sample workload, and uses the observed latency and
accuracy to guide further refinements. This process continues until
the adapter converges on a candidate, which is then selected as that
iteration’s final gear plan. It will then move on to the next iteration,
which generates the next gear plan by modifying the assignment
of the current one. This process is repeated until Ken reaches the
assignment that assigns the cheapest model to each QPS range.

Figure 7 illustrates this process: it begins with the initial cascade
assignment, optimizes placement and scheduling with respect to it,
and then enters an iterative loop where each round produces a new
gear plan by co-optimizing cascade assignment, model placement,
and scheduling policy.

Section 4.3.1 provides a detailed description of the full gear plan
generation process within one iteration, including the optimization
modules and the simulation procedure.

4.3 Workflow of a Single Iteration

We now describe how a gear plan is generated within one iteration
of the Pareto frontier search (§ 4.2). The generation process in-
volves three optimization modules: the workload adapter, placement
optimizer, and invocation scheduler.

4.3.1  Workload adapter. KEN uniformly partitions the full range
of QPS into QPS ranges Q. The workload adapter assigns a cascade
¢; € Ctoeach q; € Q, forming a mapping from QPS ranges to
cascades. The set of candidate cascades C is precomputed in a
one-time step using the method described in Section 3 and [82].

Exhaustively searching the |C el possible assignments is in-
tractable. Instead, the workload adapter picks out one of the QPS
ranges ¢; € Q and explores a new cascade assignment by replacing
the cascade c; of ¢; with the next cheaper one in C — i.e., a new
cascade ¢; € C with lower average compute cost but potentially
reduced accuracy. This change is then propagated to all higher-QPS
ranges q; > q; such that, if the current cascade of g; is more ex-
pensive than ¢, it will be replaced by c;. This enforces an invariant
where a higher-load regime is never assigned a more expensive
cascade than any lower-load one. This heuristic reflects the need
for lightweight cascades under high QPS to maintain throughput.

Note that, given the previous plan’s cascade assignment and
the set of cascades C, the choice of QPS range g; uniquely defines
the new cascade assignment (i.e., global mapping of QPS ranges to
cascades). After picking a candidate range g;, the model placement
(§ 4.3.2) and scheduling policy (§ 4.3.3) are optimized with respect
to the new cascade assignment, rendering a gear plan gp. This gear
plan gp is then simulated on a user-provided sample workload to ob-
tain its latency lat (gp) and accuracy acc(gp). The workload adapter
then computes the plan’s score as score(g) = acc(gp)/lat(gp).

The adapter evaluates all |Q| choices of g; and selects the one
yielding the highest-scoring gear plan g*. It outputs g* as the final
gear plan for the current generation iteration.

The module runs in O(|@Q|) time. Over the course of generating
the full Pareto frontier, it is invoked O(|C| - |Q|) times. This is
practical given typical values (e.g., |C| = 100, |Q| = 50). In practice,
the number of module invocations is also much lower than |C| - |Q].
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4.3.2  Placement Optimizer. Given a cascade assignment, the goal of
the placement optimizer is to find a model placement that minimizes
latency when serving the assignment. Let M = my, ..., my be the
set of models in the cascade. A placement P = p(mq),...,p(mg)
specifies, for each model m;, a set of replicas r(m;). A replica r
comprises of a set of GPUs that the model is placed on — the set can
contain several GPUs if the model is parallelized across GPUs. For
example, p1 = (g1), (g2, g3) denotes two replicas of m;: one placed
on GPU gy, the other parallelized across GPUs g2 and g3 (where g1,
g2, and g3 are GPU identifiers).

Currently, KEN’s online serving system only supports tensor par-
allelism [57] within a single node, and restricts each replica to span
1, 2, 4, or 8 GPUs. However, these are not fundamental limitations
— KEN’s optimizer can support further parallelization techniques,
combinations thereof, and multi-node placements, which becomes
evident from the algorithm below. Under the current constraints,
each model m; can be parallelized in Y1245 (2) =107 ways on a
node with 8 GPUs. When adding support for additional paralleliza-
tion techniques, these would simply be added as additional points
to this set of choosable parallelization configurations.

