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ABSTRACT
Modern OLTP applications, such as financial fraud detection and

stock risk management, rely on analytical queries for real-time

decision-making. In these scenarios, queries must access the fresh-

est data without disrupting the performance of mission-critical

transactions. We characterize them as transaction-centric HTAP

workloads. Existing HTAP databases fail to reconcile these con-

flicting requirements. Co-located architectures, which deploy both

the row store and the column store on the same machine, degrade

isolation due to shared resource contention. Conversely, separated

architectures with distributed deployments sacrifice data freshness

due to log synchronization latency.

In this paper, we propose HeraDB, a GPU-accelerated HTAP data-

base that achieves high-throughput transaction processing while

maintaining strong performance isolation from analytical queries.

To ensure query freshness, HeraDB introduces a hybrid CPU-GPU

query execution strategy: the GPU path leverages massive paral-

lelism to scan the stable but stale column-store snapshot, while the

CPU path concurrently processes delta updates to retrieve comple-

mentary fresh results. To retrieve complementary results, HeraDB
maintains timestamp-based filters on both paths. This design mit-

igates PCIe bottlenecks by synchronizing lightweight timestamp

logs rather than massive delta updates. Evaluation on HATtrick

shows that HeraDB outperforms Colibri in maximum individual

TP/AP throughput, achieving up to 11.1× higher TP and 5.9× higher
AP with high data freshness and strong performance isolation.
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1 INTRODUCTION
Modern online transaction processing (OLTP) applications must

execute highly concurrent transactions, while simultaneously sup-

porting analytics on the freshest data [13, 62, 73]. For instance,

online payments, stock trading, and e-commerce order processing
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rely on real-time analytics for fraud detection, security monitoring,

and risk management [51, 63, 64]. In these applications, analytical

queries must read the most recent data versions without degrading

transaction performance. These mission-critical scenarios consti-

tute a transaction-centric hybrid transactional/analytical processing
(HTAP) workload, where analytical processing (AP) requires high

data freshness while maintaining strong performance isolation from

high-throughput transactional processing (TP).

Because a pure column-store fails to support high-performance

TP [4, 30], these systems typically adopt a dual-store design [24, 29,

31, 42]. Transactions operate on a row store optimized for random

writes, while analytical queries perform range scans on a column

store optimized for sequential reads. To ensure queries access the

latest results, delta updates generated in the row store are periodi-

cally propagated to the column store.

These systems can be further classified into two types, which

strike a trade-off between performance isolation and data freshness

[74]. (i) Co-located architectures deploy both stores on the same

machine [68, 75] (Figure 1a). Queries can access the latest updates

residing in the delta table directly, enabling them to observe the

latest committed updates. This ensures high data freshness but

sacrifices performance isolation due to contention for shared CPU

and memory resources. (ii) Separated architectures deploy the

row store and column store on different machines [15, 45, 62, 76]

(Figure 1b). It provides strong isolation through hardware-level

decoupling. However, it fails to achieve high freshness because

propagating batched delta updates to the remote column store

incurs extra latency. Queries scan only the stale column snapshot,

as fetching the latest delta table across machines is costly.

GPU-accelerated heterogeneous HTAP (H
2
TAP) databases [4, 34,

55] are a promising solution for reconciling this trade-off. Compared

with co-located architectures, they use GPUs to accelerate query

execution, providing hardware-level isolation by reducing CPU and

memory contention with TP transactions. Compared with sepa-

rated architectures, they process TP and AP on the same machine,

avoiding log replication delays and improving data freshness. How-

ever, existing H
2
TAP databases adopt pure column-store designs,

which are inefficient for high-throughput updates and therefore

unsuitable for transaction-centric HTAP workloads.

In this paper, we propose HeraDB, a H2
TAP database designed

for transaction-centric HTAP workloads. HeraDB adopts a dual-

store architecture with a CPU row store and a GPU column store.

While this design preserves high TP throughput while enabling

GPU-accelerated AP, it introduces two key challenges:

Challenge 1: costly delta table access via PCIe. GPU query

execution cannot directly access the delta table residing in CPU

memory due to the physically separate memory spaces. To obtain
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Figure 1: Comparison of HTAP architectures. (a) Co-located: Low isolation due to CPU and memory resource contention. (b)
Separated: Low freshness due to log propagation delay. (c) HeraDB: Achieves high freshness and strong isolation by offloading
heavy scans to GPU while CPU handles lightweight delta updates.

the latest updates during column scans, the GPU must retrieve the

delta table via PCIe. Otherwise, queries can only operate on stale

snapshots [55]. Caldera [4] uses CUDA Unified Memory [47] to

share the delta table implicitly. However, it suffers from severe page

thrashing [16], which incurs significant PCIe traffic. Since the delta

table is typically small, another approach [34] is to transfer the delta

updates to the GPU before each query. During query execution,

the GPU scans both the column snapshot and the delta updates,

then combines the results to obtain the freshest data. However, this

approach also suffers from poor performance isolation (detailed

discussion in Section 2.3).

Challenge 2: high overhead of applying delta updates. High-
throughput TP rapidly generates row updates.Without timelymerg-

ing these updates into the column store, the delta table may become

excessively large. This increases the CPU subquery’s scanning over-

head, which in turn increases resource contention and degrades TP

performance. Co-located architectures maintain the column store

on the CPU, enabling delta merge to directly access the delta table

and update the column store with low overhead. Separated archi-

tectures use logs (e.g., redo logs) [24] to efficiently propagate and

apply updates without scanning the delta table. In contrast, propa-

gating delta updates to a GPU-resident column store is more costly.

Because the GPU employs a SIMT execution model distinct from

the CPU, directly applying existing append-only logs to update the

column store incurs massive synchronization overhead. Therefore,

the CPU must scan the delta table to generate a GPU-friendly log

before the merge. This delta log generation may contend for shared

resources with transactions, degrading performance isolation.

To address these challenges, HeraDB proposes hybrid CPU-GPU

query execution (Figure 1c). Inspired by distributed query process-

ing [39], HeraDB partitions the table temporally. The GPU stores

the stale but stable column-store snapshot, while the CPU stores

recent delta updates. Each query is decomposed into two subqueries

that produce complementary results. The GPU subquery executes

on the snapshot in GPU memory. Meanwhile, the CPU subquery

concurrently executes on the delta table in CPU memory to retrieve

the latest updates. The GPU partial result is aggregated with the

CPU partial result to produce the final result.

HeraDB maintains timestamp-based filters to ensure that the

two subquery results are complementary. The column store main-

tains a Snapshot Column Vector (SCV) column for each table, and

the delta table maintains a filter log consisting of version times-

tamps. During query execution, the GPU subquery uses the SCV

to exclude stale snapshot tuples that have been updated since the

snapshot, while the CPU subquery scans the updates with the filter

log to retrieve the corresponding fresh versions. Before each query,

HeraDB synchronizes only the incremental filter log entries to the

GPU to update the SCV, which is lightweight because it transmits

timestamps rather than actual tuple data (Section 4.3).

HeraDB periodically merges the delta updates into the column

store to limit its size. The delta table is designed as a compact

log format that stores only the latest version of each updated row.

During a merge, HeraDB directly transmits the delta log to the

GPU and applies it to the column store, avoiding the extra cost of

generating a separate GPU-friendly log. By carefully handling read-

write conflicts, this format also supports efficient CPU subquery

scans. If the version stored in the delta table is invisible to the

CPU subquery, it retrieves the correct historical version from the

multi-version row store. In summary:

• We propose HeraDB, a GPU-accelerated database for transaction-

centric HTAP workloads that reconciles the trade-off between

data freshness and performance isolation.

• We propose a hybrid query execution strategy that minimizes

PCIe bottlenecks by decomposing queries into complementary

GPU and CPU subqueries via lightweight SCVs and filter logs.

• We propose a unified delta table format that enables both lock-

free CPU scanning and efficient parallel GPU merging.

• We evaluate HeraDB on HATtrick [44] and SSB-TC (Section 7.1).

HeraDB outperforms Colibri in max individual TP/AP through-

put, achieving up to 11.1× higher TP and 5.9× higher AP, and

preserves zero visibility latency under mixed TP/AP workloads.

2 BACKGROUND AND MOTIVATION
2.1 Design Goals
Data freshness. Following the definition of Perseus [62], we mea-

sure data freshness using visibility latency [24, 44]. Visibility latency

captures how recent the query-visible snapshot is (i.e., the stale-

ness of the snapshot observed when an AP query begins). Thus,

its visibility latency is the time difference between the query start

time (e.g., read timestamp) and the commit timestamp of the latest

transaction included in the snapshot used by the query. A query

has zero visibility latency when its query-visible snapshot includes

all transactions committed before the query starts.

