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Join is one of the most critical operators in query processing. One effective way to optimize multi-join

performance is to pre-filter rows that do not contribute to the query output. Techniques that reflect this principle

include predicate pushdown, semi-join, Yannakakis algorithm, Bloom join, predicate transfer, etc. Among

these, predicate transfer is the state-of-the-art pre-filtering technique that removes most non-contributing

rows through a series of Bloom filters thereby delivering significant performance improvement.

However, the existing predicate transfer technique has several limitations. First, the current algorithm

works only on a single-threaded system while real analytics databases for large workloads are typically

distributed across multiple nodes. Second, some predicate transfer steps may not filter out any rows in the

destination table thus introduces performance overhead with no speedup. This issue is exacerbated in a

distributed environment, where unnecessary predicate transfers lead to extra network latency and traffic.

In this paper, we aim to address both limitations. First, we explore the design space of distributed predicate

transfer and propose cost-based adaptive execution to maximize the performance for each individual transfer

step. Second, we develop a pruning algorithm to effectively remove unnecessary transfers that do not have

positive contribution to performance. We implement both techniques and evaluate on a distributed analytics

query engine. Results on standard OLAP benchmarks including TPC-H and DSB with a scale factor up to

400 show that distributed predicate transfer can improve the query performance by over 3×, and reduce the

amount of data exchange by over 2.7×.
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1 Introduction
Join [7, 13, 20, 34] is one of the most critical operators in query processing. One effective principle to

optimize multi-join queries is to pre-filter rows that do not contribute to the join result prior to actual
joins. Optimizations that reflect this principle include predicate pushdown [27, 30, 31, 33, 36, 58],

Bloom join [15, 35, 49], Lookahead Information Passing (LIP) [66], semi-join reduction [10], and the

Yannakakis algorithm [64]. These algorithms differ in the number of rows that can be pre-filtered

and the efficiency of the pre-filtering process. Prominently, the Yannakakis algorithm can pre-filter

all non-contributing rows for acyclic queries, through a series of semi-join operators across the

joining tables.

Recently, predicate transfer [63] was developed as the state-of-the-art protocol following the

pre-filtering principle. Predicate transfer replaces semi-joins in the Yannakakis algorithm with

Bloom filters, thereby combining the strong theoretical guarantees with high pre-filtering efficiency.

Each transfer uses a Bloom filter constructed on one table to reduce its neighbor tables. With a
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series of DAG-structured transfers, almost all non-contributing rows can be pre-filtered from the

joining tables with a small and bounded amount of CPU time. Prior work [63] has demonstrated

significant speedup of predicate transfer in a single-threaded analytics query engine.

Despite its great performance, we identify the following two limitations of the existing predicate

transfer technique.

Limitation #1. Lack of Distribution Support. The existing predicate transfer algorithm works

only on a single-threaded system while real analytics databases are typically distributed or at

least parallelized across multiple threads. Applying predicate transfer to a distributed system is

challenging since it requires to construct a Bloom filter over entire column(s) of a table, such that a

Bloom filter must be distributed as well. The design is further complicated when the joining tables

are partitioned on different keys, leading to potential re-partitioning of Bloom filters.

Limitation #2. Ineffective Pre-Filtering Steps. Some predicate transfer steps may not filter out

any rows in the destination table, introducing performance overhead but no speedup. This issue is

exacerbated in distributed environments, where unnecessary transfers can lead to higher network

latency in terms of extra round-trips and network traffic, which can degrade query performance.

In this paper, we aim to address both limitations above to make predicate transfer more widely

applicable. Our first contribution is to extend predicate transfer to a distributed environment

where each individual transfer step is performed across multiple nodes. Following distributed join

techniques, our designs are either broadcast-based or shuffle-based. Different from distributed joins,

however, the usage of Bloom filters in predicate transfer introduces extra design complexity. We

develop a set of distributed transfer designs that excel at different workload scenarios. We also

develop an adaptive model that dynamically chooses the optimal design for each predicate transfer

step to minimize network traffic.

Our second contribution is to propose an algorithm that can prune unnecessary predicate transfer

steps to reduce the overhead of the transfer phase without sacrificing pre-filtering effectiveness.

We identify two properties that collaboratively enable transfer pruning: join key containment and
predicate containment. With join key containment, the join key of the destination table is a subset

of the join key of the source table prior to considering existing predicates. Predicate containment

ensures that the destination table’s predicates are at least as selective as those of the source table.

In summary, the paper makes the following key contributions:

• We extend the existing predicate transfer algorithm to a distributed environment, and propose

multiple variants of distributed predicate transfer.

• We develop cost-based adaptive execution to select the most effective distributed predicate

transfer algorithm for each individual transfer, such that the network cost is minimized.

• We propose a comprehensive algorithm to prune unnecessary transfers which make no

contribution to pre-filtering.

• We implement and evaluate the proposed techniques on FlexPushdownDB [61, 62], an open-

source
1
distributed analytics query engine. Results on TPC-H and DSB benchmarks show

that distributed predicate transfer can improve the query performance by over 3×, and reduce
data exchange by over 2.7×.

The rest of the paper is organized as follows. Section 2 provides the background of predicate

transfer and distributed joins. In Section 3, we propose multiple designs of distributed predicate

transfer algorithm. Section 4 develops a cost model for all proposed distributed predicate transfer

approaches, and adaptive execution that selects the most effective distributed predicate transfer

design for each individual transfer step. In Section 5, we discuss the pruning algorithm for ineffective

transfers. Section 6 presents additional optimization and implementation details. Section 7 evaluates

1
https://github.com/cloud-olap/FlexPushdownDB/tree/sigmod_25
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the performance of the proposed techniques. Finally, Section 8 discusses the related work and

Section 9 concludes the paper.

2 Background
This section presents the background of predicate transfer (Section 2.1) and major distributed join

techniques (Section 2.2), which lay the foundation for the design of distributed predicate transfer.

2.1 Predicate Transfer
Predicate transfer [63] is the state-of-the-art pre-filtering technique built on top of the classic

Yannakakis algorithm [64]. For acyclic queries, the Yannakais algorithm can pre-filter all rows of

the joining tables that do not appear in the final join result. The algorithm is proven to run in

𝑂 (𝑁 + OUT) time, where 𝑁 is the size of input relations and OUT is the query output size. The

Yannakakis algorithm performs pre-filtering through a semi-join phase. It starts with constructing

a join tree for the query, where each node is a table and each edge is an equi-join operation. The

algorithm then performs a forward pass and a backward pass. The forward pass starts from the leaf

nodes in the join tree, reducing the size of each table by performing semi-joins with its children

tables. Then the backward pass traverses the join tree in a top-down fashion where each table is

filtered by a semi-join with its parent table. After both passes, all the tables are pre-filtered and the

database can perform regular joins on the reduced tables (i.e., the join phase).

Although the Yannakakis algorithm has nice theoretical guarantees, it has not been widely

deployed in modern database engines. The main obstacles are the costly hash table accesses and high

memory consumption in the semi-join phase. Predicate transfer enhances the Yannakakis algorithm

by adopting Bloom filters [1, 14, 38, 42, 55] for pre-filtering, which achieves high performance

due to its efficient bit-level representations. The false positives in Bloom filters do not affect the

correctness of query since they will be removed in the join phase; false positives also have low

impact on query performance [63].

Figure 1 illustrates how predicate transfer works. Predicate transfer consists of a set of transfer

steps. As demonstrated in Figure 1(a), a single transfer step builds a Bloom filter from the join key

(i.e., JK) of the source table R to reduce the destination table S to S’. Subsequent predicate transfer
steps that have S as the source table, if any, will use the reduced 𝑆 ′ instead. The complete predicate

transfer phase consists of a forward pass and a backward pass. The existing predicate transfer

design [63] adopted the heuristics that transfers are performed from the smaller table to the larger

table in the forward pass. Figure 1(b) shows an example for TPC-H Q20. Local filters are applied

first. In the forward pass, four transfer steps are constructed based on the join graph, marked in

the four red arrows. After that, the backward pass begins in a symmetric way but in the opposite

direction, as shown in the four blue dashed arrows. In Q20, local predicates alone can reduce the

join input size by 5×. With predicate transfer, the remaining join input can be further reduced by

50×, leading to a total reduction of 250× of the join table sizes.