KEN uses beam search to find a low-latency placement ¥ for the
user-provided sample workload. Each beam candidate is a place-
ment, and placements are expanded by adding replicas. The search
begins by sampling a set of initial placements, each containing
exactly one replica per model m; € M.

When expanding a placement P, new replicas are sampled uni-
formly. Samples violating constraints—e.g., memory limits or du-
plicating model components on the same GPU—are discarded. For
each of the bw beam candidates, k new placements 7»’(1), A pk)
are generated by adding sampled replicas. The resulting (k+1) - bw
candidates are evaluated using the scheduling optimizer (§ 4.3.3) to
simulate latency, and the top bw placements are retained.

Since placement only affects latency, accuracy is not considered
in the search. The beam search terminates when no improvement
is observed across the beam.

4.3.3 Invocation scheduler. Given a cascade assignment and a model
placement P, the invocation scheduler determines (i) how load
should be balanced across GPUs, and (ii) when to invoke a model
replica. A scheduling policy is specific to a QPS range g;. The in-
vocation scheduler is invoked on all QPS ranges q; € Q, and we
describe the optimization for one such g; below.

Load balancing. The invocation scheduler first optimizes how
load is distributed across GPUs by determining how many queries
q; should be processed per second by each replica r € P.

The variables g} are optimized via the linear program in Equa-
tion 1. To formulate this as a linear program, we assume runtime
scales linearly with batch size—this simplification is used only for
load balancing; batching effects are accounted for later in invoca-
tion scheduling. Let time(r) denote the runtime of replica r for a
batch size of 1. Then, time(r) - ] represents the time taken by r to
process g} queries.

To express the target load per GPU, we define avg_load as the
total work if uniformly distributed: each replica of model m pro-
cesses q; = q7"/|R[m]| queries, where g is the QPS assigned to
model m and R[m] denotes its replicas.



Equation 1 minimizes the deviation of each GPU’s load from
the average, where load is measured as total processing time per
second. The constraint in Equation 2 ensures that each model’s
total query volume is fully served: the combined throughput of its
replicas must equal the incoming rate q}".

minimize Z Z time(r) g} — avg_load (1)
geG | reR|gl

subject to Z q;=q™ VmeM, q; 20 (2
reR[m]

Note that " is known from the average forwarding rate of the
cascade on the user’s sample workload.

Invocation timing. Given how to balance the load, KEN will now
determine the optimal timing of model invocations. Recall from
Section 2 that propagating several samples through a model as one
batch can significantly increase throughput. Therefore, the online
phase of KEN maintains a queue of queries for each model replica
r, and r will not be invoked until the queue holds bs] many queries.
A small batch size bs] will incur frequent model invocations and
a large bs] increases waiting times for the queue samples. Both
scenarios could increase the query latency.

To optimize parameters bs] for each replica r € #, KEN uses
up-front profiles of each replica r when run with different batch
sizes. Such profiling are feasible since the number of possible con-
figurations for a replica is limited.

Initially, Ken sets bs] = 1 for all replicas, avoiding unnecessary
queuing overhead in case that the QPS to r is sufficiently low. Then,
if the total compute time across all replicas on a GPU g exceeds 1s
— implying g cannot sustain its assigned QPS — KeN incrementally
increases bs] for replicas on g in a round-robin manner until the
total runtime falls below 1s. This heuristic ensures all replicas scale
batch size proportionally until the assigned load can be sustained.

Note that the load balancer does not guarantee that a GPU can
handle its load in one second; it only balances QPS across GPUs. If
all bsl.r reach their limits and runtime still exceeds 1s, KEN deems
the gear plan infeasible, prompting the placement optimizer and
workload adapter to revise their decisions.

