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ABSTRACT

Data coverage and completeness are crucial prerequisites for ma-
chine learning (ML) applications. Data discovery allows retrieving
relevant features from unstructured data lakes to augment the train-
ing data. However, existing methods either target only individual ML
tasks, decouple table retrieval from feature selection, or neglect inter-
feature relationships, resulting in redundant, high-dimensional data.
In this paper, we introduce Matryoshka, a holistic system that dis-
covers and selects relevant features from data lakes for downstream
ML applications. Matryoshka replaces costly join materialization
with compact Gram matrix sketches and performs feature selection
via incrementally fitted linear proxy models with correlation-based
pruning, yielding redundancy-free feature sets for regression and
classification. Matryoshka improves downstream prediction quality
by 19.3% on average while achieving the lowest geometric mean
runtime and up to 120x faster execution on join-intensive workloads.
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1 INTRODUCTION

Modern machine learning (ML) is largely data-centric, where quality
often hinges on high-quality and good-coverage features rather than
specific models [42, 43]. Data lakes offer a large source for augment-
ing datasets with external features, but discovering them is costly. A
straightforward approach would materialize candidate joins, retrain
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the target ML model, and analyze feature importance to eliminate re-
dundancy. At data-lake scale, however, this process quickly becomes
prohibitive. For instance, a single 1.3 M-row query table may need to
be joined with 20 tables producing roughly 1 000 candidate features.
Limitations of Existing Work: General-purpose dataset search
engines retrieve potentially relevant tables from data lakes [2, 4, 28],
but do not address downstream feature engineering and selection,
leaving substantial manual effort to the user. Prior ML-driven discov-
ery systems attempt to close this gap and follow one of two categories
shown in Example 1. First, there are custom indexes that score each
candidate feature independently, for instance, via pairwise correla-
tion or mutual information [18, 20,34, 35]. These methods are fast but
ignore inter-feature dependencies due to their univariate nature and
thus may return redundant, mutually correlated features. Second,
composed systems rely on general-purpose retrieval engines [5, 6, 46,
47] for enumerating joinable tables and join paths, and then apply
multivariate feature selection over the materialized results [7, 22, 25,
27]. Although this approach provides more flexibility, it incurs sub-
stantial costs of reading, pre-processing, and joining candidate tables,
often having to resort to sampling, which loses information and may
incorrectly rank candidates. When multiple rows join to a single base
entity, both system categories typically fix the aggregation to MEAN,
ignoring that the optimal choice is task- and feature-dependent.

ExAMPLE 1 (REAL-ESTATE PRICE PREDICTION). Consider the Real-
Estate price-prediction table from our benchmark (Section 7): It con-
tains property listings per street address, to be augmented from the
Canada/US/UK lake with 70.000 tables [14]. Figure 1 shows the query
and three joinable lake tables, each containing useful real-estate signals,
such as building permit information, the zoning and floor information,
as well as fire safety sheets. Information, such as the building’s floor
area is, reported redundantly by both the permits and zoning tables.
Category (1) scores each candidate column against the price indepen-
dently, so it returns the duplicated floor area from both tables, yielding
redundant and misleading features. Category (2) instead trains the
model on a materialized join over 537 retrieved candidates, but joining
every candidate at lake scale is infeasible in main memory, so it samples
the query and fails to find useful features.

MaTryosHKA Design: To overcome these limitations, we intro-
duce Matryoshka, a dataset discovery system for ML applications
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Figure 1: Approaches to ML-centric Dataset Discovery (Example 1).

based on the following design decisions: (1) pre-computing Gram ma-
trix sketches per join key at indexing time for evaluating candidate
features via ML proxy models without scanning raw lake tables or ma-
terializing joins, (2) filtering feature sets through multicollinearity-
aware selection, (3) supporting regression and classification with
a single index, and (4) fast greedy selection through incremental
computation. To this end, we make the following contributions:

e Feature-Selection-Aware Index (Section 4): A dedicated in-
verted index for joinable dataset search that stores Gram
matrix sketches per join key, enabling feature evaluation
through ML proxy models without accessing raw tables.
ML-centric Discovery Operators (Section 5): Operators for
ranking retrieved features, selecting optimal aggregation
functions for N-to-N joins, and performing multicollinearity-
aware selection with respect to the downstream ML task.
Feature Selection Optimizations (Section 6): Techniques for
incremental learning and computation reuse that accelerate
greedy feature selection over large candidate pools.
Experiments (Section 7): We provide a comprehensive evalu-
ation across several benchmarks, diverse proxy models, and
abroad set of baselines, validating that Matryoshka remains
effective and efficient under realistic data lake conditions.

2 PROBLEM FORMULATION
Let the query dataset be Q ={(x;,x;,y;) }

=1’
key, x; € R are base features, and y; € Y is the prediction target.
Furthermore, a data lake is a collection of tables D = {Tl,...,T| | I
and M denotes an ML pipeline, including pre-processing and train-
ing procedure. Here, £(M|S) is the estimated generalization loss of
M on a dataset S, obtained by training M on training folds of S and
evaluating on hold-out folds, e.g., predefined train/validation splits
or K-fold cross-validation. Before defining the problem, we outline
the table augmentation framework.

Cardinality-preserving Augmentation: Joining raw lake ta-
bles to Q can duplicate query table rows, e.g., N-to-N joins, altering
the learning problem. We therefore restrict ourselves to cardinality-
preserving augmentation: lake tables contribute only per-key fea-
tures that are left-joined to Q. For each T € D, Keys(T) are the
candidate key columns joinable to the query key domain %, and

where k; € K is an entity

J(QO.D){(T,kr):TeD,kr eKeys(T)}

is the set of joinable table-key pairs. Furthermore, A is a set of ag-
gregation/encoding operators. For any (T.,kt) € 7 (Q,D), column
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cof T, and A € A, there is a candidate feature function

Jrireaw)=A{t[c]:teT, tlkr]=u}),  uek, (1)

with handling of empty groups (missing value). If A is vector-valued,
we treat each coordinate as a separate (scalar) candidate feature. Let
F=F(Q,D,A) be the set of all such candidate features induced by
J(Q,D) and A. For any subset F C F, we define the augmentation
of row i as ¢F (ki,xi) = [xi;2F (ki) ], with zp (ki) = [f (ki)] reF, and
then write Q & F for the dataset obtained by replacing each row
(reixiyi) with (e, @ (k0,%:),yi).-

DEFINITION 1 (DATA LAKE FEATURE SELECTION PROBLEM). Given
(Q,D,A), an ML pipeline M, a loss estimator L, and a feature budget
s€N, the data lake feature selection problem is

L(M|Q®F). )

F*=arg min

FCF:|F|<s
Finding F* is computationally hard at data-lake scale. The candidate
space T is large (tables X keys X columns X operators), and the feature
utility is multivariate, depending on feature interactions. Concretely, for
a lake of | D| tables each with at most K candidate join keys, C feature
columns, and | A| aggregation operators, the candidate pool is of size
|F|=0(|D|-K-C-|A|). Enumerating all feature subsets of size at most
s yields up to 373_, (IT]) combinations, which is exponential in |F | for
any fixeds > 1. Evaluating each candidate subset requires materializing
the joins and retraining M. Both steps are infeasible at data-lake scale.

3 SOLUTION OVERVIEW

In this section, we first introduce the conceptual design of our fea-
ture selection approach, which is based on linear proxy models with
incremental computation of model parameters. Subsequently, we
discuss its integration in the system architecture of MATRYOSHKA.

3.1 Linear Proxies for Feature Selection

To find the best feature set, the naive approach is to materialize the
join between the query table and all joinable lake tables and apply
standard (greedy) feature selection algorithms, which trains and
evaluates models on subsets of features. To reduce the computation
costs, we resort to using lightweight proxy models that approximate
the behavior of the final model to guide feature selection.

