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ABSTRACT
Open Table Formats (OTFs) enable interoperability across systems
by using object stores as a shared storage layer. They support OTF
HTAP, in which complex queries execute concurrently with up-
dates on the object store. However, existing OTFs provide trans-
actional guarantees only for single-table transactions. Supporting
transactions that access multiple tables typically requires external
coordination services, which compromise interoperability and de-
ployment independence. In this paper, we show that this trade-off
is unnecessary. We present OTF-native mechanisms for multi-table
atomicity, consistency, and isolation that rely solely on object-store
primitives. We realize them in LakeVilla, a prototype that provides
full ACID transactions while remaining compatible with existing
OTF deployments. Our evaluation combines formal verification, ex-
tensive benchmarks, and an interoperability case study with Trino,
showing that LakeVilla delivers strong transactional guarantees
with low overhead, scalable concurrency, and compatibility with
existing analytics engines.
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1 INTRODUCTION
Open Table Formats as a portable storage abstraction. Open
table formats (OTFs), such as Delta Lake, Apache Iceberg, and
Apache Hudi [81, 83, 88], are widely used in modern cloud ana-
lytics [28, 79, 98]. They combine the scalability and low cost of
object-storage-backed data lakes with data-warehouse-style fea-
tures. By storing both data files and metadata in object storage, they
establish a shared storage and metadata abstraction that improves
interoperability between heterogeneous processing engines [28, 98].
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Figure 1: Transaction scalability under YCSB A and B for
Delta Lake and Iceberg (Spark). The comparison with an
idealized no-abort baseline for Delta Lake shows that both
systems scale poorly under concurrent workloads.

OTFs target Hybrid Transactional/Analytical Processing (HTAP) ,
where analytical queries run concurrently with updates [9]. These
workloads require isolation between read and write transactions to
avoid inconsistencies and corruption from overlapping updates.
Per-table design limits transactional guarantees. However,
current OTFs provide limited transactional guarantees under con-
currency [9, 20, 21, 40, 41, 44, 57, 80, 85]. They primarily support
transactions (Txns) updating one table (single-table transactions)
and serialize writers per table [9]. This approach limits modern an-
alytical workloads with a continuous ingestion of updates [35, 95].
As shown in Fig. 1, concurrent YCSB transactions that access and
modify the same table scale poorly and exhibit high abort rates.
Already with two concurrent transactions, throughput stagnates for
both Iceberg and Delta Lake. This behavior stems from per-table
metadata coordination in object storage and table-level conflict
granularity. Due to this table-local design, current OTFs provide
no or only limited support for cross-table transactions that update
multiple tables [9, 44, 79, 80].
Existing solutions trade-off interoperability. Recent proposals
such as DuckLake [69] and Project Nessie [67] support concurrent
writers and multi-table transactions by using an external database
or service as a central coordinator. While effective, they weaken
interoperability (Table 1) by introducing non-OTF components.
As a result, existing integrations (e. g., ingestion pipelines) and
enterprise deployments that rely on the common OTF abstractions
could break and/or may require substantial migration.
An OTF-native solution is challenging. To guarantee interop-
erability, a portable, OTF-native approach without any external
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Table 1: Properties of OTF solutions. Current solutions trade
off interoperability to support cross-table transactions.

(i) Multi-Write
Consistency

(ii) Cross-
Table Txns

(iii) OTF Inter-
operability

Base OTFs [81, 83, 88]

DuckLake [69]
Project Nessie [67]
Hudi MTT [39]

LakeVilla (this paper)

coordination service is required. However, such an approach is non-
trivial for three reasons: First, object storage-based append-only
commit-log designs limit read-write concurrency and often serialize
conflicting operations, leading to the scalability limits in Figure 1.
Second, object stores lack multi-object atomicity, requiring careful
commit coordination. Third, because OTF metadata is organized
per table (separate commit logs and snapshots), cross-table transac-
tions must atomically advance multiple logs and present readers
with a consistent cross-table snapshot. Any native, object-storage-
based solution must address these challenges without imposing
high coordination overhead or degrading throughput.
Key contribution: Full, OTF-native transactional semantics.
We provide a native solution by adapting established database tech-
niques, such as concurrency control and recovery, to OTFs. For con-
current updates, we introduce (1) OTF files to manage transactions
across systems, (2) cross-table dependency graphs to synchronize
operations across systems, and (3) a SAGA-style conflict-resolution
mechanism [27]. For consistent reads, we propose (4) a global
Multi-Version Concurrency Control (MVCC)-inspired layer [15]
that tracks table versions to enable consistent reads with low over-
head. The key challenge is to realize these mechanisms under OTF
and object-store constraints (e. g., no central component, immutable
files) while preserving the interoperability between systems.
LakeVilla.We validate our design theoretically and experimentally
using LakeVilla (LV), a prototype with two specialized configura-
tions. The write-optimized configuration, LV[Write], implements
our optimizations for updates (Sect. 4), and supports write trans-
actions spanning multiple tables in the underlying OTF. The read-
optimized configuration, LV[Read], provides globally consistent
reads (Sect. 5) with minimal overhead. The full LV library com-
bines both configurations to support more complex HTAP (Sect. 6).
LV provides strong transactional guarantees while preserving in-
teroperability (Sect. 7). Our evaluation shows that LV achieves
competitive performance across a range of OTF workloads and
can be further tailored through dynamic reconfiguration (Sect. 8).
The results validate the practicability of the OTF-native design and
highlight the differences to alternative approaches.

