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Appendix A Background
Here, we discuss some background material about lakehouse systems, open table formats which
can serve as an extension of the preliminaries.
• Lakehouse engines: Lakehouses are loosely defined as the warehouses for data lakes [24]. As
mentioned in Section 1 of the paper, the separation of storage from data is what scales lakehouses
to petabytes and exabytes of data by allowing for federated query processing over distributed data
sources. Some of the popular state-of-the-art lakehouse engines include Databricks Photon [3],
Dremio [1], Presto [20]. While Presto is implemented in Java, Prestissimo [22] improves upon it
by combining the native Java-based coordinator from Presto with the C++ implementation of
workers (termed Velox [18] workers) to show impressive latency reduction ranging from 3×-6×
on the publicly available benchmarks such as TPC-H compared to vanilla implementation of
Presto. Besides, Presto and Prestissimo are open-sourced which incentivized us to design PTO on
the top of Presto engine.
• Open Table Formats: Some of the popular open table formats are Delta Lake, Hudi and
Iceberg [13] among which we choose Iceberg as the table format for this work. A common feature
among all these table formats is the availability of richer metadata compared to their predecessors
such as Apache Hive. Besides schema evolution, snapshot isolation and time travel which are
supported by modern table formats such as Iceberg, the metadata is available hierarchically at
partition level and file level unlike Hive and Parquet which offer metadata at the file and row
group level. Additionally, manifest files, manifest lists and metadata files form a tree-like structure
enabling the storage of statistics such as <min, max> values for table columns at snapshot level
thus enabling time travel (AS OF) queries. Equivalently, Delta lake and Hudi support transaction
logs coupled with metadata checkpoints/tables for the same purpose. Lakehouse engines such
as Presto leverage the combination of metadata supplied by Iceberg and the row group level
metadata offered by individual Parquet files to achieve data skipping during query execution. We
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chose Apache Iceberg as the table format for our work because of the skipping capabilities it
offers and the ease of usage through the Spark-Iceberg [2] library.

A.1 Illustrating the skipping benefits
In this section, we use examples to illustrate the skipping benefits we get by configuring each of
the table optimization parameters.

Fig. 1. Partition skipping on the TPC-DS store_sales table.

• Partitioning Column: By configuring the partitioning column optimally, we can skip scanning
rows from irrelevant partitions in the Iceberg tables. Figure 1 shows an example aggregate query
with a filter predicate on the column ss_sold_date_sk, and how partitioning a TPC-DS scale
factor (SF) 10K store_sales table on ss_sold_date_sk allows skipping 28.79B rows from 1,823
irrelevant partitions and scanning only 8.7M rows.

Fig. 2. File skipping in a TPC-DS store_sales partition.

• Target File Size (TFS): This parameter determines the upper limit of the size of each Parquet
file in the Iceberg table. Assuming that the rows within the relevant partition of the store_sales
table are sorted by ss_store_sk (thus benefiting the filter predicate in the query), we can see from
Figure 2 that setting the TFS to ∼2.8M rows results in skipping two of three Parquet files from
the partition. The [min,max] statistics on the sorted column matching the filter predicate and
TFS determine #files scanned.

• Row Group Size (RGS): This parameter specifies the row group size in a Parquet file and
determines # row groups to be scanned during query processing. Figure 3 shows a query with a
filter predicate on ss_store_sk. Assuming that the rows are sorted by ss_store_sk, TFS of 2.8M
rows and RGS of 724K rows, we can skip two of three files from the relevant partition and three
out of four row groups within the relevant file that needs to be scanned. This leads to overall
skipping benefits of 99.99% on store_sales.
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Fig. 3. Row group skipping in a TPC-DS store_sales file.

Fig. 4. Row Group skipping on Z-ordered store_sales

• Sort Scheme: We have an option to sort or bin-pack [2] an Iceberg table using the rewrite-data-
files Spark procedure. Bin-packing is the default option which leaves the data files unsorted but
packs enough rows into each file until the pre-specified RGS and TFS aremet. In the example query
from Figure 4, there are three filter predicates on ss_sold_date_sk, ss_store_sk and ss_promo_sk.
Since ss_sold_date_sk is already used as a partition column, it achieves partition skipping. If we
sort the table using Z-ordering [7, 15, 19] on ss_store_sk and ss_promo_sk, we can skip 7 out of
8 row groups using an RGS of 359K rows.