Linear Models and Covariance Joins: Good candidates for
proxies are linear ML models, such as linear regression for regres-
sion tasks and linear discriminant analysis (LDA) for classification
tasks, because they have closed-form solutions that can be efficiently
computed for each subset. Additionally, we have to overcome the
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Figure 2: MATRYOSHKA System Architecture Overview.

problem of materializing the join with possibly relevant data lake
tables. Both linear regression and LDA rely on the covariance ma-
trix to estimate the model parameters. In case of dataset discovery
for ML, it is thus sufficient to materialize the join of the covariance
matrix obtained from the query table and candidates from the data
lake. Instead of joining two relations with n rows and m columns, we
materialize the much smaller joins of mxm matrices. In Section 4.2,
we discuss the Gram Matrix sketches, a dedicated data structure for
computing covariance matrices over joins.

Application Scope: The linear proxies only rank candidate fea-
tures rather than predict the target, a far weaker requirement than
fitting it accurately, with linear regression for regression and LDA for
classification tasks. As high-bias, low-variance estimators, they yield
relevance rankings that are stable across data samples, so the selected
features remain informative for flexible low-bias, high-variance
downstream models, as we show experimentally in Section 7.2.
Purely non-linear signals cannot be captured. Low-order polyno-
mial sketches (Section 5.2) capture the univariate case, while richer
non-linear selection does not reduce to our second-order statistics.

3.2 MATRYOSHKA System Architecture

To augment a query table Q, MATRYOSHKA discovers and selects
features from a data lake O that minimize the validation loss £ (M |
Q@F) of adownstream ML pipeline M. We leverage a pre-computed
index containing Gram matrix sketches and an inverted index for
joinability search, which facilitates training linear proxy models.
The system comprises offline and online phases as shown in Figure 2.
Offline Phase: During the offline phase, we index the data lake
by processing each table T € D. First, we prune columns unlikely to
serve as join keys or useful features, such as those with many missing
values, near-constant values, or text (step 1 in Figure 2). For each
table, we identify potential foreign keys Keys(T), while numeric
and low-cardinality categorical columns are retained as candidate
features. Second, for each candidate key k7 € Keys(T), we produce
per-entity features via GROUP BY aggregation using max/min/mean/-
median for numeric and counts for categorical features (step 2). This
pre-aggregation ensures cardinality-preserving augmentation with-
out row duplication in the query table. Third, we compute Gram
matrix sketches for each aggregated feature table, consisting of dis-
tinct feature values, covariance terms, and a QCR [34] index term
for correlation-based pruning (step 3). These sketches are stored
together with an inverted index mapping cell values to table-column-
row locations in a relational database for efficient online retrieval.
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Online Phase: For a query table Q with join column k and pre-
diction target y, we discover and select the feature subset F* C
that minimizes the proxy model loss. The join column k is part of the
query specification, and MATRYOSHKA finds the best feature set with
respect to this key. Using the inverted index, we look up each value
from k via a two-step query, and select tables with sufficient overlap,
ranked by join key coverage (step 4 in Figure 2). For the top-k joinable
tables, we retrieve their Gram matrix sketches and assemble the can-
didate feature pool # with all necessary statistics for proxy model
evaluation (step 5). Feature selection then proceeds in two phases
(step 6): first, correlation-based pruning removes features with low
predictive signal; then, greedy forward selection iteratively builds
F* by joining sketches and incrementally fitting linear proxy models,
terminating when no candidate yields further improvements. The
selected features F* are used to augment the query table (step 7),
producing Q& F* for downstream ML model training.

4 INDEX

To enable feature selection over joinable tables retrieved from a data
lake, the index has to support the following requirements.

R1 - Fast Joinable Tables Discovery: The index must support
fast discovery of tables that join with the user’s query table.

R2 - Effective Feature Extraction: The index must provide
features in numeric format so they can be passed to feature selection
as well as support aggregation to avoid N-to-M joins.

R3 - Efficient Feature Selection Support: The index must al-
low for fast retrieval of Gram Matrix sketches, and efficient feature
selection without join materialization.

R4 — Maintainability: Finally, the index must allow updates.

4.1 Index Layout

We extend known inverted index structures [1, 20] (Section 4.1),
by smoothly integrating additional signals, such as Gram matrix
sketches [36] (Section 4.2), correlation sketches [34] into a unified
index structure. We store the inverted index locations and the Gram
matrix sketches together in one relational table, where each row,
keyed by a table, column, and row identifier, carries both the cell
value used to discover joinable tables and the per-key sketch used
to select features over the join. A single structure thus answers both
index queries through native relational operations, a grouped aggre-
gation for joinable table discovery and an indexed lookup for sketch
retrieval, serving features for both regression and classification.



Inverted Index Relational Model: We choose an RDBMS as
the backbone of our index because it consists of cell value locations
and Gram matrix sketches, which is a combination of relational and
embedding data. We prefer RDBMSs over vector databases, which
are not designed for querying extensive metadata. In our setting, the
inverted index serves also positional metadata features embedded
in the sketch. The index for an entire data lake can be large and
RDBMSs provide the necessary scalability. The online protocol (Sec-
tion 4.3) issues two relational queries against this table: a grouped
aggregation for joinable table discovery and a composite-key inner
join for sketch retrieval. A key-value store cannot execute grouped
aggregations and relational joins without pulling all candidate rows
into memory first. Lucene-style indices cannot efficiently retrieve
multi-attribute numerical payloads by a composite document key.
Transactional row-level updates during index maintenance further
satisfy requirement R4.

Inverted Index Attributes: The location of a cell value is defined
with table, column, and row identifiers as shown in Figure 2 (bottom
right). Since we pre-aggregate raw features by performing GROUP BY
aggregation over a foreign key candidate column, cell values stored
in the index are unique within the scope of the column. This layout
enables fast estimation of token overlap with a user query column to
find joinable tables. We benefit from in-database indexes and query
optimizations to facilitate fast joinable tables search. We create two
B-tree indexes, one on the CELLVALUES column for computing token
overlap and one on a combination of TABLEINDEX, COLINDEX, and
ROWINDEX for retrieving the Gram matrix sketches per row of join-
able tables. Through effective pruning of the foreign key candidates
and the systematic enumeration of aggregations, we apriori materi-
alize the Gram matrix sketches for fast feature selection at runtime.

Sketch Attributes: To enable an efficient joint Gram matrix
computation [36], we pre-compute the following aggregates:

o Constant aggregate (coUNT): The count of tuples per join key,
which is always one in case of pre-aggregation.

o Linear aggregate (FEATUREVAL): The values obtained after
basic aggregation (min, max, mean, median).

o Quadratic aggregate: The outer product of FEATUREVAL. This
matrix is decomposed into diagonal and off-diagonal ele-
ments, stored in the index p1AG and cOFACTORSs fields.

The sketches are stored compactly as PostgreSQL BYTEA objects. We
achieve fast loading of these arrays in Polars dataframe using the
Arrow Database Connectivity (ADBC) framework, which directly
maps PostgreSQL BYTEA to Arrow column buffers.

4.2 Offline Pre-computation

Algorithm 1 details the entire offline phase of MATRYOSHKA. The
algorithm consists of three main steps. For each table in the data lake,
(1) we prune unlikely foreign key columns and form the foreign key
candidate column set. Subsequently, (2) we group by the candidate
columns and compute per-key aggregated features. Finally, (3) we
derive the Gram matrix sketch components for the resulting features
and insert the table-column-row locations along with the sketch val-
ues into the index. In the following, we describe these steps in detail.