Otherwise, if a valid set of bs] is found, KEN completes the gear
plan gp and simulates it (§ 4.3.4) to obtain latency lat(gp) and
accuracy acc(gp) on the input workload. These metrics serve as
feedback in the cost-based searches of the placement optimizer and
workload adapter modules.

4.3.4 Simulator. KEN uses a continuous-time, discrete-event simu-
lator [61] to efficiently explore candidate gear plans in the offline
phase. We evaluate the simulator in supplementary material A.

Before simulation, an upfront profiling step gathers: (i) model
predictions and certainties for each m € M on the user-provided
sample queries, and (ii) runtimes for different models and paral-
lelization strategies across a few batch sizes. Both profiling steps
are fast and embarrassingly parallel.

Given this data, runtime is largely deterministic for networks not
split across nodes—forward passes with the same batch size follow
a fixed sequence of operations [49]. The simulator then replays
the workload, recording per-sample predictions and latencies to
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compute the gear plan’s aggregate metrics: lat(gp) and acc(gp) for
plan gp.

5 EVALUATION

Given a logical operator, KEN aims to provide the UDBMS query
optimizer with Pareto-efficient accuracy-latency trade-off points to
chose from. We now evaluate the trade-offs that Ken achieves for
different operators and aim to answer the following questions.

§5.3
§5.4

How do KeN’s trade-off curves compare to alternatives?
Can a UDBMS query optimizer leverage KEN’s operator
trade-offs to assemble efficient end-to-end pipelines?
How optimal are the gear plans found by KEN’s optimizer?
How optimal are the gear plans found by KeN’s optimizer?
How do different optimizations affect performance?

§5.5
§5.6
§5.7

5.1 Workloads

Each workload in our evaluation consists of (i) the set of models that
may be used to implement a UDBMS operator, (ii) an ML benchmark
to assess the prediction quality for different operator tasks (e.g.,
sentiment classification), and (iii) a trace to emulate query timing,
i.e., when user queries trigger the execution of an operator.

Sentiment-140 with BERT. Sentiment-140 [30] is a popular senti-
ment classification benchmark. We use a family of fine-tuned BERT
classifiers [25, 78] to build cascades. Training and serving samples
are mutually exclusive. KEN is implemented atop the Huggingface
Transformers inference engine [84] and runs on V100 GPUs. The
request trace is derived from Tweet timestamps.

HellaSwag with Llama-2. HellaSwag [93] is a popular common-
sense reasoning benchmark. We build cascades from the Llama-2
model family [27] and OpenLlama-3B [29], quantized to int4 with
GPTQ [28]. Models are served on V100 GPUs. KEN is implemented
atop the ExLlama inference engine [77]. The request trace is de-
rived from an Azure Functions invocation log [67], representative
of real-world model serving [63, 95].

MT-Bench with Llama-3. MT-Bench [99] is a multi-turn conver-
sation benchmark judged by another LLM (“LLM-as-a-judge”). We
follow this benchmark protocol and use GPT-40 [74] as the judge.
Cascades are built from FP8-quantized Llama-3.1 and Llama-3.2
models [26]. Models run on A100 GPUs (80GB) using the vLLM in-
ference engine [45]. The request trace matches the Azure Functions
trace [67] used in the HellaSwag workload.

5.2 Baselines

UDBMSes typically rely on generic model serving systems as their
execution engine. For this reason we compare against state-of-the-
art model serving systems and popular production systems. For
each baseline, we construct a Pareto frontier by running it with
different models and/or system-specific configurations.

Stand-alone engines. We compare KEN to stand-alone models
served directly via popular inference engines (vVLLM [45], Hugging-
face Transformers [84], ExLlama [77]), the most common serving
approach today.
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Figure 8: The trade-off between latency and quality of KEN and different baselines.

Cascades on top of AlpaServe. We exhaustively search all cas-
cades to find the best one for the exact workload used in the exper-
iment, then serve it using AlpaServe [49] with access to the actual
workload trace. This baseline is heavily overfitted and has access
to the ground-truth optimal cascade. For MT-Bench, we extend
AlpaServe to support autoregressive LLMs.

