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ABSTRACT

Database vendors recently released Al functions that can be used
in filter predicates. As such functions often rely on costly, black-
box ML models, they unveil new data management challenges.
Concretely, traditional data skipping techniques for integer and
string data fail to be applicable to the new filter type. Indeed, there
is no known mechanism for pruning non-qualifying row groups,
e.g., when reading files from blob storage.

In this work, we initiate the study of data skipping techniques
for ML filters. We make the case that Parquet’s default min-max
metadata is enough to enable pruning. To this end, we draw con-
nections to two lines of research: (i) the recently proposed query
language for ML models and (ii) neural network verification.

Our preliminary results on ReLU architectures show that on ta-
bles from TPC-H and TPC-DS, the average pruning effectiveness for
filters of selectivity below 0.1% amounts to 27.4%. Finally, inspired
by research on spatial joins, we propose an enhanced metadata
structure: a size-bounded 2D convex hull that verification tools
can make better use of, increasing the pruning effectiveness to
38.31%, while occupying at most 45 bytes per row group and col-
umn pair. We observe an end-to-end speedup of 1.07x over PyTorch
in DuckDB.
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1 INTRODUCTION

Support for executing ML models over relational data has become
commonplace in modern database systems; examples include Google
BigQuery’s ML .PREDICT [15], Databricks’ ai_query [10], Microsoft
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T-SQL’s PREDICT [29], Snowflake’s Model Registry [37], Amazon
Redshift ML [3], Oracle’s OML4SQL [30], and many others.

ML Filters. Indeed, integrating ML inference into the query en-
gine increases flexibility and encourages customers to keep both
their data and ML workloads within the database system [22]. The
following example shows how a neural network, sanity_score_nn,
can be used as a scoring function inside a table scan:!

SELECT city_name FROM cities WHERE
sanity_score_nn(population_density, housing_cost) > 0.9;

As the complexity of the filter increases, the query engine loses the
ability to effectively prune non-qualifying row groups, a capability
that major vendors optimize for traditional filters [47].

Research Question. Unlike traditional equality and range table
predicates, ML filters are difficult for query engines to reason about.
Traditional predicates benefit from metadata-aware file formats
such as Parquet, which maintain min-max statistics that enable
data skipping. For example, a predicate housing_cost > 3k can
exclude a row group with (min, max) = (1k, 2k). Given the recent
adoption of ML filters, it is natural to ask whether it is possible to
enable data skipping by leveraging the built-in metadata, available
on both managed and open file formats.

MLSk1P. Somewhat surprisingly, we show in this work that,
even with the already available min-max metadata, one can obtain
measurable pruning effects for standard ML models such as ReLU
architectures. To this end, we draw connections to two lines of
research, namely: (i) the recently proposed query language for
ML models [16], and (ii) the established line of research on neural
network verification, featuring tools such as Marabou [24] and
a, f-Crown [26]. Our contributions are as follows:

(1) We introduce MLSKIp, the first framework for row group
pruning for ML filters.

(2) We evaluate the effectiveness of the two approaches with
min-max metadata on the TPC-H [38] and TPC-DS [39]
benchmarks (sf = 1), using ReLU architectures trained on 2-4
features (columns), and obtain an average pruning effective-
ness of 27.4% for filters of < 0.1%-selectivity.2

(3) We propose enhanced, geometry-aware metadata that boosts
the pruning effectiveness to 38.31%, reaching an end-to-end
speedup of 1.07x over PyTorch in DuckDB across all filters.

The model evaluates the “sanity score” of a city; see Ref. [9] for a formal analysis.

2pruning effectiveness [%] = #pruned_row_groups / #prunable_row_groups.
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Related Work. Integrating ML inference in a query engine is
a rather recent idea, with origins in many proposals in the last
decade [17, 21, 22]. After the arrival of LLMs, the simple ML op-
erators have been replaced by the more flexible semantic opera-
tors [1, 7, 11, 19, 28, 32, 36]. Notably, recent work on optimized
semantic filters showed that traditional ML models, such as logistic
regression, can replace expensive LLMs for query processing for
certain cases [7]. The idea is to use some initial sample of the table—
which is processed with an expensive LLM—as training data for a
proxy model over pre-computed row-embeddings (in this case a
logistic regression model, but other models might be used as well).
After the proxy model has been trained, its accuracy is compared
against the LLM and, if deemed good enough, execution is contin-
ued with the proxy model instead of the LLM. We can imagine that
MLSKIP can be used for such optimizations of semantic filters via
proxy models to further speed up query processing by allowing to
skip evaluation of entire row groups.