Appendix B Configuration of ML Baselines
(1) Genetic Optimization (𝐺𝑂) : This is a semi-supervised approach [11] in which the training

labels are collected iteratively. In each iteration, the candidate data layouts are selected, scored,
mutated using crossover techniques. The crossover is done between two training samples which
have the highest skipping benefits (scores) by interchanging their partitioning columns, sort
strategies or a combination of TFS and RGS choices to yield competent offsprings which are
added to the training data. We use sampled tables to estimate the skipping benefits for training
data layouts as detailed in Algorithm 3 in the paper.

(2) Bayesian Optimization (𝐵𝑂) : Unlike other baselines which require TFS and RGS to be
discretized, 𝐵𝑂 can work with continuous spaces. It iteratively separates the training data
layout samples using Tree Parzen Estimator (TPE) [4, 9, 10, 17, 21, 23] into good and bad regions
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Fig. 5. PTO vs. PTO𝐻𝑢𝑚𝑎𝑛𝐸𝑥𝑝 on queries yielding highest % improvement in query execution latency over
𝐷𝑒𝑓𝑜𝑝𝑡 .

based on their scores reflecting the skipping ability. Next, TPE applies the Gaussian kernel
density estimation (KDE) and maximizes 𝐾𝐷𝐸𝑔𝑜𝑜𝑑

𝐾𝐷𝐸𝑏𝑎𝑑
to find a candidate data layout which clearly

separates out the good from the bad regions based on their estimated cumulative density. This
new training sample chosen in each iteration is scored on the sampled table and added to the
good or bad region based on its score.

(3) Hierarchical clustering (𝐻𝑖𝑒𝑟𝑐𝑙𝑢𝑠𝑡 ) : We iteratively apply K-medoids [14] clustering and
BIRCH [25] on the cluster whose medoid has the most skipping ability. We return the optimal
data layout for the best medoid upon exhausting the training budget.

(4) Hybrid BO using surrogate models (𝐵𝑂𝑠𝑢𝑟𝑟 ) : A vanilla implementation of Bayesian opti-
mization is limited by how many training data layouts can be scored on the sampled tables
across a given #iterations. Instead, BO using surrogate models [6, 12] such as random forests
which are used to predict the scores for training data layouts allow for more #iterations while
staying under the given training budget. In each iteration, once BO finds the new sample, we
can get its predicted 𝑠𝑢𝑟𝑟𝑜𝑔𝑎𝑡𝑒 𝑠𝑐𝑜𝑟𝑒 from a random forest which is re-trained periodically with
actual scores.

(5) Random search (𝑅𝑎𝑛𝑑) : This is an HPO baseline [5] which samples and scores random layouts
iteratively as training data.

Appendix C Queries yielding highest improvement and regressions
Figure 5 shows the top-12 queries over which PTO yields the highest %improvement in execution
latency over 𝐷𝑒𝑓𝑜𝑝𝑡 . Interestingly, both in the case of TPC-H (Figure 5a) and TPC-DS (Figure 5b),
PTO outperforms PTO𝐻𝑢𝑚𝑎𝑛𝐸𝑥𝑝 on a majority of queries yielding savings on execution latencies
by 10%-71% on TPC-H and 42%-91% on TPC-DS over 𝐷𝑒𝑓𝑜𝑝𝑡 . This is because PTO𝐻𝑢𝑚𝑎𝑛𝐸𝑥𝑝 is not
generic enough to discover optimal layouts for all the tables and resorts to using binpacking on
catalog_returns and inventory. Such suboptimal sort order choices impact PTO𝐻𝑢𝑚𝑎𝑛𝐸𝑥𝑝 whereas
PTO on the other hand, picks optimal sort order choices which maximize the #queries which
are benefitted. Several of these queries have long latencies which translates to the query benefits
ranging from 1.11×-3.43× on TPC-H and 1.7×-11× on TPC-DS. Among the regressed queries in
TPC-DS, we have Q23a, Q23b, Q67, Q72 as the long-running queries containing filter predicates
that prioritize a few candidate sort columns over others. For example, PTO uses Z-ordering over
multiple columns for catalog_sales but sorting over a single column cs_bill_customer_sk turns
out to be more beneficial for Q23b. To address this problem, we prioritize long running queries
in PTO using a weighted implementation evaluated in Section F. It is crucial to note that other
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parameters like TFS, RGS are also tuned to benefit the long running queries. Likewise, in TPC-H,
Q18 is a long-running query which can benefit from sorting the orders table on o_orderkey and
o_custkey. A few regressed queries such as TPC-H Q4 are not long-running but they do not have
popular filter columns that PTO chose for sorting.