Step 1 - Columns Pruning: As the first step of Algorithm 1, we
employ several simple heuristics to discard unlikely foreign keys.
Columns with a cardinality lower than 1%, more than 80% missing
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Algorithm 1: MATRYOSHKA Index (D)

Input: Data lake O, DB connection string db_conn.
Output: Relation “INVERTEDCOFACTORINDEX” R.
1 R«—create_table(db_conn)
2 tableIndex —0;
3 for each tablet € O do
df « read_table(¢) ; tableIndex < tableIndex+1
// Step 1: Columns Pruning
FKC0;
for each column c € df do
s« random_sample(c, n=10_000) ;
stats < compute_stats(s)
flag «—eval_heuristics(stats)
if flag is True then
|| FKC e FKCUe

// Inverted index attribute

// Set of foreign key candidates

// Sample 10,000 rows

// Step 2: Aggregation and Feature Extraction
num_cols,cat_cols « split_by_data_type(FKC);
// Sets of column names
collndex —0;
for each column ¢ € FKC do
collndex < collndex+1
num_table «— group_by_agg_num(t, ¢, num_cols\{c})
cat_table — group_by_agg_cat(t, c, cat_cols\{c})
feature_table < num_table><. cat_table
// Step 3: Gram Matrix Sketch computation
rowlndex 0 ; // Inverted index attribute
for each rowr € feature_table do
rowlndex «— rowIndex+1
count, featureVal,diag,cofactors < compute_sketch(r)
R« insert_into_table(R,db_conn,tablelndex,
collndex,rowIndex,count,featureVal,diag, cofactors)

12

// Inverted index attribute

values, i.e., NULL, or text, i.e., with an average length of more than
100 characters, are neither used in grouping nor as a part of Gram
matrix sketches. We estimate the heuristics on up to 10,000 samples
per column (Algorithm 1: Line 7).

Step 2 - Aggregation and Feature Extraction: We meet the in-
dex requirement of N-to-1joins by performing a GROUP BY operation
over each foreign key candidate column and aggregating numeric
or categorical features with multiple aggregation functions (Algo-
rithm 1: Step 2). This approach ensures flexibility during feature se-
lection as one may not have prior knowledge of optimal aggregations
of certain features for a given downstream ML task. Aggregating nu-
meric columns is straightforward and we use functions such as max,
min, mean, and median. This aggregation produces the first interme-
diate table num_table (Algorithm 1: Line 16). In contrast, computing
various aggregations of categorical features is challenging. Addi-
tionally, we need to select the encoding method to convert data into
numeric format. Since we aim at providing multiple variants of aggre-
gated features for the downstream ML tasks, we propose a frequency
encoding scheme, which we combine with mean, max, and non-zero
count aggregation functions. This aggregation results in the second
intermediate table cat_table (Algorithm 1: Line 17). Figure 3 shows
an example of our frequency encoding. Suppose the “STATUS” column
only has two unique values shown in the table. Then, after perform-
ing GROUP BY over the “ZIP” column, we compute frequencies of cat-
egories per-key, adding zero entries for missing categories. Once fre-
quency vectors are obtained, we compute the aggregates over these.

Step 3 — Inverted Index and Gram Matrix Sketch: Having
joined the intermediate tables with numeric and categorical features
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Figure 4: Gram Matrix Sketch and Inverted Index.

(Algorithm 1: Line 18), we need to define the inverted index attributes
and compute the Gram matrix sketch for each of the rows (Algo-
rithm 1: Step 3). “TABLE 1” in Figure 4 shows the example output of
the join between the two intermediate tables (Algorithm 1: Line 18).
For the sake of presentation, we show only a single aggregate for
the numeric feature “AREA” and categorical feature “StaTus”. The
column “ZIP” is a grouping column, i.e., a foreign key candidate. To
compute the Gram matrix sketch, we calculate the outer product for
each row. We then split the diagonal and off-diagonal elements of
this matrix into two separate sketch attributes DIAG and COFACTORs,
while raw values are written to the FEATUREVAL attribute. The table,
column, and row indices are mapped to the location of a cell from
the grouping column “ZIP” and are written to the dedicated inverted
index attributes along with respective cell values.

4.3 Online Querying the Index

In the online phase, there are two main queries on the index.

Overlap Query: First, we find top-k joinable tables by running
the overlap query OQ (Listing 1), which computes the intersection
size of the query column with the CELLVALUES attribute. A GROUP BY
over the TABLEINDEX and COLINDEX inverted index attributes aggre-
gates cell values of potential foreign keys, which are then checked
against the set of query column Q values.

Feature Space Query: Second, we retrieve the sketches of top-
k joinable tables to perform the feature selection by running the
feature space query FQ (Listing 2). The query retrieves all attributes
from the index, but only for the value-column-row combinations of
joinable tables. This process requires creating a temporary table from
the OQ result set and then using an inner join to filter the index table.
The OQ result set is unnested with respect to the CELLVALUES and
“ROWINDICES” attributes to generate combinations of inverted index
terms for filtering as these columns were aggregated (lines 4 and 6 in
Listing 1). The result set of this query is then used by feature selection.

4.4 Index Maintenance

Updating the index of MATRYOSHKA involves identifying whether
the table already exists in the index and calibrating the Gram ma-
trix sketch. For numeric features, MAX, MIN, and MEAN aggregates
are incrementally maintainable, while for MEDIAN aggregates, we
can maintain a sketch like T-digest [16], which estimates quantiles
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SELECT oq.cellvals, 0q.nCells
FROM (
SELECT tableIx,colIx,COUNT(cellVals) AS nCells,
STRING_AGG(cellvals, '|') AS cellvals,
STRING_AGG (rowIx::text, '|') AS rowIndices
FROM InvertedCofactorIndex
WHERE cellval IN (Q)
GROUP BY tablelIx,
) AS oq
ORDER BY number0OfCells DESC
LIMIT K;

oq.tableIx, oqg.colIx, oq.rowlIndices,

collx

Listing 1: Overlap Query

DROP TABLE IF EXISTS overlapQueryResults;
CREATE TEMPORARY TABLE overlapQueryResults (
cellvValues TEXT, tableIndex INT,
colIndex INT, rowIndex INT, numberOfCells INT);
COPY overlapQueryResults
(cellvalues, tableIndex,
FROM STDIN (FORMAT BINARY);
SELECT % FROM InvertedCofactorIndex
INNER JOIN overlapQueryResults
USING (tableIndex, colIndex, rowIndex)
ORDER BY (tableIndex, colIndex, rowIndex,

colIndex, rowIndex, numberOfCells)

cellvalues);

Listing 2: Feature Space Query

from a summary of data. For categorical features, one can maintain
a fixed-dimensional vector of per-category relative frequencies over
the dictionary of categorical values, together with the total group
count. Incoming records can be incorporated exactly by rescaling
existing frequencies and updating a single category entry, without
access to the raw data if categories already exist in the dictionary.
Unseen categories necessitate schema expansion or other strategies.
Aggregate descriptors derived from this frequency vector, such as
MAX and N_NONZERO, are incrementally maintainable, while the MEAN
is invariant due to normalization.

5 FEATURE SELECTION

We now discuss how MATRYOSHKA navigates the candidate feature
space ¥ . We bridge statistical robustness, computational efficiency,
and scalability for ML-oriented data discovery by leveraging pre-
computed Gram matrix sketches. This way, we standardize features,
apply ridge regularization, and rank candidates with robust model
selection criteria, all computed over joins from a single index and
accelerated by computation reuse and parallel evaluation.