Research in the context of traditional ML-native engines in-
cludes Raven [22], Smart [17], Umbra’s PyTorch extension [34], and
LingoDB’s MLIR-empowered model compilation [20]. However,
despite much research on this topic, we are unaware of any work
on data skipping techniques for this new filter type.

2 PRELIMINARIES

In this section, we briefly present file format metadata such as that
of Parquet’s §2.1, neural network verification §2.2, and the recent
paradigm of query languages for ML models §2.3.

2.1 File Format Metadata

The quest for data skipping led modern file formats like Parquet to
integrate metadata column statistics, including the min-max values
of the column, the number of NULL values, and the distinct count [4];
these are missing in traditional file formats like CSV. Given Par-
quet’s widespread adoption, query engines highly optimized for
this (limited) metadata structure [47]. Noteworthy, Parquet sup-
ports adding custom metadata, such as our enhanced 2D metadata
(§3.1), while preserving the readability compatibility [46].

2.2 Neural Network Verification

Neural networks (NNs) are indispensable tools in today’s software
landscape. When used in mission-critical systems, one must have
guarantees on how the networks operate. The field of neural net-
work verification (NNV) develops tools to formally verify properties
such as robustness, consistency, and reachability [2, 27]. We focus
on the latter: given a neural network and some input constraints,
we want to verify if the network’s output maps to a given value.

There are several tools to verify NNs. In this work, we consider
Marabou [24, 44], due to its easy setup and fast verification time.
The state-of-the-art tool is a, f-Crown [25, 26], which scales to
larger models by sacrificing completeness for efficiency [42],® and
has a GPU-optimized implementation, making it compelling for the
rise of GPU-enabled databases [18, 43].

3That is, a property proven correct by a, f-Crown is always correct, but a property
that &, f-Crown fails to verify might still be correct in reality. In the context of data
skipping, this is acceptable: we may read some row groups that could have been pruned,
but never miss any that are required.

housing_cost

population_density

Figure 1: Row group metadata variants: (i) vanilla min-max
ranges induce a 2D rectangle, (ii) ConvexHull creates the
optimal convex polygon around the row group’s data points,
while (iii) BoundedConvexHull bounds the number of ver-
tices in the hull, by working on a grid of depth 2.

2.3 Query Languages for ML Models

Recent work has shown that SQL can act as a query language for
neural networks [16]. By representing a network’s structure and
weights as a database instance, SQL can reason about the network
and verify its behavior. We implemented this paradigm as a two-
step approach, which we call ML-QL. First, ML-QL compiles the
network to a geometric representation and stores it in a database.
We then use this precomputed representation to execute many
verification queries in SQL relatively cheaply, unlike traditional
tools that run entirely at query time [23].

We consider feed-forward networks with ReLU activation func-
tions and a single output node. Such networks represent piecewise
linear functions. Geometrically, the ReLU layers partition the con-
tinuous input space into a hyperplane arrangement: a collection of
polyhedral regions where the network behaves as an affine function
within each distinct region.

Prior work reconstructs the output functions of networks with a
single input node and a single hidden layer [14]; we generalize this
approach to networks with an arbitrary number of inputs and layers.
Our compilation step is based on Cylindrical Algebraic Decomposi-
tion (CAD), mirroring the proof of the theoretical foundations [16].
However, CAD imposes restrictions on the size of networks we can
practically verify because it scales doubly exponential [8] in the
number of input features of the network, and the number of inputs
for the algorithm grows exponentially in the number of hidden
layers due to ReLU activation functions. Future work is needed to
replace CAD with more efficient algorithms.

We use the geometric representation to answer reachability
queries: determining whether the network’s output can fall within
a specific range given a set of input constraints. While many alter-
native techniques exist for this particular problem [41, 45], viewing
the problem through a database lens provides a distinct advantage:
it shifts the heavy lifting entirely to the offline phase, allowing the
online verification phase to benefit directly from database query
optimization, e.g., we can batch all table metadata in the same
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Figure 2: Data skipping behavior for varying filter selectivity under two row group sizes € {1K, 10K} and the metadata types.
The models are neural networks with 2 hidden layers trained on 2-4 table columns of the TPC-H and TPC-DS benchmarks.

