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Query optimization is critical in relational database management systems (DBMSs) for ensuring e�cient query
processing. The query optimizer relies on precise selectivity and cost estimates to generate optimal query
plans for execution. However, this static query optimization approach falls short for DBMSs handling machine
learning (ML) queries. ML-centric DBMSs face distinct challenges in query optimization. First, performance
bottlenecks shift to user-de�ned functions (UDFs), often encapsulating deep learning models, making it
di�cult to estimate UDF statistics without pro�ling the query. Second, optimal query plans for ML queries are
data-dependent, requiring dynamic plan adjustments during execution.

To address these challenges, we introduceA���, anML-centric DBMS that utilizes adaptive query processing
(AQP) for e�ciently processing ML queries. A��� optimizes the evaluation of UDF-based query predicates by
dynamically adjusting predicate evaluation order and enhancing UDF execution scalability. By integratingAQP,
A��� continuously monitors UDF statistics, routes data to predicates in an optimal order, and dynamically
allocates resources for evaluating predicates. A��� achieves up to 6.4⇥ speedup compared to a state-of-the-art
ML-centric DBMS across four diverse use cases, with no impact on accuracy.
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1 Introduction
Modern database systems support ML-powered queries, enabling users to directly execute ML
models within the database. These models are often wrapped within user-de�ned functions (UDFs).
Since evaluating these functions is computationally expensive, they have become the central
focus for query optimization. For example, video database management systems (VDBMSs), which
heavily rely on computer vision algorithms, often encounter performance bottlenecks attributed to
UDFs [14, 51, 60].
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State-of-the-art ML-centric DBMSs [14, 34, 51, 64] utilize a static query optimization approach,
typically relying on UDF statistics derived from sample data. However, this approach struggles
to accommodate the dynamic nature of UDF execution. Factors like varying data characteristics
and system-level optimizations (e.g., caching) cause UDF cost, resource utilization, and selectivity
to �uctuate signi�cantly during query execution [60], motivating the need for adaptive query
processing (AQP).

AQP leverages runtime feedback to dynamically adjust query plans [9, 13, 22]. While successful
in traditional databases, its application to ML-centric queries remains largely unexplored. This
paper introduces A���, a novel ML-centric DBMS designed to leverage AQP for e�cient processing
of ML queries. A��� dynamically re�nes query plans and resource allocation, adapting to the
runtime characteristics of UDFs. This eliminates reliance on potentially inaccurate prior statistics
and enables more e�cient hardware utilization, leading to improved query performance.
M���������. Consider a manufacturing facility’s monitoring system detecting unsafe situations,
such as workers without hard hats.⇤ �
SELECT id FROM video
WHERE [�person �] <@ ObjectDetector(data).labels
AND [�no hardhat �] <@ HardHatDetector(data).labels;⇥ �

Listing 1. Query to capture unsafe operating situations.

The query in Listing 1 identi�es potentially unsafe video segments within a VDBMS. The query ap-
plies two predicates: one to determine if aworker is present in the scene ([�person�] <@ ObjectDetector

(data).labels), and another to verify if a hard hat is missing ([�no hardhat�] <@ HardHatDetector(data

).labels). From a query optimization standpoint, the evaluation order of these computationally
expensive UDF predicates is critical. Choosing the optimal order can drastically reduce query exe-
cution time. Traditional predicate reordering technique [27] relies on selectivity and cost estimates,
often ranking predicates using a scoring function (e.g., cost

1�selectivity ). However, this classical approach
su�ers from two limitations.
I � U��������� S���������. Prior ML-centric DBMSs either assume that accurate selectivity and
cost statistics for UDFs are readily available [60] or estimate them by running the UDFs over sample
data [14, 51]. However, such estimates can be inaccurate as the UDF evaluation cost may vary
throughout the lifespan of a query. For example, the execution cost of ObjectDetector is correlated
with the number of bounding boxes present in a frame, which can vary signi�cantly across frames.
Additionally, other system-level optimizations like caching [60] further reduce the accuracy of
these estimates because caching and reusing UDF outputs directly impacts the cost.

Moreover, estimating statistics during query optimization increases both optimization time and
the complexity of implementing the query optimizer. For example, to estimate the selectivity of
HardHatDetector during the query optimization phase, the optimizer must execute the query on
sample data, re-optimize the plan based on these estimates, and then pass the optimized plan to the
query executor. This introduces additional overhead and complicates the design of query optimizer.
II � U��������� UDF E��������. Achieving optimal performance with computationally expen-
sive UDFs requires careful hardware resource management. Because UDFs often exhibit diverse
characteristics, the query execution engine must monitor each UDF’s resource usage through-
out execution and allocate resources accordingly to achieve optimal performance. Static query
optimization struggles to accommodate this level of runtime adaptation.
Additionally, UDFs can be processed by multiple workers concurrently, so a signi�cant load

imbalance between workers can lead to lower throughput and longer processing time. While simple
policies like round-robin are adequate for preventing workload imbalance in common scenarios,
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certain queries demand advanced load-balancing policies that consider data characteristics for
workload distribution. For example, in large language model (LLM) question answering, execution
latency is often strongly correlated with the lengths of both the input and output. Therefore, to
avoid load imbalance, the DBMS must account for this data-dependent workload disparity, unlike a
round-robin policy, which merely distributes requests evenly among workers without considering
workload variation. We will later demonstrate that adopting a data-aware load balancing policy
results in up to 1.3⇥ speedup. Static query processing cannot accommodate these adaptive, on-the-
�y optimizations.
O�� A�������. To address the limitations of static optimization for ML-centric queries, we
introduce A���, an ML-centric DBMS that implements a novel AQP framework. A��� dynamically
adapts to the runtime characteristics of UDFs in three ways.
First, A��� eliminates the reliance on often inaccurate a priori UDF statistics by employing

runtime monitoring that considers data characteristics and system optimizations like caching.
This enables A��� to optimize predicate evaluation order on the �y using novel routing policies
(implemented in the E��� framework) that adapt to the observed runtime statistics of UDFs. Second,
to e�ciently manage hardware resources, A��� introduces L������, an automated scaling compo-
nent that uses a low-overhead resource scaling strategy, called greedy-allocation-conservative-use
(����). ���� achieves high hardware utilization through proactive and rapid scaling in response to
monitored runtime GPU utilization. Finally, because UDF execution time can vary signi�cantly de-
pending on the input data,A��� uses data-aware load balancing in L������ to distribute workloads
evenly across workers, minimizing overall query time.
C������������.
• We present A���, a novel ML-centric DBMS leveraging AQP for e�cient processing of ML queries.
A��� leverages runtime UDF statistics monitoring and adaptive routing policies (via E���) to
optimize predicate evaluation order.