2 BACKGROUND AND MOTIVATION
We summarize the key concepts of Open Table Formats and discuss
the limitations of their table-local transactional semantics.
Per-table organization of data and metadata. OTFs organize
storage per table and separate each table into a data layer and a
metadata layer. The data layer stores the actual table contents in

Figure 2: Simplifiedmetadata layer design of Delta Lake. Data
and metadata are organized per OTF table. An ordered log
defines snapshots. It causes concurrent writers to contend.

immutable files, typically using a columnar format such as Par-
quet [7]. The metadata layer describes which data files belong to a
table state and stores additional metadata used for query process-
ing and maintenance. While the concrete metadata design differs
across systems, major OTFs share this per-table organization. In the
following, we use Delta Lake [9] as a representative OTF. However,
our observations apply more broadly to other OTFs (see Sect. 6).
Table-local versioning and transaction coordination. Figure 2
illustrates Delta Lake’s metadata layer at a high level. For each
table, Delta Lake maintains an ordered transaction log, where each
committed transaction appends a new log file that records metadata
actions such as adding or removing data files. A table state, called a
snapshot, is obtained by reading the log up to a specific version. For
example, snapshot 2 in Fig. 2 corresponds to the state after apply-
ing Logs 0–2. Delta Lake implements table-level ACID guarantees
through this per-table log structure. As an example, suppose trans-
action 𝑇0 updates the table based on Snapshot 2. It first reads this
snapshot to determine the relevant data files, then stages its update
by writing new data files as needed and preparing a new log file
with the corresponding metadata changes. If validation succeeds
and the commit completes, this log file becomes Log 3 and defines
snapshot 3, making the changes visible atomically as the next table
version. If the commit fails because a concurrent transaction has
already advanced the log, the prepared changes do not become part
of the table state. Thus, Delta Lake provides atomic visibility and a
serial version history at the granularity of a single table.
Limitations of table-local transactional support. Our key ob-
servation is that current OTFs use a table as the unit of storage
organization and transactional coordination. As a result, their na-
tive metadata protocols provide transactional guarantees only at
table granularity [20, 40, 85], which leads to three limitations:

• Write Contention and Starvation: Writers validate and com-
mit against a table-local version chain. When concurrent
transactions attempt to append the next version of the same
table, somemust abort and retry. Long-running transactions
are particularly susceptible to repeated retries (starvation).

• Lack of Coordinated Cross-Table Writes: Each table main-
tains an independent metadata and commit protocol. Con-
sequently, updates spanning multiple tables cannot be com-
mitted atomically, and failures during execution can lead
to partially committed results.
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(a) External
(e. g., DuckLake)

(b) Gatekeeper
(e. g., Nessie)

(c) OTF-native
(this paper)

Figure 3: Design paradigms for cross-table transactions. An
OTF-native solution avoids external components.

• Lack of Cross-Table Snapshot Consistency: Because tables
evolve independently, a transaction accessing multiple ta-
bles need not observe states from the same logical point in
time. This can lead to inconsistencies across related tables,
e. g., violations of referential assumptions.

We propose an OTF-native approach to address these limitations.

3 OTF WORKLOADS AND PARADIGMS
Although OTFs have targeted Hybrid Transactional/Analytical Pro-
cessing (HTAP) [9], the above limitations have emerged with their
broader adoption for modern workloads. In the following, we first
characterize modern OTF-specific HTAP before discussing how
existing approaches address the challenges outlined above.
Characteristics of modern OTFHTAP. Modern OTF workloads
consist of different phases that combine complex analytical reads
with concurrent small updates or continuous data ingestion. Such a
dynamic workload demands low-latency reads, near-instant write
visibility, and low abort rates. OTF workloads also require global
data availability across vendors and machines that use OTFs as
a shared storage abstraction. The industrial context of OTFs at
SAP mirrors these characteristics. For example, the analysis of
production data across use cases, like Ariba (procurement) [75] and
S/4HANA (ERP) [74], typically consists of an initial load phase (GBs
to TBs) followed by a mix of 15% writes, 30% reads, and 55% hybrid
transactions. Writes are typically split between 80% inserts and 20%
scattered updates [77]. OTF use cases ingest 103 to 106 events per
hour, supporting up to 103 concurrent users with data freshness
requirements ranging from seconds to a day.
Cross-table transactions and requirements.Manymodernwork-
loads require guarantees that go beyond a single table. For example,
ETL pipelines, maintenance tasks, and application-driven updates
may need tomodifymultiple related tables atomically, while readers
may require mutually consistent views across these tables. In the
analytical context, such operations can be long-running and may
execute concurrently with other writes. Supporting such workloads,
therefore, requires coordination beyond a single table.
OTF design paradigms. We categorize the approaches that ad-
dress the current OTF challenges and workload characteristics
into three design paradigms, shown in Fig. 3. The external design
(Fig. 3a), exemplified by DuckLake [69], offloads transactional co-
ordination and metadata to an additional, centralized system. The

Figure 4: LakeVilla’s mechanisms are encapsulated in two
configurations, introducing workload-specific mechanisms.

gatekeeper design (Fig. 3b), as used by Project Nessie [67] or active
data lakes [30], splits responsibilities between the OTF and an ex-
ternal component. While both paradigms can accelerate workloads
by bypassing S3-specific limitations, their reliance on a central-
ized service contradicts the engine-agnostic interoperability that
was the fundamental motivation for OTFs [9, 42]. Under high load,
this centralized service can become a performance bottleneck and
a single point of failure. A native design should extend the OTF
without additional external services and preserve full interoper-
ability. It has recently been used in DeepLake [35] to extend OTFs
with AI capabilities while preserving full interoperability. However,
the OTF-native paradigm remains unexplored for full transaction
support, including cross-table transactions.
LakeVilla: OTF-native transactional guarantees. We close this
gap by revisiting existing database techniques and adapting them
to be OTF-native and fully compatible with object-store semantics
and legacy readers. To handle multifaceted OTF HTAP, LV includes
two complementary configurations (Fig. 4): the write-optimized
LV[Write] mitigates write contention and coordinates multi-table
writes, while the read-optimized LV[Read] ensures cross-table snap-
shot consistency. LV combines them to provide a unified solution
for modern OTFworkloads, as we show in our evaluation. LV relies
strictly on standard OTF storage assumptions [81, 87, 89] to pre-
serve interoperability, requiring only object-store consistency [4]
and conditional/atomic writes [6, 58]. Consequently, it represents
a decentralized, non-deterministic coordination approach that uses
an object store as a shared storage layer, rather than the global
ordering and deterministic nature of external or gatekeeper designs.
In the following, we discuss the design and core concepts to realize
this approach.