Co-located architectures typically have zero visibility latency.

This is because both the row store and the column store reside
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Table 1: Comparison of HTAP database architectures

Architecture System Representative Storage Layout Perf. Isolation Data Freshness Trade Offs

Separated TiDB [24], BatchDB [42] Full Row + Column Physical Machine Async. Log Propagation Low Freshness

ByteHTAP [14, 15] (Log Replication Delay)

Co-located SQL Server [31], Oracle IM [29] Full Row + Column Shared CPU/RAM Direct Memory Access Low Isolation

GaussDB-HTAP [68] (Resource Contention)

Colibri [57], SAP HANA [60] Column + Row Delta Shared CPU/RAM Direct Memory Access Low Isolation

SingleStore [50, 61] (Resource Contention)

OSIC [3] MVCC Row Only Shared CPU/RAM MVCC Snapshot Low Isolation

H
2
TAP Raza et al. [55] Column Only Hardware Isolation Batched Delta Update Low Freshness

Caldera [4] Column Only Hardware Isolation CUDA Unified Memory PCIe Page Thrashing

RateupDB [34] Column Only Hardware Isolation Transmit Delta to GPU Query-Specific Delta

HeraDB (Ours) Full Row + Column Hardware Isolation Hybrid Query Execution Minimal (Filter Log)

in main memory within a unified memory space, enabling AP to

directly access the latest committed updates in the delta table. In

contrast, separated architectures physically isolate AP and TP re-

sources, requiring log replication to synchronize updates. Updates

from TP nodes are batched, transmitted, and replayed on AP nodes

[24], introducing visibility latency of hundreds of milliseconds.

Performance isolation. AP must not degrade TP performance.

Co-located architectures lack isolation due to shared resources.

A heavy scan can saturate memory bandwidth and pollute CPU

caches, increasing the tail latency of concurrent transactions. While

software-level scheduling and memory management [9, 54] can

increase isolation, they cannot eliminate contention from shared

hardware. In contrast, separated architectures ensure strong isola-

tion via physically decoupled resources.

2.2 Transaction-Centric HTAP Databases
Table 1 categorizes representative HTAP databases.

To maximize TP throughput, systems such as SQL Server [31],

Oracle IM [29], and GaussDB-HTAP [68] maintain a full-row store

and selectively replicate tables into the in-memory column store to

accelerate query execution. When updating the row store, trans-

actions also append these updates to a delta table (e.g., SMU in

Oracle, tail index in SQL Server). These systems achieve high fresh-

ness by enabling query scans to access both the delta table and the

column store directly. Specifically, the scan operator fetches the

latest updates from the delta table, merges them with the column

store snapshot on the fly, and forwards the merged results to down-

stream operators (e.g., joins, group-by) [29, 31, 34, 68]. Systems

such as OSIC [3] maintain only a multi-version row store. Queries

obtain a consistent snapshot by traversing version chains to re-

trieve proper tuple versions. Although this design provides fresh

snapshots on CPUs, extending it to GPU is inefficient. First, keeping

a GPU replica consistent with the CPU store requires fine-grained

synchronization between CPU and GPU MVCC versions, causing

high coordination overhead under write-heavy workloads. Second,

GPU-side MVCC traversal introduces indirect memory accesses

during per-tuple visibility checks, breaking the sequential scan

pattern preferred by GPU execution.

Systems like Colibri [57], SAP HANA [60], and SingleStore [50,

61] adopt a column store as the primary storage andmaintain a delta

table in row format (e.g., L1 store in SAP HANA) to buffer recent
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Figure 2: Performance metrics across HTAP architectures.

updates. This design achieves high AP throughput via efficient

column scans, but with lower TP scalability [74] because the delta

table stores only recently modified rows. However, these systems

have low performance isolation due to resource contention.

Distributed databases such as TiDB [24], BatchDB [42], and Byte-

HTAP [14, 15] decouple row and column stores across physical

machines, achieving strong isolation at the cost of low freshness.

To access the latest updates, TiDB delays query execution until

the relevant logs arrive and are fully applied. Similarly, BatchDB

immediately triggers update propagation when queries request the

latest snapshot version. However, these strategies sacrifice query

latency (i.e., query response time) to ensure real-time analytics.

Experiments. To validate this trade-off, we compare Colibri and

TiDB under SSB-TC (an update-heavy workload) with uniform

distribution (detailed setup in Section 7.1). In Figure 2a, Colibri

achieves high freshness (i.e., 0ms) since TP and AP operate on the

same replica, enabling queries to access the delta table directly. In

contrast, TiDB’s visibility latency increases to 2.4s as TP clients scale

from 1 to 32. This is because higher TP throughput generates more

delta updates, which increases the latency of Raft log replication

and log application in TiFlash, thereby degrading data freshness.

To demonstrate performance isolation, we measure throughput

frontiers [44]
1
by varying the number of TP and AP clients across

multiple configurations (i.e., various client mixes) and record the TP

1How to read the frontier plot: The throughput frontier connects the best observed
TP-AP throughput points across tested workload configurations. Each point in the plot

represents the TP and AP throughput achieved under one TP/AP client configuration.

The x-axis and y-axis correspond to the standalone TP-only and AP-only through-

put, respectively. Ideally, the frontier should coincide with the upper right corner of

the bounding box defined by the maximum TP throughput and the maximum AP

throughput, indicating perfect performance isolation between TP and AP.
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Figure 3: Results of CPU-GPU HTAP execution strategies.

and AP throughput. Figure 2b shows the normalized result. Colibri’s

frontier is closer to the axes than TiDB’s, indicating lower isolation.

2.3 Heterogeneous HTAP Databases
H
2
TAP systems (e.g., Caldera [4], RateupDB [34], and [55]) employ

column-only storage to exploit the high GPU memory bandwidth

for accelerated scanning. Caldera maintains identical data struc-

tures (e.g., DSM or PAX [2]) across the CPU and GPU, utilizing

CUDA Unified Memory to ensure consistency between replicas.

RateupDB transmits the entire delta table to the GPU before each

query, and merges the updates with the GPU snapshot during table

scans. [55] proposes a batch processing model that periodically

updates the GPU column store. Existing H
2
TAP databases execute

queries entirely on the GPU, thus cannot simultaneously achieve

strong performance isolation and high data freshness.

Experiments. We implement three internal variants on top of

HeraDB’s codebase, where Batch, Merge, and UM simulate the query

execution strategies of [55], RateupDB, and Caldera, respectively.

Section 7.1 summarizes their characteristics.

In Figure 3b, UM exhibits low performance due to page thrashing.

When updating a row, the entire page must be migrated to the CPU.

When an AP query subsequently scans it, the page is migrated back

to the GPU. Since TP workloads feature high-throughput random

writes, massive pagemigrations saturate the PCIe bandwidth. Merge
exhibits poor isolation under high TP throughput (i.e., with a larger

delta table). This is because generating query-specific delta updates

requires scanning the row store, which is memory-intensive and

contends for shared resources with concurrent transactions. Batch
avoids CPU involvement in query execution, achieving the best

isolation. However, as shown in Figure 3a, it introduces visibility

latency proportional to the delta merge interval.

3 HERADB OVERVIEW
3.1 Architecture
HeraDB operates under snapshot isolation and employs timestamp-

based multi-version concurrency control (MVCC). Transactions

and queries execute based on a shared global clock.

As shown in Figure 4, HeraDB stores the row store and delta table

in CPU and the column-store snapshot in GPU. For hybrid query

execution, each AP query is decomposed into two subqueries. The

GPU subquery scans the stable but stale column snapshot, while the

CPU subquery scans the delta table to retrieve the latest updates.

The two partial results are then merged on the CPU to produce the

final result. By fetching recent updates on the CPU and using the

GPU only for snapshot scans, HeraDB avoids the PCIe bottleneck
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of transferring massive delta updates before each query, while still

ensuring fresh AP results.

To ensure that the two subqueries produce complementary re-

sults, HeraDB uses timestamp-based filters on both paths. The GPU

subquery must exclude stale rows from the column snapshot, be-

cause the latest versions of these rows are retrieved by the CPU

subquery from the delta table. To support this filtering, each table in

the GPU column store maintains a Snapshot Column Vector (SCV),

which records the timestamp of the first update after the snapshot

for each row. During GPU execution, rows whose SCV timestamps

indicate stale snapshot versions are filtered out. Correspondingly,

the delta table maintains a lightweight filter log that helps the CPU

subquery identify these updated rows and retrieve their correct

visible versions. Before each query, HeraDB transmits only incre-

mental filter-log entries, which are lightweight than data tuples, to

update the SCV on the GPU.