5.1 Computing Gram Matrix Over Joins

During feature selection, we need to compute the Gram matrix of
the joined query table and augmentation candidate without materi-
alizing the join. We build on factorized learning over joins [36]. The
original approach computes the Gram matrix without materializing
the join, but only for a single join that is known in advance and
recomputed for every query. In a data lake, the joinable tables are
not known upfront, and the same table participates in many queries.
MatryOsHKA therefore moves this computation offline and precom-
putes each lake table’s per-key sketch once, storing it in the index
so the joint Gram matrix of a query table and any candidate can be
assembled at runtime by a join on the key. The Gram matrix sketch
join operator matches the query and candidate Gram matrix sketches
on the join key and aggregates them into the joint Gram matrix X T X.

ExAMPLE 2 (GRAM MATRIX SKETCHES JOIN). Figure 5 shows an ex-
ample of the Gram matrixjoin on sketches. The augmentation candidate
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11 |G, [V1,,V2,] |[D1,, D2,]|[CU, CL,] {111 |[v1i',v2"] |[D1", D2"] J[CUY, CLY Input: Query table sketch, candidate sketches, threshold €, task type.
333 |Cs |[V1., V2] |[D1s, D2,][[CU, CLI|[333 [[Vv17, vor,] [[D17, D2r) [[CUT, CLY Output: Selected feature set Fy.
444 |C, [V1,V2,] |[D1, D2,]|[CU,, CL.] [[444 |[V1', V2] |[D1", D2" ] |[CU", CL"] // Initialize from query table sketch
1 cov«build_covariance(query_sketch) ; // per-class for LDA
Gram Matrix Sketches Join o . .
P > — > — 2 factorization < decompose(cov) ; // ridge, for incremental reuse
E:—(l ;.1|D1‘ x1 Zi-(n_m) i X ie(1,3,4) Y 1i X i i=(1,3,4)V 1i X i 3 Fs —0
ZipaaD2 X1 | ZaaV2X VI X, V2X V2 4 while |candidates| > 0 do
SnaaD1 X C % saCUT X C 5 best_score<——oo;  best_f «None
5. D2 xC // Score candidate contributions via sketch join
i=(1,3,4) i i
6 for each feature f in candidates do
6 oXTX 7 Jjoint_cov < join_sketches(query_sketch, sketch[f])
8 if task is regression then
9 \ score «— —conditional_gev(factorization, joint_cov)

Figure 5: Gram Matrix Sketches Join.

sketch is the result set of the feature space query FQo (0Q(Q;K =1))
from Listing 2. The rows between the two sketch tables joined over
columns ZIP and Val. Both the query table and the augmentation candi-
date contain two features in the sketch attributes. C;,V;j,Djj represent
the instances of COUNT, FEATUREVAL, and DIAG attributes of the sketch
where j is the feature identifier and i is the first character of the join
column. The coracTors CU; and CL; denote the upper and lower off-
diagonal elements of the outer product.

Gram Matrix Construction: Computing the Gram matrix boils
down to per-key summations and multiplications over the sketch:

o The diagonal entries are obtained by multiplying D;; of one
input with the corresponding C; from the other input, and
summing over matched instances. Counts for augmentation
candidates are one as they are pre-aggregated per join key.
The off-diagonal entries follow the same pattern.
Within-table covariances, i.e., between query table features,
are computed using the coracTors CU; and scaled by the
matching count from the other side.

Cross-table covariances, between query and augmentation
features, are obtained by multiplying their corresponding
FEATUREVAL Vj; and ViF Jj and summing over all join keys.

Joining the two sketches yields G = X" X in blocks indexed by ta-
ble pairs: within-table blocks (query X query, cand X cand) on the
diagonal, cross-table blocks (queryxcand) off it. By symmetry, each
diagonal block needs only one triangle; each cross block is com-
puted in full. For Linear Regression, feature-target covariance Xy
is computed in the same fashion.

5.2 Feature Selection Algorithms

Using our Gram matrix join operator, we support the well-established
greedy strategies of forward selection and backward elimination.
Both evaluate candidate features through our proxy models.
Proxy Models and Scoring: Rather than retraining the down-
stream model at each iteration, we employ linear proxies. We use
linear regression for regression and Linear Discriminant Analysis
for classification, and evaluate them in closed form from the second
moment sketches. We score each candidate feature by its incremental
contribution beyond the already selected features. For regression,
a ridge-regularized Schur complement gives the residual sum of
squares that the candidate removes conditioned on the current set.
We rank by the resulting generalized cross-validation score [12],
so its complexity penalty curbs over-selection. For classification,
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else
L score «— conditional_fisher(factorization, joint_cov)
if score> best_score then
best_score < score;
best_cov« joint_cov
if best_score— current_score< € then
L break; // No significant improvement
Fs «— FsU{best_f}; candidates « candidates \{best_f}

current_score «— best_score
factorization < update_factorization(factorization, best_cov)

20 return Fg

best f—f

the analogous conditional Fisher ratio measures class separation
using the Mahalanobis distance [29] and projects out the separation
already captured by the selected features. The ridge terms keep both
scores well defined when the joint Gram matrix is ill-conditioned,
which is common on lakes with many near-collinear candidates.
Forward Selection: Algorithm 2 iteratively builds the feature
set by adding one feature at a time. At each iteration, we evaluate all
remaining candidates and select the one providing the largest utility
improvement. In our data lake setting, however, each candidate must
be joined with the query table, and lakes often exhibit many candi-
dates, necessitating algebraic and computational optimizations. We
first build the covariance matrix from the query table’s Gram matrix
sketch and compute its factorization for efficient incremental updates
(lines 1-3). For regression, we compute a single covariance matrix,
whereas for LDA, we maintain per-class covariance matrices. At
each iteration, we join every candidate feature sketch with the query
table sketch to obtain the joint covariance and score the candidate
from it while reusing the committed factorization, so no candidate
requires a separate fit (lines 6-14). The feature yielding the best im-
provement is selected, and the factorization is updated incrementally
for the next iteration (lines 17-19). The algorithm terminates when
no candidate provides further improvement above threshold €.
Backward Elimination: Unlike forward selection, backward
elimination in Algorithm 3 starts with all candidate features and
iteratively removes the least useful ones. In an initialization phase,
we assemble the joint covariance matrix similar to forward selec-
tion (lines 1-5). The factorization over the joint covariance matrix
provides a convenient mechanism for eliminating collinear features
before selection begins (lines 6-11). The diagonal entries Cy, ¢ of the
coefficient matrix from F-GS decomposition (Section 6) represent
the residual variance of each feature after projecting out preceding
features. Features with diagonal values below threshold 7 are nearly



Algorithm 3: Backward Elimination in MATRYOSHKA

Input: Query & candidate sketches, thresholds e,7, task type.
Output: Selected feature set Fs.
// Phase 1: Join all sketches and build full covariance
cov «build_covariance(query_sketch)
for each candidate f do
L cov <« extend_covariance(cov, join_sketches(query_sketch, sketch[f]))

w N

// ridge F-GS decomposition

'S

factorization < decompose(cov) ;
Fs < all candidates
// Phase 2: Eliminate collinear features via diagonal analysis
C «—get_coefficient_matrix(factorization)
for each feature f in Fs do
if |Cy | <7 then
Fs —F\{f};
cov «remove_feature(cov, f)
factorization < decompose(cov) ;
// Phase 3: Greedy backward elimination
while |Fs|>0 do
‘Worst_score <—oo;  worst J < None
for each feature f in Fs do
cov’ «remove_feature(cov, f)
factorization” < decompose(cov’)
if task is regression then
18 | score«— gev(factorization’)

else
L score — —fisher_ratio(factorization”)

@

// Remove collinear feature

// Recompute

if score < worst_score then

L ‘worst_score <— score; best_cov« cov’

worst_f «— f;
if worst_score— current_score> € then
L break ; // Removing any feature hurts too much

Fs — Fs\{worst_f}
| cove best_cov;