2.2 Distributed Join Strategies
In a distributed environment where the table data is partitioned, joins may not be directly performed,

since the joining tables may be partitioned on different columns, and the partition column(s) can

be different from the join key. Two distributed join strategies have been prevalently adopted—

broadcast-based distributed joins and shuffle-based distributed joins [3, 5, 22, 28, 48].
With broadcast-based distributed joins, one of the two joining tables is selected to be broadcasted

to all the nodes, and is joined with each partition of the other table to form the complete join result.

Typically, the smaller table is chosen for broadcasting to minimize network traffic. For outer joins,

there are restrictions regarding which table can be broadcasted. For example, in a left outer join,
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(a) Predicate Transfer Step (b) Predicate Transfer in
TPC-H Q20

Fig. 1. Demonstration of a Single Predicate Transfer Step (a)
and Predicate Transfer in TPC-H Q20 (b).

Fig. 2. Broadcast-Based Value-Exchange
(BCAST-VAL) — Transfer is from the source

table R to the destination table S.

only the right table can be broadcasted. Broadcast-based distributed joins are more efficient than

shuffle-based joins when one of the two tables is sufficiently smaller than the other table.

With shuffle-based distributed joins, both tables are repartitioned on the join key across all the

nodes, such that the rows with matching join keys are co-located on the same node. Each node

can then perform the join locally. Shuffle-based distributed joins are efficient for large clusters and

when both tables are large and have similar sizes. Shuffle-based distributed joins are also preferred

when one or both of the tables are already partitioned on the join key.

3 Distributed Predicate Transfer
The growing data volumes in modern applications demand distributed analytics databases. The effi-

cient and effective pre-filtering power of predicate transfer can potentially improve distributed join

performance substantially, through reducing join computation on each node and network transfer

of intermediate join results. However, supporting predicate transfer in a distributed environment is

non-trivial with multiple challenges as discussed in Section 1.

We notice that, in a high level, the predicate transfer phase is inherently similar to the join

phase—building or probing a Bloom filter is similar to building or probing a hash table. Therefore, we

can leverage existing strategies in distributed joins to implement distributed predicate transfer. As

discussed in Section 2.2, distributed joins follow either a broadcast-based or shuffled-based approach.

Following this, we design broadcast-based (Section 3.1) and shuffle-based (Section 3.2) distributed

predicate transfer. Our approaches do not impose any assumptions on the partitioning scheme of

the source and destination tables. In some special cases where a table is already partitioned by the

join key column(s), our algorithm can be simplified to achieve better performance.

3.1 Broadcast-Based Approaches
3.1.1 Broadcast Join Key Values (BCAST-VAL). Figure 2 demonstrates a straightforward broadcast-

based approach that transfers predicates from the source table R to the destination table S, where
both tables are initially partitioned across multiple nodes. Specifically, the join key column(s) of R
are extracted from each local partition and broadcasted to all the other nodes, such that each node

possesses a complete view of table R’s join key columns(s) (Step 1). After that, the complete join

key of R is used to filter out rows that do not have a match for each partition of S (Step 2). The

filtering can potentially be performed in various ways, such as semi-joins, Bloom filters, etc. Our

implementation leverages Bloom filters for their high efficiency and low memory consumption.

Previous works on distributed semi-join reduction for partitioned tables [59, 65] also adopted

this approach, but used semi-joins instead. We observed a 3× slowdown of semi-join reduction

compared to Bloom filter reduction. The primary bottleneck lies in the computational overhead

introduced by the costly local semi-join operations.
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(a) Design 1 (b) Design 2 (c) Design 3

Fig. 3. Broadcast-Based Bloom Filter Exchange (BCAST-BF) — Transfer is from the source table R to the

destination table S.

3.1.2 Broadcast Bloom Filters (BCAST-BF). One key insight of predicate transfer is to utilize more

compact Bloom filters to reduce the memory footprint and thus achieve higher filtering efficiency.

Following the same intuition, broadcast-based distributed predicate transfer may directly broadcast

Bloom filters instead of the values in the join key column(s) to reduce the network traffic. Below

we discuss several design variants.

Design 1: Broadcast Multiple Bloom Filters. Intuitively, instead of broadcasting the join key

column(s) of table R, as shown in BCAST-VAL, we can construct a Bloom filter for the join key at

each node, and only send the Bloom filters over the network, as Figure 3(a) shows.

After the broadcast, each node will receive multiple Bloom filters of table R. The filtering of table
S is processed as probing all these Bloom filters—a row in S is removed if it fails all the filter checks.

Probing multiple Bloom filters for a row can complicate the calculation of false positive rate, which

affects the sizing of the Bloom filters of each partition of R. We assume a single Bloom filter is

configured with a false positive rate of p. Then the overall false positive rate 𝑝′ of probing n Bloom

filters is expressed as follows.

𝑝′ = 1 − (1 − 𝑝)𝑛 ≈ 𝑛𝑝 (1)

As Equation 1 shows, naively probing multiple Bloom filters causes the false positive rate to

increase. To compensate, we need to use larger Bloom filters. Using m to represent the original

number of bits per key in the Bloom filter bit array, to preserve the same desired false positive

rate in distributed settings, the adjusted number of bits allocated for each inserted key,𝑚′, can be

expressed as follows. Here we leverage the theoretical formula of Bloom filter size from [1].

𝑚 =
| ln𝑝 |
(ln 2)2

, 𝑚′ =𝑚 + ln𝑛

(ln 2)2
(2)

Note the above formula is the theoretical bound assuming the optimal number of hash functions.

An optimized Bloom filter implementation can stay relatively close to this bound.

Design 2: Merge and Broadcast a Global Bloom Filter. One shortcoming of Design 1 is that

each probe checks multiple Bloom filters, which incurs extra computational overhead, particularly

when the cluster is large. To address this issue, an alternative design is to construct a global Bloom

filter over the entire table R.
As Figure 3(b) shows, each node constructs a partial Bloom filter on the join key column(s) of the

local partition (Step 1). Specifically, the bit array of each partial Bloom filter should be sized based

on the total number of rows of the entire table R, and the same hash functions should be used for

each partial Bloom filter. This allows us to merge all the partial Bloom filters later and achieve the
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Table 1. Summary on Variants of BCAST-BF — n represents the number of nodes, N represents the number of

rows in the source table R, m denotes the number of bits allocated for each key when probing a single Bloom

filter, and m′ denotes the adjust number of bits allocated for each key when probing multiple Bloom filters.

Design 1 Design 2 Design 3

Compute Cost (per probe) 𝑂 (𝑛) 𝑂 (1) 𝑂 (1)
Network Cost (bits) (𝑛 − 1)𝑚′𝑁 2(𝑛 − 1)𝑚𝑁 2(𝑛 − 1)𝑚𝑁

Merge Required × ✓ ✓

Load Balancing ✓ × ✓

desired overall false positive rate. After that, all the partial Bloom filters are gathered at one node,

and merged through cheap bitwise-or operations, producing a global Bloom filter representing the

entire table R (Step 2). Finally, the global Bloom filter is broadcasted to all the other nodes to filter

each local partition of table S (Step 3).

Design 3: Merge Bloom filters in a Distributed Manner. In Design 2, we observe a major

bottleneck at the node that performs the merge. This single node gathers and broadcasts all partial

Bloom filters and performs the merge operation. This causes imbalance of computation and network

traffic across the nodes.

Design 3 aims to balance both the network traffic and the merging computation, as demonstrated

in Figure 3(c). Assume the cluster consists of n nodes. After the partial Bloom filters are constructed

on each local partition of table R, the bit array of each partial Bloom filter is split evenly into n
chunks (Step 1). The chunks are then shuffled across the nodes—the i-th chunks of all the partial

Bloom filters are gathered at the i-th node. Next, chunks are merged locally, such that each node

produces a chunk of the merged global Bloom filter (Step 2). Finally, merged chunks are broadcasted,

allowing each node forming a complete global Bloom filter (Step 3).

Summary. Table 1 compares the three designs for BCAST-BF distributed predicate transfer. Both

Design 2 and Design 3 require only a single Bloom filter check per probe, whereas Design 1 involves

n Bloom filter checks. In terms of network traffic, both Design 2 and Design 3 incur the same amount

of data exchange, which is lower than Design 1 when the cluster is large enough (i.e., 𝑛 > 𝑒 (ln 2)
2𝑚
).