This hybrid strategy applies to most aggregatable queries. For

queries containing non-aggregatable operators (e.g., outer joins and

semi-joins), HeraDB falls back to GPU-only execution. The CPU path

acts as a freshness-preserving scan operator and transfers visible

delta tuples to the GPU, while the GPU executes the remaining

query over the snapshot and delta tuples (Section 4.4).

3.2 Workflow and Key Features
Non-blocking TP execution. HeraDB first applies updates to the

row store during transaction execution. After commit, it uses the

delta index to install the transaction’s write set to the delta table.

Because this step happens after the result is returned to the user,

updating the delta table does not affect end-to-end TP latency.

The delta table is stored in a compact form, where each modified

row stores only its latest version. This design has two benefits. First,

it reduces delta index maintenance overhead, as in-place updates

only require index modifications when a row is first inserted into

the delta log. Second, CPU subqueries can efficiently scan the delta

log without handling duplicate rows. In contrast, append-only delta

tables [31] may store multiple historical versions of the same row,

requiring deduplication during scans. When the latest version in

the delta log is invisible to a query, the CPU subquery retrieves the

correct historical version from the row store (Section 4.2).
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Algorithm 1 Read Timestamp Acquisition

1: procedure TxCommitAndUpdateDelta(𝑡𝑖𝑑)

2: 𝑠𝑙𝑜𝑡 ← 𝑠𝑙𝑜𝑡𝐴𝑟𝑟𝑎𝑦 [𝑡𝑖𝑑]; ⊲ Get worker thread slot

3: 𝑠𝑙𝑜𝑡 .𝑐𝑡𝑠 ← GetAndIncrementGlobalClock( ); ⊲ Atomic op

4: Commit(𝑠𝑙𝑜𝑡 .𝑐𝑡𝑠); ⊲ Commit and notify client

5: UpdateDeltaTable(𝑡𝑥 .𝑤𝑟𝑖𝑡𝑒𝑆𝑒𝑡 );

6: 𝑠𝑙𝑜𝑡 .𝑐𝑡𝑠 ← 𝑛𝑢𝑙𝑙 ; ⊲ Clear the timestamp

7: procedure QueryAcquireReadTimestamp( )

8: 𝑟𝑡𝑠 ← GetGlobalClock( );

9: while ¬ IsTimestampSafe(𝑟𝑡𝑠) do
10: continue; ⊲ Spin until timestamp becomes safe

11: return 𝑟𝑡𝑠 ;

12: procedure IsTimestampSafe(𝑟𝑡𝑠)

13: for all 𝑠𝑙𝑜𝑡 ∈ 𝑠𝑙𝑜𝑡𝐴𝑟𝑟𝑎𝑦 do
14: 𝑐𝑡𝑠 ← 𝑠𝑙𝑜𝑡 .𝑐𝑡𝑠;

15: if 𝑐𝑡𝑠 is 𝑛𝑢𝑙𝑙 then ⊲ No active commit in this worker

16: continue;
17: if 𝑟𝑡𝑠 ≥ 𝑐𝑡𝑠 then ⊲ AP would read incomplete delta

18: return false;
19: return true;

Real-time AP execution. When an AP query starts, HeraDB first

acquires a read timestamp from the global clock. The CPU subquery

scans the filter log to identify rows updated after the snapshot,

and retrieves their visible versions from the delta log or the multi-

version row store. In parallel, HeraDB transmits incremental filter-

log entries to the GPU to update the SCV. The GPU subquery then

scans the column store and uses the SCV to filter out stale snapshot

rows. Finally, the two results are merged and returned to the client.

The CPU subquery could contend with concurrent transactions

for shared resources. HeraDB achieves strong isolation through two

mechanisms. First, the delta log is stored in a columnar format that

supports lock-free scans. The CPU subquery falls back to accessing

the multi-version row store only when the version in the delta

log is invisible or concurrently updated by TP, thereby reducing

random memory accesses. Second, the delta table size is small due

to frequent delta merge (i.e., 400ms), minimizing scan overhead and

memory bandwidth contention with TP.

Efficient delta merge. A background thread periodically merges

the delta log into the column store. Since the delta table captures all

updates since the last snapshot, the delta merge simply truncates

the delta log and transmits it to the GPU for parallel application. The

deltamerge does not block concurrent transactions. New queries are

briefly paused during the delta merge (4-13ms), without degrading

query performance (detailed in Section 5.1).

4 HYBRID QUERY EXECUTION
Before execution, a query acquires a read timestamp to ensure it

observes a complete snapshot (Section 4.1). The CPU path scans the

delta table (Section 4.2), while the GPU path scans the column-store

snapshot (Section 4.3). The partial results are merged to produce

the final output (Section 4.4).

Delta Log
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Row 𝑟4 updated in-place,
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Figure 5: Detailed design of the delta table.

4.1 Read Timestamp Acquisition
When a query acquires a read timestamp 𝑟𝑡𝑠 , concurrent transac-

tions with commit timestamps 𝑐𝑡𝑠 ≤ 𝑟𝑡𝑠 may still be in the process

of committing. Specifically, they may have acquired commit times-

tamps but not yet finished writing their write sets to the delta table.

If the query begins scanning the delta table immediately, it may

miss these in-flight updates, violating snapshot consistency.

HeraDB maintains a fixed-size slot array to avoid scanning all

active transactions during consistency checking. Each TP worker

thread maintains a slot in the array (in Algorithm 1). Before com-

mitting, the thread acquires a commit timestamp from the global

clock and stores it in its slot, which serves as a visibility marker

for concurrent queries (line 3). After committing and updating the

delta table, the thread clears its slot by setting it to 𝑛𝑢𝑙𝑙 (lines 4-6).

When a query starts, it first acquires a read timestamp 𝑟𝑡𝑠 from

the global clock (line 8). It then checks whether all transactions

with 𝑐𝑡𝑠 ≤ 𝑟𝑡𝑠 have finished updating the delta table by iterating

over all slots (lines 9-10):

• Empty slot (𝑐𝑡𝑠 is 𝑛𝑢𝑙𝑙 , lines 15-16): The TP thread is idle or

executing a transaction. Since the transaction has not yet com-

mitted, it will obtain a commit timestamp 𝑐𝑡𝑠 later after 𝑟𝑡𝑠 (i.e.,

𝑐𝑡𝑠 > 𝑟𝑡𝑠). The query can proceed without waiting.

• Non-empty slot with 𝑟𝑡𝑠 ≥ 𝑐𝑡𝑠 (lines 17-18): The transaction

has committed with 𝑐𝑡𝑠 < 𝑟𝑡𝑠 but has not yet finished writing its

updates to the delta table. The query must wait until this slot is

cleared to ensure visibility of all committed updates.

Notably, this waiting process is negligible (≈0.01 ms in Table 2), in

contrast to systems that incur millisecond-level delays [14, 24]

Lemma 4.1 (Snapshot Consistency). After a query with a read
timestamp 𝑟𝑡𝑠 begins execution, all transactions with commit times-
tamps 𝑐𝑡𝑠 ≤ 𝑟𝑡𝑠 have completed updating the delta table.

4.2 Query Execution on the CPU Path
Delta table design. Figure 5 shows the delta table structure. With

in-place updates, the delta log stores only the latest updated version

of each modified row, while the filter log stores the timestamp of

the first update after the GPU snapshot, which is used as a visibility

filter. The delta and filter logs are organized in a columnar layout

using fixed-size buffers.

The delta index is used to quickly install the write set of TP

transactions into the delta table. It maps each row ID to its cor-

responding offset in the delta log and filter log. To reduce lock

contention, the delta index is implemented as a concurrent hash
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Algorithm 2 Lock-free Delta Table Scanning

1: procedure QueryScanBatch(offset, 𝑟𝑡𝑠 , batchSize)
2: rows← ∅;
3: for 𝑖 from offset to offset + batchSize - 1 do ⊲ Read phase

4: if filterLog[𝑖] .ctsmin > 𝑟𝑡𝑠 then
5: continue; ⊲ No visible version

6: 𝑟 .data← ExtractData(deltaLog[𝑖]);
7: 𝑟 .offset← 𝑖;

8: rows.append(𝑟 );
9: memory_fence; ⊲ Acquire fence

10: for each 𝑟 ∈ rows do ⊲ Validation phase

11: if deltaLog[𝑟 .offset] .ctsmax ≤ 𝑟𝑡𝑠 then
12: continue; ⊲ Safe to read

13: 𝑟 .data← ReadFromMVRowStore(𝑟 .data.rid);
14: return rows;

15: procedure TxUpdateRecord(offset, 𝑐𝑡𝑠 , rowData)
16: if filterLog[offset] .ctsmin > 𝑐𝑡𝑠 then
17: filterLog[offset] .ctsmin ← 𝑐𝑡𝑠; ⊲ Update filter

18: if deltaLog[offset] .ctsmax > 𝑐𝑡𝑠 then
19: return; ⊲ Avoid overwrite update

20: deltaLog[offset] .ctsmax ← 𝑐𝑡𝑠 ;

21: memory_fence; ⊲ Release fence

22: UpdateData(deltaLog[offset], rowData);

table. Each bucket in the hash table is protected by a bucket-level

lock, enabling different buckets to be updated in parallel.