Appendix D Evaluating Sort Cluster Size Estimation

Table 1. Optimal Sort Schemes detected by varying Sort Cluster Size Estimators (TPC-DS SF10K)

APPROX DISTINCT GOOD TURING FIXED SAMPLING
Table #Queries #Queries #Queries
Name Optimal Sort Order benefited Optimal Sort Order benefited Optimal Sort Order benefited

catalog_returns cr_item_sk 4 cr_item_sk, 11 cr_item_sk, 5
cr_return_amount cr_return_amount

catalog_sales z-order(cs_bill_cdemo_sk, 8 z-order(cs_bill_cdemo_sk, 9 cs_item_sk, 13
cs_bill_addr_sk, cs_bill_addr_sk, cs_promo_sk,
cs_sold_time_sk) cs_sold_time_sk, cs_bill_addr_sk

cs_bill_customer_sk)
inventory inv_quantity_on_hand 2 inv_quantity_on_hand 2 inv_item_sk 3

store_returns sr_reason_sk 1 sr_reason_sk 1 sr_item_sk 3
store_sales ss_store_sk 17 ss_store_sk 17 z-order(ss_store_sk, 30

ss_promo_sk,
ss_item_sk)

web_returns wr_item_sk, 4 wr_refunded_addr_sk 1 z-order(wr_refunded_addr_sk, 1
wr_refunded_cdemo_sk, wr_refunded_cdemo_sk)

wr_return_amt
web_sales z-order(ws_ship_date_sk, 3 z-order(ws_sold_time_sk, 9 z-order(ws_sold_time_sk, 8

ws_web_site_sk) ws_bill_addr_sk, ws_ship_date_sk,
ws_ship_addr_sk, ws_ship_hdemo_sk,

ws_ship_hdemo_sk) ws_web_page_sk)

Table 1 shows the optimal sort orders discovered by varying the sort cluster size estimator.
Note that #queries benefited is computed from the set union of queries in which the sort columns
act as filtering columns. The total number of queries benefited eventually also depends on target
file size (TFS), row group size (RGS) and partitioning column which we are excluding from this
discussion. This is to exclusively understand the impact of sort strategies and their corresponding
filter column frequency which are affected by varying the sort cluster size estimators. We can
observe that the sort strategies discovered by PTO while using fixed sampling as the sort cluster
size estimator benefit the highest #queries especially on the larger fact tables such as store_sales,
catalog_sales and inventory. This is followed by Good-Turing estimator which benefits the highest
#queries on catalog_returns and web_sales. APPROX DISTINCT benefits the highest #queries only
on the web_returns table. This establishes that sort cluster size estimation should be balanced
with #queries benefited to ensure that the detected layout brings significant latency savings on the
overall query workload.

Appendix E Comparison with MDDL [8]
Algorithm 1 describes the discovery of the multidimensional data layout (MDDL) [8]. We pass
the table, the scan fragment filter predicates and a latency threshold as input parameters to the
algorithm. The maximum number of predicates used to represent the MDDL bit vector is set to 31
(which is the maximum bits supported by a 4-byte integer) as mentioned in the original work [8]
(line 1 of the algorithm). Lines 2 and 3 shortlist the top-k (≤ MAX_BITS) scan fragment predicates
which are highly selective.