4 OTF-NATIVE WRITE OPTIMIZATIONS
Traditional OTFs usually allow only a single writer per table, lead-
ing to write contention and preventing coordinated cross-table writes,
as discussed earlier. We solve these issues by introducing shared
write locks called markers, and a SAGA-like sublog structure per
transaction. Markers are an OTF-specific conflict-resolution proce-
dure that uses dependency graphs. The following sections discuss
these mechanisms in more detail.

4.1 The Initial Problem: Starving Transactions
Why OTFs limit their transactions to a single operation. As
discussed in Sect. 2, OTFs primarily support short transactions
(e. g., single reads, appends, or updates) and may cause starvation
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(a) Initial problem: Starving transactions. Transaction T1 (orange)
aborts since the short-running T2 (violet) commits and invalidates
T1’s state. Repeated retries by T1 lead to starvation.

(b) Markers represent shared leases for a certain marker time in-
terval . This avoids starvation of long-running transactions, while
bounding the time short-running transactions are blocked.

Figure 5: Transaction starvation and ourmarker mechanism

for long-running transactions. This restriction stems from their
optimistic, file-based commit protocol [44, 57]. Figure 5a illustrates
the problem using Delta Lake. Consider a long-running transaction
T1 that begins at snapshot 𝑛 (Fig. 5a (1)), while a short transaction
T2, based on snapshot 𝑛 (Fig. 5a (2)), commits concurrently and
publishes snapshot 𝑛 + 1 (Fig. 5a (3)). Since OTFs only validate a
Txn at commit time, T1 detects the new snapshot late and must
abort because it cannot overwrite log 𝑛+1 (Fig. 5a (4)). By repeating
this scenario endlessly, T1 will never be able to commit, wasting
resources and increasing cost, a phenomenon called starvation.
Using markers to address starving transactions. To remove
this OTF limitation and enable arbitrarily sized transactions, we
introduce markers. Markers are files that seamlessly integrate with
the base OTFs and contain dependencies and metadata for cross-
system transactionmanagement. They act as file-based shared write
locks or leases on specific OTF snapshots and appear on the critical
commit path of OTFs. To illustrate how they work, we integrate
them in Delta Lake’s log chain of the respective metadata layer
(Fig. 5b). Since typical OTF commit protocols check for file existence
and disallow overwriting most metadata files, a marker prevents
other transactions from claiming the same snapshot. Each marker
stores the transaction ID, a marker time interval , and auxiliary
information required by LV. Only the creating transaction may
overwrite its marker within the marker time interval . If the marker
time interval expires, other transactions may reclaim the snapshot
or invalidate the marker after an additional safety buffer 𝑇buffer .
Marker usage. Figure 5b shows how markers solve the starvation
issue illustrated in Fig. 5a. As before, the long-running transaction
T1 retrieves snapshot𝑛 (Fig. 5b (1)). However, T1 immediately places
a marker for version 𝑛 + 1 using an atomic object store request as
already required by OTFs [9, 81, 87, 88]. The marker for snapshot
𝑛 + 1 also contains an estimation of its execution time, defining the
marker time interval (Fig. 5b (2)). Meanwhile, T2 begins (Fig. 5b (3))
and tries placing a marker for snapshot 𝑛 + 1 with its own marker

time interval . This operation fails due to the used atomic object
store requests, and T2 claims n+2 with a marker instead (Fig. 5b
(4)). Hence, T2 knows that a concurrent transaction is operating
on the same table that might conflict with its own changes. If T2
finishes its execution, it checks if all markers preceding its ownwere
already overwritten or became invalid. During T2’s first commit
attempt, this is not the case as T1 still executes and the specified
marker time interval has not passed (Fig. 5b (5)). Hence, T2 waits to
uphold consistency. When T1 commits, it can replace the marker at
snapshot 𝑛 + 1 because it has no preceding markers and its marker
time interval is valid (Fig. 5b (6)). Now, in T2’s next commit attempt,
it checks the newly written log 𝑛 + 1 for conflicts and commits or
aborts accordingly (Fig. 5b (7)).
Safety mechanisms for OTFs. Our marker design avoids write
transaction starvation, read overhead, and deadlocks. Because OTF
workloads are typically OTF HTAP , markers must appear as empty
log entries to minimize read overhead during write synchronization.
Markers ensure the consistency of concurrent write transactions
by requiring them to wait for the preceding markers within their
marker time interval . Since markers are only valid during their
marker time interval , they cannot indefinitely lock a table if its
transaction crashes. This OTF-native strategy synchronizes writes
within a table without introducing any unwanted side effects.
Handling clock drifts. Since markers are temporary with respect
to their marker time interval across decoupled machines, clock drift
poses a potential risk.We analyze the role of time in two dimensions:
(I) the local marker time interval held by the creator, and (II) the
criteria for other systems to invalidate an expired marker. For (I),
marker maintenance is strictly internal to the creating node. Thus,
it requires only local monotonic duration tracking, which modern
server hardware usually provides. For (II), clock drift could cause
a distinct system to prematurely invalidate an active marker. To
prevent this safety violation, we introduce a safety buffer (𝑇buffer)
derived from standard cloud data center guarantees (e. g., AWS Time
Sync ensures 40–100 ms accuracy). Other systems may invalidate a
marker only after its marker time interval plus 𝑇buffer has elapsed.
Consequently, markers guarantee safety under a bounded clock
drift 𝑑 : If 𝑇buffer > 𝑑 , we can purely rely on local duration tracking.
In environments lacking a guaranteed time-bound 𝑑 , clock drift can
be mitigated using fallback mechanisms already required by OTFs
(e. g., ZooKeeper for Delta Lake [9]).