We track two timestamps for each row in the delta table to

exclude stale or invisible versions during query execution:

• 𝑐𝑡𝑠min: the commit timestamp of the first update after the last

GPU snapshot. It is mostly used to identify stale versions that

must be filtered out by the GPU subquery.

• 𝑐𝑡𝑠max: the commit timestamp of the most recent update in the

delta table. It is used by the CPU subquery to determine whether

the current version in the delta log is visible to the current query.

Updating the delta table. After committing and updating the

row store, a transaction installs its write set into the delta table. For

each updated row, the transaction queries the delta index to locate

the corresponding log entry. If the row is not yet in the delta table

(e.g., row 𝑟3 in Figure 5), the transaction appends a new log entry

to its tail and updates the delta index with the new offset. If the

row already exists in the delta table (e.g., row 𝑟4), the transaction

obtains the entry offset from the delta index and updates the entry.

This design ensures correctness when transactions install their

write sets into the delta table out of commit order, as detailed

in TxUpdateRecord of Algorithm 2. Consider two transactions 𝑇1
and 𝑇2 updating the same row 𝑟 , where 𝑇1 .𝑐𝑡𝑠 < 𝑇2 .𝑐𝑡𝑠 . Due to

concurrent execution, 𝑇2 may install its version into the delta table

before𝑇1 updating the delta table. To prevent𝑇1’s older version from

overwriting 𝑇2’s newer update, each transaction checks 𝑟 .𝑐𝑡𝑠max

before updating the delta log (lines 18-19). If𝑇2 has already installed

its version, then 𝑟 .𝑐𝑡𝑠max > 𝑇1 .𝑐𝑡𝑠 .𝑇1 skips updating the delta log. If

𝑇1 installs first, then 𝑟 .𝑐𝑡𝑠max < 𝑇2 .𝑐𝑡𝑠 . 𝑇2 updates the delta log and

sets 𝑟 .𝑐𝑡𝑠max to 𝑇2 .𝑐𝑡𝑠 . After a transaction updating the delta log, it

(a) Scanning the delta table on the CPU path

(b) Scanning the column store on the GPU path
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Figure 7: Structure of the log entry in the delta table.

uses a memory fence to ensure the update is visible to concurrent

queries, then updates the actual data (lines 20-22).

Scanning the delta table. The structure of the delta and filter

log entries is shown in Figure 7. A row has the same row ID when

stored in both the row store and the column store. For each entry, 𝑟𝑖𝑑

denotes the corresponding row ID. The deleted bit 𝑑𝑒𝑙 and column

data ⟨𝑐𝑜𝑙1, . . . , 𝑐𝑜𝑙𝑛⟩ store its most recently committed version.

The CPU subquery employs a vectorized execution model [8]

to accelerate query execution. HeraDB first scans delta tuples from

the row store (and delta logs) and transforms them into in-memory

columnar batches. The CPU subquery then applies SIMD instruc-

tions (e.g., filtering) on these batches.

The CPU subquery scans the delta log to retrieve row updates

since the last snapshot that are visible, as shown in QueryScanBatch
of Algorithm 2. We employ an optimistic approach to scan the delta

log. The query uses ctsmin in the filter log to skip rows that were

first modified after the query’s read timestamp 𝑟𝑡𝑠 . In other words,

for rows with ctsmin > 𝑟𝑡𝑠 , their correct versions are in the column

store and will be scanned by the GPU subquery (lines 4-5). Other-

wise, the query reads the latest version in the delta log optimistically,

without acquiring tuple locks (lines 6-8), since the version is likely

visible to the current snapshot. To validate its visibility, the query

checks ctsmax for the read version. If ctsmax ≤ 𝑟𝑡𝑠 , the version was

committed before the query started and is safe to read (line 11).

Otherwise, the row was either concurrently updated or contains an

invisible version. In this case, the query fetches the correct version

from the multi-version row store (line 13).
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To ensure correctness, we use a memory fence before the val-

idation starts (line 10). This ensures that all ctsmax updates by

concurrent transactions are visible to the query before validation.

Lemma 4.2 (CPU Concurrency Guarantee). A query can safely
scan the delta table even when concurrent transactions update the
filter log and delta log during query execution.

Proof. First, the filtering results are not affected by concurrent

transactions (lines 4-5). According to Lemma 4.1, if the 𝑐𝑡𝑠min of a

row is updated when a query scans the delta table, the new value

(which is the 𝑐𝑡𝑠 of a concurrent transaction) is still greater than the

query’s 𝑟𝑡𝑠 and will still be filtered out. Since timestamp updates

are atomic (64-bit timestamp), queries will observe either the old

value or the new value atomically.

Second, we use memory fences to ensure queries access the

correct versions during concurrent updates. The update of 𝑐𝑡𝑠max

occurs before updating the data (lines 20-22). Therefore, if a query

successfully validates the version (i.e., 𝑐𝑡𝑠max ≤ 𝑟𝑡𝑠), its data read

previously is guaranteed to be complete and visible. □

The lock-free scan effectively resolves read-write conflicts be-

tween queries and transactions. Multiple queries can execute con-

currently since they only read from the delta table.

An example. In Figure 6a, a query starts with a read timestamp

rts:0003. Concurrently, a transaction with commit timestamp

cts:0004 has updated 𝑐𝑡𝑠max for row 𝑟4 but has not yet written to

its delta log entry. The CPU subquery skips row 𝑟3 because its ctsmin

(0004) exceeds 𝑟𝑡𝑠 , indicating the visible version is in the column

store. Rows 𝑟2 and 𝑟6 are fetched from the delta log because their

ctsmax values (0003 and 0002) do not exceed 𝑟𝑡𝑠 , meaning their

versions in the delta log are visible. Row 𝑟4 is fetched from the row

store because its ctsmax (0004) exceeds 𝑟𝑡𝑠 (the delta log version

may be invisible) while its ctsmin (0002) does not (the column store

version is stale).

4.3 Query Execution on the GPU Path
Concurrent queries execute on different snapshot versions, while

the column store maintains only a single version that is periodically

updated. To allow each GPU subquery to filter the column store

based on its own snapshot, we maintain a Snapshot Column Vector

(SCV) to enable timestamp-based filtering.

The following describes (i) how to efficiently apply the filter log

to the SCV, and (ii) how to scan the column store with the SCV.

Snapshot column vector. The SCV is updated by the filter log

before each query. The SCV stores the ctsmin for each row, whose

definition is identical to the ctsmin in the filter log (Section 4.2).

When generating a new snapshot, the SCV is initialized with special

values: (i) For valid rows in the snapshot, 𝑐𝑡𝑠min is set to ∞ (i.e.,

UINT_MAX), ensuring they are visible to all queries. (ii) For rows

deleted before the snapshot, 𝑐𝑡𝑠min is set to 0, ensuring they are

filtered out without maintaining a separate deletion bitmap [31].

HeraDB caches the filter log in the GPU to reduce PCIe traffic.

Before each query, only the incremental part of the filter log is

transmitted to the GPU. Specifically, each bucket of the delta table

maintains a watermark𝑤𝑚 that records the offset of the last trans-

mitted filter log entry. Only entries after𝑤𝑚 are transmitted to the

Algorithm 3 Preparing the Selection Vector

1: procedure ApplyFilterLog(filterLog, 𝑟𝑡𝑠) ⊲ Cached in GPU

2: for each entry 𝑒 ∈ filterLog in parallel do
3: if 𝑒.ctsmin ≤ 𝑟𝑡𝑠 then
4: SCV[𝑒.rid] ← 𝑒.ctsmin;

5: procedure SVGeneration(𝑟𝑡𝑠)
6: SV← ∅;
7: for 𝑖 from 0 to len(SCV) - 1 in parallel do
8: if SCV[𝑖] > 𝑟𝑡𝑠 then
9: SV[𝑖] ← true; ⊲ Valid version

10: else
11: SV[𝑖] ← false; ⊲ Stale version

12: return SV;

GPU. After transmission, the 𝑐𝑡𝑠min values from the filter log cache

are applied to the SCV, ensuring it reflects the most recent update

state (ApplyFilterLog in Algorithm 3).