Due to load balancing, Design 3 can perform the merge much more efficiently compared to Design 2.

Based on our evaluation results (Section 7.3.4), Design 3 achieves the best overall performance.

Therefore, for the rest of the paper, the term BCAST-BF will by default refer to Design 3.

3.2 Shuffle-Based Approaches
Broadcast-based distributed predicate transfer incurs network traffic that is proportional to the

source table size and the number of nodes in the cluster. Therefore, it is efficient when the source

table R is significantly smaller than the destination table S, and when the cluster is relatively small.

In other cases, shuffle-based algorithms can be more efficient, since they incur data exchange

proportional to the input table sizes regardless of the node count.

3.2.1 Shuffle Join Key Values (SHFL-VAL). In a shuffle-based distributed join, the shuffle operation

is performed on the entire table. For distributed predicate transfer, shuffling only the join key

column(s) is sufficient. In a high level, to filter the destination table S, essentially what we need is

to compute the intersection of the join keys of both the source table R and the destination table S;
the non-join-key columns do not need to be involved.

As Figure 4(a) shows, initially both tables are repartitioned based on the join key columns(s),

and only the join keys are projected out and exchanged over the network (Step 1). After that, we

compute the intersection of the join keys of both tables at each node locally, forming the filtered join

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 122. Publication date: June 2025.



Accelerate Distributed Joins with Predicate Transfer 122:7

(a) SHFL-VAL (b) SHFL-BF-SRC (c) SHFL-BF-DST

Fig. 4. Shuffled-Based Distributed Predicate Transfer — Transfer is from the source table R to the destination

table S.

key for the destination table S (Step 2). Specifically, we compute the intersection of the aggregated

input of table R (e.g., 𝑅1.JK1
+ 𝑅2.JK1

) and each input of table S (e.g., 𝑆1.JK1
, 𝑆2.JK1

). This allows us

to isolate the filtered join keys (e.g., 𝑆 ′
1
.JK

1
, 𝑆 ′

2
.JK

1
) among different partitions of table S.

Afterwards, the filtered join keys are sent back to their original locations respectively. Specifically,

𝑆 ′
2
.JK

1
is sent back to node 2 and 𝑆 ′

1
.JK

2
is sent back to node 1. Finally, rows of table S that do not

have a match against its filtered join key are removed (Step 3).

3.2.2 Shuffle Bloom Filters for the Source Table (SHFL-BF-SRC). The key insight of shuffle-based

distributed predicate transfer is to compute the intersection of the join keys. We note that it is not

necessary to obtain the join keys of both tables in order to perform the intersection, as done in the

design above. We can replace the join key values by Bloom filters to reduce network traffic.

Figure 4(b) illustrate the design where we shuffle the Bloom filters for the source table R. For the
destination table S, we still shuffle the original join key column(s). After the local repartitioning,

each join key partition of table R is used to construct a Bloom filter, and the Bloom filters are

then exchanged over the network (Step 1). After the shuffle, the intersection of the join keys are

computed (Step 2) by probing a set of Bloom filters of table R (e.g., BF.𝑅1.1 + BF.𝑅2.1) using each

shuffled join key of table S (e.g., 𝑆1 .JK1
, 𝑆2.JK1

).

In a sense, the Bloom filter probe operations follow the Design 1 of BCAST-BF distributed

predicate transfer, where each probe involves checking multiple Bloom filters. One can also think

of an alternative approach as constructing partial Bloom filters and merging into a global one

afterwards, similar to Design 2 and Design 3 of BCAST-BF. However, these partial Bloom filters

have to size their bit arrays based on the total number of input rows across all partial Bloom filters,

which incurs network traffic proportional to the node count, violating the design principle of

shuffle-based approaches.

Finally, after the intersection has been computed, we can also send Bloom filters instead of the

reduced join keys of table S to their original locations (Step 3), which can further reduce network

traffic. Since the cheaper Bloom filters are utilized for the source table R, this design should be

more efficient when the destination table S is relatively small.

3.2.3 Shuffle Bloom Filters for the Destination Table (SHFL-BF-DST). Symmetrically, we can shuffle

the Bloom filters for the destination table S instead, which is shown in Figure 4(c). For the source

table R, we still shuffle the original join key column(s). In this design, to compute the intersection

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 122. Publication date: June 2025.
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Table 2. Parameters Used in the Cost Model.

Parameter Description

Nsrc, Ndst Number of rows in the source and destination table

s Filtering selectivity for the destination table

l Number of bits occupied per element in the join key

m
Number of bits allocated per element for probing a

single Bloom filter

m′
Adjusted number of bits allocated per element for

probing multiple Bloom filters

p Desired false positive rate of Bloom filters

n Number of nodes in the cluster

Table 3. Summary of Cost for Different Distributed Predicate Transfer Algorithms.

Algorithm Cost

BCAST-VAL (𝑛 − 1)𝑁src𝑙

BCAST-BF 2(𝑛 − 1)𝑁src𝑚

SHFL-VAL
𝑛−1
𝑛
(𝑁src + 𝑁dst (1 + 𝑠 ) )𝑙

SHFL-BF-SRC
𝑛−1
𝑛
(𝑁src𝑚

′ + 𝑁dst (𝑙 + (𝑝 + 𝑠 − 𝑝𝑠 )𝑚) )
SHFL-BF-DST

𝑛−1
𝑛
(𝑁src (𝑙 + 𝑛𝑝𝑚) + 𝑁dst (1 + 𝑠 − 𝑝𝑠 )𝑚)

of the join keys, we probe each shuffled Bloom filter of table S (e.g., BF.𝑆1 .1, BF.𝑆2.1) using the

aggregated input of table R (e.g., 𝑅1.JK1
+ 𝑅2.JK1

).

This design can be more efficient than SHFL-BF-SRC when the source table R is relatively small,

since the cheaper Bloom filters are shuffled for the destination table S. Besides, when computing

the intersection, the amount of false positives incurred by Bloom filter operations is determined by

the size of shuffled join keys of table R. A smaller table R leads to fewer false positives.

4 Cost-Based Adaptive Execution
In this section, we develop cost-based execution that selects the cheapest distribute predicate

transfer algorithm adaptively at runtime. In a high level, distributed predicate transfer incurs both a

network cost and a computation cost, due to data exchange and Bloom filter operations respectively.

Our cost model focuses primarily on analyzing the network cost—the computation cost is typically

proportional to the network cost in distributed predicate transfer.

Table 2 lists the required parameters used in the cost model, and Table 3 summaries the derived

cost for different distributed predicate transfer algorithms. During query execution, the algorithm

with the lowest cost is selected for each predicate transfer step. Calculating these costs at runtime

is straightforward since the required parameters are easy to collect prior to the processing of each

transfer. For example, Nsrc and Ndst can be determined once the source and destination tables are

fully produced, and s can be obtained from the cardinality estimator within the query optimizer.

Other parameters are statically configured. We next explain the cost of each distributed predicate

transfer algorithm in detail.

The cost of broadcast-based distributed predicate transfer is straightforward. For BCAST-VAL,

each of the source table’s join key is sent to the other 𝑛 − 1 nodes. In BCAST-BF, Bloom filters are

required to be merged prior to filtering, which incurs two rounds of data exchange consequently.

Recall BCAST-BF by default refers to Design 3 in Section 3.1.2.
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All shuffle-based distributed predicate transfer algorithms exchange data with two rounds,

specifically, shuffling the join keys (or Bloom filters), denoted by Costshuffle below, and sending back

the filtered join keys (or Bloom filters) to their original locations, denoted by Costsend-back below.
For SHFL-VAL, the network traffic incurred by shuffling the join keys of both tables can be

expressed as follows.

𝐶𝑜𝑠𝑡shuffle (SHFL-VAL) =
𝑛 − 1
𝑛
(𝑁src + 𝑁dst )𝑙 (3)

After the intersection of the join keys is computed, the amount of filtered join keys that are sent

back is shown in Equation 4.

𝐶𝑜𝑠𝑡send-back (SHFL-VAL) =
𝑛 − 1
𝑛

𝑠𝑁dst𝑙 (4)

SHFL-BF-SRC shuffles Bloom filters instead of the join key for the source table. The shuffle cost

can be expressed as follows.