Subsequently, the shortlisted filter predicates are evaluated on the entire table to create a dic-
tionary with the row identifier as the key and a list of predicate identifiers as the value for all the
rows in the table (line 4). This is a step that incurs high latency and therefore, we have a latency
threshold that is set to 3 hours per table exclusively for this step of predicate evaluation. This limits
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Algorithm 1 createMDDL(𝑡𝑎𝑏𝑙𝑒 , 𝑠𝑐𝑎𝑛𝐹𝑟𝑎𝑔𝑃𝑟𝑒𝑑𝑠 , 𝑙𝑎𝑡𝑒𝑛𝑐𝑦𝑇ℎ𝑟𝑒𝑠)
1: MAX_BITS← 31
2: 𝑠𝑒𝑙 ← 𝑔𝑒𝑡𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑣𝑖𝑡𝑖𝑒𝑠 (𝑡𝑎𝑏𝑙𝑒 , 𝑠𝑐𝑎𝑛𝐹𝑟𝑎𝑔𝑃𝑟𝑒𝑑𝑠)
3: 𝑠ℎ𝑜𝑟𝑡𝑙𝑖𝑠𝑡𝑒𝑑𝑃𝑟𝑒𝑑𝑠 ← 𝑠ℎ𝑜𝑟𝑡𝑙𝑖𝑠𝑡𝑃𝑟𝑒𝑑𝑠 (𝑡𝑎𝑏𝑙𝑒 , 𝑠𝑒𝑙 , MAX_BITS)
4: 𝑟𝑜𝑤𝑇𝑜𝑃𝑟𝑒𝑑𝑠 ← 𝑒𝑣𝑎𝑙 (𝑡𝑎𝑏𝑙𝑒 , 𝑙𝑎𝑡𝑒𝑛𝑐𝑦𝑇ℎ𝑟𝑒𝑠 , 𝑠ℎ𝑜𝑟𝑡𝑙𝑖𝑠𝑡𝑒𝑑𝑃𝑟𝑒𝑑𝑠)
5: 𝑚𝑑𝑑𝑙𝑆𝑜𝑟𝑡𝐾𝑒𝑦← 𝑐𝑟𝑒𝑎𝑡𝑒𝐵𝑖𝑡𝑉𝑒𝑐𝑡𝑜𝑟 (𝑡𝑎𝑏𝑙𝑒 , 𝑟𝑜𝑤𝑇𝑜𝑃𝑟𝑒𝑑𝑠)
6: return𝑚𝑑𝑑𝑙𝑆𝑜𝑟𝑡𝐾𝑒𝑦

the # predicates to being highly selective and avoids the evaluation of predicates which evaluate
to true for most of the rows in the table thereby saving discovery time while also discovering
important predicates. Finally, the top-k evaluated predicates are converted into a bit vector which
is used to sort the table (line 5).

Table 2 shows the top-k MDDL predicates for each of the 7 fact tables. Note that for the remaining
14 dimension tables, we use the same optimized layouts as discovered by PTO for a fair comparison.
Interestingly, we can observe that for the three largest fact tables, store_sales, catalog_sales and
web_sales, the highest selectivities are 0.7%, 0.73% and 13.14% respectively. Even with such highly
selective predicates,MDDL+PTO manages to show decent savings in workload latencies, when
combined with the other optimal parameter choices discovered by PTO as shown earlier in Section
4.3.3 of the paper [16]. Only in the case of catalog_returns and web_returns, we encounter top-k
predicates which exceed a selectivity of 74%. Thus, if we want to detect best data layouts with
MDDL under reasonable latency limits, we need to ensure that we pass it candidate selection
predicates from our pre-discovered scan fragments which are highly selective instead of atomic
predicates which incur high latency and may not be selective in the first place.

Appendix F Impact ofQuery Weighting
Table 3 shows the optimized layouts discovered by Weighted PTO and PTO for all the 24 TPC-
DS tables. Among the 7 fact tables (i.e., sales, returns and inventory), the sort scheme differs for
catalog_sales.WhileWeighted PTO selects cs_bill_customer_sk as the sort column that benefits high
latency queries, PTO z-orders the table upon four columns while subsuming cs_bill_customer_sk.
This difference clearly explains how PTO in general, ends up benefiting more queries than its
weighted counterpart. Another interesting difference is that Weighted PTO mostly pushes the
TFS and RGS to be close to the upper limit of 512 MB and 128 MB more aggressively than PTO.
A possible explanation is that the candidate sort columns shortlisted by Weighted PTO happen
to score better w.r.t. skipping capabilities on the sampled tables with larger TFS and RGS thereby
suggesting the GBT model to pick such candidates. Usually, the bias towards larger file and row
group sizes happens when a decisive difference in skipping abilities among various layouts cannot
be seen with smaller candidates i.e., the data distribution of the underlying samples is such that we
can only see higher percentage of data skipping only when we increase the target file sizes.
Another interesting observation is that Weighted PTO partitions and z-orders the smaller

dimension tables but PTO does not. This is because when the table sizes are so small that at least
a 0.1% sample cannot be drawn (sampling extremely small tables leads to empty row sets), PTO
automatically defaults to using binpacking and avoids partitioning the table. For TFS and RGS,
it chooses reasonably low values. On the other hand, we allowed Weighted PTO to score the
candidates to show the distinction between using the default layout choices for small tables and
actually trying to apply the GBT model on them. Since sampling leads to empty sets for tables such
as income_band, reason, ship_mode etc., all the training candidates get the same scores. Not so
surprisingly, that results in partitioning the table and choosing a z-ordering strategy for it even
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though that does not lead to any benefit. This is why, we present most of the results on the 7 large,
fact tables in the main body of the paper [16].
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