Due to concurrent TP execution, transactions may update the

delta table out of order. A transaction with a smaller commit times-

tamp may overwrite a larger 𝑐𝑡𝑠min already written to the filter log

by a later-committing transaction. To ensure that all updates to the

filter log are applied to the SCV, when a transaction updates an en-

try that has already been transmitted to GPU with a smaller 𝑐𝑡𝑠min,

it resets the corresponding𝑤𝑚 to the offset of this entry, forcing

subsequent queries to retransmit the entries since this offset.

Scanning the column store. GPU subquery execution employs a

tile-based execution model [58]. Each thread block (i.e., a group of

GPU threads) processes a batch of rows at a time.

As shown in SVGeneration of Algorithm 3, before scanning the

column store, a query first generates a selection vector (denoted as

𝑆𝑉 ) based on its read timestamp 𝑟𝑡𝑠 and the 𝑐𝑡𝑠min of each row in the

SCV. The selection vector identifies rows that have not been updated

since the snapshot, which should be included in the scan (lines 8-9).

Rows that have been modified after the snapshot (i.e., 𝑆𝑉 [𝑖]=false)
are filtered out, since their correct versions will be retrieved by

the CPU path. Notably, multiple queries can concurrently generate

their respective selection vectors and execute on different snapshots

without interference.

Lemma 4.3 (GPU Concurrency Guarantee). Queries on the
GPU path can concurrently update the SCV and scan the column store
under different snapshots.

Proof. Consider a query with read timestamp 𝑟𝑡𝑠 . If the 𝑐𝑡𝑠min

of a row in the SCV is greater than 𝑟𝑡𝑠 during execution, it will

only be updated to a new value greater than 𝑟𝑡𝑠 . This is because

all transactions with 𝑐𝑡𝑠 ≤ 𝑟𝑡𝑠 have already completed (Lemma

4.1). Therefore, although the SCV may be updated during scanning,

these newly updated 𝑐𝑡𝑠min values must be greater than 𝑟𝑡𝑠 and

will be filtered out, thus not affecting the final result. □

An example. In Figure 6b, rows 𝑟1 and 𝑟5 remain unmodified

(i.e., rts:0003<𝑐𝑡𝑠min:UINT_MAX) and are included in the columnar

scan. Row 𝑟3 was not updated before the query read timestamp (i.e.,

rts:0003<𝑐𝑡𝑠min:0004) and is also included in the scan.
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Figure 8: An example of query result aggregation.

Theorem 4.4 (Query Completeness). The partial results from
the GPU path and CPU path collectively constitute a consistent snap-
shot at the query read timestamp 𝑟𝑡𝑠 .

Proof. By Lemma 4.3, the GPU subquery scans all tuples un-

modified until the query read timestamp 𝑟𝑡𝑠 . By Lemma 4.2, the

CPU subquery scans all tuples modified after the column snapshot

version and visible at 𝑟𝑡𝑠 . Since these two sets are disjoint and their

union covers all tuples committed before 𝑟𝑡𝑠 , the combined results

constitute a complete and consistent snapshot at timestamp 𝑟𝑡𝑠 . □

4.4 Lightweight Result Aggregation
After executing the query plan on both paths, partial results from

the GPU are transferred to the CPU and merged into the final

result. This workflow is efficient for parallelizable operators such

as projection, selection, and aggregation. However, operators such

as joins may require multiple exchanges of intermediate results,

incurring high PCIe traffic.

The hybrid query execution of HeraDB is similar to distributed

query processing [39]. However, instead of partitioning tables hori-

zontally by key ranges, HeraDB partitions tables temporally. The

GPU stores the stable snapshot, while the CPU stores recent delta

updates. Since the GPU lacks visibility for the latest updates, this

temporal partitioning may prevent local join optimizations.

To address this challenge, HeraDB exploits the characteristics

of HTAP workloads. HTAP workloads (e.g., HATtrick [44] based

on SSB [48]) typically follow a star schema with one large fact

table (e.g., LINEORDER) and several small dimension tables (e.g.,

SUPPLIER, CUSTOMER, PART). The fact table stores transactional

records and is frequently updated by transactions. In contrast, di-

mension tables contain descriptive attributes and are relatively

small with infrequent updates (e.g., at SF=100, dimension tables

are 17-277MB, while the fact table is ≈60GB). Replicating these

dimension tables incurs low overhead, which is widely adopted in

existing systems [37]. Therefore, to minimize PCIe data transfer

during multi-table operations (e.g., joins between the fact table

and dimension tables), HeraDB maintains full replicas of dimension

tables in both CPU and GPU memory.

An example. Figure 8 presents an example of a simplified SSB

Q2.1 query, where a fact table LINEORDER joins with a dimension

table PART. The CPU maintains the latest version of PART (delta +

snapshot) and the delta updates of LINEORDER. The CPU subquery

directly executes filter, join, and group-by operations to produce

partial results. Since the GPU stores only table snapshots, the GPU

subquery first employs a broadcast join by retrieving the delta

updates of PART from the CPU. Subsequently, it performs scans

based on both the delta and snapshot to obtain the latest version

of PART, and executes filter, join, and group-by operations. Finally,

the partial results are transmitted to the CPU for final aggregation.

Discussion. Our prototype implements SSB queries [48] with a

single fact table. For queries involving joins across multiple fact

tables or non-aggregatable operators (e.g., outer joins and semi-

joins), HeraDB can fall back to a GPU-only query execution. In

this mode, the CPU subquery acts only as a freshness-preserving

delta scan operator. It scans the delta tables to retrieves the visible

versions, and transfers these delta tuples to the GPU. The GPU then

executes the remaining operators over its snapshot and delta tuples.

GPU-only execution is also preferred when the cost of transfer-

ring high-cardinality intermediate results exceeds the cost of trans-

mitting delta tables directly to the GPU, such as in high-cardinality

aggregations or group-by operations. The decision between hybrid

and GPU-only execution can be guided by existing cost models

[58, 69, 70] that estimate PCIe transfer overhead.

5 DIRECT COLUMN STORE UPDATE
The delta table grows rapidly over time as transactions continuously

generate updates. Periodically merging these delta updates into the

column store is essential to limit the delta table size. Section 5.1

discusses the design rationale of the deltamerge strategy. Section 5.2

presents the detailed workflow.

5.1 Design Rationale
HeraDB blocks new queries from execution when updating the GPU

column store due to the following reasons:

Memory efficiency. To avoid read-write conflicts, when merging

the delta table, query execution must maintain multiple column-

store versions on the GPU via copy-on-write or double-buffering.

This would halve the available GPUmemory, limiting the maximum

table size. By blocking concurrent queries, HeraDB can perform in-

place updates directly on the column store, thereby saving memory.

Query performance. Although blocking introduces a wait time

(4-13 ms as shown in Table 3), it does not increase query latency.

For the CPU path, the delta merge process clears the delta table,

eliminating the overhead of scanning large delta logs on subsequent

queries. For the GPU path, executing queries concurrently during

merge would degrade performance due to GPU context switching

and cache contention, slowing both merge and queries.

5.2 Merge Workflow
The merge process executes in the background periodically. It in-

curs minimal impact on TP performance because it requires only

sequential, read-only access to CPU memory. Unlike systems that

require the CPU to perform complex log-format conversion [42],

HeraDB simply copies the delta logs to the GPU and applies them

directly by GPU threads.

As shown in Figure 9, the merge process consists of four phases:

Phase 1 (Wait): Due to the single-version column store, queries

may execute concurrently while the column store is being updated,

causing read-write conflicts. To prevent this, the merge process
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Figure 9: Workflow of the delta merge process.

blocks new queries and waits for in-flight queries to complete.

After obtaining exclusive access to the column store, it acquires a

timestamp (via QueryAcquireReadTimestamp in Algorithm 1) that

serves as the snapshot version 𝑠𝑣 of the updated column store. Upon

receiving 𝑠𝑣 , all transactions with commit timestamps 𝑐𝑡𝑠 ≤ 𝑠𝑣 have

finished writing the delta table (Lemma 4.1), ensuring the integrity

of the generated snapshot.

Phase 2 (Swap):We maintain two delta tables during the merge

process (i.e., using double buffering). The old delta table is read-only

and can be accessed lock-free for DMA transfer to the GPU. Mean-

while, a new empty delta table is updated by in-flight transactions.

To swap the delta table, the merge process notifies all TP threads

to write to the new delta table. It then waits until all threads finish

updating the old delta table and switch to the new one.