𝐶𝑜𝑠𝑡shuffle (SHFL-BF-SRC) =
𝑛 − 1
𝑛
(𝑁src𝑚

′ + 𝑁dst𝑙) (5)

SHFL-BF-SRC sends back Bloom filters constructed from the filtered join keys for the destination

table. Such Bloom filters produce false positives. Representing the amount of filtered join keys as

Nfiltered, we can express the desired false positive rate in Equation 6.

𝑝 =
𝑁filtered − 𝑠𝑁dst

(1 − 𝑠)𝑁dst
(6)

Therefore, the cost of sending back filtered join keys (i.e., Nfiltered) can be formulated as follows.

𝐶𝑜𝑠𝑡send-back (SHFL-BF-SRC) =
𝑛 − 1
𝑛

𝑁filtered𝑚 =
𝑛 − 1
𝑛
(𝑝 + 𝑠 − 𝑝𝑠)𝑁dst𝑚 (7)

Finally, for SHFL-BF-DST, Bloom filters are shuffled for the destination table while the source

table still shuffles the join key. Its shuffle cost is expressed as follows.

𝐶𝑜𝑠𝑡shuffle (SHFL-BF-DST) =
𝑛 − 1
𝑛
(𝑁src𝑙 + 𝑁dst𝑚) (8)

Again, the computation of intersection using Bloom filters produce false positives. Assuming the

amount of actual filtered join keys of the destination table is Nfiltered, the desired false positive rate

p can be formulated as follows.

𝑝 =
𝑁filtered − 𝑠𝑁dst

𝑛𝑁src − 𝑠𝑁dst
(9)

As a result, the cost of sending back filtered join keys (i.e., Nfiltered) can be formulated as follows.

𝐶𝑜𝑠𝑡send-back (SHFL-BF-DST) =
𝑛 − 1
𝑛

𝑁filtered𝑚 =
𝑛 − 1
𝑛
(𝑛𝑝𝑁src + (1 − 𝑝)𝑠𝑁dst )𝑚 (10)

The adaptively chosen distributed predicate transfer algorithm is independent of the join algo-

rithm selected by the query optimizer, since the predicate transfer phase is completely separate from

the join phase. However, the use of predicate transfer may influence the query optimizer’s choice

of join algorithm, since pre-filtering can alter the input table sizes in the join phase. Despite this,

when predicate transfer is used, different variants of our distributed predicate transfer algorithms

always lead to the same join algorithm chosen by the optimizer. This is because these algorithm

variants ensure consistent filtering selectivity when reducing the join tables.
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5 Pruning
The existing predicate transfer algorithm [63] processes all transfer steps entirely, as shown in

Figure 1(b). However, we observe that some predicate transfer steps may not filter out any rows

in the destination table. These ineffective transfers cannot speedup the join phase but introduces

performance overhead in the predicate transfer phase. Such overhead is particularly prominent in

a distributed environment since it involves not only wasted computation, but also extra network

latency and traffic.

In this section, we present an algorithm to discover unnecessary transfer steps prior to the

predicate transfer phase, without sacrificing any filtering capability. Intuitively, a predicate transfer

step cannot filter out any rows if the join key of the destination table is entirely covered by the

join key of the source table, since every row of the destination table can find a match in the source

table. Following this, we discover two key characteristics that contribute to the prunability of a

predicate transfer step—join key containment (Section 5.1) and predicate containment (Section 5.2),

and then develop a pruning algorithm based on these insights (Section 5.3).

5.1 Join Key Containment
We begin by investigating the prunability of a transfer step prior to applying any potential predicates

(both local and transferred predicates). Technically, we can possibly prune a predicate transfer step

if the join key of the destination table is a subset of the join key of the source table—there is a join

key containment from the source table to the destination table. Below we discuss several cases that

induce join key containment.

Referential Constraints. One representative case that preserves join key containment is a refer-

ential constraint where the join key of the source table is the primary key, and the join key of the

destination table represents the foreign key. Join key containment is satisfied by definition.

Reversed Containment of Referential Constraints. Besides the regular referential constraints,
we can perform table column analysis that discovers more potential join key containments. Such

information can be collected offline and stored within the schema metadata. However, it appears

impractical to examine every possible column pair due to the potential high arity and cardinality of

the joining tables. We make the observation that join key containment is prevalently held from the

foreign key column(s) to the primary key column(s) as well. For example, over the eight referential

constraints defined in the TPC-H [56] schema, seven of them satisfy the reversed containment. In

this paper we only inspect reversed containment based on defined referential constraints, which is

both effective and efficient. The exploration of other join key containment is left for future work.

For referential constraints with composite keys, we inspect potential reversed containment for

all the subsets of the key columns, since the full reversed containment may not be satisfied while

some subsets may do.

Self-Joins. Another possibility to fulfill the join key containment is self-joins. Specifically, within

a predicate transfer step, the source and destination tables refer to the same base table. In such

cases, the domains of the join keys from the both tables are the same.

5.2 Predicate Containment
In practice, a predicate transfer step may involve applying predicates to both tables prior to

the transfer, such as predicates received from previous transfers. Join key containment alone

cannot ensure prunability after these predicates are applied. Therefore, we also examine predicate
containment—whether the predicates of the source table are fully contained by the predicates of the
destination table. Essentially, predicate containment ensures that the destination table’s predicates
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(a) TPC-H Q3 (b) Variant of TPC-H Q3

Fig. 5. Pruning for Predicate Transfer in TPC-H Q3 and its variant.

are at least as selective as those of the source table. A transfer can be safely pruned when both join

key containment and predicate containment are satisfied.

Predicate Origins. For each transferred predicate, we trace the table origin which produces

the predicate. Intuitively, each predicate is initially a local predicate from a base table, and then

transferred to other tables. For the case when join key containment is not satisfied, it is considered

as a local predicate produced and transferred from the source table.

For each table, we record the predicate origin for each received predicate, and update the predicate

origins during the inspection of a transfer. Specifically, the predicate origins of the source table are

absorbed by the predicate origins of the destination table, simulating that the transfer had already

been performed. Essentially, predicate containment is satisfied if the predicate origins of the source

table are a subset of the predicate origins of the destination table.

Figure 5(a) shows a running example using TPC-H Q3. For each table we issue a unique table

ID. Initially, the predicate origins of all the tables are initialized as themselves, representing that

each table has a local predicate. The first transfer 𝑠1 happens between customer (𝑡𝑖𝑑 = 0) and

orders (𝑡𝑖𝑑 = 1). After that, orders expands its predicate origins by absorbing the predicates of

customer. At transfer 𝑠3, the source table lineitem has three predicates, its own local predicate,

and predicates from customer and orders respectively, which are then absorbed by orders for
the last transfer. None of the four transfers satisfies predicate containment.

In Figure 5(b), we illustrate with a variant of TPC-H Q3, where we remove the local predicates of

lineitem. In this example, predicate containment is satisfied by transfer 𝑠3—the backward transfer

from lineitem to orders does not have stronger filtering power than the filters that orders has
already observed in the forward pass. Since 𝑠3 also preserves join key containment, it can be pruned.

5.3 The Pruning Algorithm
Algorithm 1 presents the pruning algorithm for individual transfer steps. Specifically, we inspect the

pruning opportunities for the forward pass (line 1) and then the backward pass (line 17). Initially,

we visit each table (i.e., vertex in the transfer graph) to check whether the table has a local predicate

(line 4), and add one to its predicate origins if so (line 5). Then we traverse each transfer (i.e., edge

in the transfer graph) following the topological order (line 6), simulating how predicate transfer is

actually performed. We first inspect join key containment. If it is not satisfied, then the transfer

cannot be pruned (lines 9–10). Such a case is regarded as a local predicate produced by the source

table is transferred to the destination table (line 11). When join key containment is satisfied (line

12), we examine predicate containment which determines the final prunablility of the transfer step

(line 13). For each transfer that cannot be pruned (line 14), we add the predicate origins of the

source table to the predicate origins of the destination table (line 15).
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Algorithm 1: Pruning for Predicate Transfer Steps
Input: Predicate Transfer Graph 𝐺 = (𝑉 , 𝐸)

1 forward ← true
2 foreach v in V do
3 v.predOrigins←∅
4 if HasLocalPred(v) then
5 v.predOrigins.AddLocal()

6 Esort← TopologicalSort(E)
7 foreach e = (src, dst) in Esort do
8 e.prune← true
9 if not JoinKeyContainment(src, dst) then
10 e.prune← false
11 dst.predOrigins.AddTransferred(src)

12 if e.prune then
13 e.prune← PredicateContainment(src.predOrigins, dst.predOrigins)

14 if not 𝑒 .prune then
15 dst.predOrigins.AddTransferred(src.predOrigins)

16 if forward then
17 Erev← Reverse(E)
18 Esort← TopologicalSort(Erev)
19 forward ← false
20 goto line 7

After the forward pass has been visited entirely (line 16), we start pruning for the backward

pass. Specifically, we reverse the direction of all the edges in the predicate transfer graph (line 17),

recompute the topological order (line 18), and then perform the pruning procedure again on the

reversed transfer graph (line 20).