ModelSwitching+. We enhance Model Switching (MS) [96] —
which assumes all models fit in memory — by integrating KEN’s
placement optimizer, and workload adapter. The resulting version,
MS+, therefore adopts a lot of KEN’s optimizations but switches
between individual models (not cascades).

Cocktail+. In supplementary material C, we compare Ken to Cock-
tail [32], which combines auto-scaling with model ensembles. Since
Cocktail scales the number of servers, we exclude it from fixed-GPU
experiments. We enhance it by removing instance startup delays
and providing ground-truth workload forecasts. We refer to this
version as Cocktail+.

Medusa. For MT-Bench, we include Medusa [15], a recent tech-
nique for efficient decoding in LLMs. We use fine-tuned accelerators
for Llama-3 [26] and use vLLM for running them.

5.3 Trade-Off Efficiency

We first compare KEN to the baselines from Section 5.2, evaluating
latency and output quality on the workloads described in Section 5.1.
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We choose set ups with limited GPU resources as KeN is especially
stressed when provisioned with little GPU memory. While Kenx
produces a fine-grained latency-accuracy Pareto frontier, we only
evaluate a subset of gear plans due to the runtime of full evaluations.

Figure 8 shows the latency—accuracy trade-offs for KEn and
all baselines across varying GPU counts. For MT-Bench, we re-
port time-to-first-token (TTFT). TTFT mainly captures the queuing
delay of a request whereas the alternative latency measure, Total-
Generation-Time, mainly captures how many tokens the response
contains (i.e., is query-specific).

Across workloads, KN consistently outperforms all baselines by
adaptively using model cascades. On classification tasks, it improves
p95 latency at the same accuracy by up to 3.3X on Sentiment-140
and 2.1X on HellaSwag over the strong AlpaServe+ baseline. On
MT-Bench, KEN improves p95 latency over Medusa by up to 1.7X.
While additional GPUs improve all systems, KEN remains the most
efficient across all settings.

We note a few observations:

o AlpaServe+ generally outperforms MS+, highlighting the value
of model cascades under load.

e On Sentiment-140, some cascades outperform the most accu-
rate standalone model (BERT-Base) because cheaper models confi-
dently classified some inputs correctly that larger models would
have misclassified. This effect only appears for some workloads [79].
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e Medusa does not consistently outperform baseline models, as
it disables its optimizations under high load.

o For Sentiment-140, Ken loads all fine-tuned BERT models onto
each GPU as all models jointly occupy <5% of one GPU’s memory.
This allows Ken to precisely choose the cascade that is optimal for
each QPS range without needing to compromise based on memory
constraints. For different QPS ranges Ken selects cascades of 1, 2,
and 3 models. For HellaSwag, Ken loaded {OpenLlama-3B, Llama-
13B, Llama-70B} with Llama-70B parallelized across 2 GPUs and
each GPU additionally either containing an entire OpenLlama-3B or
Llama-13B model. This reflects that high QPS arrival rates require
a cheap model (OpenLlama-3B) but cascades using Llama-13B can
achieve further accuracy gains at medium-level arrival rates. Ken
uses 67% of GPU memory for weights, which is compatible with
HellaSwag because its input sequences are relatively short and only
generate one output token. KEN selects cascades of length 1 and 2.
For MT-Bench, KeN loaded either {Llama-1B, Llama-70B}, {Llama-
3B, Llama-70B}, or {Llama-3B} and loaded each model with 2-way
tensor parallelism. These placements use < 46% of GPU memory
for model weights, accounting for the fact that input and output
sequences in MT-Bench may be of moderate length and require
more memory for KV caches. KEN selects cascades of length 1 or 2.