4.2 Enabling Multi-Table Updates
Why OTFs limit their transactions to a single table.Markers
can prevent transaction starvation when multiple writes concur-
rently operate on a single OTF table. However, markers do not
solve the challenge of cross-table writes. Figure 6a illustrates this
challenge for two tables, A and B, and two multi-table transactions,
T3 and T4. T3 holds a marker in table A (Fig. 6a (1)) and T4 a marker
in table B (Fig. 6a (2)). If both transactions continue to operate on
the other table (Fig. 6a (3) and (4)), they would depend on each
other, forming a deadlock. The marker mechanism cannot solve
this problem effectively: Either one transaction aborts or, if we place
new markers, we risk indefinite waits. The same applies for original
OTFs where the example would cause inconsistencies or partial
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(a) Write contention example: Both transactions T3 and T4 access
Table A and B. Markers and their marker time interval alone are
not sufficient to avoid deadlocks between transactions.

(b)We extendmarkers with additional dependency tracking to enable
the detection of conflicts.

(c) Transactions use the concept of amarker shift to resolve deadlocks
and invalidate their own conflicting markers.

Figure 6: Example of the write contention problem and our
dependency check and marker shift mechanisms.

commits (e. g., T3 can commit in A but fail in B). Hence, OTFs avoid
this problem by limiting their transactions to a single table.
Global dependency tracking and marker shifts. We introduce
dependency tracking and marker shifts to enable cross-table trans-
actions. Dependency tracking is a standard mechanism in database
systems for transaction management, whether implemented via
locking, commit validation, or dependency graphs [25, 61, 78]. For
OTFs that follow the native design paradigm, the main challenge
is coordinating multiple independent systems that operate concur-
rently. As a result, no single system on the object store can observe
the full concurrency state of an OTF. Instead, each system must
adaptively react to changes in the metadata layers to avoid or solve
deadlocks and conflicts. Our dependency tracking and marker-shift
mechanisms implement this specific behavior.

An OTF-native dependency tracking mechanism. To detect
conflicts with transactions issued by other systems, potentially
from different vendors, a system must observe shared dependency
information.We therefore extendmarkers to detect such concurrent
cross-system transactions. When a system encounters an earlier
marker with an unknown transaction ID and start time, it infers
a global dependency between its transaction and the transaction
that created the marker. By placing a marker in every accessed
table, as seen in the previous example, a transaction is guaranteed
to encounter the markers of all potentially conflicting transactions.
During execution, this information allows the system to construct
a partial global dependency graph. When a system detects a cycle
involving its transactions, it concludes that a deadlock has occurred.
Building and checking dependencies on the object store. We
extend our marker model as illustrated in Fig. 6, so that individual
systems can construct a partial dependency graph despite the high
latency of object stores: When a transaction accesses a table, it
records its transitive dependencies and maintains the set of trans-
actions known to wait for it in memory. The system publishes the
current dependency state by storing it in all relevant markers and
overwriting them whenever the dependency graph changes. When
another transaction later reads such a marker, it checks whether
adding the new dependency would create a deadlock. Specifically,
it intersects the marker’s dependency set with its own in-memory
dependency set, including itself. A non-empty intersection indi-
cates a cycle: the transaction would wait, directly or transitively,
for a transaction that already depends on it. An empty intersection
indicates that the new dependency is cycle-free. In Fig. 6b, this
check succeeds for T3 accessing Table B, so T3 updates its markers
to reflect its new dependency on T4 (Fig. 6b (4)). In contrast, in
Fig. 6b (5), the check fails for T4 when it accesses Table A, because
the intersection is non-empty. From T4’s perspective, adding this
dependency would create a cycle in the dependency graph. Thus,
the system detects a potential deadlock between T3 and T4.
Marker shifts on conflict. When a transaction recognizes a con-
flict using marker-based dependency tracking, it cannot notify the
other conflicting transaction. Otherwise, we would incur additional
overhead from object store requests and face compatibility issues
across different systems. Thus, the only option to preemptively
solve this conflict is for the recognizing transaction itself to give up
the problematic snapshot versions using a marker shift. A marker
shift essentially inverts any problematic outgoing edge from the re-
spective transaction node in its partial dependency graph. Figure 6c
illustrates this mechanism for our example in Fig. 6. T4 recognizes a
conflict with T3. Hence, it performs a marker shift and collects any
tables where it has not found a preceding marker from T3 (Table
B). Then, T4 invalidates its own marker by overwriting it with an
empty component of the base OTF (in Delta Lake: empty delta)
(Fig. 6c (6)). Next, T4 places a new marker at the latest available
snapshot in table B (Fig. 6c (7)). This mechanism guarantees that
any conflicting marker in table B is now preceding this marker.
T4 confirms this by reading T3’s markers and updating its partial
dependency graph. This marker shift effectively breaks the cycle
between T3 and T4, guaranteeing that no deadlocks occur. As an
additional safety measure to account for the object store latency, the
transaction runs an internal, random timeout before it can perform

3220



Figure 7: Simplified recovery procedure after themarker shift
in Fig. 6. By using sublogs, we avoid a full transaction restart.

another marker shift. This random delay guarantees that no infinite
loops of multiple transactions performing marker shifts occur.