23
24

25

26 // Commit removal

27 return Fg

linear combinations of others and are removed, reducing the candi-
date pool and making the covariance matrix less singular. The greedy
elimination phase (lines 12-26) then iteratively removes the feature
with smallest performance degradation. Unlike forward selection,
backward elimination does not benefit from incremental factor-
ization updates. Each candidate evaluation requires removing the
feature from the covariance matrix and recomputing the factoriza-
tion. However, the candidate features pool for backward elimination
is smaller than in forward selection due to collinearity elimination.
Parallel Evaluation: Each iteration of these algorithms allows
two levels of parallelism. First, the candidate evaluations in the in-
ner loop (Algorithm 2, Lines 6-14 and Algorithm 3, Lines 14-22) are
independent: every candidate’s sketch join, factorization update,
and score computation read the committed state and produces a
score. We partition the candidate pool into batches and dispatch
them as parallel tasks. Each task takes the current Gram matrix and a
batch of candidate features, evaluates these candidates, and returns
the per-candidate scores. Second, the inter-iteration Gram matrix
cache update is also parallelizable. After committing the best feature,
we update remaining candidates’ Gram matrix to incorporate cross-
covariances with the newly selected feature. Each candidate’s update
reads the committed state and writes an independent cache entry.
Non-Linear Sketch Extension: The linear proxy captures pair-
wise covariances between candidate features and the query target
but cannot model non-linear relationships. A natural mitigation is
2.3

to integrate precomputed polynomial terms x2,x3, ..., x? into the
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sketch of the candidate column x. During forward selection, these
terms are evaluated jointly with the base feature: each per-round fit
incorporates the additional columns, enabling the proxy to detect
multiplicative dependencies while preserving the algebraic struc-
ture of the incremental Gram matrix updates. The degree d is a user
parameter that affects the per-round cost. For the LDA classification
proxy, monotone power transforms leave the discriminant directions
invariant up to rescaling and thus cannot alter the decision boundary.

5.3 Feature Space Pruning

Data lakes often have many candidate features with little predictive
signal. Evaluating all candidates can be expensive. To address this
issue, MATRYOSHKA applies lightweight correlation-based pruning
to filter out irrelevant features before selection.

Pruning for Regression: For regression tasks, we use the Quad-
rant Count Ratio (QCR) [34] index, which approximates Pearson
correlation between each candidate feature and the target over joins.
Our index supports dedicated hash-based attributes for QCR as well
as Gram matrix sketches from which the covariance matrix and thus,
the correlation ratio can be derived. The hashed terms required for
QCR are precomputed during offline indexing, enabling efficient cor-
relation estimation at query time. Candidates with QCR scores below
a user-specified threshold are discarded before feature selection.

Pruning for Classification: For classification tasks, we use the
correlation ratio n?, which measures the proportion of variance in a
feature explained by class membership as the ratio of between-class
to total variance. Both quantities can be computed from the joint
covariance matrix over joins. Features with correlation ratio below
the threshold indicate weak class separability and are pruned.

6 OPTIMIZING GREEDY FEATURE SELECTION

On top of the parallel evaluation of candidates and pruning, we
leverage incremental computation and reuse for runtime efficiency.

6.1 Incremental Sketch-based Selection

Evaluating candidate features naively requires materializing the join.
To address this bottleneck, we leverage incremental linear algebra
approaches that operate directly on Gram matrix sketches, including
incremental QR decomposition, LU factorization, Cholesky decom-
position, and conjugate gradient descent (CGD).

Factorized Gram-Schmidt (F-GS): Among these alternatives,
we found that the Factorized Gram-Schmidt (F-GS) decomposition [39]
provides the best fit for our framework due to its ability to: (1) op-
erate purely on second-order statistics (G=X" X) without requiring
access to the full data matrix X, (2) maintain numerical stability
through carefully ordered orthogonalization steps, and (3) support
efficient O (k?) per-candidate updates compared to O (mk?) for stan-
dard QR methods, where m is the number of rows and k is the num-
ber of features. The F-GS approach decomposes the Gram matrix
Gr = X[ Xy € RF¥k into Gy = R/ Ry, where Ry is upper trian-
gular and represents the Cholesky-like factor of the Gram matrix.
Additionally, we maintain the coefficient matrix C; =R !, which
maps Gram space coordinates to orthonormal basis coefficients. This
factorization enables us to efficiently compute projections and or-
thogonalizations needed for evaluating candidate features without
ever forming the orthonormal matrix Q explicitly.



Incremental Gram Matrix Updates via F-GS: For a new candi-
date feature f. with vector Xz, 1, we need to evaluate its impact on
the model. From our index, we retrieve the cross-covariance sketch
gk =X/1—xk+1 € RK (relationship between existing features and candi-
date) and the self-covariance y = X-kr+ 1 Xk+1 €R (candidate’s variance).
These sketches form the augmented Gram block:

Git1= [G‘llS gk]
8 Y
The incremental F-GS update proceeds by computing projection
coeflicients oy = C]ng e Rk, which represent how much the new
candidate projects onto each existing orthonormal direction. We
then construct the orthogonalized direction:

] eRk+1

®)

—Cra

- @

Cr1= [

and compute its norm in the Gram inner product space with p =

N EIL 1Gk+1Ck+1- This norm represents the residual variance in the

candidate feature after removing all components already explained
by the current feature set. The updated factorization is then:

Rpy1= [R‘]F ak}’ Cr+1= [C‘]lS _Ckak/p]
0 p 0 1/p

This update requires only O (k?) operations per candidate evaluation,

compared to O (k%) for computing a fresh Cholesky decomposition,
which would need the complete Gram matrix or CGD.

Incremental Least Squares Solution: For regression tasks, we

similarly update the least-squares solution incrementally. We main-

tain the right-hand-side sketch s :X;'c—y (the covariance between

features and target) and retrieve s, = x/;rﬂy for each candidate

from the index. The transformed right-hand side is computed as:

Sk
di1=CJ [ ]
+ k+1 Skt1

The coefficients ., of the augmented model are then obtained by
solving the triangular system Ry, 1 B, 1 =dk1 via backward substi-
tution in O (k?) time. The last entry of d.,; directly provides the pro-
jection of the target onto the new orthogonal direction, allowing to
compute the exact RSS reduction: ARSS= di+ .- This quantity serves
as a reliable proxy for the candidate’s utility without retraining.

®)

(6)

6.2 Reuse During Feature Selection

We exploit computation reuse at two levels: query table reuse, where
the query table’s Gram matrix is computed once before selection,
and inter-iteration reuse, where cross-covariances between selected
features are preserved across iterations.

Query Table Reuse: As shown at the top of Figure 6, the query
table’s Gram matrix block remains constant throughout feature selec-
tion. Naively recomputing the joint Gram matrix for each candidate
would redundantly aggregate the query table’s diagonal entries (D1;,
D2;), cofactors (CU;), and within-table covariances. Instead, we com-
pute the query table’s self-covariance block once. For each candidate
evaluation, we then compute only the cross-covariance terms be-
tween the query features and the candidate feature (e.g., Z,-VliVlf
or ZiVliVZﬁT ) and the candidate’s self-covariance.