6 Additional Optimizations and Implementation
In this section, we present additional optimizations and implementation details regarding how we

deploy distributed predicate transfer.

Efficient Multi-Threaded Bloom Filter Operations.We extend the existing predicate transfer

implementation to support multiple threads in a single machine. For constructing the Bloom

filter, we utilize Apache Arrow’s [4] implementation, which applies radix-partitioning to the input

data batch to efficiently resolve write conflicts. Parallelizing the Bloom filter probing process is

straightforward, as the probe operations are read-only.

Right-Sizing the Hash Values. Arrow’s Bloom filter employs a cache-efficient, block-based design.

Specifically, the bit array of the Bloom filter is chunked into small, fixed-length blocks, and each

Bloom filter operation is confined to a specific block. By default, we access Bloom filters with

32-bit instead of 64-bit hash values for small memory footprint. Half of the hash bits are used to

identify the correct block, and the remaining bits determine how the data within the block should

be manipulated. When the input data to construct the Bloom filter is large such that a bit array

larger than 64K blocks is required, 32 bits are not sufficient to locate the block. In such cases, 64-bit
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hash values are used instead. As a result, different predicate transfer steps may require different

amount of hash bits, which is dynamically chosen at runtime.

Judiciously Pushing Predicate Transfer Below Aggregations. In a distributed environment,

we observed that the choice of whether to perform predicate transfer before aggregations can

significantly impact query performance, assuming the aggregations do not block the transfer.

Specifically, when the aggregation reduces the number of unique keys, such as with a “having”

clause, it is more advantageous to execute the aggregation first, since this can generate more

selective predicates for the transfer. However, when the aggregation does not reduce the number

of unique keys, pushing predicate transfer below the aggregation can be more efficient, which

mitigates the performance bottleneck of aggregating a large input. In our distributed query engine,

this adaptive approach is applied during the query optimization phase.

Separating Predicate Transfer and the Join Phase. Our current implementation separates

predicate transfer and the join phases. There are potential future optimizations. For example, we

can potentially interleave the join phase with the backward transfer pass. This would allow the

initial joins to start earlier, rather than waiting for the entire predicate transfer process to finish.

7 Evaluation
In this section, we evaluate distributed predicate transfer and the transfer step pruning algorithm

using standard OLAP benchmarks.

7.1 Experimental Setup

Server Configuration.We conduct all experiments using AWS EC2 [2] r5.4xlarge virtual machines

with 16 vCPU, 128 GB memory, and up to 10 Gbps network bandwidth. The servers run the Ubuntu

20.04 operating system. We use various sizes of clusters including 4, 8, and 16 nodes. The testbed

we use is FlexPushdownDB [61, 62], an open-source distributed analytics query engine.

Benchmarks. We use the widely adopted data analytics benchmark, TPC-H [56]. TPC-H contains

22 queries in total. We exclude Q1 and Q6 since they do not contain joins and thus predicate

transfer will not make any performance impact. Besides TPC-H, we further evaluate on the DSB [25]

benchmark, which contains 15 single-block queries and 22 multi-block queries. DSB is an adaptation

of the widely-used industry standard TPC-DS [57] benchmark, enriched with features such as

advanced data distribution (e.g., incorporating skews and correlations) and semantically richer

query templates. These enhancements aim to simulate more realistic and practical scenarios. We use

scale factors of 100 (i.e., 100 GB data set when uncompressed), 200, and 400. By default we conduct

experiments using 4 servers with scale factor 100. Such setups are used bymany commercial systems

on benchmarking their performance [23, 24]. Table data is sharded into partitions of roughly 150

MB, and preloaded into the memory of the executor nodes. Since the proposed distributed predicate

transfer techniques do not impose any assumption on the underlying data partitioning schemes,

we use the round-robin partitioning scheme, which ensures a roughly equal distribution of data

without relying on any specific data attributes to determine placement.

Bloom Filters. We configure all Bloom filters with 𝑚 = 8 and 𝑘 = 5, where m represents the

number of bits allocated per element during insertions, and k denotes the number of hash functions

used. These settings result in a false positive rate of less than 2%.

Baselines. We compare distributed predicate transfer (i.e., PT) against the following baselines:

• NoPT: Distributed query execution without predicate transfer.

• QS: Distributed query execution that incorporates techniques accommodated from Quick-

Step [43] and LIP [66]. These techniques were originally designed for single-node execution.
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Fig. 6. TPC-H Performance of Distributed Predicate Transfer (SF100, 4 nodes).

To enable their application in distributed environments, we adapted BCAST-BF into QS when

constructing Bloom filters from dimension tables, since QS can only reduce the fact table

using Bloom filters over the entire dimension tables.

Measurement. For all the experiments, we measure the end-to-end query execution time and

network traffic. In the join phase, we have implemented both broadcast-based and shuffle-based

distributed joins, and an adaptive, cost-based solution. By default, we conduct experiments using

cost-based adaptive distributed joins.

7.2 TPC-H Performance
This subsection evaluates the performance using TPC-H under the default configuration (i.e., a scale

factor of 100 and a 4-node cluster). For query execution with PT, we use the cost-based adaptive

execution which selects the cheapest distribute predicate transfer variant at runtime for each

individual transfer step. Pruning of unnecessary transfers is also enabled.

Figure 6(a) reports the query execution time. On average, PT is 3× faster than NoPT and 2.5×
faster than QS. Of the 20 queries evaluated, 14 queries show a performance improvement with PT
over both NoPT and QS, including 3 queries with more than a 5× speedup over the both baselines.

Specifically, PT outperforms NoPT and QS on Q5 by 20× and 9×, respectively, and achieves speedups
of 25× and 20× on Q17, respectively. Figure 6(b) presents the corresponding data exchange volume.

PT reduces the amount of data exchanged by 2.7× over NoPT, and by 2.5× over QS. 13 queries show
a reduction in network traffic over the both baselines. Specifically, PT can reduce network traffic by

99× on Q17 over both NoPT and QS, and achieves a 24× and 36× reduction on Q20, respectively.

QS outperforms NoPT by 23%, primarily due to pre-filtering using LIP, which applies Bloom filter

operations for star schemas with left-deep join trees, progressing from smaller dimension tables to
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Fig. 7. TPC-H Performance of Different Distributed Predicate Transfer Algorithms — GeoMean across all

queries (SF100, 4 nodes).

the larger fact table. The amount of data exchange is reduced by 6%. The most significant speedup

is observed in Q4 and Q8, where QS outperforms NoPT by 3×. However, for queries like Q3, Q7, Q9,
and Q18, QS slightly underperforms NoPT because the pre-filtering within left-deep join subtrees

eliminates only a small subset of unnecessary rows. On average, QS reduces the join input table

size by 2.6×, while PT achieves a reduction of 17×.
To evaluate the overhead introduced by the predicate transfer algorithm, we present a perfor-

mance breakdown in Figure 6. As Figure 6(a) shows, the join phase dominates the execution time of

both NoPT and QS. This is because NoPT does not perform pre-filtering, and the pre-filtering in QS is
limited to star-schema subtrees. In contrast, PT significantly reduces the join phase’s execution time.

Notably, the pre-filtering phase accounts for 19% of the total execution time in PT. This overhead
corresponds to 6% of the execution time in NoPT. We observed from Figure 6(b) that the join phase

incurs the most network traffic in all solutions. In PT, pre-filtering incurs 27% of the data exchange

volume, which is relatively small due to transmitting only the join key columns or more compact

Bloom filters. Our experiments on larger clusters and scales (i.e., SF200, 8-node and SF400, 16-node)

reveal the same amount of overhead in pre-filtering.