4.3 Upholding Consistency After Marker Shifts
Consistency after amarker shift.Although dependency tracking
and marker shifts preserve the global order of conflicting transac-
tions, a marker shift can temporarily invalidate the local view of
the shifting transaction. Transactions that do not perform a marker
shift remain unaffected because markers isolate them, and each
transaction starts from the last committed version. Hence, only
transactions performing a marker shift can become inconsistent.
Inconsistencies can occur because the shifting transaction does not
yet know what the preceding transaction modified. A conservative
solution is therefore to abort and restart the shifting transaction
from scratchwith the newmarkers already installed, similar to strict
two-phase locking. However, restarting is unnecessary if there are
no conflicts, or very expensive if the shifting transaction is complex.
To avoid this overhead, we introduce a self-healing mechanism.
Self-healing through sublogs. To let a transaction recover after a
marker shift without restarting from scratch, we persist recoverable
transaction state in sublogs that can be shared across systems. Each
transaction stores its sublogs in a private temporary directory on
the object store, inspired by SAGAs [27]. The transaction creates
this directory during its begin phase and records its object store key
in all of its markers so that other systems can locate the sublogs if
needed. To guarantee uniqueness, the directory is created with an
atomic or conditional request [6, 31, 58] and removed after commit.
Physical and logical sublogs. We use two types of sublogs, in-
spired by Write-Ahead Logging and ARIES [59], to balance dura-
bility and tracking overhead. A physical sublog records concrete
changes to the OTF data layer, such as adding or removing a file.
Transactions use physical sublogs when no marker shift can occur,
for example, in single-table transactions without preceding markers
or in static, conflict-free operations such as blind appends. A logical
sublog, in contrast, records operations on the data itself, such as
updating a row or reading a range of entries. Transactions use logi-
cal sublogs for operations whose effects may need to be replayed
after a marker shift, such as multi-table updates or primary-key
inserts. Together, physical and logical sublogs enable a system to
automatically repair a transaction after a marker shift.
Recovering consistency with sublogs. Figure 7 illustrates how
both sublog types are used after the marker shift in Fig. 6. Before
the shift, T4 has already logged operations (1)–(7) as a sequence of

physical and logical sublogs. Without sublogs, T4 would have to
restart because its earlier read of the full table B is invalidated by
T3’s update. Instead, T4 now performs an UNDO process (Fig. 7 (8))
by sequentially executing the undo information of each ordered
sublog until its first access to table B. T4’s first undo instruction
swaps its previously written file ‘new’ with the previous one(s)
‘old.csv’. This process is logged as a physical sublog because it is
static and explicitly names the original file. After undoing more
changes in between, T4 reaches an empty undo instruction repre-
senting a NOOP compensating for a read. Lastly, the redo process
stops at the records to open/close table B. Now, T4 executes the
REDO instructions from this sublog to restore consistency (Fig. 7
(9)). It first rereads table B (read(B,*)), now including T3’s changes,
and then replays the remaining operations. The final REDO step
adds a new data file that increments all tuples in column x by 1. Be-
cause this step records the transformation to apply (B.x+1) rather
than naming a specific file, it is logged as a logical sublog. If T4
reaches the newest sublog entry, the transaction has successfully
repaired itself. If any REDO or UNDO fails, the transaction aborts
or automatically restarts from its sublog.

5 OTF-NATIVE READ OPTIMIZATIONS
The four mechanisms introduced so far (markers, dependency track-
ing, marker shifts, and sublogs) coordinate and repair concurrent
write transactions. However, OTF workloads also include read-
only analytical transactions. For such transactions, write-oriented
mechanisms introduce unnecessary overhead because they require
systems to write markers or sublogs to the object store, which in-
curs object store latency. Write transactions can often hide this cost
because they already modify object store metadata, but read-only
analytical transactions do not. To support multi-table analytics
efficiently, we therefore introduce the global version log, an OTF-
native mechanism inspired by Multi-Version Concurrency Control
(MVCC) [14] and adapted for analytical OTF workloads.
Whymulti-table reads can become inconsistent.Original OTFs
define transactional guarantees only at the level of individual tables.
As a result, a transaction that reads multiple tables may observe a
cross-table state that was never committed atomically. Figure 8a
illustrates this cross-table snapshot consistency problem: Assume a
read-only transaction T5 accesses tables A and B while an update
transaction T6 modifies both tables. T5 first reads snapshot 𝑛 of A
(Fig. 8a (1)) and later observes a newer snapshot𝑚 + 1 of B (Fig. 8a
(2)–(3)). If T6 continues to modify table A in the meantime, then
T5 observes a non-atomic cross-table state. For example, it may see
foreign key references or related updates in B that correspond to
records in A that are not yet visible. The result is a violation of
referential integrity and, more generally, of global ordering across
tables. Our previous mechanisms do not address this problem, be-
cause they coordinate conflicting transactions but do not provide
globally atomic visibility across multiple tables. Consequently, con-
sistent multi-table analytics require an additional mechanism for
coordinated cross-table snapshot assignment and commit visibility.
A global version log for cross-table snapshot consistency. To
provide such coordination, we adapt MVCC to the OTF setting
through the global version log. The key challenge is that classical
MVCC assumes a single database system, whereas OTFs enable
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(a) Current OTFs do not guarantee cross-table snapshot consistency.
T5 may observe a non-consistent state across table A and B since T6
concurrently modifies table A.

(b) The global version log assigns a consistent snapshot across tables,
allowing T6 to validate its commit before making new snapshots
globally visible.

Figure 8: Achieving cross-table snapshot consistency with
the global version log.

multiple independent engines to operate over an object store. We
therefore realize MVCC in a file-based form that can be shared
across systems, as illustrated in Fig. 8b. This new component main-
tains globally visible table snapshots and serializes commits across
systems to prevent global inconsistencies. Overall, the idea of the
global version log is simple: At the beginning of a transaction, the
system reads the global version log once to obtain a globally consis-
tent set of table snapshots, referred to as version assignment. During
execution, the transaction may read only snapshots up to the ver-
sions assigned in that step. If the transaction modifies a table, it
first performs the corresponding table-local commit according to
the original OTF protocol. These intermediate table-level changes
are not yet globally visible because the earlier version assignment
of other transactions constrains them. Afterward, the transaction
stages and validates its changes. If validation succeeds, it atomically
advances the globally visible snapshots of all affected tables. In
this way, the mechanism ensures that transactions access globally
consistent snapshots and prevents global inconsistencies.
Structure and version assignment. The global version log con-
sists of two files: a version list and a synchronization file. Version
assignment and validation use a version list. It stores all known
tables in the OTF, their most recent table snapshot, and the object
store key of the synchronization file. A transaction obtains a glob-
ally consistent snapshot set by reading the version list once during
its begin phase. In Fig. 8b, T5 and T6 read the version list in their
begin phases (Fig. 8b (1) and (2)). As a result, both transactions
retrieve the same snapshot set, allowing them to access table A up
to snapshot 𝑛 and table B up to snapshot𝑚.