Figure 9 additionally shows the Total-Generation-Time (TGT)
latency-quality trade-off for the MT-Bench workload. TGT is dom-
inated by inter-token generation speed (i.e., the decoding phase),
which KEN does not aim to optimize. Nevertheless, Figure 9 shows
that Ken does not harm TGT and even slightly outperforms the
baselines in some settings.

5.4 UDBMS Query Optimization over Gear Plans

We now evaluate whether a simple UDBMS query optimizer can
select operator configurations that improve the query pipeline’s
latency—accuracy trade-off. Specifically, we examine how the opti-
mizer’s performance changes as it is given more alternative imple-
mentations produced by the Ken cascade enumeration process.

We evaluate on the Multi-Modal Question Answering (Multi-
ModalQA) benchmark [72], following prior work on UDBMS query
optimizers [64]. We adopt the best-performing pipeline from the
MultiModalQA paper (ImplDecompose) to define the logical op-
erators in each query, allowing the query optimizer to configure
them. Execution configurations may use the fine-tuned RoBERTa
models [52] (335M parameters) from the original paper, as well as
Llama-3.2 3B, Llama-3.1 8B, and Llama-3.3 70B [26].

We report per-operator latency to account for differences in
operator counts across queries. Our evaluation focuses on text and
table modalities, as KEN currently does not support image inputs
(though this is not a fundamental limitation).
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Figure 10: Optimizing a query with multiple operators.

We use a simple UDBMS optimizer that uniformly samples oper-
ator configurations. We sample for one hour per baseline, though
it typically converges to a Pareto frontier within a few minutes. To
efficiently explore many query pipelines, we simulate execution
results. The simulator’s accuracy is validated in supplementary
material A and found to be sufficient.

We compare KEN to several baselines. KEN placees all cascade
models using its optimizer, while in baselines, each LLM runs on a
dedicated GPU and smaller RoBERTa models are collocated to avoid
under-utilization. The baselines’ scheduler uses a round-robin load
balancer that interleaves RoBERTa and Llama model invocations.
Baselines do not adapt dynamically to query load. The “RoBERTa +
Llamas” baseline allows the optimizer to choose either a RoBERTa
or a Llama model for each operator. The “Simple Cascade” base-
line enumerates RoOBERTa — Llama cascades. Finally, we include
baselines using only Llama or only RoBERTa models.

Figure 10 compares KEN with the baselines. The “RoBERTa +
Llamas” baseline illustrates the difficulty of combining accurate but
slow LLMs (Llama) with faster, less accurate models (RoBERTa). It
achieves favorable trade-offs up to an F1 score of 73%, but beyond
that, replacing key operators with LLMs sharply increases latency.
To match the maximum F1 score of the KEN pipeline, this baseline
reaches a p95 TTFT latency of 778s — 122X higher than KEN’s 6.4 s at
comparable accuracy. The “Simple Cascade” baseline explores more
fine-grained workload configurations but suffers from inefficient
model placement. It loads only a single Llama model shared across
all operators. Furthermore, in this particular workload, cascades
were not able to achieve significant FLOP savings at given accuracy
levels. As aresult, it performs only marginally better than “RoBERTa
+ Llamas” and its main advantage lies in providing more trade-off
points. KEN outperforms both by adapting to load and optimizing
model placement. It makes more Llama invocations within the same
latency regime than the baselines, yet maintains low latency by
issuing them during low-load periods, avoiding queuing delays.
This adaptive behavior enables KEN to sustain high accuracy with
substantially better efficiency.
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Figure 11: Gear plan performance is evaluated on the orange
QPS distribution. Blue gear plans are optimized on the blue
train distribution and compared against ones that are opti-
mized on the orange test distribution directly.