7.3 Distributed Predicate Transfer Algorithms
In this subsection, we compare performance among different variants of distributed predicate

transfer algorithms (Section 7.3.1), and evaluate the effectiveness of both the cost-based adaptive

execution (Section 7.3.2) and the pruning technique (Section 7.3.3). We also compare different

design variants of BCAST-BF (Section 7.3.4).

7.3.1 Distributed Predicate Transfer Algorithms. Figure 7 shows the average performance of dif-

ferent distributed PT algorithms on TPC-H. As Figure 7(a) shows, all proposed distributed PT
algorithms outperform NoPT, between the largest speedup of 2.7× observed on BCAST-BF and the

smallest speedup of 47% on SHFL-BF-SRC. We show a comparison on the amount of data exchange

in Figure 7(b). BCAST-VAL and BCAST-BF reduce amount of data exchange by 16% and 2× respec-
tively. Network traffic of SHFL-BF-DST is close to NoPT. SHFL-VAL and SHFL-BF-SRC increase the
amount of data exchange by 2.7× and 2.5× respectively, compared to NoPT.

In general, we observed a relatively higher performance and lower amount of data exchange on

broadcast-based designs, compared to shuffle-based designs. In the forward pass, the transfer is

mostly performed from the smaller table to the larger table. Broadcast-based designs only require to

exchange data for the smaller source table. Shuffle-based designs, on the contrary, need to perform

the shuffle operation for the join keys of both tables, and network traffic from the large destination

table can be substantial.
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Fig. 8. TPC-H Performance of Distributed Predicate Transfer Algorithm and Cost-Based Adaptive Execution
on Individual Queries.

BCAST-BF outperforms BCAST-VAL, since transmitting Bloom filters instead of join key column(s)

can reduce network traffic and eliminate duplicated constructions of the global Bloom filter at sep-

arate executor nodes. Similarly, in shuffle-based approaches, both SHFL-BF-SRC and SHFL-BF-DST
can reduce network traffic compared to SHFL-VAL. However, while SHFL-BF-DST performs better

than SHFL-VAL, the performance of SHFL-BF-SRC is actually worse. This is because each probe in

SHFL-BF-SRC has to check multiple Bloom filters, incurring additional computational overhead.

We also demonstrate a performance breakdown in Figure 7. The major difference among all the

distributed predicate transfer algorithms is reflected in the predicate transfer phase, which implies

that they achieve roughly the same overall pre-filtering selectivity.

Finally, we observed that the cost-based adaptive execution consistently outperforms all static

algorithm variants, with a speedup of 6% and a network traffic reduction of 18% over the best

static algorithm variant (i.e., BCAST-BF). Pruning unnecessary transfer steps further enhances

performance by 7% and reduces data exchange by 8%. Detailed results on adaptive execution and

transfer pruning are presented in Section 7.3.2 and Section 7.3.3, respectively.

7.3.2 Cost-Based Adaptive Execution. Figure 8 illustrates the effectiveness of cost-based adaptive

execution compared to static distributed predicate transfer algorithms. Transfer step pruning is not

applied. In our experiments, BCAST-VAL and SHFL-VAL are never selected during any transfer step

in the adaptive execution, because algorithms that utilize Bloom filters (i.e., BCAST-BF, SHFL-BF-SRC,
SHFL-BF-DST) generally offer superior performance. Thereforewe exclude BCAST-VAL and SHFL-VAL
in Figure 8. In addition to the default configuration (i.e., SF100, 4 nodes), we also evaluated on

larger clusters (i.e., SF200, 8 nodes and SF400, 16 nodes).
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Cost-based adaptive execution consistently outperforms all static algorithm variants across all

three cluster sizes. Specifically, the adaptive solution surpasses the best-performing static variant

by 6%, 14%, and 19% on 4 nodes, 8 nodes, and 16 nodes, respectively, and the second-best static

variant by 61%, 52%, and 43% respectively.

Among the static algorithms, BCAST-BF consistently performs the best across all scales, out-

performing the second-best variant by 51%, 34%, and 21% on 4 nodes, 8 nodes, and 16 nodes,

respectively. However, its performance advantage degrades on larger clusters due to increased

network traffic, which scales proportionally with the number of nodes. In contrast, shuffle-based

approaches become more efficient on larger clusters, as their data exchange volumes are almost

not impacted by the cluster size.

The adaptive solution’s advantage lies in its ability to intelligently select the most beneficial

algorithm for each individual transfer step, enabling it to match or even surpass the best static

variant in most queries. For instance, on Q9 and Q21, the adaptive solution dynamically applies a

mix of BCAST-BF, SHFL-BF-SRC, and SHFL-BF-DST during transfers. Consequently, the adaptive

execution outperforms the best static algorithm variant by 16%, 37%, and 57% on 4 nodes, 8 nodes,

and 16 nodes, respectively for Q9, and by 8%, 33%, and 38% for Q21.

To further understand the benefit of the adaptive solution, we recorded the count of each

distributed predicate transfer algorithm variant chosen by the adaptive solution, which is shown

in Figure 9. In the forward pass, BCAST-BF is the most prominent algorithm (e.g., Q5, Q8, Q9,

etc.). This is because the source table are usually significantly smaller than the destination tables,

for instance, when transferring predicates from a dimension table like supplier to a fact table

like lineitem. In such cases, broadcast-based approaches are likely to be more efficient than

shuffle-based approaches.

In the backward pass, SHFL-BF-SRC dominates the transfer steps. Transfers in the backward

pass are typically from the fact tables, which are potentially large even though already reduced in

the forward pass, to the dimension tables, which are small. SHFL-BF-SRC incurs the least potential

network traffic in such scenarios.

As discussed, with the cluster size increasing, the efficiency of broadcast-based designs degrades.

Therefore, fewer transfer steps select BCAST-BF as the running algorithm. In contrast, SHFL-BF-DST
occurs more frequently, which avoids incurring expensive broadcast operations. For example, on a

4-node cluster, 6 out of 10 transfer steps in Q9 select BCAST-BF. However, this number decreases to

4 and 3 transfer steps on 8-node and 16-node clusters, respectively.

7.3.3 Pruning. We next study the effectiveness of pruning unnecessary transfer steps. We conduct

experiments using cost-based adaptive distributed predicate transfer. We report performance and
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Table 4. Discovery of Join Key Containment on TPC-H.

Property Referential Reversed Referential Self-Join

Forward 12 0 4

Backward 2 9 4

the number of pruned transfer steps on each query in Figure 10. Only queries in which pruning

occurs are presented. Besides, we performed a sanity check to make sure that the pruned transfers

do not affect the pre-filtering capability of PT—only unnecessary transfer steps are pruned.

Pruning happens on 12 of 20 TPC-H queries, which improves performance for most of the affected

queries. The highest speedup occurs on Q21, which is improved by 21%. As Figure 10(b) shows,

8 transfer steps of 35 are pruned out in Q21, and most of them involve the fact table lineitem,
which are usually costly.

As Figure 10(b) shows, overall 33% of the total predicate transfer steps are pruned, and both the

forward and backward passes have roughly the same pruning ratio. More than half of the transfers

are pruned in 8 out of all the queries. These queries typically only have one join table with local

predicates. Therefore, only the transfers that sends these local predicates to all the other join tables

are necessary—the corresponding reversed transfers are uncesessary.

One key property to satisfy for pruning is join key containment. Table 4 presents a breakdown

on the amount of predicate transfer steps that satisfy join key containment. In the forward pass,

join key containment is majorly satisfied by the defined referential constraints in the schema. In

the backward pass, join key containment is mostly fulfilled by the discovered reversed containment

of referential constraints. Besides, join key containment on Q21 is induced by self-joins.

The other key property to satisfy for pruning is predicate containment, and we observed three

major scenarios in the experiments. First, in the forward pass, predicate containment is satisfied

if both the source and destination tables have no predicates. Examples include Q8, Q9, Q10, and

Q13. Second, in the backward pass, predicate containment is satisfied if both tables receive no
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Fig. 11. TPC-H Performance of BCAST-BF Designs — GeoMean of performance across all measured queries.

additional predicates after the previously performed reversed transfer step in the forward pass—the

destination table has already absorbed the predicates of the source table. Examples include Q9, Q11,

Q12, and Q17. Finally, in some transfers, the predicates received by both tables are syntactically the

same, which is reflected by Q21.