Inter-Iteration Reuse: Figure 6 (bottom) also shows how com-
putations are reused across iterations. After Feature 1 is selected in
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Iteration # 1 Gram Matrix with Feature 1 Iteration # 1 Gram Matrix with Feature 2

S gD X 1|50 g CUx 1 |8V VI |2, D1 x 1 |2, ,CU x 1 |2, ,V1,x V2,
T yD2x 1 |2 4V2x V1Y Sips D2 x 1 |84 V2 X V2
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Iteration # 2 Joint Gram Matrix
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o [

ZinsagD2 X C ~Jrevr, e

Figure 6: Computation Reuse during Forward Selection.

iteration 1, its cross-covariances with the query table features be-
come part of the committed Gram matrix. When evaluating Feature
2 in the subsequent iteration, we do not recompute the entire joint
Gram matrix from scratch. We reuse the already-computed 33 block
(in gray). The new terms required are (1) Feature 2’s covariances
with the original query features (3; V1; X VZf and }};V2; X V2f)
and (2) the cross-covariance between Features 1 and 2. The cross-
covariance of the two selected features is retrieved from the CUF
COFACTOR attribute of the sketch when both features originate from
the same augmentation candidate table. This term was precomputed
and indexed offline. Otherwise, we compute the cross-covariance of
selected features as ZiVll.F V2iF . The F-GS factorization update then
operates on this incrementally extended Gram matrix.
Complexity Reduction: This two-level reuse strategy signifi-
cantly reduces the total sketch join operations. For a selection process
that evaluates n candidates over K iterations, the naive approach re-
quires O (n-K) full Gram matrix computations. With reuse, the query
table’s self-covariance is computed only once, and cross-covariances
between previously selected features are never recomputed.

7 EXPERIMENTS

We study MATRYOSHKA on various ML tasks, data lakes, and datasets
against state-of-the-art baselines, complementing end-to-end exper-
iments with micro-benchmarks.

7.1 Experimental Setup

Datasets and Evaluation Setups: We evaluate MATRYOSHKA for
several public and real-world query datasets summarized in Table 1,
covering regression and classification. As pre-processing, we drop
rows with missing query keys or targets, impute remaining missing
values (mode for categorical, iterative Bayesian Ridge for numerical),
and apply AutoGluon’s [17] feature generator to normalize types.
For augmentation, we use the data lakes in Table 2. We assess Ma-
TRYOSHKA under three setups, each pairing different query tables
and lakes. (1) In-the-wild (ITW) (Section 7.2) is the most realistic in
two variants. For external, the query comes from outside the lake and
is paired with a geographically (NYC, CUK) or topically relevant (Git-
tables) lake. For in-lake, the query is from the lake itself, as marked
by From Lake in Table 1. (2) AutoFeat (Section 7.2) adopts the eight
binary classification lakes of AutoFeat [27], where task-relevant
features are put into auxiliary tables with hidden foreign key rela-
tionships, so a method must recover connections and discriminate
useful features. (3) Kitana (Section 7.3) follows the leave-one-out



Table 1: Query Datasets (From Lake indicates if from same lake,
top partition: regression, bottom partition: classification).

Dataset Lake Query col. Target Rows Features From Lake
Jobs CUK Region Payscale 5,850 4 v
IMDB [31] Git  Title Rating 5,000 4 x
Page Views [45] Git  Name Total Views 11,341 8 X
VG Sales [37] Git  Publisher  Global Sales 16,598 5 X
Energy [9] NYC Block GHG 3,374 3 X
Fire Incidents NYC ZIP Code Duration 1,330,883 5 v
Real Estate [33] NYC City Price 35,768 7 X
ArrestRecords CUK ZIP Code  Arrest Type 18,026 5 v
Hospital CUK County Substance 99,366 5 v
Food Facts Git  Group Eco-Score 569,289 11 X
Street Trees NYC Street Condition 484,607 7 v

Table 2: Data Lakes (%N/S is ratio of numeric/string columns).

Lake # Tables # Rows # Cols %N/S Raw
median p90 median  p90

NYC [20] 1,070 170 53,959 11 35  46/54 52GiB

CUK [14] 11,805 20,296 157,821 13 30 49/51 111 GiB

Gittables [26] 975,684 67 272 11 24 54/46 16 GiB

Kitana [25] 258 1,743 55,088 16 45  23/77 554MiB

strategy of Kitana [25], where each annotated table in turn serves
as the query and remaining tables form the augmentation pool.

Baselines: We compare MATRYOSHKA with forward feature selec-
tion against five state-of-the-art baselines. ARDA [7] is an end-to-end
augmentation system with coreset-based sampling, candidate evalu-
ation against random noise, and exact and fuzzy joins via aggregation
strategies (AutoFeat implementation [13]). AutoFeat [27] discovers
transitive features over multi-hop join paths and ranks them by
information-theoretic relevance and redundancy. Kitana [25] is a
data-centric AutoML system with factorized learning, linear-proxy
candidate evaluation, and greedy feature selection (authors’ imple-
mentation [11]). QCR [34] finds joinable columns correlated with
the target via a quadrant-based sketch index (Blend [20] implemen-
tation). CAAFE [24] iteratively prompts an LLM to generate feature
engineering code and keeps features that improve a base classifier
(authors’ implementation [23] with Gemini 2.5 Flash Lite). CAAFE,
ARDA, AutoFeat, and Kitana require join paths as input, for which
we use LSH Ensemble [47] (LakeBench [14] implementation) with
multi-threaded join graph construction on the large GitTables [26]
lake. All baselines use default hyper-parameters.

Hardware and Software: We use a server with an AMD EPYC
7702P 64-core processor (128 logical threads) and 512 GB of DDR4
RAM, running Ubuntu Linux. MATRYOSHKA is implemented in Python
3.12and uses PostgreSQL asits backend, accessed via ConnectorX [44]
for high-throughput reads. Numerical routines rely on NumPy [38],
SciPy [41], and scikit-learn [32]. Polars [40] serves as our Dataframe
engine, and candidate sketch construction and per-candidate proxy
evaluation are parallelized with Ray [30].

7.2 MATRYOSHKA Against Baselines

Setup: Because public query datasets are well-curated and leave little
room for augmentation, the ITW setup simulates more realistic query
tables. We define three simulation regimes of increasing information
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Table 3: Average Relative Improvement (%) over the base model
across feature-engineering setups. GR/LR: Gamma (7 regres-
sion tasks) and Logistic (4 classification tasks) GLM models.

| JoinKeyOnly | Categ.Features | Binned Features
Method | RF GLM(GR|LR)| RF GLM (GR|LR)| RF GLM (GR|LR)
ARDA +8.0 +0.0 | +0.0 +1.1 +0.0 | +0.0 +17.3 +0.0 | +0.8
AutoFeat +24.7  +0.2|-3.6 +0.3 +0.2 |-2.7 +9.0 +0.0 | +12.0
CAAFE +12.5 +13.6 | -12.5 +5.8 -28.1|-4.1 +0.1 -5.1|+0.0
Kitana +0.6  +0.0 | +0.0 +6.4 -27.9|-74 +1.3 +0.0 | +0.0
QCR +21.2  +0.2 |-6.1 +11.3 -30.6 | +0.0 +3.5 +0.6 | +22.6
MATRYOSHKA‘ +36.1 +0.0 ‘ -10.0 ‘ +19.3 -33.1|-9.0 +17.9 -0.2|+19.5

availability. Join Key Only retains only the join column, the most
data-scarce setting. Categorical Features adds all original categorical
columns. Binned Features retains all columns, with numeric columns
discretized into n=4 equi-height bins and dummy-coded to avoid
multicollinearity. For MATRYOSHKA, we use k=20 joinable tables per
query and a correlation-based pruning threshold of 0.55 for regres-
sion and 0.01 for classification. Finally, we train a Random Forest
and Generalized Linear Models (Gamma and Logistic regression) as
our downstream models. We motivate our choice by having one non-
linear estimator and a linear one with a non-Gaussian assumption.