• We propose L������, a novel automated scaling component designed for optimizing UDF hard-
ware utilization within AQP framework. L������ incorporates two key innovations: (1) ����,
a novel low-overhead resource scaling strategy to maximize hardware utilization; and (2) data-
aware load balancing to e�ectively handle the uneven execution times often observed with
data-dependent UDFs.

• We evaluate A��� across four use cases, including two in video analytics, one in image analysis,
and one leveraging LLMs for analytics. Our results demonstrate that A��� achieves up to 6.4⇥
speedup compared to state-of-the-art static optimization approaches, without impacting accuracy.

2 Background
We �rst explain the SOTA adaptive query processing mechanisms in § 2.1. We then introduce how
ML functions are typically integrated into DBMSs in § 2.2.

2.1 AQP in Relational DBMS
Traditional relational DBMSs commonly use a static query execution pipeline, which consists of
query parsing, query optimization, and query execution, as shown in Fig. 1a. In this example, the
query optimizer uses the estimated statistics to decide the optimal predicate ordering – whether
to evaluate the predicate on attribute one or attribute two �rst. These estimated statistics can be
inaccurate, often leading to sub-optimal query plans. To tackle the shortcomings mentioned above,
many prior e�orts [9, 10, 13, 22, 33] have proposed adaptive query processing that leverage runtime
statistics to adjust the query plan.
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174:4 Gaurav Tarlok Kakkar, Jiashen Cao, Aubhro Sengupta, Joy Arulraj, & Hyesoon Kim

𝞼(attr1=‘a’) 
AND𝞼(attr2=‘b’) 

Use estimated 
statistics

SELECT * FROM R
  WHERE attr1=‘a’
    AND attr2=‘b’;

Scan R

𝞹
ResultsQuery

Query Plan

Q
u
e
r
y
 

O
p
t
i
m
i
z
a
t
i
o
n

Q
u
e
r
y
 

E
x
e
c
u
t
i
o
n

❶ ❷

(a) Static query processing pipeline.
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(b) AQP query processing pipeline.

Fig. 1. Query Execution Pipelines – In static query processing, the predicate ordering is determined based
on statistics estimated during query optimization. In contrast, adaptive query processing dynamically governs
the predicate ordering during query execution.

E���. Among these e�orts, E��� [9] is a pioneer in proposing a systematic AQP framework that
continuously reorders the application of pipeline operators in a query plan on a tuple-by-tuple
basis. The query optimizer constructs an E��� operator during optimization. As shown in Fig. 1b,
the E��� operator contains two inner operators (a.k.a selection predicates), f(R.attr1) = ‘a’ and
f(R.attr2) = ‘b’. The routing policy inside the E��� determines which predicate to evaluate �rst
during execution. E��� also monitors execution statistics like execution cost and selectivity to
adjust the routing table for optimal routing. In the original paper [9], a routing policy based on both
execution cost and predicate selectivity demonstrated good performance. Intuitively, the predicate
that runs faster and �lters more tuples is prioritized. E��� maintains an input queue for each inner
operator, from which the execution cost is inferred based on the average queue length. It also uses
a lottery system [56] to infer the selectivity of each inner operator.
While E��� highlights the potential of adaptive routing in relational processing, its overhead

often outweighs the bene�ts in practice. In contrast, A��� builds on the foundational concepts
of E��� and applies them to ML-centric workloads, where UDFs dominate query execution costs.
A��� demonstrates that adaptive routing can yield signi�cant performance gains in this novel
context. Furthermore, A��� shows that the cost-driven routing policy outperforms the traditional
score-driven approach for ML workloads. To address the unique challenges of ML workloads,
such as the high computational cost of UDFs and the need for e�cient GPU utilization, A���
incorporates L������. This automated scaling framework optimizes GPU utilization via dynamic
resource scaling and data-aware load balancing.
C������������R������. Bizarro et al. [13] observed that the routing based on average statistics,
as suggested in the E��� paper, can be signi�cantly improved using data or content-based routing.
Their mechanism is built on top of the E��� adaptive query processing framework. The key idea is
that a tuple may have some attributes that strongly correlate with the predicate selectivity (e.g.,
time of the year and the temperature). By examining the value of those attributes, the E��� operator
can determine the optimal predicate ordering. A drawback of this approach, when applied solely to
relational operators, is the potentially high overhead of checking attribute values and determining
the corresponding routing, which can outweigh the execution time of the relational operators.
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Fig. 2. Detailed AQP execution plan and its internal – left shows the execution tree with the AQP
operator. Diamonds represent physical processes separate from the main process. All physical queues facilitate
communication between data producers and consumers. Rectangles represent the routing policies attached
to their respective processes. The AQP operator includes an E��� operator, which determines the optimal
execution order, and two L������ operators (one for each predicate) to manage runtime scaling for improved
hardware utilization.

2.2 ML Functions as UDFs
As the demand for intelligent analytics increases, standard SQL syntax has become insu�cient to
express complex business logic. To address this, DBMSs now commonly support UDFs, allowing
execution engines to leverage third-party libraries for parts of query execution. The logic of UDF is
typically unknown to the DBMS. Many recent DBMSs [5, 34, 65] further enable easy integration
with ML algorithms through Python UDF interfaces. In this paper, we assume that ML algorithms
are packaged in UDFs by users of DBMSs and their characteristics are transparent to the DBMS.