SQL query. The verification queries currently use approximation
techniques and are thus incomplete, just like a, f-Crown. This is a
practical constraint; in future work, we plan to use exact techniques.
To compare against other verifiers, we evaluate ML-QL as a
standalone tool. However, we envision that a sufficiently advanced
query planner might use the geometric representation directly to
optimize data skipping. This remains a topic for future work.

3 MLSKIP

MLSKrP is the first framework to enable data skipping for ML filters,
using lightweight metadata, such as Parquet’s. MLSk1P works as
follows. Consider the query used in the introduction. Assuming
already available min-max metadata for each of the two columns,
we specify the input space as the rectangle spanned by the min-
max ranges, namely: [min1,max1] x [min2, max2].* Next, we specify
the input constraints, along with the output constraint (0.9, +co)
from the filter, i.e., sanity_score_nn(...) > 0.9, and obtain the
result whether the NN’s function, on that input, takes values in
that output constraints. If the result is negative, we can safely skip
the respective row group.

In this work, our goal is to study both (i) the verification tools
(NNV, ML-QL) and (ii) the metadata required to enable the skipping.
Next, we detail on the latter point.

3.1 Enhanced Metadata

Observing the poor, yet non-zero pruning performance in the pres-
ence of only min-max metadata, we propose in the following a
more enhanced metadata design, inspired from research on spatial
joins [5] and linear optimization queries [6]. We gradually build
towards a compact metadata, that, interestingly, fits well with the
input structure expected by the verifiers. We first consider the case
of a 2-feature model, as per our sample model sanity_score_nn. The
following ideas are visualized in Fig. 1.

ConvexHull . The first idea is to build a convex hull of the two-
dimensional data points. The intuition is that regions around the
corners induced by the 2D min-max ranges are unoccupied, leading
to a smaller input domain. However, the disadvantage of vanilla
convex hulls is that we cannot bound the number of stored vertices,
leading to unpredictable metadata size (and verification time).

4In our example: min1 := select min(population_density) from cities.

BoundedConvexHull . The second idea, which does guarantee
bounded metadata size, is to instead recursively split the 2D rec-
tangle induced by the min-max ranges into a grid of given depth;
unoccupied grid cells are not split. As performing verification on
the grid cells would be particularly expensive,’ we instead fit a
convex hull on top of the occupied cells. This comes with two clear
advantages: (i) the verification becomes single-pass, as we simply
constraint the input with the linear constraints of the convex hull,®
and (ii) the metadata size is bounded, as the number of hull vertices
is, by grid’s construction, bounded. We store a 2d + 2 bit per vertex,
capturing the cell’s index (2 X d bit) and the involved corner (2 bit).

Integration. Our 2D metadata can also be used when using d-
dimensional models, without requiring the presence of metadata
on more than two dimensions. Namely, we will constraint the input
space via all ('21) (bounded) convex hulls. Currently, we build the 2D
metadata on all column pairs. In a production setting, one should
analyze the workload to understand which pairs are useful for
pruning so that the build overhead pays off.

4 EVALUATION

Setup. To train the NNs, we use the first 2k table rows of the TPC-
H and TPC-DS benchmarks (sf = 1). The functions are learning a
column using 2-4 other table columns; in total, we have 10 regres-
sion function templates, proposed by OpenAI's GPT5.5 model: 2 on
TPC-H and 8 on TPC-DS. The trained NNs have either 1 or 2 hidden
layers, each with 32 nodes; hence, the largest neural network has
1317 parameters. We generate the filters with varying selectivity,
by gradually increasing the width of the queried filter range and
picking a random range left bound, following the structure:

where model(coll, ..., coln) between a and b;

We obtain a total of 1376 such filters of varying selectivity. The
BoundedConvexHull metadata comes with a default grid depth of
4. We conduct the experiments on a single node Intel® Xeon® Gold
5318Y CPU (24 cores, 48 hyper-threads). The machine is equipped
with 128GB DDR4 main memory and runs Ubuntu 24.04.

Tools. We use Marabou v2.0 [44] and our implementation of ML-QL
for neural networks for multiple inputs (§2.3). ML-QL is currently
limited to models with a single hidden layer. Due to its slow model

SIndeed, one would have to perform a verification call for each occupied grid cell.
®This property also holds for min-max metadata, allowing for fast verification time.
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Figure 3: Data skipping time for models on TPC-H and TPC-
DS with a row group size of 1K.

compilation phase, we only benchmark it on two-dimensional mod-
els; it takes around 0.8s to compile the model with CAD, stored
then in 3 tables, the largest having 32k rows and 7 columns.