5.5 Robustness to Workload Misanticipation

KEN optimizes gear plans with respect to a sample workload (§4).
We now evaluate KEN’s robustness to deviations between the offline
and online workloads using the MT-Bench benchmark. Specifically,
we test two cases: (i) unrepresentative QPS distribution and (ii)
unrepresentative prompt lengths. We model the deviating work-
loads using Poisson processes, which is commonly used to model
workload properties [76]. We show our results in Figures 11 and 12.
The bar charts at the top if each plot illustrate the sampled distri-
butions of the respective workload characteristics. For reference,
we analyze daily variations in production traces in in supplemen-
tary material D; compared to these variations, the ones shown in
Figures 11 and 12 are more pronounced.

Figures 11 and 12 show gear plans (blue) that are evaluated on a
test workload after being optimized with respect to a significantly
different train workload. We evaluate these gear plans (blue) against
gear plans that were optimized with respect to the ground truth
test distribution (orange). The comparable performance of the two
sets of gear plans indicates that KEN is robust to deviations between
offline and online workloads. This robustness arises because KEN
matches the throughput requirements for each workload strain
(i-e., QPS range and number of queued tokens), making the same
gear plan effective across differing workloads. Likewise, the model
placements within the same regime are consistent between the
orange and blue sets of gear plans, as Ken identifies the optimal
configuration to sustain high QPS ranges.

However, Figure 11 shows that gear plans derived from the blue
trace do not fully cover the Pareto frontier achieved by the Oracle
on the orange trace. This occurs because the blue trace has lower
query volumes, making cheaper plans irrelevant. Consequently,
KEN omits these plans, as their benefits are not observable in the of-
fline workload. This gap is an artifact of the large deviation between
the two workloads, which operate in different QPS regimes.

5.6 Gear Plan Optimization

We evaluate the gear plan optimizer using the simulator from Sec-
tion 4.1 to measure accuracy and latency.
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Figure 12: Gear plan performance is evaluated on the orange
input length distribution. Blue gear plans are optimized on
the blue train distribution and compared against ones that
are optimized on the orange test distribution directly.

Figure 13 compares plans produced by KEN’s planner to two base-
lines: exhaustive search and random sampling. To make exhaustive
search feasible, we constrain the search space by (i) assuming all
models fit on each GPU (maximal replication), (ii) fixing batch size
to 1, and (iii) using a short, 8-second workload trace. All methods
operate under these constraints. The exhaustive baseline tries all
possible cascade-to-QPS assignments; the random baseline samples
assignments uniformly, with a runtime budget 2X that of Ken.

KEN’s planner completes in 0.1s (Llama) and 1s (BERT). The
longer runtime for BERT is due to higher QPS, which increases
simulation cost. Exhaustive search takes 9 minutes (Llama) and 16
minutes (BERT). While KEN may miss some frontier plans compared
to exhaustive search, it closely approximates the Pareto frontier
and significantly outperforms random sampling.

Figure 14 shows the runtime of KEN across full search spaces
for both workloads. Planning time scales with the number of QPS
ranges |Q| (§4). We report submodule call counts and wall-clock
times, marking the |Q| used in our experiments with the dashed
vertical line. For realistic settings, planning completes within min-
utes. Even with larger |@Q|, the cost remains acceptable, as planning
is a one-time offline step.

5.7 Ablation Study

Finally, Figure 15 analyzes the factors driving KEN’s performance.
“No Switching” uses a static cascade to serve inferences and “No
cascade” switches between single models. Both baselines use Ken
optimizer for model placement and scheduling. “Placement heuris-
tic” runs static cascades but either places each model on exclusive
GPUs or, if all models fit onto one GPU, collocates all. Figure 15
shows that the ablated optimizations significantly contribute to
KEN’s final performance. “Placement heuristic” places all models
onto the same GPU for Sentiment-140, precisely matching what “No
switching” does. For the HellaSwag workload, “Placement heuristic”
sees significant throughput regressions for multi-model cascades
where each model cannot be replicated as frequently (due to the ex-
clusive placement policy). At the plotted latency regime, “Placement
heuristic” therefore regresses to using a single model.
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Figure 14: Cost of offline planning.