3 A���
In this section, we �rst explain the principles that we follow in designing the A��� in § 3.1. We
then explain the internal architecture of the AQP operator in § 3.2 using example query Listing 1.

3.1 Design Principles
Though the traditional static query optimizer is very powerful with many e�ective optimization
rules, it cannot perform any optimizations or resource management during runtime. Thus, to
address these shortcomings, when designing the AQP operator, we follow two important principles:
1. seamless and transparent integration with the existing systems; and 2. automatic optimization
for predicate ordering and resource utilization during runtime.
S������� I����������. Almost all DBMSs follow the work�ow of parsing, optimizing, and
executing queries. Our design leverages the observation that query optimization commonly per-
forms static optimizations, especially rule-based optimization. To introduce the AQP operator,
A��� instrumentw a new rule to rewrite any plans that involve multiple UDFs in a conjunction
statement to an AQP plan. The AQP plan can then be translated to an AQP operator in the query
execution tree as depicted in Fig. 2. This design ensures our design is extensible to existing static
optimization infrastructure.
D������ O�����������. The most prominent advantage of A��� is its ability to automatically
optimize predicate execution order and resource utilization, transparently to the existing static
query optimization. In our design, we delegate these two tasks to E��� operator and L������
operator, respectively. As mentioned, the static query optimization simply sets up the AQP operator,
containing E��� operator and L������ operator internally, without dictating any ordering or
degree of parallelism of workers. As depicted in Fig. 2, during the query execution, the E��� com-
ponent is responsible for identifying the optimal predicate ordering (e.g., prioritize ObjectDetector

over HardHatDetector) based on monitored statistics. Additionally, the L������ operator takes care
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of scaling up the number of workers for predicates when the hardware is underutilized. To ensure
A��� can obtain the most optimal ordering in both E��� operator and L������ operator, we
propose using the cost-driven routing and data-aware load balancing in the system. To ensure
A��� can maximize hardware utilization without signi�cant overhead, we propose a scheme called
GACU for the L������ operator.

3.2 Architecture of AQP Operator
We take a deep dive into the internal architecture of the AQP operator, following our query example
in Listing 1. Once the query plan transitions to an execution tree, the execution tree executes in a
top-down fashion. The parent operator (i.e., projection) of the AQP operator pulls a batch of data
from its output queue, while the AQP operator pulls data from its child (i.e., scan operator) and
performs all heavy computation asynchronously.
AQP O������� I��������. In this example, the AQP operator, consisting of both E��� and L���
���� operators, is responsible for evaluating the ObjectDetector and HardHatDetector predicates.

∂ The ��� ���� dictates the data �ow from AQP’s child operators. It pulls data batches from the
child operator and inserts them into the C������ ����. In this example, the ��� ���� gets
frames from the input video.

∑ The C������ ���� serves as a bu�er for batches from the child operator and after predicate
computation.

∏ The E��� operator gets data from the C������ ���� and orchestrates the data �ow within
the AQP operator. In this scenario, it must determine whether to route the frame to the
ObjectDetector or HardHatDetector predicate �rst. A routing policy (§ 4.1) guides this decision.
For example, it may prioritize routing the frame to the UDF with a lower cost. Additionally, it
redirects completed data batches to the output queue.

π The L������ operator gets data from the E��� operator. Each predicate is associated with
a L������ operator. So in this example, the AQP operator contains a total of two L������
operators, one for each ObjectDetector and HardHatDetector. The L������ operator is tasked
with monitoring hardware usage (e.g., GPU utilization), determining the number of workers to
spawn, and performing load balancing between workers. Here, it opts to spawn two workers
(illustrated as ∫) for both ObjectDetector and HardHatDetector. Additionally, it employs a routing
policy to balance the load among multiple workers. For instance, it may employ round-robin
for simple load balancing, or opt for an advanced data-aware load balancing approach (§ 5.2)
when the characteristics of data batches heavily in�uence the workload.

∫ The L������ worker is responsible for evaluating the predicate. In this example, the L������
operator spawns twoworkers each for both ObjectDetector and HardHatDetector. After evaluating
a data batch, it is inserted back into the C����������. Once a batch completes all predicates,
it will be routed to the output queue by the E��� operator. The parent executor of the AQP
operator pulls data from the output queue iteratively.

4 E��� Operator
In this section, we explain the design of the eddy operator in A���. Its choice of routing policy
(§ 4.1) and the adaptiveness of its statistics monitoring (§ 4.2) are particularly signi�cant, both of
which are pivotal in achieving optimal predicate ordering.
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Option 2 — Execution Timeline (Worst-case Scenario)

1 1 2 2 3 3 4
3

4 5 5 6 6 7 7 8 8 9 9 10 10

cost

Cost-Driven

cost/(1-selectivity)

Score-Driven
Option 1 — Execution Timeline

Example Predicates

1 2 3 4 5 6 7 8 9 10 Time 
Saved

ObjectDetector (GPU)
- Execution Cost: 1
- Selectivity: 0.6

HardHatDetector (GPU)
- Execution Cost: 2
- Selectivity: 0.1

5 5 6 6 7 7 8 8 9 9 10 10

selectivity

Selectivity-Driven

Fig. 3. Execution timeline of di�erent routing policies – a comparison of selectivity-driven, score-driven,
and cost-driven routing policies. One box represents a time unit. The Cost-driven routing policy o�ers a 3
time-unit saving even in the worst-case scenario.