Staging and synchronization. Write transactions that have com-
pleted their local work enter the staging phase. This phase uses
the synchronization file, which resides at a shared object store key
known to all participating engines or obtained from the version
list during version assignment. Its purpose is to globally serialize
commit attempts across systems. A transaction that wants to com-
mit must acquire temporary exclusive ownership of this file. In
Fig. 8b (7), T6 does so by writing a copy of its proposed version
list to the shared key. As with markers, it uses non-overwrite flags,
conditional write interfaces, or other synchronization mechanisms
provided by the object store. If the write succeeds, the transaction
proceeds to the validation step. Otherwise, it waits and retries.
Validation and commit. Once a transaction has claimed the syn-
chronization file, it validates its execution against the current global
state. In the example, T6 successfully acquires the synchronization
file and proceeds to validation (Fig. 8b (7)). Classical MVCC ex-
presses validation in terms of read and write sets. We adopt the
same logic, but map it to OTF snapshots. A transaction’s read set
contains all tables read but not written during execution, whereas
its write set contains all tables for which it created a new snapshot.
Based on this mapping, validation applies three rules:

R1: writeset = ∅ ⇒ skip R2 and R3 (read-only)
R2: ∀𝑟 ∈ readset : global(𝑟 ) = local(𝑟 ) (read set validation)
R3: ∀𝑤 ∈ writeset : global(𝑤) + #writes = local(𝑤)

(write set validation)

Validation rules. R1 covers read-only transactions. If a transaction
does not modify any table, it can commit immediately after version
assignment, because it has already read a globally consistent snap-
shot set and did not change OTF metadata. Such a transaction can
be logically ordered among write transactions by the point at which
it performs version assignment. R2 checks for read-write conflicts
through read set validation. If another transaction committed an
update to a table in the read set after version assignment, then the
globally visible snapshot of that table has advanced, and the equal-
ity of R2 no longer holds, indicating a read-write conflict. R3 checks
for write-write conflicts through write set validation. For each writ-
ten table, the transaction compares the globally visible snapshot in
the version list with the local snapshot it produced. The difference
between the two corresponds to the number of snapshots created
by the transaction for that table. If another transaction commits a
conflicting update in the meantime, this violates their relationship.
Validation in the running example. The example in Fig. 8b
illustrates the application of these rules. Because T5 is read-only, it
satisfies R1, skips staging and validation, and commits immediately
(Fig. 8b (6)). In contrast, T6 claims the synchronization file and
executes validation (Fig. 8b (7)). Its R2 check succeeds because it
read table A at snapshot 𝑛, which is still the current version in the
global version list. Its R3 check also succeeds for table B: T6 created
snapshot𝑚+1 for B, while the version list still records snapshot𝑚;
because the transaction produced exactly one new snapshot, the
condition holds (Fig. 8b (8)). T6 can therefore commit by replacing
the version list with the staged one stored in the synchronization
file. This object store operation atomically advances the globally
visible snapshots for all tables, guaranteeing global consistency.
Finally, T6 removes the synchronization file it created at the shared
key, allowing the next transaction to stage its commit.
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6 LV: SUPPORTING HYBRID WORKLOADS
A hybrid design for OTF HTAP. Our write and read optimiza-
tions address complementary requirements of transactional OTF
workloads. The write optimizations coordinate conflicting updates,
whereas the read optimizations provide cross-table snapshot consis-
tency for analytical queries. Since typical OTF workloads combine
concurrent analytical reads with transactional writes, LV integrates
both optimizations into a single hybrid architecture. It addresses
all three core challenges (write contention, coordinated cross-table
writes, and cross-table snapshot consistency) within a single OTF-
native system. Next, we explain how LV assigns mechanisms to
different transaction types and how it synchronizes them.
Read-only transactions. LakeVilla applies read optimizations to
read-only transactions using the global version log. Thus, analytical
transactions obtain a globally consistent snapshot set without writ-
ing markers or sublogs. As long as a transaction remains read-only,
it can execute exactly as described in Section 5. If such a transac-
tion later decides to modify an OTF table, it must switch to the
write path. To do so safely, it scans for markers before writing. If
it encounters a marker, it aborts and restarts with a new version
assignment to continue using the write-optimized mechanisms.
Write transactions. Transactions that modify OTF metadata lever-
age our write optimizations. They therefore use markers, depen-
dency tracking, marker shifts, and sublogs to coordinate with con-
flicting updates. To remain visible to read-only transactions, how-
ever, write transactions also publish their committed snapshots
through the global version log. As a result, each write transaction
still passes through the staging and validation steps of the global
version log before commit. In LV’s unified architecture, however,
these validation steps become simpler for write transactions. Once
a transaction has successfully acquired all required markers and
completed conflict detection, markers already ensure the essential
correctness conditions captured by R2 and R3: The transaction ob-
serves the most recent relevant snapshots, waits for preceding con-
flicting transactions when necessary, and repairs its state through
self-healing if marker shifts occur. The global version log, therefore,
serves primarily to publish the final globally visible snapshot set,
while markers continue to manage fine-grained write coordination.
Influence of workload characteristics LakeVilla’s hybrid ap-
proach unifies the strengths of read and write optimizations to pro-
vide full ACID transactions for concurrent mixed workloads. The
workload composition, however, directly influences the system’s
behavior. While isolation is always guaranteed, many concurrent
long-running write transactions increase the number of marker
shifts and redo operations. We deliberately chose to push this over-
head to the write-path since read queries dominate OTF workloads.
Besides the workload mix, transaction size impacts performance1.
For write-heavy workloads, large transactions increase contention,
raising the cost of the sublog’s mechanism and reducing through-
put. In contrast, read-heavy and read-only workloads benefit from
larger transactions by amortizing metadata access overhead via the
global version log while avoiding conflicts for pure reads.
Hybrid and adaptive configurations. To address varying work-
load characteristics more efficiently, LakeVilla allows selectively
deactivating optimizations to offer a pure read or write-optimized
path. This adaptivity is beneficial for phase-based mix workloads,