Phase 3 (Update): The delta log in the old delta table is transmit-

ted to the GPU and applied in parallel. Transmitting and applying

logs is pipelined to hide the transmit latency. Updating the col-

umn store is shown in Algorithm 4. For each tuple in the delta

log, if its current version was committed before the snapshot (i.e.,

𝑒.𝑐𝑡𝑠max ≤ 𝑠𝑣), its data is applied directly to the column store based

on its row ID (lines 6-8), and its timestamp in the SCV is reset

to ∞. If the tuple is deleted, the timestamp is set to 0, making it

invisible to all subsequent queries (i.e., 𝑆𝐶𝑉 [𝑟𝑖𝑑] < 𝑟𝑡𝑠) and should

be skipped during GPU scans (lines 4-5).

Notably, the old delta table may contain tuples committed after

the snapshot version (i.e., 𝑒.𝑐𝑡𝑠max > 𝑠𝑣). This is because acquiring

𝑠𝑣 and swapping the delta table are not atomic operations. In other

words, some updates may be inserted into the old delta table after 𝑠𝑣

is acquired but before the swap completes (≈1034 rows with 32 TP

clients). To generate a complete snapshot, a naive approach would

fetch the correct versions of these tuples from the multi-version

row store, incurring CPU-GPU coordination overhead.

Instead, we skip applying the data and filter logs of these tuples

(line 9). This optimization is safe because: (i) their filter logs will

be applied by subsequent queries, since their latest versions are

stored in the new delta table (after write-back in Phase 4); (ii) their

data in the column store will never be accessed by queries. This is

because queries started after the merge will have read timestamps

𝑟𝑡𝑠 that are no less than the commit timestamps 𝑐𝑡𝑠max of all trans-

actions committing during the merge (Lemma 4.1). This results in

𝑆𝐶𝑉 [𝑒.𝑟𝑖𝑑] ≥ 𝑟𝑡𝑠 , causing these tuples to be skipped during scans

on the GPU path (line 8 in Algorithm 3).

Phase 4 (Write-back): As discussed above, some tuples in the

old delta table may have commit timestamps 𝑐𝑡𝑠max greater than

the snapshot version 𝑠𝑣 of the column store. To ensure the CPU

Algorithm 4 Applying Delta Log to Column Store

1: procedure ApplyDeltaLog(deltaLog, 𝑠𝑣)
2: for each entry 𝑒 ∈ deltaLog in parallel do
3: if 𝑒.ctsmax ≤ 𝑠𝑣 then
4: if 𝑒.deleted then
5: SCV[𝑒.rid] ← 0; ⊲ Mark as deleted

6: else
7: SCV[𝑒.rid] ← ∞; ⊲ Reset to infinity

8: UpdateData(𝑒.rid, 𝑒.data); ⊲ Update row data

9: else continue; ⊲ Skip tuples committed after 𝑠𝑣

subquery observes these updates, these tuples must be written back

to the new delta table.

Specifically, a group of CPU threads scans the old delta table to

identify these tuples (i.e., those with 𝑐𝑡𝑠max > 𝑠𝑣). Since a tuple

may be updated multiple times after 𝑠𝑣 (the delta log only stores

a single version), the correct version inserted into the new delta

table is obtained from the multi-version row store. Write-back these

tuples follow the same logic as TP threads updating the delta ta-

ble (i.e., TxUpdateRecord in Algorithm 2), ensuring concurrency

correctness. New queries can execute immediately after the column-

store update and the tuple write-back are complete (starting from

read timestamp acquisition). The old delta table is reclaimed asyn-

chronously in the background.

6 IMPLEMENTATION
6.1 Transaction Execution Engine
The row store is built on a Persistent Memory (PM) based OLTP

engine to achieve high TP performance and fast recovery [6, 25,

26, 38]. HeraDB organizes the tuple heap at row level rather than

page level, leveraging PM’s byte-addressability. This avoids page-

level read/write amplification in disk-based stores and improves

transaction throughput. Since row-store tables are persisted in PM,

HeraDB can restart without rebuilding them from checkpoints.

Notably, HeraDB’s architecture is not tightly coupled to PM and

can be integrated with other timestamp-based MVCC OLTP en-

gines (e.g., Postgres, Hekaton [20], HYRISE [21]). This is because

HeraDB decouples delta table updates from transaction execution.

Specifically, worker threads update the delta table after transactions
are committed, which is loosely coupled to transaction execution.

Transaction processing. Transactions are executed under snap-

shot isolation. The TP engine follows a transaction-at-a-time exe-

cution model, where each worker thread executes one transaction

sequentially. It employs in-place updates with undo logging. For

tuple updates, the transaction first copies the current version from

the tuple heap to the thread-local undo log, then writes the new

version directly in place. The new version is also stored in the

transaction’s write set, which is used to update the delta table after

commit. In addition to supporting transaction rollback, the undo log

also serves as the historical version storage for MVCC, eliminating

the overhead of maintaining separate version chains.

Index.We employ in-memory hash tables for performance. Indexes

are stored separately from tuples, with the indexed field as the key

and the row ID as the value. Since we adopt the in-place update

approach, tuple updates do not require index modifications.
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Garbage collection. We utilize a background thread to reclaim

stale tuple versions in the historical version storage (i.e., the undo

logs). Since a version may be accessed by both transactions and

CPU subqueries, versions with commit timestamps smaller than

the read timestamps of all in-flight queries and transactions can be

safely reclaimed (by truncating the undo logs).

6.2 Query Execution Engine
The column store on the GPU is implemented using CUDAwith the

Crystal library [58]. Crystal adopts a tile-based execution model

where each thread block collectively processes a tile of elements.

By loading tiles into shared memory, Crystal enables multiple op-

erations (e.g., filtering, projection, and aggregation) to execute in a

single pass without materializing intermediate results, significantly

reducing GPU global memory traffic.

To support hybrid query execution, the SCV is allocated as an

additional column array in the GPU global memory. When execut-

ing a GPU subquery, after loading a tile of column data, we also

load the corresponding SCV tile and generate the selection vector

(Section 4.3) in the shared memory to filter out stale rows. Applying

delta logs and filter logs is implemented as separate kernels.

6.3 Recovery
After a crash, the delta table and GPU column store are lost. During

recovery, the row store scans the undo logs generated by TP worker

threads to roll back uncommitted transactions and immediately ac-

cepts new transactions, while queries are blocked until the column

store is fully rebuilt.

To minimize recovery time, delta updates are applied concur-

rently while the column store is rebuilt. Specifically, the transaction

workflow remains unchanged. Updates are written to the delta ta-

ble and periodically merged into the column store. Meanwhile, the

uninitialized rows in the column store (rows that are not updated

by transactions after restart) are filled from the row store. Multiple

background threads scan the row store and transmit the row data to

the GPU to update these uninitialized rows. This filling process is

suspended when merging the delta table to prevent write-write con-

flicts to the same row. Additionally, it also skips any rows that have

already been initialized to avoid overwriting more recent updates.

7 EVALUATION
7.1 Experimental Setup
Workloads.We utilize HATtrick [44] and SSB-TC for evaluation.

HATtrick executes analytical queries using the Star Schema Bench-

mark (SSB) [48] and runs transactions based on a modified version

of TPC-C [18]. The AP workload consists of all 13 SSB queries. The

TP workload comprises three transaction types: NewOrder (48%,

insert-only), Payment (48%, updates and inserts), and CountOrders

(4%, read-only). In HATtrick, ≈71.4% of write operations are inserts.

However, in real-world transaction-centric workloads, a higher

proportion of write operations are updates [73]. Therefore, we

implement SSB-TC, an update-heavy variant of HATtrick that com-

bines SSB with YCSB [17]. SSB-TC uses the same AP workload as

HATtrick. The TPworkload is similar to YCSB. Each transaction ran-

domly selects multiple rows (10 by default) from the LINEORDER

table and updates one non-key column per row. We use skew fac-

tors to control access patterns, with skew factors 𝜃 of 0 (Uniform,

no hotspots) and 0.99 (Zipfian, with hotspots). The default scale

factor (SF) for HATtrick and SSB-TC is 100.

External baselines. We compare HeraDB with external base-

lines to evaluate data freshness and performance isolation.

• Colibri [57]: a high-performance HTAP database that adopts

the co-located architecture. It primarily stores data in columnar

format, with hot data (i.e., delta) stored in an uncompressed

row format. We use Colibri as the co-located HTAP baseline.

• TiDB [24]: an enterprise-grade HTAP database that adopts

the separated architecture. It consists of a row store (TiKV)

and a column store (TiFlash). Updates on TiKV are propagated

to TiFlash using Raft [49] log replication. We use TiDB as the

separated HTAP baseline.

• DuckDB [52]: an embedded OLAP database with high-

performance AP. It employs a pure column format. We use

DuckDB as the standalone AP baseline.

• Postgres: a row-store database optimized for TP. We use Post-

gres as the standalone TP baseline.

Internal variants. We also implement variants on top of HeraDB
to evaluate the effectiveness of hybrid CPU-GPU query execution.