4.1 Cost-Driven Routing
In A���, the eddy operator primarily monitors two key statistics: the cost and selectivity of
predicates, drawing inspiration from prior works [9, 13]. Routing decisions are then made based on
these collected statistics.
R������ P����� P��������. An optimal routing policy is crucial for the AQP execution frame-
work. Previous studies exploring predicate reordering [9, 10, 13] emphasize the signi�cance of
both the cost and selectivity of predicates for performance. Ideally, a faster predicate capable of
�ltering a substantial amount of data is preferred to run �rst, leading to a signi�cant reduction in
the invocation of slower predicates. Consequently, a score function, cost

1�selectivity , is commonly used
to rank each predicate [27]. The predicate with the lowest score is prioritized for execution �rst,
contributing to optimal performance.
However, our �ndings indicate that the scoring function ( cost

1�selectivity ) for predicate ordering is
not optimal when dealing with concurrent execution. Selectivity is critical in sequential execution
because higher selectivity of a predicate can signi�cantly shorten the execution of subsequent
predicates, resulting in a better overall performance. Whereas, in the concurrent setting, di�erent
predicates operate in a pipeline parallelism fashion. Because their executions are overlapped, the
selectivity of a predicate plays a less important role in the overall performance. In contrast, a slower
predicate becomes the pipeline’s bottleneck, blocking the execution of subsequent predicates and
degrading overall performance. We argue that in the case of ML queries, concurrent predicate
execution is common. One example is that two predicates are evaluated by workers (∫ in Fig. 2)
running concurrently on two di�erent GPUs. The same holds when one predicate is evaluated on
the CPU and the other on the GPU, allowing workers associated with these predicates to execute
concurrently. In such concurrent settings, our empirical results (presented in Fig. 4) show that the
cost-driven routing policy outperforms the score-driven routing policy.
R�������� ���� E�������. Our example query (Listing 1) has two predicates: ObjectDetector
and HardHatDetector. Assuming the system has access to adequate hardware resources, these two
predicates can be executed concurrently on the GPU. As mentioned earlier, in a concurrent setting,
we notice a shift where the selectivity of a predicate no longer impacts query performance. Instead,
only the execution cost of a predicate a�ects optimal execution e�ciency. We illustrate this shift in
our reasoning using a simple example (Fig. 3).
For both predicates in the example, we assign relative execution costs: ObjectDetector with a

cost of 1, and HardHatDetector with a cost of 2. HardHatDetector has a higher execution cost due to
more complex algorithms. We set the selectivity of ObjectDetector to 0.6 and the selectivity of
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and when %2 runs before %1, the processing time ()2) is:

)2 = max
⇢
#

_2
,
B2 · #
_1

�
= # ·max {22, B2 · 21} .

We prefer %1 over %2 if )1 �)2 < 0, which implies:

max {21, B1 · 22} �max {22, B2 · 21} < 0.

Now, consider the following cases to con�rm that 21 < 22 always leads to an optimal ordering:
1. 21 � B122 and 22 � B221 ) 21 < 22
2. 21 � B122 and 22 < B221 ) B2 > 1 (infeasible)
3. 21 < B122 and 22 � B221 ) B1 < 1 (trivially true)
4. 21 < B122 and 22 < B221 ) 22 > 21 and 21 > 22 (contradiction)

Therefore, )1 < )2 holds if and only if 21 < 22, proving our claim that the cost-based policy always
produces an optimal ordering.
S���������� A������� ����� C��������� ������. We conduct an investigation comparing
the performance of cost-driven routing with both score-driven and selectivity-driven routing. We
de�ne two concurrently running predicates, denoted as A and B, with execution costs of 10 ms
and 20 ms, respectively. The selectivity of predicate B is con�gured to be 0.1, 0.5, and 0.9 as shown
in Fig. 4a, Fig. 4b, and Fig. 4c, respectively. We then vary the selectivity of A from 0.1 to 0.9. We
measure the query processing speedup of the cost-driven routing policy over both the score-driven
and the selectivity-driven routing policies. The results show that the cost-driven routing policy
never yields a worse query processing time compared to the other routing policies. Moreover, the
cost-driven routing policy tends to outperform the score-driven and selectivity-driven routing
policies when the high-cost predicate has low selectivity. Among all routing policies, the solely
selectivity-driven routing policy exhibits the worst performance. Our empirical study veri�es our
argument that cost-driven routing is preferred for concurrent execution.
I����� �� ��������� ���������� �� ��������. Although UDFs utilize ML models, their
outputs are invariant to predicate reordering. This is because the UDFs themselves are deterministic,
consistently returning the same output labels for a given input. Consequently, the �nal query
accuracy is una�ected.
Consider our example (Listing 1), which has ObjectDetector and HardHatDetector predicates with

a logical AND. The �nal set of video frames will always be the same, as a frame must satisfy both
predicates to be included in the result regardless of predicate order. Therefore, the accuracy of the
�nal results remains una�ected by the evaluation order. We empirically con�rm this by showing
the �nal results are identical across di�erent predicate orderings (§ 7.2).

4.2 Adaptive Routing
In the previous section, we study the A���’s cost-driven routing, which leverages the cost of
predicates to determine their appropriate order during the execution. Since the cost of the predicates
does not change during execution, the optimal ordering of the predicates, and consequently the
query plan, remains �xed. However, our exploration of real-world exploratory analysis queries
reveals that the cost of a predicate can �uctuate signi�cantly during execution due to additional
optimizations or changes in data characteristics. This motivates us to examine the bene�ts of using
A��� for execution-time adaptive routing.⇤ �
-- Q1: Initial exploratory query
SELECT id , ObjectDetector(data).labels FROM video WHERE id > 1000 AND id < 7000;
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-- Q2: Initial exploratory query
SELECT id , HardHatDetector(data).labels FROM video WHERE id > 8000 AND id < 14000;

-- Q3: Recurrent query
SELECT id FROM video
WHERE [�person �] <@ ObjectDetector(data).labels
AND [�no hardhat �] <@ HardHatDetector(data).labels;⇥ �

Listing 2. Query to identify unsafe situations in a warehouse.