7.3.4 Design Variants of BCAST-BF. In this part, we evaluate variants of BCAST-BF proposed in

Section 3.1.2. We conduct experiments under multiple scales of the cluster and data set. The results

are shown in Figure 11.

As Figure 11(a) shows, Design 3 performs the best in all cases. When the cluster is large (i.e., 16

nodes), it outperforms Design 1 and Design 2 by 38% and 2.5× respectively; when the cluster is

small (i.e., 4 nodes), it slightly outperforms the other two designs.

Figure 11(b) presents the amount of data exchange correspondingly. We observed that Design 2

and 3 incur the same amount of data exchange. However, in Design 2, the network traffic of partial

Bloom filters and the merge process is all handled by a single node, which becomes the major

performance bottleneck. Instead, Design 3 is able to evenly distribute both the network traffic and

the merge computation to all the nodes.

Compared to Design 3, Design 1 achieves a comparable amount of data exchange on a small

cluster, but incurs more network traffic on a large cluster. This is because Design 1 needs to increase

the number of bits allocated for each element in the Bloom filter, to preserve the desired false

positive rate. Besides, on a large cluster, Design 1 has to check quite a few Bloom filters to decide

whether a row can be filtered out, causing additional computational overhead.

7.4 Case Study
In this subsection, we present a case study on representative queries. We first demonstrate the

detailed filtering metrics (e.g., amount of input rows in the destination table, filtering selectivity,

etc.) for each transfer step. Specifically, we analyze for TPC-H Q5 and Q10 (other queries have

similar behaviors), and the results are presented in Table 5 and 6, respectively.

In Q5, most of the filtering occurs during the forward pass, where the selectivity is typically

around or below 20%. The transfer from supplier to lineitem eliminates 474M rows and incurs

an overhead of 359ms, which accounts for 39% of the total query execution time. The transfer

from orders to lineitem is the most selective, pruning approximately 123M rows. Filtering in the

backward pass is relatively less selective, but the associated operation overhead is also significantly

lower. The size of the constructed Bloom filters remains no larger than 9MB for all steps.

In Q10, the forward pass processes only one transfer step, as the other two preceding steps are

pruned by our transfer pruning algorithm. This step filters lineitem based on predicates from

orders, eliminating 135M rows. The total overhead is 128ms, which accounts for 4% of the query
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Table 5. Detailed Filtering Metrics of Individual Predicate Transfer Steps on TPC-H Q5 (SF100, 4 nodes).

Step Algorithm
Filtering (DST table) Bloom Filter

Input Rows Sel.
Size

(bytes)

Build
(ms)

Probe
(ms)

Forward

region→ nation BCAST-BF 25 20% 64 0.4 0.1

nation→ supplier BCAST-BF 1M 20% 64 0.3 0.4

supplier→ customer BCAST-BF 15M 20% 262K 0.4 5

supplier→ lineitem BCAST-BF 600M 21% 262K 0.4 359

customer→ orders BCAST-BF 23M 21% 4M 2 10

orders→ lineitem BCAST-BF 128M 4% 8M 3 54

Backward

lineitem→ orders SHFL-BF-SRC 5M 58% 8M 3 4

orders→ customer BCAST-BF 3M 48% 4M 1 2

lineitem→ supplier BCAST-BF 200K 100% 9M 3 1

customer→ supplier SHFL-BF-SRC 200K 100% 3M 1 1

supplier→ nation SHFL-BF-SRC 4 100% 329K 0.6 0.3

nation→ region SHFL-BF-SRC 1 100% 2K 2 0.3

Table 6. Detailed Filtering Metrics of Individual Predicate Transfer Steps on TPC-H Q10 (SF100, 4 nodes).

Step Algorithm
Filtering (DST table) Bloom Filter

Input Rows Sel.
Size

(bytes)

Build
(ms)

Probe
(ms)

Forward

nation→ customer PRUNED

customer→ orders PRUNED

orders→ lineitem BCAST-BF 148M 9% 8M 5 123

Backward

lineitem→ orders SHFL-BF-SRC 6M 86% 42M 19 38

orders→ customer BCAST-BF 15M 26% 8M 6 46

customer→ nation SHFL-BF-SRC 25 100% 9M 4 1
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Fig. 12. Resource Utilization on RepresentativeQueries of TPC-H (SF100, 4 nodes).

execution time. The backward pass removes 12M rows in total, but constructs larger Bloom filters

due to the relatively large size of the source table (i.e., lineitem).
We observed that some steps in the backward pass do not filter out any rows, even after applying

our transfer pruning algorithm, for example, the transfer from lineitem to supplier in Q5. These

transfers are typically lightweight with negligible overhead. As a future work, we could potentially

design an adaptive mechanism to complete the backward pass and begin the join phase earlier.

We further analyze CPU and network resource utilization for the two representative queries, as

shown in Figure 12. In both cases, CPU utilization is higher than network utilization. In Q5, we
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Fig. 13. Scalability of Distributed Predicate Transfer on TPC-H—GeoMean of performance across all measured

queries.

observed that with PT, CPU utilization decreases while network utilization increases. This occurs

because PT significantly reduces the computational cost of joins, shifting the bottleneck to the

network. In Q10, PT reduces both computation and network traffic to a similar extent, resulting in

comparable CPU and network utilization.

7.5 Scalability
In this subsection, we investigate the scalability of distributed predicate transfer. Specifically, we

conduct experiments with cluster scaling—increase the node count and the data size proportionally,

and data scaling—increase the data size with the fixed node count. In the join phase, we adopt

multiple distributed join strategies.

As Figure 13(a) shows, when using shuffled distributed joins and adaptive distributed joins, both

PT and NoPT exhibit good scalability with cluster scaling, while the executions using broadcast

distributed joins are not as scalable. This is because broadcast joins incur linear amount of data

exchange with respect to the cluster size. The same phenomenon happens on broadcast-based

distributed PT. However, since the predicate transfer phase is much more lightweight, the overall

scalability of PT can still be preserved.

As Figure 13(b) shows, both PT and NoPT exhibit superior scalability with data scaling on all

types of distributed joins. With the data size growing, the speedup of PT over NoPT becomes more

significant. For instance, with adaptive distributed joins, PT outperforms NoPT by 3×, 3.3×, and
3.8× on the SF100, SF200, and SF400 data sets, respectively. PT can effectively avoid producing large

intermediates, of which the performance benefit may scale beyond the data size. Furthermore, even

on smaller-scale data sets, PT demonstrates considerable performance gains. On the SF10 and SF50

data sets, PT outperforms NoPT by 73% and 2.8×, respectively, when adopting adaptive distributed

joins. However, these improvements are relatively smaller compared to larger data sets. On smaller

data sets, the bottleneck from distributed joins is less severe, while the fixed overhead of network

round-trip latencies is more pronounced.

We have also evaluated the scalability of predicate transfer on a single multi-core machine,

where we observed that PT and NoPT are both scalable on multiple cores. PT is slightly less scalable

compared to NoPT since building a Bloom filter breaks the execution pipeline. We omit the details

due to space constraints.

7.6 More Complex Workloads
To thoroughly evaluate the proposed techniques, we further assessed them using the DSB bench-

mark, which includes more complex workloads and advanced data distribution mechanisms, such

Proc. ACM Manag. Data, Vol. 3, No. 3 (SIGMOD), Article 122. Publication date: June 2025.