For HeraDB and its variants, the delta table is periodically merged

into the column store (i.e., merge interval) every 400 ms.

• UM: simulates Caldera’s execution. It maintains identical

column-store replicas on both CPU and GPU. After TP up-

dates the row store, it also updates the CPU column store, with

CUDA Unified Memory maintaining consistency across the

CPU and GPU column stores. We include UM only in Section 2.3
due to its low performance.

• Merge: simulates RateupDB’s execution. It requires each query

to scan the row store and generate its own query-specific

delta updates before execution, as different queries operate on

distinct snapshots. The updates are then transmitted to the

GPU and accessed during the column-store scan.

• Batch: simulates [55]’s execution. It updates the column store

every 400ms. Queries execute only on the last GPU snapshot.

In the evaluation, Figure 10 and Table 2 compare HeraDB with
external baselines and relevant internal variants. Figures 3, 13, 14,

17, and 18 use internal variants to isolate design choices, while

Figures 11, 12, 15, and 16 focus on HeraDB’s performance behavior.

Physical environment. The experiments are conducted on a

server equipped with four Intel Xeon Platinum 8360H CPUs (each

having 48 vCPUs) and one NVIDIA RTX A6000 GPU (48 GB). The

server is configured with 1.5 TB of DRAM and 3 TB of PM, running

CentOS 7 with NVCC 12.4 and GCC 10.3.

All systems, except TiDB, are deployed on a single NUMA node.

To simulate a distributed deployment, TiDB is deployed across three

separate NUMA nodes: TiKV on node #1, TiFlash on node #2, and

other components (e.g., PD) on node #3. By default, we use 32 TP

clients (or threads) and 3 AP clients, and run experiments on SSB-

TC under the uniform distribution. Each AP query executes with a

degree of parallelism (DOP) of 4.
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Figure 10: Comparison of throughput frontiers under SSB-TC and HATtrick (SF=100). Each frontier is constructed by connecting
the best observed TP/AP throughput points from independent runs with different TP/AP client mixes.

7.2 Overall Performance
SSB-TC. Figure 10a shows the throughput frontiers under uniform
distribution. HeraDB exhibits strong isolation approaching Batch,
with only minor degradation due to resource contention from the

CPU subquery during delta-table scanning. Merge requires each

query to generate its own delta updates based on its snapshot

version, leading to contention for CPU and memory bandwidth.

Figure 10b shows the normalized results to better illustrate per-

formance isolation, since the large performance gap across systems

makes the isolation behavior difficult to compare in the raw plot.

Although TiDB has lower absolute throughput than Postgres in

Figure 10a, its frontier is closer to the upper-right corner of the

bounding box in Figure 10b, indicating better isolation. This is be-

cause its TP and AP resources are physically separated. DuckDB

exhibits isolation comparable to TiDB. This is because its maximum

TP throughput is much lower (47 vs. 2961 tps), resulting in fewer

updates. Colibri stores hot tuples in row format, which benefits TP

performance. However, its TP throughput drops sharply even with

a small AP workload, indicating poor isolation.

Figure 10c shows the results under the Zipfian distribution. Since

the delta table uses in-place updates, multiple updates on the same

hot tuple result in a smaller delta size than under uniform distri-

bution (0.34× the size with 32 TP and 3 AP clients). This reduces

scanning overhead on the CPU path and moves the throughput

frontier of HeraDB closer to Batch. The maximum TP throughput

across all systems decreases due to high write-write conflicts on

hot tuples, resulting in high abort rates (69% for HeraDB).

HATtrick. Figure 10d shows the throughput frontiers of HATtrick.
Compared with the best external baseline, Colibri, HeraDB achieves
11.1× and 5.9× higher maximum TP and AP throughput, as shown

by the points on the x- and y-axes, respectively. All systems ex-

hibit lower throughput frontiers for two reasons. First, the high TP

throughput of HATtrick results in a larger delta table (for HeraDB,
the LINEORDER table is 1.38× larger than under SSB-TC Uniform),

increasing merge overhead. Second, HATtrick also updates dimen-

sion tables replicated in both CPU and GPU memory. Updating

dimension tables in the CPU becomes a bottleneck.

Latency. Figure 11 reports AP tail latency as the AP clients in-

creases. The TP clients is fixed to 32. AP latency rises with AP

concurrency because query execution is GPU-bound, causing con-

current queries compete for GPU execution resources. The delta

merge introduces low overhead. Compared with the uniform work-

load, Zipfian AP latency is slightly lower because repeated updates
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Figure 11: AP query tail latency with varying AP clients.

Table 2: Comparison of visibility latency with varying the
number of TP clients (SSB-TC Uniform, 3 AP clients)

Metric System 5 10 15 25 32

Freshness

latency (ms)

TiDB 204 753 827 1785 2349

Batch 162 164 164 165 167

HeraDB 0 0 0 0 0

HeraDB read-ts wait (ms) 0.0020 0.0035 0.0048 0.0061 0.0101

on hot rows are combined by in-place updates, reducing the number

of distinct delta tuples scanned by the CPU path and applied during

merge. TP latency remains nearly unchanged as AP concurrency

increases. Under SSB-TC Uniform, the average TP latency increases

only from 33 us to 38 us, while TP P95 stays within 43–44 us across

1–6 AP clients, indicating high performance isolation.

Freshness. Wemeasure data freshness using visibility latency [62],

which is the time difference between the query start time and the

commit time of the latest transaction included in the snapshot used

by the query. Table 2 reports the results. For DuckDB, Postgres, and

Colibri, TP and AP operate on the same replica, resulting in zero

visibility latency. Merge achieves zero visibility latency because

each query transmits the latest delta before execution. TiDB has

high visibility latency due to Raft log replication. Batch incurs high
visibility latency because it only periodically updates the column

snapshot. HeraDB also provides zero visibility latency. The addi-

tional 2.0–10.1 us shown in Table 2 is the coordination time for

acquiring a consistent read timestamp before query execution.

7.3 Performance Analysis
Aggregatable query execution. Table 3 shows the query latency

breakdown. We execute each query individually with concurrent

TP. New queries incur a wait time of 4-13 ms because they must

wait for the ongoing merge to finish updating the column store. The
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Table 3: Breakdown of AP execution time (SSB-TC Uniform)

Q1.1 Q1.2 Q1.3 Q2.1 Q2.2 Q2.3 Q3.1 Q3.2 Q3.3 Q3.4 Q4.1 Q4.2 Q4.3

Wait (ms) 5.84 3.83 3.66 8.21 7.89 7.30 10.67 5.82 5.28 4.96 13.16 11.50 6.38

CPU (ms) 11.82 12.10 11.77 32.72 33.07 32.03 40.93 37.69 38.30 36.26 46.45 45.51 42.95

GPU (ms) 44.91 33.63 32.69 60.77 59.28 58.32 74.23 47.88 41.10 42.58 82.94 79.78 51.11

Agg. (ms) 0.00 0.00 0.00 0.02 0.02 0.02 0.02 0.91 0.91 0.90 0.00 0.02 1.05

Total (ms) 51.38 38.16 37.08 69.93 68.16 66.76 86.11 59.02 54.79 54.11 97.30 92.63 64.00

QPS 58.25 78.39 80.66 42.83 43.94 44.85 34.79 50.36 54.16 54.87 30.78 32.34 46.80

T
P

 t
h

ro
u

g
h

p
u

t 
(m

tp
s)

A
P

 t
h

ro
u

g
h

p
u

t 
(q

p
s)

Duration (s)

0

20

40

60

80

0

0.25

0.5

0.75

1

0 30 60 90 120 150 180

TP Throughput AP Throughput

Figure 12: Throughput with varying AP
clients over time (SSB-TC Uniform).

wait time varies with query complexity due to cascading waits: the

merge process must wait for in-flight queries to complete before

updating the column store, and new queries must wait for the merge

to finish. Therefore, complex queries increase the merge wait time,

which in turn increases the wait time for new queries. The CPU

subqueries complete quickly due to a small delta table size, making

GPU execution the bottleneck. Updating SCV on the GPU takes

≈1.97ms, which is relatively low. The aggregation cost of queries

Q1.1-1.3 is negligible because their result sets are small.

SELECT

  c.custkey, c.name, lo.orderkey

FROM customer c

FULL JOIN lineorder lo

  ON c.custkey = lo.custkey

  AND c.custkey < 1000

  AND lo.orderkey < 100000

LIMIT 1000;

SELECT c.custkey, c.nation

FROM customer c

WHERE c.nation < 2

  AND c.custkey IN (

    SELECT lo.custkey

    FROM lineorder lo

    WHERE lo.orderkey < 100000

  );

(a) Outer join schema (b) Semi-join schema (c) AP throughput
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Figure 13: Results of non-aggregatable query execution.