M��������� E������. Listing 2 illustrates a motivating example of exploratory data analysis
that involves multiple queries exploring video footage from a construction site. For simplicity, we
consider simpli�ed predicate conditions. In realistic scenarios, users may conduct deeper analyses
of video segments based on factors such as time, weather conditions, and working locations.

In&1, the user examines objects in the video between frame ids 1000 and 7000 using ObjectDetector.
Next, in &2, the user focuses on identifying hardhats using HardHatDetector between frame ids 8000
and 14000. Subsequently, in &3, they run a query involving the previous UDFs to identify unsafe
situations in the video where workers are not wearing hard hats when they should be. Given that
evaluating the same UDF on the same data across queries is a common occurrence in real-world
exploratory use cases, prior work [60] incorporates optimizations like result caching and reusing
to expedite these queries. Here, the results of ObjectDetector for the range id > 1000 AND id < 7000

and HardHatDetector for the range id > 8000 AND id < 14000 are cached after executing &1 and &2.
Consequently, when &3 is executed, it e�ciently reuses the cached results.
For the range id > 1000 AND id < 7000, the cost of ObjectDetector will be signi�cantly lower than

HardHatDetector because reusing cached results eliminates rerunning ObjectDetector. Therefore, the
optimal query plan should prioritize ObjectDetector predicate for this range. Similarly, for the range
id > 8000 AND id < 14000, the optimal plan should instead prioritize the HardHatDetector predicate
because it will reuse cached results. In conclusion, optimizations like the use of partial caches
introduce variability in the optimal predicate ordering during query execution.
����������� R������. To enhance our routing logic, we propose an ����������� routing
algorithm, which builds upon the cost-driven routing discussed in § 4.1. In addition to the statistics
collected for cost-driven routing, our algorithm ensures that the routing policy takes into account
the cache hit statistics. The cache hit rate is used to adjust the estimated cost of evaluating a
predicate. During routing, the algorithm �rst checks the potential cache hit rate for a batch before
making routing decisions. After obtaining the cache hit rate and the actual predicate evaluation
cost, the routing algorithm estimates the execution cost for a routing batch using the following
equation.

estimated cost = (1 � cache hit rate) · actual cost of a predicate
We assume that the cache access overhead is negligible compared to the cost of evaluating the
predicate. Lastly, the routing algorithm prioritizes scheduling data to the predicate with the lowest
estimated cost for optimal performance.

5 L������ Operator
In the previous section, we explored the bene�ts of the E��� operator, which determines the optimal
predicate execution order based on their runtime statistics. Beyond the order of predicate execu-
tion, another pivotal factor in�uencing query performance is the proper utilization of underlying
hardware resources. This is particularly crucial for operators and functions that heavily depend on
GPUs (e.g., ObjectDetector). For example, as shown in § 7.5, under-utilization of GPUs can degrade
performance by a factor of 6.0⇥. To address this, we introduce the L������ operator following
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Fig. 5. L������ work�ow for Listing 1 – the left side illustrates two-way parallelization enabled by the
L������ operator with a single GPU. On the right, the �gure shows the query execution beginning with a
pro�ling phase to assess worker hardware utilization, followed by the activation of more workers.

the E��� operator, illustrated in Fig. 2. The L������ operator enhances query performance by (1)
ensuring optimal hardware utilization, particularly for GPU resources (§ 5.1); (2) facilitating robust
scalability as the system increases the number of resources (§ 5.1); and (3) achieving e�ective load
balancing among multiple backend workers during query execution (§ 5.2).

5.1 Hardware Utilization and Scalability
The utilization of the underlying hardware signi�cantly impacts query performance. In queries
like Listing 1, where the GPU-intensive parts (e.g., ObjectDetector) are the bottleneck, the e�ciency
of GPU usage determines the �nal query execution performance. Prior work in real-time serving
for deep neural networks [23, 59] emphasizes the importance of GPU utilization for achieving high
throughput. While most works [21, 29, 52, 54, 58] aim to improve throughput without compromising
the Service Level Objective (SLO) latency, they also introduce techniques to improve GPU utilization
for maximal query throughput. One of the most e�ective and straightforward of these techniques
is adaptive runtime batching. This method determines the ideal batch size during runtime and
performs model inference with the determined batch size.
C���������. However, the adaptive runtime batching does not fully apply to our use case for
two reasons.
• First, batching assumes uniform dimensions across all input tensors, which is not always feasible in

many practical applications. As the query becomes more complicated, inputs to the UDF predicate
do not always have the same dimension. Consider an example where a dog owner attempts
to locate their lost pet, based on its color and breed. The query �nds existing dog objects �rst
and performs additional breed and color classi�cations. The dimensions of inputs to the breed
classi�cation UDF can vary based on the bounding boxes of the detected dog objects, which makes
it challenging to utilize data batching for better GPU utilization. This has been con�rmed by other
works [29] as well.

• Second, A��� heavily relies on a UDFs interface to allow users to use any third-party ML library.
Many such libraries do not support execution with a batch size other than one, which inherently
prevents A��� from employing adaptive runtime batching. For example, the YOLOv8 API [55]
exposes an API interface where users pass a single image as a parameter. This can lead to serious
GPU under-utilization issues, necessitating a solution to overcome the �xed batch based on the
actual GPU usage.
B������������� P��������������. Inspired by the spatial-multiplexing approach from pre-
vious works [29, 59], we implement a batch-agnostic parallelization approach for the L������
operator. Each predicate worker only evaluates a single batch of data, but multiple predicate workers
perform evaluation simultaneously. When GPU utilization is low, the L������ operator spawns
multiple concurrent predicate workers, enabling the overlap of data movement, and computation on
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both CPUs and GPUs. The query plan for Listing 1 with two-way parallelization is depicted in Fig. 5.
In this example, the L������ operator spawns two workers for each predicate and assumes the
system has only one GPU.
GACU: G������A����������C������������U��. Even though the spatial-multiplexing ap-
proach has been well explored, we note that our key contribution is to support this feature in the
context of AQP framework. The L������ operator manages parallelism by spawning workers
during execution. Ideally, parallelism should be maximized. However, allocating too many workers
to the same GPU risks out-of-memory errors, resulting in DBMS crashes and stalled queries. To
mitigate this, the L������ operator has been designed to dynamically adjust the number of workers
based on their memory usage, which is collected during the pro�ling phase. However, dynami-
cally increasing the number of workers during execution presents challenges, as the framework
must acquire additional processes, create queues, and adjust the pipeline while the query is being
processed.
To tackle this, we introduce greedy-allocation-conservative-use (����). It allows the L������

operator to allocate more workers through routing as needed, requiring no change to the framework.
The core design of ���� involves greedily allocating multiple worker contexts at the start of a query,
but only activating a small subset of those workers during execution, based on runtime statistics
(e.g.,, GPU memory usage). For our experiments, we con�gure ���� to initialize 50 workers at the
start of query execution, allowing us to utilize GPU resources e�ectively.
Predicate workers allocate GPU resources lazily; only activated workers will occupy GPU re-

sources (i.e., only when requests are present in their queues). To scale up, the L������ operator
activates more predicate workers by routing data to them, without needing to adjust the query
pipeline during execution.
As demonstrated in Fig. 5, during startup pro�ling phase, the A��� conservatively only acti-

vates one worker. The L������ operator monitors worker memory usage to decide how many
workers to activate. After the pro�ling, the L������ operator updates the number of workers to
be b Total GPU memory

Used GPU memory c. It subsequently activates the remaining workers until the number of active
workers reaches the determined threshold. Throughout query execution, the routing logic directs
data exclusively to active workers, avoiding the activation of new ones. Other inactive worker
contexts will stay idle until they are cleaned up at the end of the query execution.
S������ O��. When the DBMS has multiple GPUs, all GPUs will be assigned workers to run the
same predicates. We follow a similar approach to determine the number of workers per GPU as
discussed, whose upper-bound is also set to 50. The key di�erence is that the L������ operator now
manages workers situated on di�erent physical GPUs. To ensure a good query execution perfor-
mance, we adopt a GPU-aware L������ routing policy, in which we con�gure the routing logic to
alternate between GPUs when routing a continuous data sequence. Through our experiment(§ 7.5),
we �nd this approach can achieve a good load balancing between GPUs and consequently improve
the overall GPU utilization.

5.2 Data-Aware Load Balancing
Lastly, using data-agnostic routing policies, such as round-robin, for L������ routing can lead to
suboptimal performance due to workload imbalance when scaling up.
W������� I��������. Data-dependent predicate costs contribute signi�cantly to workload
imbalance, as discussed in § 1. For example, the execution cost of ObjectDetector varies with input
frame size, with larger frames incurring higher costs. This is ampli�ed for language-based UDFs,
such as LLMs, which generate results token by token. Their execution cost is signi�cantly in�uenced
by both the length of the input and the output. Moreover, batching can exacerbate this imbalance
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when a query contains multiple predicates. Earlier predicates may �lter out rows from the batch
leading to variable batch sizes for the subsequent predicates, creating an uneven workload.

Data-agnostic routing policies, like round-robin, distribute data to workers without accounting
for such variations in execution cost due to di�erences in input data. This may lead to overloading
busy workers and underutilizing idle ones, as these routing policies overlook data characteristics.
D����A����L���B��������.Tomitigate theworkload imbalances arising from data-dependent
predicate costs, we propose a data-aware load balancing (DLB) within L������ routing. Unlike
reactive policies like power-of-two choice [44] or least connection [2], which react to observed
queue congestion and often act too late, the DLB proactively balances load using data characteristics.
It makes routing decisions based on heuristics derived from actual data, such as image sizes. Users
can de�ne custom heuristics for the UDFs. By default, A��� uses input size as a proxy for execution
cost. For language-based UDFs, this corresponds to text length, and for vision models, it corresponds
to input frame size.

6 Implementation
A��� augments E��DB [34], an ML-centric database system, to supportAQP. We implement routers
and workers using the Ray [46] framework. Routers and workers that redirect and process data are
implemented as Ray remote functions, while queues that bu�er data are implemented using Ray
queues.
M������� ��� D��� R������. The AQP executor requires associating metadata with each
batch. To uniquely identify each batch, it assigns a unique ID to every routing batch. Furthermore,
the E��� ������ maintains a hash table to track predicates visited by each batch using this ID.
This generic metadata is essential regardless of the routing policy used in the E��� ������. Before
routing the batch, the E��� ������ checks the hash table to decide whether to skip or run the
predicate based on its visitation status, preventing redundant computation. Once a batch has visited
all predicates, it is routed to the output queue.
Additionally, the E��� ������ can maintain extra metadata for di�erent routing policies. For

example, the cost-driven routing policy ( § 4.1) necessitates monitoring input queue length and
execution time for each predicate as part of its cost. The E��� ������ tracks these statistics as
additional metadata and uses them to update routing decisions.
E����M��������������.During predicate evaluation, we use an eager materialization approach,
promptly discarding tuples that do not satisfy the predicate condition. This simpli�es the predicate
short-circuiting logic, eliminating the need to track information at the row level within the batch.
M���� S������. In A���, users have �exibility in implementing models as UDFs, which may
incorporate model-serving frameworks. However, our system prioritizes models that do not rely
on external model-serving frameworks for performance optimization. L������ is designed to
provide auto-scaling with minimal resource allocation overhead, managed by ����. Model serving
frameworks like R�� S���� allocate resources on demand to minimize pending requests in the queue.
They additionally require user resource usage hints for auto-scaling. Our empirical study § 7.5
shows that its reactive scaling scheme is slower to adapt to the demand of the query and does not
maximize resource usage of hardware resources.
S������ P�������� P����. To route data batches based on their execution cost, A��� requires
initial cost data, which is only available after running a few initial batches. We design a pro�ling
phase during when batches are initially routed to all workers to gather execution cost data for
each predicate. After this phase, batches are routed based on the chosen policy. To minimize the
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overhead, we route just enough batches to execute all predicates, slightly delaying other batches
until the phase completes.