Table 2: Achievable ACID guarantees for OTFs by using LV

Default
OTF

LakeVilla
[Write]

LakeVilla
[Read] LakeVilla

Atomicity Table-level Table-level Global Global
Distributed
Consistency Limited Causal Linearizable Linearizable

Isolation Limited Serializable Serializable Serializable
Durability By design By design By design By design

where write-intensive data ingestion is followed by read-intensive
data analytics. During a configuration change to/from LV[Write],
LV enforces causal consistency; otherwise, linearizable consistency
(cf. Tab. 2). As OTF workloads typically schedule these phases glob-
ally, configuration changes apply system-wide at runtime.
Conflict granularity. Our design intentionally adopts table-level
conflict detection to guarantee compatibility with existing OTF so-
lutions. While table-level granularity can introduce coarse-grained
conflicts, we mitigate overhead by leveraging our sublog’s self-
healing mechanism, which minimizes unnecessary transaction
aborts. Similar to other OTF solutions, users can optimize perfor-
mance by partitioning a single logical table into multiple physical
OTF tables. While finer-grained conflict detection is a valid alterna-
tive, it introduces high metadata overhead and increases tail latency
due to frequent interactions with the object store.
Generalization across OTF backends. Although our prototype
uses Delta Lake to implement LV, the underlying concepts and
optimizations are independent of the base OTF. Some implementa-
tion details, such as marker placement, depend on the base OTF’s
commit log or metadata path. For example, Iceberg and Hudi could
store markers in manifest files or commit timelines.

7 TRANSACTIONAL GUARANTEES AND
INTEROPERABILITY OF LAKEVILLA

Our LakeVilla prototype is a library that implements all optimiza-
tions (Sect. 6), but also allows using them selectively as LV[Write]
(Sect. 4) and LV[Read] (Sect. 5) to support a specific workload. This
section examines the ACID guarantees that LV and its specialized
configurations provide and how LV preserves OTF interoperability.

7.1 ACID Guarantees
Theoretical overview. Table 2 summarizes the ACID guarantees
of LV and its specialized configurations. Since LV inherits most guar-
antees from base OTFs, we focus strictly on the upgrades: LV[Read]
and LV elevate atomicity to a global guarantee. For distributed
consistency, LV[Write] upgrades to causal, and LV[Read]/LV to
linearizable. Further, LV elevates Isolation guarantees to serializ-
able 1. Next, we empirically validate these guarantees using Her-
mitage [45], comparing LV with Delta Lake, Iceberg, and DuckLake.
LV Prototype. Our C++ library2 exposes a per-transaction API
for C, C++, Rust, and Java (via JNI). It implements a baseline Delta
Lake client (LV[Delta Lake]), and all LV optimizations (Write, Read).

1Formal proofs, TLA+ model, Additional Experiments and Traces available: https:
//github.com/goetztj/LakeVilla
2LakeVilla prototype available: https://github.com/goetztj/LakeVilla.
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Table 3: Empirical evaluation of ACID guarantees using the
Hermitage test suite.

Anomaly Spark
(OTF)

DuckLake
(Postgres)

LV
(library)

Trino
(OTF)

Trino
(LV)

Write Cycles,
Aborted Reads,
Interm. Reads,
Circ. inform. flow,
Obs. Txn. Vanishes,
Pred.-M.-Preceders,
Lost Update,
Read Skew

Write Skew N.A. N.A.
Anti-Dep. Cycles N.A. N.A.

Atomic Commit

prevented: ; not prevented: ; some tests failed: ; not applicable: N.A.

The optimizations can be applied dynamically for each transaction,
enabling LV to adapt to changing workloads, as shown in Sect. 8.4.
Baselines. Throughout the rest of the paper, we use Spark, Trino,
and DuckLake. Spark and Trino are distributed systems implement-
ing the base OTF protocols. Neither provides any transactional
properties by default. DuckLake is an extension running in DuckDB
with a Postgres Catalog as backend. It represents an external design
paradigm and provides transactional guarantees similar to LV.
Empirical evaluation using Hermitage As shown in Table 3,
Delta Lake and Iceberg fail most Hermitage tests because they
do not support multi-table transactions. In contrast, LV prevents
all tested anomalies across its variants. DuckLake only fails the
G2 anomaly test because the anomaly involves overlapping read-
write dependencies that its snapshot-isolation semantics do not
prevent. We additionally include an Atomic Commit test (last row
in Tab. 3) to evaluate cross-table commit atomicity and referential
integrity. Here, LV and DuckLake succeed, whereas base OTFs
expose intermediate table-level states because they commit each
table separately. Overall, the empirical results match the theoretical
guarantees of the respective LV variants.