End-to-end Results: Table 3 reports the average relative im-
provement over the base model under a random forest (RF) and
a GLM across the three feature setups. Under RF, MATRYOSHKA
achieves the highest gains in every setup (+36.1%, +19.3%, +17.9%),
and the gains grow as less query information is available. The GLM
column is weaker and uneven for all methods: its score degradations
concentrate on the Gamma regression (GR) under categorical pre-
processing, where un-binned numeric lake features destabilize the
exponential link on long-tailed targets, while logistic regression (LR)
turns strongly positive once numeric features are binned.

Anytime Augmentation: We further study the speed of augmen-
tation on the ITW Categorical and AutoFeat benchmarks, reporting
aggregate quality as a function of time in analogy to AutoML. We
score augmented tables on ITW Categorical with our Random Forest
pipeline, reporting mean A% metrics (RMSE for regression, F1 for
classification) over the base table, and on AutoFeat with the orig-
inal ensemble of Random Forest, Gradient Boosting, Extra Trees,
and XGBoost, reporting mean accuracy. A target-leakage safeguard
removes numeric columns with Pearson correlation > 0.99 or OLS
fit R? > 0.999 to the target. On ITW Categorical (Figure 7 (a)), MA-
TRYOSHKA reaches +19.29% after 142 s and is the only method that
delivers robust improvements: QCR matches the quality (+11.3%)
but supports only regression and is 14X slower, ARDA and AutoFeat
reject nearly all candidates because their coreset sampling discards
join-relevant rows, and CAAFE and Kitana trail by more than 12%
at 7-8x the runtime. The AutoFeat benchmark (Figure 7 (b)) favors
ARDA and AutoFeat because synthetic join keys yield perfect over-
lap, which mitigates the sampling issues. MATRYOSHKA still attains
higher mean accuracy than ARDA despite its linear proxy, which
identifies features whose predictive value transfers to non-linear
models, and comes within 0.02 of AutoFeat’s best accuracy at 3.4x
lower runtime. Kitana and CAAFE are not competitive.

Impact of Selected Features: On Real Estate, MATRYOSHKA’s
forward selection retrieves features on permit history, the local
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Figure 8: Per-step Runtime Breakdown.

zoning regime, and nearby fire-suppression systems, signals of reno-
vation activity, lot density, and the code compliance of surrounding
buildings that plausibly drive real estate value. In contrast, QCR’s
correlation-only retrieval returns 15 duplicate features and opaque
operational identifiers that spuriously correlate with price, degrad-
ing the RMSE by +1.0%.

MaATRrYOSHKA Runtime Breakdown: Figure 8 decomposes the
end-to-end runtime into five online steps: Retrieval issues the over-
lap query OQ for the top-k joinable tables, Pruning filters low-signal
candidates, Sketching assembles the Gram matrix sketches via the
feature space query FQ, Selection runs greedy forward selection with
the F-GS proxy, and Augmentation materializes the join for the cho-
sen features. Selection dominates (68.5% of mean runtime) because
every iteration re-evaluates all remaining candidates via incremental
F-GS updates, a cost amplified on large post-pruning pools such as
Real Estate (1460) and Trees (1370). Retrieval accounts for 17.3% (4.0 s
mean) and scales with the lake size, from 26.5 s for IMDB on Git (~1M
tables) to below 1 s on the smaller CUK lake. Sketching contributes
11.0% (2.6 s), and Pruning and Augmentation together stay near 3%.

Trading Offline Cost for Online Speed: MATRYOSHKA deliber-
ately shifts cost from repeated online querying to a one-time offline
sketch precomputation. Table 4 reports this cost: the sketches occupy
89 GiB on NYC, 2.34 TiB on CUK, and 1.32 TiB on Gittables, with in-
dexing times of 5 to 107 hours capturing pairwise cofactors of every
candidate column. The investment pays off online: MATRYOSHKA
augments a query against the largest lake (Gittables, ~1M tables)
within seconds to ~30 s (Figure 8) without reading or joining the raw
lake tables at query time.

7.3 Leave-One-Out Benchmark

We stress-test robustness at lake scale with a leave-one-out bench-
mark on the Kitana [10] lake, as suggested by the authors.

Setup: The lake contains 258 annotated NYC open-data tables
with continuous targets and join keys. Each table in turn serves as
the query, is removed from the index, augmented with the remaining
candidates, and scored with a 5-fold cross-validated Random Forest.
Two queries with corrupted annotated targets fail to train the base
model and are dropped, leaving 256 tables.

Results: Table 5 reports per-method win (A > 0), tie, and loss rates,
the engaged summary of A% RMSE over the no-augmentation base-
line, augmentation time, and worker memory. MATRYOSHKA wins on
73.4% of queries against Kitana’s 24.2%, with an engaged median of
+22.4% and p10 of —2.1% versus Kitana’s +6.9% and —45.0%. ARDA
wins on 36.7% but its engaged mean of —115% reflects spurious corre-
lations, and AutoFeat and CAAFE do not augment on 75.4% and 64.8%
of queries. QCR wins on 78.5% with an engaged median of +21.0%
in 25.5 min at 0.4 GB peak RAM, as the small Kitana tables keep its
join-and-test materialization inexpensive. MATRYOSHKA matches
QCR on quality while causing less harm, with the best p10 (-2.1%)
and loss rate (12.9%), at 16.7 GB peak memory due to a permissive
pruning threshold of 0.1.

7.4 Comparison with General Discovery Systems

Figure 9 compares MATRYOSHKA with general-purpose join discov-
ery systems at a retrieval size of k=50. General join discovery re-
turns all retrieved features and defers costly selection to a high-
dimensional table, where the model may overfit or fail to converge
when #rows<#features. Every retrieval engine (DeepJoin, JOSIE,

Table 4: Offline Storage and Index Build Runtime.

NYC CUK Gittables
System Storage  Build ~ Storage  Build  Storage Build
MATRYOSHKA 89GiB 4h54m 234TiB 95h24m 132TiB 106h48m
QCR [34] 14GiB  11m 22GiB  6hlm 92GiB 33hsm
LSH Ensemble [47] 32MiB 1h48m 239MiB 3h7m 13 GiB 1h52m
JOSIE [46] 22GiB 58 m 52GiB 2h00m 32m-—
DeepJoin [15] 101MiB  11m 1.3GiB 12m 72GiB 5h50m




Table 5: Leave-one-out Benchmark on Kitana (n=256 tables).

Rates Engaged (A%ZRMSE #0) Time RAM
W% T% L% p10  p50 mean min p50, MB max, GB

ARDA 36.7 41.8 21.5 —174.0 21.7 —115.1 83.7 44.7 11
AutoFeat 12.1 754 12.5 -984 -0.7 0.7 180.8 7.4 11.0
Kitana 24.2 53.1 22.7 —450 6.9 4.7 31.6 0.9 1.4
QCR 78.5 5.1 164 —=9.6 21.0 26.5 25.5 43 0.4
CAAFE 17.2 648 180 —95.6 —1.5 —25.6 85.8 6.8 1.3
MATRYOSHKA 734 13.7 129 —-2.1 224 27.0 1323 6.7 16.7
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Figure 9: Comparison with General Join Discovery Methods.
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Figure 10: Mean Score Gain vs. Runtime across ITW Queries.

LSH-Ensemble) paired with a generic L; selector exceeds the per-
table 1,800 s budget, augmenting only 3-5 of 7 queries, whereas
MatryosHKA (FS) augments all seven in ~336 s with the best im-
provement. Yet, MATRYOSHKA in retrieval-only mode (L;) degrades
the downstream score by —4.9%.

7.5 Micro-Benchmarks

We conduct micro-benchmarks to evaluate individual components
of MATRYOSHKA under varying assumptions.