Non-aggregatable query execution. Figure 13 evaluates the

GPU-only fallback path for non-aggregatable queries (discussed in

Section 4.3). HeraDB has lower AP throughput than Batch because

it must transfer filtered delta tuple data at query time rather than

timestamp filters, with tuple transfer accounting for about 30% of

execution time. However, HeraDB preserves zero visibility latency,

whereas Batch reads the last merged GPU snapshot. Compared

with Merge, HeraDB avoids transmitting the entire delta table by ap-

plying predicate and column pushdown. For outer joins, pushdown

LIMIT operator further reduces transmitted rows. Thus, HeraDB
substantially outperforms Merge while preserving freshness.

Performance over time. To demonstrate performance isolation,

we start with 32 TP clients and gradually add AP clients (one every

30 seconds) over 180 seconds. Figure 12 shows how TP and AP

throughput change as the number of AP clients increases from 0

to 5. TP throughput remains stable with only a 12% decline (from

0.93 to 0.82 mtps), indicating strong isolation between TP and AP

workloads. Query throughput increases with the number of AP

clients. However, since queries are GPU-bound, AP throughput

remains stable after the number of AP clients exceeds 3.

Transaction execution. Table 4 shows the breakdown of transac-

tion execution time. The TP workflow includes (i) updating the row

store during execution (i.e., Execution) and (ii) updating the delta

table after commit (i.e., Update Delta). The total time of SSB-TC is

longer than HATtrick due to its larger read/write sets. TP threads

Table 4: Breakdown of TP execution time (SSB-TC Uniform)

SSB-TC Uniform SSB-TC Zipfian HATtrick

Execution (ms) 0.027 (77.1%) 0.029 (78.4%) 0.015 (83.3%)

Update Delta (ms) 0.008 (22.9%) 0.008 (21.6%) 0.003 (16.7%)

Total (ms) 0.035 0.037 0.018

spend 16.7%–22.9% of CPU time updating the delta table. This over-

head does not affect end-to-end latency because delta table updates

are performed after transaction commit. The cost is relatively low

due to fast delta-index lookup. In contrast, our UM variant spends
50.9% of CPU time making updates visible to AP queries.

Varying scale factors. Figure 14 shows the throughput results

as the scale factor increases from 20 to 100. All systems achieve

similar TP throughput. This is because concurrent AP queries or

delta merges do not block transaction execution.

At lower scale factors (e.g., SF=20), the AP throughput of HeraDB
is lower than that of Batch. This is because the column store is rela-

tively small. Scanning on the GPU path completes quickly, making

scanning the delta table on the CPU path a bottleneck. When the

scale factor is higher (i.e., SF≥60), the AP throughput is similar. Al-

though the delta table size remains unchanged (since TP throughput

is constant), the AP throughput of Merge is low because generating

and transmitting query-specific delta updates becomes a bottleneck.

Scaling TP clients across NUMA nodes. We scale the number of

TP clients from 32 to 176 across four NUMA nodes, while fixing the

merge interval to 100 ms. Figure 16 shows the results. As TP clients

increase, the proportion of rows fetched from the MV row store

remains low, increasing from 0.02% at 32 clients to a peak of 0.15%

at 112 clients. The time required to scan TP slots increases from

3.5 us to 10 us, which remains negligible. TP and AP throughput

decrease beyond 48 clients is due to NUMA effects in the TP engine.

GPU memory consumption. At SSB-TC SF100, HeraDB uses

20.12GB (87.7%) for column tables, 2.23GB (9.7%) for SCV, and 0.58

GB (2.5%) for delta/filter-log buffers for merge. The selection flags

and most of the intermediate results are stored within the GPU

cache and do not consume GPU memory. The memory requirement

is modeled as: 0.87GB + 𝑆𝐹 × 0.22GB. The log buffers and runtime

structures consume 0.87 GB. The column store tables and their

SCVs consume 0.22GB per SF.
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Figure 18: Visibility latency (ms) of Batch
varying read ratios and merge intervals.

7.4 Merge Performance
Execution time breakdown. Figure 15 presents a stacked latency

breakdown of delta merge with increasing TP throughput. As the

number of TP clients increases from 1 to 32, TP throughput rises

to 0.87 mtps, with 10.4 million tuple updates per second inserted

into the delta table. As a result, the latency for transmitting and

applying updates (i.e., Update) increases linearly.
Since the delta merge cannot execute concurrently with queries,

waiting for in-flight queries to complete (i.e., Wait) is necessary. Be-
cause AP performance remains stable as TP throughput increases,

the wait time is relatively constant. The overhead for tuple write-

back (i.e., Writeback) and delta table swapping (i.e., Swap) remains

stable, as they are independent of the delta table size (Section 5.2).

Varying merge interval. We vary the merge interval together

with the read ratio under SSB-TC Uniform to identify the breaking

points of Batch and Merge. Figure 17 and Figure 18 report the AP

throughput and visibility latency. We omit the freshness results

of HeraDB and Merge because they remain zero across all configu-

rations. The TP results remains stable and is thus omitted, as the

merge process does not block transaction execution.

As shown in Figure 18, Batch maintains AP throughput close

to HeraDB, but this comes at the cost of stale snapshots. As the

workload becomes more write-intensive, more updates accumu-

late between merges, increasing the time required to install a new

GPU snapshot. Consequently, recently committed updates remain

invisible for a longer time, leading to higher visibility latency. Even

with short merge intervals, this freshness gap remains because each

merge still requires blocking concurrent queries and applying delta

logs before queries can observe the new snapshot.

As shown in Figure 17, Merge achieves freshness by sending

query-specific delta logs to the GPU before each query, but this

makes AP throughput scale inversely with the delta size. Lower

read ratios generate more updates, and longer merge intervals cause

updates to accumulate for longer before they are written to the

GPU column store. Both factors increase the amount of delta data

transferred per query and decrease Merge’s AP throughput.

8 RELATEDWORK
GPU-accelerated query processing. Early GPU-acceleratedOLAP
databases [22, 66, 72] adopt an operator-at-a-time model, materializ-

ing intermediate results to execute queries. Crystal [58] proposes a

tile-based execution model where a block of threads processes data

cooperatively, thereby minimizing GPU memory traffic. Crystal

is further optimized by Crystal-Opt [12] using lazy materializa-

tion and DMO-DB [36] via inter-pipeline data movement. Other

optimizations include warp-level load balancing [23] and prefetch-

ing [19]. Systems such as Lancelot [69], [43], and Vortex [71] ex-

tend query processing to multiple GPUs. Although our prototype

is built on Crystal, HeraDB can extend to systems with a tile-based

execution model by adding an SCV column to each table and im-

plementing kernels to apply delta and filter logs.

Heterogeneous OLAP databases, such as Mordred [70], GO-

LAP [7], and [35], primarily manage data in host memory, using

the GPU as a coprocessor optimized via caching or filtering. In

contrast, HeraDB targets transaction-centric HTAP workloads to

ensure strong performance isolation for mission-critical TP.

High-freshness HTAP databases. The evolution of HTAP ar-

chitectures is driven by performance and data freshness [10, 11,

27, 28, 32, 33, 40, 41, 46, 50, 53, 56, 59, 65, 67]. To ensure freshness,

Perseus [62] and AETS [76] reduce the freshness gap by selective

log propagation and prioritized log replay, respectively. However,

they increase query latency because queries must wait for pend-

ing updates to be applied. ByteHTAP [14] enhances freshness via

efficient log replication, fast log apply, and efficient delete han-

dling. veDB-HTAP [15] mitigates the freshness gap with multi-level

LSNs. Co-located systems such as Colibri [57], Data Blocks [30],

Proteus [1], and FSM [5] inherently eliminate data freshness gaps

by maintaining a single database replica. [54] dynamically shifts
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CPU and memory resources between TP and AP engines to sat-

isfy changing freshness requirements while balancing TP and AP

performance. However, their techniques are non-trivial to extend

to H
2
TAP databases, because GPUs rely on a tile-based execution

model that differs fundamentally from the CPU thread model.

9 CONCLUSION
This paper presents HeraDB, a GPU-accelerated HTAP database that

enables fresh analytical queries with strong performance isolation.

HeraDB employs a hybrid CPU-GPU query execution to efficiently

access recent updates while minimizing PCIe traffic, and proposes a

unified delta table format that enables lock-free CPU scanning and

efficient GPU merging. Evaluation on HATtrick shows that HeraDB
outperforms Colibri in maximum individual TP/AP throughput,

achieving up to 11.1× higher TP and 5.9× higher AP with high data

freshness and strong performance isolation.
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