6 RELATED WORK

KEN aims to leverage the well-studied mechanism of model cas-
cades to (i) achieve fine-grained latency-accuracy trade-offs, and (ii)
improve the latency-accuracy Pareto frontier over existing systems.
To this end, KeN is the first work that identifies and overcomes the
challenges of serving general online requests via cascades on GPUs.
In this section, we discuss related work to KEN.

Optimizing model requests. There is a large corpus of works on
efficient ML inference. We discuss a subset of these works, focusing
on the ones that are most relevant to Ken.

Some model serving systems leverage bagging ensembles [22,
32, 35, 81], which run multiple models independently in parallel
and improve accuracy by aggregating their predictions. However,
unlike cascades, bagging ensembles are not suited for fine-grained
latency—accuracy trade-offs, as they adjust computation only at
a coarse granularity (a model is always executed or never). Con-
sequently, unlike KEN, these systems do not target fine-grained
latency—-accuracy trade-offs and avoid the challenges of conditional
cascading described in Section 1.

Other works dynamically adapt their service to the incoming
query rate [41, 55, 63, 96]. Unlike these approaches, KEN leverages
model cascades to achieve finer-grained adaptation. We compare
KEN to MS [96] in Section 5 and find that this finer granularity
gives KEN performance advantages.

Most prior works optimize the performance of a fixed single
model. Some works focus on multi-tenant settings, where multiple
models share common hardware resources [20, 31, 34, 36, 37, 48, 49,
58, 71, 85, 91, 94, 95]. In addition, several systems explore comple-
mentary approaches to improve the efficiency of serving a single
ML model [1-7, 42, 45, 75, 100-102]. These works are orthogonal to
KEN and some could be integrated to further enhance performance.

Optimizing ML applications. There is a growing corpus of re-
search around end-to-end optimization of ML applications.
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Figure 15: Performance when disabling optimizations.

This paper focuses on UDBMSes, which optimize semantic queries
over data [9, 51, 59, 66, 68]. Prior works have explored several direc-
tions towards efficiently running semantic queries, including query
optimization [39, 59, 64, 65, 69], programming models [14, 62, 68]
and operator implementations [10, 13, 40, 53]. For example, Prob-
abilistic Predicates [53] aim to filter samples and avoid predicting
some of them entirely (e.g., skip frames in video object detection).
Generally, these works optimize components other than the execu-
tion engine, which runs ML models and is the focus of this work.

Beyond UDBMSes, several systems optimize applications with
multiple model invocations. Teola [73] and Parrot [50] address
general ML applications, leveraging application-level knowledge
to jointly schedule and optimize dependent LLM requests. Other
efforts target multi-stage ML pipelines [8, 17, 21, 43, 70, 86], focusing
on optimizing execution for a fixed application logic. In contrast,
KEN optimizes individual ML requests by selecting cascades and co-
optimizing them with model placement and invocation scheduling.

Model Cascades. Model cascades are a well-established approach
for reducing computational cost while preserving accuracy across
diverse tasks including object detection [16, 80], classification [47,
82, 88], regression [87], and text generation [24, 92, 97]. NoScope [40]
accelerates video object search, Frugal GPT [18] and FrugalML [19]
apply cascades to reduce the cost of querying black-box model APIs,
and Willump [44] optimizes feature computation for classification
queries. However, these systems are domain- or interface-specific
and cannot serve general ML requests as KEN does. KEN can lever-
age their specialized cascade designs to enhance its performance.

7 CONCLUSION

In this work, we address the crucial problem that machine learning
models often only allow for coarse-grained trade offs between cost
and accuracy, such as choosing between a small, specialized model
or a Large Language Model that incurs orders of magnitude more
computation. We introduce KEN which leverages model cascades
to interpolate trade-off points between models. Cascades can harm
query latencies since they incur larger memory footprints and
additional data transfer from GPU memory to the arithmetic units.
KEN addresses these challenges by dynamically selecting which
cascade to run and optimizing model placement on GPUs and model
invocation scheduling.
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