7 Evaluation
In this section, we answer the following research questions:

RQ1: How does the query processing performance of A��� compare to other baseline systems
(§ 7.2)?

RQ2: How e�ective are A���’s routing policies, including cost-driven routing, adaptive routing,
and data-aware routing(§ 7.3)?

RQ3: How e�cient is A��� when scaling up resources compared to other model-serving frame-
works (§ 7.4)?

RQ4: What is the performance contribution of E��� and L������ in A��� (§ 7.5)?
RQ5: What are the overheads of A��� (§ 7.6)?

7.1 Experimental Setup

H�������.We conducted experiments on a server with an AMD EPYC 7452 32-core processor
with 256 GB of memory. The server has an NVIDIA A40 GPU, which has 48 GB of GPU memory.
The server runs a Ubuntu 22.04.3 LTS operating system, and the GPU library is compiled with
NVIDIA CUDA 12.0.
D������.We evaluate A��� using four datasets spanning video, image, and text modalities: The
D�� dataset consists of a 19k-frame video sourced from YouTube, showcasing dogs of various
breeds, sizes, and colors. The W�������� dataset comprises a 14k-frame video from YouTube,
depicting warehouse activities, including workers with and without safety gears. The IMDB dataset
consists of 15k face images of actors sourced from the IMDB dataset [53]. Lastly, the F���R�����
dataset consists of 600McDonald’s Google review comments, each accompanied by its respective
rating.
W�������. The evaluation consists of six queries, each tailored to evaluate speci�c aspects
of A���’s performance. These aspects include diverse data modalities (video, image, and text),
predicates with varying selectivity and cost characteristics, routing policies, resource utilization,
partial caching during exploratory analysis, and worker load imbalances.
Q1. This query retrieves dogs of speci�c breeds and colors, evaluating predicate reordering and

routing policies.⇤ �
SELECT * FROM Dog
JOIN LATERAL UNNEST(ObjectDetector(frame)) AS Obj(label , bbox , score)
WHERE Obj.label = �dog�
AND DogBreedClassifier(Crop(frame , bbox)) = �labrador retriever �
AND DogColorClassifier(Crop(frame , bbox)) = �black �;⇥ �

Q2. To evaluate the impact of increasing the number of predicates, this query extends Q1 by
including an additional predicate (identify larger dogs using the Area).⇤ �
SELECT * FROM Dog
JOIN LATERAL UNNEST(ObjectDetector(frame)) AS Obj(label , bbox , score)
WHERE Obj.label = �dog�
AND DogBreedClassifier(Crop(frame , bbox)) = �labrador retriever �
AND DogColorClassifier(Crop(frame , bbox)) = �black �
AND Area(frame , bbox) > 0.4;⇥ �
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Q3. This query identi�es unsafe warehouse operating conditions, focusing on workers operating
machinery without hard hats. Speci�cally, it retrieves frames where a person is present but
not wearing a hard hat. We evaluate this query to understand how L������ impacts resource
utilization.⇤ �
SELECT * FROM Warehouse
WHERE [�person �] <@ ObjectDetector(frame).labels
AND [�no hardhat �] <@ HardHatDetector(frame).labels;⇥ �

Q4. Inspired by [57, 60], which emphasizes exploratory analysis, Q4 extends Q3 by assuming the
user runs a couple of exploratory queries before executing the last retrieval query (refered
as Q4). In this scenario, the results of the ObjectDetector and HardHatDetector are cached, and
Q4 leverages these cached results to detect unsafe conditions e�ciently. This query evaluates
partial caching and the impact of adaptive routing policies.⇤ �
-- Initial exploratory analysis
SELECT ObjectDetector(frame).labels FROM Warehouse
WHERE id > 1000 AND id < 7000;

SELECT HardHatDetector(frame).labels FROM Warehouse
WHERE id > 8000 AND id < 14000;

-- Q4: Last query using cached results.
SELECT * FROM Warehouse
WHERE [�person �] <@ ObjectDetector(frame).labels
AND [�no hardhat �] <@ HardHatDetector(frame).labels;⇥ �

Q5. Expanding beyond video use cases, we evaluate the performance of a query that analyzes the
IMDB image dataset to retrieve images based on the depicted actor’s age and emotion.⇤ �
SELECT * FROM IMBD
WHERE AgeClassifier(frame) = �20-29� AND EmotionClassifier(frame) = �happy �;⇥ �

Q6. Lastly, this query examines how load imbalance among UDF workers a�ects performance. It
analyzes food reviews using two predicates: a UDF employing a language model and a rating
�lter.⇤ �
SELECT * FROM FoodReview
WHERE LLM(�What is the following review about? Only choose �food� or �service�

�, review) = �food�
AND rating <= 1;⇥ �

P��������M���� ��� S���������. Our query suite consists of multiple predicates backed by
di�erent algorithms. We use the SOTA YoloV5 model [24] as ObjectDetector. For DogColorClassifier
, we implement a simple heuristic, which classi�es the object color like red, black, and other
based on the HSV range. DogBreedClassifier utilizes a ViT-based transformer for identifying 120
dog breeds [62]. HardHatDetector detects hard hats with a �ne-tuned YOLOv8s model. AgeClassifier
and EmotionClassifier employ ViT-based transformers for age [50] and emotion [30] classi�cation,
respectively. The LLM predicate uses Orca, a local large language model with 13 billion parameters
from the GPT4All [7] library, optimized for CPU execution with multi-threading capabilities. Table 1
lists the average selectivity and cost for the predicates in the workload.
B��������.
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the time spent on activating them also increases. As shown in (Fig. 16), the overhead is negligible
for large sizes (i.e., the overhead is amortized). However, it becomes a bottleneck when the data
size is small. A potential solution is to reduce the number of predicate workers to activate for
small datasets. While this would lower the startup scaling overhead, it could also slow down query
execution. Addressing this requires balancing data size and worker parallelism intelligently.
������ C��������� ��� D����. Furthermore, the current approach relies on a central queue
to route data to di�erent destinations such as predicate workers and output queues. Every batch
of data needs to go through the C������ ���� multiple times before its execution completes.
This could become a contention point as the system scales up or out further and the service rate
of the C������ ���� cannot catch up with the processing rate of backend workers, eventually
a�ecting the underlying hardware utilization. Having multiple C������ ���� can improve its
service rate, but the incoordination between di�erent C������ ����s can lead to sub-optimal
predicate ordering for E���.
F����� E�����������. A��� currently focuses on applying AQP to provide e�cient predicate
evaluation. However, the idea of AQP can be generalized to other optimizations like join ordering
and choosing the plan execution orders when they involve compute-intensive UDFs. We plan to
extend AQP to more complex queries that have UDFs on joins in the future. In addition, while A���
leverages concurrency across workers, it does not currently utilize native GPU concurrency features
such as multi-stream, multi-process service (MPS) [4], or multi-instance GPU (MIG) [3]. Multi-
stream could enable within-worker concurrency but requires UDF implementation modi�cations,
which A��� avoids. Similarly, MPS and MIG could potentially improve performance through
spatial multiplexing. Incorporating these features in future designs could further enhance A���’s
performance and scalability.

9 Related Work

V����� DBMS�. In VDBMSs, running deep learning models on every video frame is computa-
tionally expensive. To address this, researchers have proposed techniques [8, 35–38, 41, 42, 61]
using lightweight, specialized models to reduce the frames processed by the resource-intensive
oracle model. Xu et al. [60] uses materialized views to store the results of expensive UDFs, thereby
accelerating queries in exploratory video analytics settings where queries have overlapping com-
putation. VIVA [51] optimizes queries using user-speci�ed relational hints, such as replacement or
�ltering hints. It uses these hints to select the optimal query plan that meets an accuracy constraint.
ExSample [45] supports distinct object queries and introduces an adaptive sampling algorithm to
select frames from video segments likely to contain the object of interest. FiGO [14] harnesses
the power of executing queries using a suite of vision algorithms, focusing on selecting the most
optimal algorithm through an adaptive query optimization approach. Similarly, Chameleon [32]
selects the most optimal algorithm through sliding window-based pro�ling. Focus [28], Seiden [11],
and TASTI [39] explore classical techniques like indexing to speed up video analytics queries. Other
works focus on speci�c tasks, like object tracking [12], out-of-domain vocabulary classi�cation [68],
and action detection [19]. These works trade o� accuracy for e�ciency, while A��� prioritizes
system-level optimizations without compromising query accuracy.

Equi-Vocal [66] presents a new interface through which users can �nd events in the video corpora
by providing positive and negative examples. Skyscraper [40] introduces a video extract-transform-
load (ETL) problem, focusing on transforming video streams into application-speci�c formats
by applying UDFs during ingestion. Another line of research focuses on building indexes over
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precomputed object detections and trajectories to e�ciently execute spatio-temporal queries [15–
17]. These works assume that the relevant UDFs are known priori, while A��� does not have this
requirement but accelerates any ad-hoc queries.
D��� N����� N������ S������. Clipper [21] is a framework that does deep neural networks
(DNN) serving equipped with a model abstraction layer. It applies adaptive and delayed batching
techniques to improve the throughput of model serving without violating the latency requirement.
INFaaS [52] instead specializes in improving the model selection logic for the model serving
framework. It automatically determines the model variant and underlying hardware architecture
based on performance and accuracy requirements. Inferline [20] monitors runtime tra�c and
conducts dynamic scaling during execution to save model serving costs.
Clockwork [25] attempts to build a system with predictable latency to reduce tail latency.

Scrooge [29] focuses on optimizing the cost of the deep learning inference by allocating just
enough resources for inferencing without violating latency constraints. Tensor�ow serving [49]
and TensorRT inference server [47] are production-grade model serving systems. Nexus [54]
proposes squishy bin packing to improve the utilization of GPUs and accurately avoid service-level
objective violation. Cocktail [26] proposes to enhance the model selection logic of Clipper and also
improves the resource auto-scaling mechanism to ensure requests are handled within SLO. These
systems primarily focus on model serving given the user performance and accuracy requirements.
This aspect is orthogonal to A���, which specializes in optimizing long-running analytical queries
on a database.
GPU R������� M��������� ��� S������. Jain et al. [31] study existing GPU spatial
and temporal sharing mechanisms. To maximize spatial sharing, G-Net [67] proposes o�oading
network functions to GPU and allows multiple functions to share the GPU resource. Gandiva [59]
develops a suspend-and-resume mechanism to allow temporal GPU resource sharing for DNNs,
aiming for faster feedback on hyper-parameter tuning. On top of that, Salus [63] proposes a new
DNNs execution preemption scheme, achieving a �ne-grained GPU time-sharing without the need
for data migration from GPU to CPU. Themis [43] focuses on designing a �nish-time fair GPU
resource-sharing mechanism. GSLICE [23] proposes GPU resource auto-provisioning along with
NVIDIA MPS technology [48] to maximize the processing throughput. Choi et al. [18] instead study
e�ciently sharing multi-GPUs resources for model serving. A��� also adopts the idea of spatial
sharing, but it focuses on adapting it to the AQP framework.

10 Conclusion
We presented A���, an adaptive query processing framework tailored for ML queries. A���
eliminates the need to collect UDF statistics during query optimization. Instead, it leverages the
E��� operator to collect statistics during query execution and dynamically routes data to di�erent
predicates. Additionally,A��� takes advantage of the L������ operator to ensure optimal hardware
utilization, scalability, and e�cient load balancing among multiple backend workers. Our empirical
results demonstrate that A��� successfully optimizes query plans across four diverse use cases,
achieving a speedup of up to 6.4⇥.
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