122:22 Yifei Yang and Xiangyao Yu

Q13 Q18 Q19 Q25 Q27 Q40 Q50 Q72 Q84 Q85 Q91 Q99 Q100 Q101 Q102 GM0
1
2
3
4
5
6

Ex
ec

ut
io

n
Ti

m
e

(s
ec

) 8.6 11.7 10.4

NoPT QS PT

Q1
Q10

Q14
Q23

Q30
Q31

Q32
Q38

Q39(1)

Q39(2)
Q54

Q58
Q59

Q64
Q65

Q69
Q75

Q80
Q81

Q83
Q87

Q92
Q94

GM
0
1
2
3
4
5
6

Ex
ec

ut
io

n
Ti

m
e

(s
ec

) 11.8 12.2

(a) Execution Time (single-block queries on the top; multi-block queries below)

Q13 Q18 Q19 Q25 Q27 Q40 Q50 Q72 Q84 Q85 Q91 Q99 Q100 Q101 Q102 GM10−5
10−4
10−3
10−2
10−1

100
101

D
at

a
Ex

ch
an

ge
(G

B)

NoPT QS PT

Q1
Q10

Q14
Q23

Q30
Q31

Q32
Q38

Q39(1)

Q39(2)
Q54

Q58
Q59

Q64
Q65

Q69
Q75

Q80
Q81

Q83
Q87

Q92
Q94

GM
10−5
10−4
10−3
10−2
10−1

100
101

D
at

a
Ex

ch
an

ge
(G

B)

(b) Data Exchange (single-block queries on the top; multi-block queries below)

Fig. 14. DSB Performance of Distributed Predicate Transfer (SF100, 4 nodes).

as skewed data and column correlations. We use the cost-based adaptive execution and apply

transfer step pruning for PT.
Figure 14(a) compares query execution time of PT against NoPT and QS. On average, PT outper-

forms NoPT by 3.3× for single-block queries and 55% for multi-block queries, and surpasses QS by
93% and 19% for the two types of queries respectively. Due to the effective pre-filtering, PT achieves
an average reduction of 10× of the joining table sizes, whereas QS also reduces the input size by 2×.

Out of the total 37 queries, 27 benefit from PT’s optimization. Among these, 5 queries experience

a speedup of more than 5× over both NoPT and QS. The largest speedups of PT are observed on

Q25 and Q72, which are 28× and 14× over NoPT respectively. Such queries have large complex join

graphs and as a result, the input tables are reduced by a factor of 937× and 177× respectively.
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Fig. 15. Performance Comparison of FPDB against Presto — GeoMean across all measured queries (SF100, 4

nodes); Presto (DF) represents Presto execution with “dynamic filtering” enabled.

Figure 14(b) presents data exchange volumes across different distributed pre-filtering solutions,

in log-scale. Overall, PT reduces network traffic by 4× and 3.1× compared to NoPT and QS on

single-block queries, and by 43% and 2× on multi-block queries, respectively. However, further

profiling reveals that the network resources are not saturated, indicating that network traffic is

not the major bottleneck in DSB queries. Due to the skews introduced in the datasets, most joins

are highly selective and produce either extremely small or no intermediate results (e.g., Q30, Q83,

Q87, Q99, etc.). Such small queries benefit little from PT, and the overhead from scheduling and

coordination during Bloom filter transfers and merges may outweigh the benefits.

7.7 Comparison to Other Existing Systems
We further compare the performance against Presto [52, 54], a widely used open-source distributed

data warehouse. We use the latest version of Presto (v0.290), preload data into the memory of the

executor nodes through the built-in Alluxio SDK cache [47], and perform “analyze” for each table

to collect column statistics before the evaluation. Experiments are conducted on a 4-node cluster

using SF100 data sets of both TPC-H and DSB. Presto provides a LIP-style join optimization called

“dynamic filtering” [46] which we also incorporate in the evaluation.

As shown in Figure 15, NoPT of FPDB outperforms vanilla Presto by 3.1×, 4.1×, and 6.4× on

the TPC-H benchmark, DSB single-block queries, and DSB multi-block queries, respectively. Even

when dynamic filtering is enabled for Presto, NoPT of FPDB still achieves a speedup of over 2.8×
across all benchmarks.

With PT, FPDB delivers even greater performance gains over Presto. Specifically, PT of FPDB

surpasses vanilla Presto by 9.4×, 13.1×, and 10× on TPC-H, DSB single-block queries, and DSB

multi-block queries, respectively. Besides, it outperforms Presto with dynamic filtering by 9.3×, 9×,
and 5.6× on these benchmarks. These results underscore the efficiency of our testbed system.

Dynamic filtering enhances Presto’s performance on DSB benchmarks, achieving speedups of

48% and 77% for single-block and multi-block queries, respectively. However, it has limited impact

on TPC-H due to constraints in Presto’s dynamic filtering mechanism, such as the 10KB Bloom filter

size limit, which is often exceeded by TPC-H’s larger dimension tables. Notably, we observed similar

speedups from LIP-style techniques on both Presto and FPDB. Given that PT already significantly

outperforms LIP-style techniques on FPDB, we anticipate substantial performance improvement if

PT were to be integrated into Presto in the future.

8 Related Work

Sideways Information Passing (SIP). SIP techniques accelerate join queries by propagating

filters from one joining table to another before the actual join is executed. Bloom Joins [15, 35, 49]

are one common practice of SIP, and can be regarded as a special case of predicate transfer with
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one hop and one direction. Magic Sets [6, 40, 41] leverage SIP [9] to perform query rewriting, such

that irrelevant rows are filtered out early. QuickStep [43] and LIP [66] generalized Bloom Joins to

star schemas, and adaptively reorders the Bloom filters when applying to the fact table. Bitvector

Filters [26] explored the plan space of right-deep trees to optimize star and snowflake queries. [12]

splits join operations into Lookup and Expand sub-operators, with the former performing the pre-

filtering. However, these techniques are designed for single-node environments and are confined

to pre-filtering within a portion of the input join graph, while distributed predicate transfer can

address these limitations.

Data-induced predicates (diPs) [33] offered a pre-filtering technique applied at query planning

time, using lightweight coarse-grained min-max or range-set filters. diPs are typically effective

when tables are sorted by predicate columns or join keys, and when predicate columns and join

keys are correlated. Compared to diPs, distributed predicate transfer pre-filters tables at runtime

before the actual joins, offering greater filtering power and selectivity.

Distributed Semi-Join Reduction. Semi-join reduction [10] is a well-known technique for

efficiently pre-filtering the joining tables. The Yannakakis algorithm [64] performs semi-join

reduction prior to the actual join, ensuring optimal theoretical pre-filtering for acyclic queries.

Predicate transfer [63] adapted the Yannakakis algorithm for practical use by leveraging Bloom

filters, which forms the foundation of the techniques presented in this paper.

Semi-join reduction has also been explored in distributed settings [10, 11, 17–19, 21, 29, 32, 37, 45,

53, 60]. However, most of these studies focused on the scenario where the input relations are not

partitioned—each relation is stored on a single node. In this case, the semi-join reduction involves

a sequence of semi-join operations, where each operation transmits the join keys from the source

relation to the node hosting the destination relation, enabling the filtering of non-matching rows

in the destination relation.

[59, 65] discussed distributed semi-join reduction in scenarios where tables are horizontally

partitioned. These solutions are similar to BCAST-VAL distributed predicate transfer proposed in

this paper, but reduce the destination table using semi-joins instead of Bloom filters, and thus are

less efficient compared to BCAST-VAL. TrackJoin [44] optimized distributed semi-join reduction by

adaptively scheduling the broadcast process based on data placement. However, unlike distributed

predicate transfer, it transmits entire tuples rather than join keys or more compact Bloom filters.

Distributed Joins. Joins on distributed settings have been studied for decades. Broadcast-based

distributed joins and shuffle-based distributed joins [28] are the most prominent algorithms in

modern distributed query engines [3, 5, 22, 48]. [8] compared radix hash join and sort-merge join

algorithms and discussed their implementation at a large scale. [16, 51] optimized distributed

joins over skewed data partitions. SquirrelJoin [50] studied distributed joins on heterogeneous

network topologies. [39] proposed optimized data placement to accelerate distribute joins. Predicate

transfer in distributed settings draws on key principles from broadcast-based and shuffle-based

joins, accelerating distributed joins by reducing the size of joining tables.

9 Conclusion
Predicate transfer is the state-of-the-art pre-filtering approach for join queries, which was inspired

by the Yannakakis algorithm and generalized Bloom joins to transfer table-local filters to multiple

other tables. In this paper, we addressed limitations of the existing predicate transfer framework,

which includes extending predicate transfer into general distributed settings, and pruning ineffective

predicate transfer steps. Our evaluation on standard OLAP benchmarks showed that distributed

predicate transfer can accelerate distributed query execution by more than 3×, and reduce the

amount of data exchange by over 2.7×. This work was supported in part by NSF award IIS-2144588.
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