Impact of Exploration Budget: We evaluate how the number
of top-k joinable tables of the overlap query OQ affects downstream
prediction and runtime. Figure 10 (a) varies k € {5,10,20,50}, av-
eraged across all 11 ITW query tables. Increasing k from 5 to 20
steadily improves the gain from 15.2% to 27.8% at moderate runtime
growth, whereas k=50 yields only a marginal gain (28.5%) while
nearly doubling the runtime to 31.8s.
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Impact of Pruning Threshold: Figure 10 (b) shows how the
pruning threshold 7 affects score gain and runtime across all 11 ITW
query tables, approximating Pearson correlation via QCR for re-
gression and using the correlation ratio for classification. Moderate
thresholds achieve the highest regression gain of roughly 20%: rais-
ing 7 to 0.75 eliminates over 99% of candidates on Energy (2,918 down
to 25) and cuts runtime from 26.5 s to 11.3 s, but the gain drops to
4.5%, and on Real Estate only 4 of 2,992 features remain and the gain
turns negative. Classification pruning is more aggressive because
the correlation ratio applies per class: on Trees, 7>0.3 prunes all but
3 of 3,024 features and eliminates most of the gain, while on Arrest,
7=0.1 retains 112 of 1,083 features yet achieves 98% of the F1 gain.

Incremental Updates: We evaluate the runtime benefit of incre-
mental F-GS factorization single-threaded, so parallelization does
not hide effects. Figure 11 reports the runtime and number of selected
features for the 7 ITW regression query tables. The two approaches
are nearly identical on most datasets because few features are se-
lected, and the cubic-vs.-quadratic gap becomes visible only for large
selected sets, as on Energy with 265 candidates.

Impact of Parallelization: We further evaluate the speedup of
parallelizing the discovery pipeline (during sketching and feature
selection). Figure 12 shows the end-to-end runtime over all 11 ITW
query tables with increasing degree of parallelism from 1 to 64. The
median runtime drops from 13.5 sat 1 core to 10.7 sat 4 cores, a 1.26X
speedup. Notably, the upper quartile dominated by large candidate

Table 6: Computation/Ray Overhead (OH) Fwd Breakdown.

Energy Real Estate
Cores Comp. (s) OH (s) OH% Comp.(s) OH (s) OH%
1 2,896 775 21 2,554 721 22
4 929 728 44 786 564 42
16 291 323 53 251 291 54
32 185 309 63 163 278 63
64 126 322 72 113 289 72
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Figure 13: Polynomial Features and Runtime.

pools improves from 29.2 s to 18.8 s (1.55%), and the heaviest outlier
shrinks from 93.7 s to 44.4 s (2.1X). Gains plateau beyond 16 cores
because of parallelization overheads. Table 6 quantifies this satu-
ration on the two costliest datasets, Energy and Real Estate (1,318
and 1,416 features), separating computation time, dominated by QR
factorization with cofactor sum-multiply joins and per-candidate
proxy evaluations, from Ray overhead (OH), which covers task dis-
patch, cofactor block serialization, and inter-worker transfers. At
1 core, OH is 21-22% of the total selection time; scaling to 16 cores,
computation drops roughly 10X while OH stays flat, raising its share.

Index Maintenance: We measure two index update scenarios
on the CUK lake, for which a ground truth set of unionable pairs ex-
ists [14]: S1 delivers a batch Q of new rows to an already indexed can-
didate C, and S, admits a previously unseen table. Within S, Append-
only mode applies Q against the maintained per-key state of Sec-
tion 4.4 and rewrites the index entries (table_index,key_col_index)
without re-reading C, whereas Rebase mode retrieves the table, ma-
terializes C U Q in memory, and re-inserts it. On 50 CUK tables
(nrows € [46 K,740 K], n¢o)s < 30), Append-only reaches a median of
5.6 s versus 38.7 s for Rebase, a 6.9x speedup, and S lands at 40.0's.
The state table required by Append-only adds 674 GiB for CUK on
top of the 2.34 TiB sketch index.

Non-Linear, Polynomial Features: We capture simple non-
linearities by augmenting candidates x with polynomial groups
x2,..x4. Figure 13 (a) plots mean RMSE gain over the baseline (d=1)
and runtime for the 7 ITW regression query tables. Cubic expansion
(d=3) yields meaningful gains on datasets with non-linear target in-
teractions, such as VG Sales (+11.8%), Jobs (+16.2%), and Pageviews
(+4.1%), while gains stay below 2.5% on saturated signals (Energy,
Fire, Real Estate, and IMDB). On Jobs, quadratic terms (d=2, —26.0%)
introduce spurious correlations that cubic terms resolve, so degrees
beyond 2 must be tuned per dataset to avoid overfitting. Selection
time grows from 15.4 s at d=1to 50.0 s at d=3, which wins on 6 of 7
tables with an average gain of +4.8%.

Feature Selection Algorithms: We compare forward selection
(Fwd) and backward elimination (Bwd) on the 7 ITW regression
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query tables across pruning thresholds 7 € {0.3,0.5,0.7}. Figure 13 (b)
plots the runtime per dataset and threshold, ordered by the number
of features after pruning. Bwd is consistently faster, with a mean
speedup of up to 217x.However, in mid-sized pools Bwd retains
10 times more features than Fwd, and the noisy columns degrade
RMSE (IMDB at 7=0.5: +36.1%; Jobs at 7=0.5: +22.2%; VG Sales at
7=0.7:+12.8%), a practical runtime-accuracy trade-off between the
two approaches.

8 RELATED WORK

General Data Discovery: There is a large body of work for general-
purpose data discovery aiming at maximizing the number of re-
trieved joinable or unionable tables [8, 19, 21, 46]. Further, there
are systems that aim at holistic assembly of such operations on a
unified index and with a unified discovery language [6, 20]. There is
more recent work on discovery in distributed setups [3]. The afore-
mentioned systems serve as base operators for ML targeting dataset
search. Our solution reuses ideas from Blend [20].

Feature Selection with Custom Indexes: QCR [34], MI in-
dex [35],and COCOA [18] leverage bivariate criteria for feature selec-
tion: Quadrant Count Ratio, Mutual Information criterion, and Spear-
man or Pearson correlation. While the index of these systems allows
for efficient search of relevant features, the proxy criteria provide
rather weak approximations of relevance. These methods evaluate
features independently against the target variable, which contradicts
the multivariate nature of ML tasks. While some features might be
weakly correlated with the target independently, they might possess
ahigh predictive power in combination with others. Moreover, corre-
lation and mutual information do not account for feature redundancy.

Decoupled Feature Selection: Kitana [25] and ARDA [7] im-
plement multivariate feature selection proxies by leveraging ML
models: Linear Regression, Random Forest, and Sparse Regression.
Here, feature selection considers feature interactions, improving
robustness. Metam [22] computes profiles of candidate datasets and
applies Reinforcement Learning to iteratively find the optimal sub-
set based on downstream model performance. AutoFeat [27] is a
transitive feature discovery method with multi-hop join paths, and
ranking based on information-theoretic metrics. CAAFE [24] instead
prompts a large language model to iteratively generate and retain
feature engineering code on a single joined table.

We provide an index structure and a retrieval strategy that enables
multi-variate feature selection. Our approach serves multiple ML
tasks and introduces new optimizations for applying linear proxies.

9 CONCLUSIONS

We introduced MATRYOSHKA, an ML-centric data discovery system
that unifies joinability search and multivariate feature selection
within a single index of offline Gram matrix sketches, which suffice
for factorized proxy models and eliminate join materialization, en-
abling statistically sound “what-if” feature evaluation at lake scale.
Correlation-based pruning and multicollinearity-aware greedy se-
lection cut selection cost from cubic to quadratic in the number of
selected features. MATRYOSHKA consistently improves predictive
scores at competitive discovery cost across diverse lakes and down-
stream tasks. Future work includes non-linear classification sketches,
semantic join keys, and multi-hop discovery.
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