4.1 Pruning Effectiveness
We report the pruning effectiveness of Marabou for all trained ML
filters, computed as:

#pruned_row_groups

- 100.
#prunable_row_groups

In Fig. 2, we report the pruning effectiveness achieved across both
benchmarks for row groups of 1K and 10K rows, clustering the
filters in selectivity buckets. (Note that highly non-selective filters
will also have a high effectiveness by default.) We observe that
for zero-selectivity filters, the pruning is quite effective, especially
when enabling the enhanced metadata (§3.1). For highly selective
filters (< 0.1% selectivity), with min-max metadata, we obtain an
average effectiveness of 27.4%. Notably, BoundedConvexHull meta-
data improves this number to 38.31%, while ConvexHull gets to
39.3%. Naturally, when running on groups consisting of 10K rows,
the pruning effect is reduced on the same selectivity buckets, as the
information captured by the metadata becomes coarser.

E2E Speedup. Being able to prune row groups makes model in-
ference cheaper. Indeed, when running PyTorch 2.8.0+cpu [31] in
DuckDB 1.5 [33], we observe a total end-to-end speedup of 1.07X
across all filters, when using models with 2 hidden layers. We
plot in Fig. 4 the relationship between the pruning ratio and the
speedup. Where MLSKkip is unable to prune a substantial fraction
of row groups, e.g., < 5%, the (noisy) overhead of verification tends
to dominate.

4.2 Pruning Time

We report the time to prune a row group via both Marabou and
ML-QL. We differentiate between using models with 1 and 2 hidden
layers, respectively. First, ML-QL is around 2x slower than Marabou
on models with one hidden layer, with our batched variant narrow-
ing this gap. Second, the time increases by almost one magnitude
for Marabou with min-max metadata on models with two hidden
layers. Noteworthy, the effect of having a bounded number of ver-
tices in the convex hull can be observed for BoundedConvexHull,
inducing a faster verification time than with ConvexHull.
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Figure 4: End-to-end speedup on DuckDB with PyTorch
across all benchmark filters, using a row group size of 1K.

4.3 Metadata Overhead

While building min-max metadata is rather cheap, our enhanced
metadata requires more compute (and more space). We show this
overhead in terms of both compute and space in Tab. 1, for table
column pairs across 100 row groups. Naturally, min-max metadata
requires 2 X (8 + 8) = 32 byte to store a pair of doubles per column;
the build time is that of a DuckDB table scan.

The regular ConvexHull requires two doubles for each convex
hull vertex. Hence, without having control on the number of ver-
tices, we observe that the overhead can get up to 304 byte, making
this metadata type rather impractical; note that the lightweight Hy-
perLogLog sketch [12] is usually optimized to occupy 64 byte [13].
Our BoundedConvexHull achieves this goal, by fitting the convex
hull on a grid support. In this case, we empirically observed a max-
imum size of 45 byte (for a grid depth of 4). Note that the space
footprint can be reduced by choosing a smaller grid depth. Both
metadata types are built via scipy.spatial.ConvexHull [35]. To
support a d-dimensional input, the metadata has to be built on all
(‘2") pairs; see §3.1 for a discussion on how to optimize this step.

Table 1: Metadata space footprint and build time per row
group for column pairs; the default grid depth is 4.

Metadata type Size [byte] Build time [ms]
avg max ‘ avg max

min-max 32.00 32.00 12.09 20.09

ConvexHull 161.12  304.00 | 31.73 41.22

BoundedConvexHull | 40.51 45.00 | 31.74 41.59

5 CONCLUSION & FUTURE WORK

With .2 MLSk1p, we showed that it is indeed possible to enable
pruning for the rather complex ML filters, with focus on ReLU
architectures, even when using only lightweight metadata, while
richer metadata can further improve pruning. Given the rise of
semantic query processing and its use of proxy models [7], ML-
SKIP is a necessary tool to enable faster query times and save I/O
from blob storage. We plan to test MLSkip with larger models, e.g.,
Transformers [40], study verification on string data, and integrate
a Batch API into current neural network verification tools.
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