7.2 Interoperability Case Study
Beyond correctness, we designed LV to preserve the interoperabil-
ity that makes OTFs attractive. We demonstrate how LV enables
interoperability by integrating it in Trino [93] and discussing the
interoperability of alternative approaches.
LV interoperability with Trino. In this case study, most of the
engineering effort is spent mapping LV’s Apache Arrow [82] out-
put to Trino’s internal Page format3. Because LV introduces no
external coordination services and relies solely on Arrow as its
data interface, it is easy to integrate into existing client implemen-
tations. We validated our integration by extending the Hermitage
experiment. As shown in Tab. 3, Trino with LV provides the same
transactional guarantees as the standalone LV library. This case
study demonstrates that existing analytics engines can integrate
LV with modest engineering effort.
3Proof of Concept Trino implementation here: https://github.com/goetztj/trino

Interoperability of LV and other solutions.Our practical evalua-
tion shows that LV is highly interoperable. Other approaches, such
as DuckLake [69, 94], also offer some degree of interoperability
but make different trade-offs. First, LV’s library-based architec-
ture keeps the transactional mechanisms in the middleware layer
rather than requiring clients to implement them directly, unlike
systems such as DuckLake and Nessie. Second, LV relies solely
on object store guarantees that are already widely supported by
cloud providers [4, 6, 31, 58], thereby avoiding additional services or
centralized infrastructure. Third, LV preserves compatibility with
existing OTF deployments and legacy clients because it produces
a valid base-OTF state without requiring data migration or client
modifications. By contrast, other solutions migrate OTF (meta-)data
and expect all clients to adopt their protocol.

8 EVALUATION
Having established the transactional guarantees and interoperabil-
ity of LV, we now evaluate its performance characteristics. Our goal
is to understand how LV performs relative to existing OTF solutions
and which LV configuration is best suited for a given workload. To
this end, we compare LV with DuckLake and Project Nessie using
YCSB [18, 70], TPC-DS [92], and TPC-C [91]. We further study LV
under low and high contention, with different transaction sizes,
and under phase-driven OTF workloads using LSTBench [16].

8.1 Experimental Setup
Hardware. LV runs on a server with an Intel(R) Xeon(R) Platinum
8260 CPU at 2.40GHz, 2 sockets, 64 cores per socket, and 1048GB of
RAM. Unless otherwise stated, each transaction uses up to 8 cores.
Baselines.We compare LV against DuckLake and Spark with Delta
Lake, Iceberg, and Project Nessie under a saturation testing model
(unlimited input/offered load). DuckDB runs on the same server as
LV, whereas the DuckLake catalog uses PostgreSQL on a separate
server. Spark 3.5.3 runs on Hadoop 2.12 with Java 11 across 8 ma-
chines, with 2 workers (8 cores and 64GB RAM each) per machine.
HIVE 3.0.0, its PostgreSQL backend, and Project Nessie catalogs
run in two separate Docker containers on a distinct machine. We
ensured that all systems have the exact same number of resources
available to guarantee fairness. As OTFs, we use Delta Lake 3.0.0
(checkpoint interval 10), Iceberg 1.5.0, and Project Nessie 0.107.1.
Object Stores.WeuseAWS S3 [5] andMinIO (nowAIStor Free) [84].
Both provide strict consistency [4, 76] and conditional writes [6].

8.2 System Comparison
We begin by comparing the end-to-end overhead of LV with related
systems. Because the default use case for OTFs comprises concur-
rent read and updates, we focus on three aspects: scalability under
concurrency, support for more complex transactional workloads,
such as TPC-C, and overhead for multi-table analytical reads.
Concurrency comparison using YCSB. Concurrency among
read and write transactions is one of the key OTF challenges. To
isolate the effect of concurrency, we revisit the YCSB experiment
from the introduction, in which concurrent clients execute single-
operation transactions on a single table. Since OTF HTAP combines
reads with scattered updates [9, 16] (see Sect. 3) , we focus on YCSB
A (write-heavy) and B (read-heavy). As YCSB operates on a single
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Figure 9: YCSB with Spark (Delta Lake, Iceberg), DuckLake,
and LV. LV scales close to the ideal of its baseline Delta Lake.
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Figure 10: Data loading latency of selected TPC-DS queries
(sf 1000). LV provides competitive performance.

Table 4: TPC-C (1 WH, 4 clients) [transactions (txns)/min] on
MinIO (1h). LV upholds consistency even for complex txns.

System Transactional
Throughput

Abort
Rate

#Forced Redos
(Timeouts)

Delta Lake (Spark) 0.00 txns/min 100.00% -
Nessie (Spark, Iceberg) 0.00 txns/min 100.00% -
DuckLake (Postgres) 0.20 txns/min 99.98% -

LakeVilla 2.81 txns/min 21.92% 0
LakeVilla[Write] 2.79 txns/min 29.42% 1
LakeVilla[Read] 0.62 txns/min 78.10% -

table, this scenario depicts a high contention workload due to the
OTF’s table-level conflict granularity. For DuckLake and LV, we
expect improved scalability with increasing concurrency compared
to base OTFs. We omitted Project Nessie in this experiment because
it does not automatically resolve transactional conflicts [86]. Trino
(OTF) showed the same behavior as Spark using Delta Lake.
Results. LV offers consistently low abort rates (< 1%) (data avail-
able on LV’s Github) and substantially improved throughput (cf.
Figure 9). Due to stable p50 latency (7672ms for multi-op), it scales
close to Delta Lake’s ideal throughput until conflict resolution and
object-store latency become the dominant factors, impacting p99
commit latency (up to 9411ms). DuckLake achieves higher through-
put under low contention by committing in-database metadata
faster and reducing object-store interactions through batched up-
dates. However, as contention increases, its throughput drops below
LV. We attribute this to DuckLake’s table-level conflict detection,
which leads to more aborted transactions. This effect is most visible
in the write-heavy workload A (Fig. 9a), where conflicts occur more
frequently than in workload B (Fig. 9b). Under higher concurrency

in YCSB B, DuckLake additionally became unstable and repeatedly
crashed once we reached 64 concurrent transactions. In summary,
LV’s conflict-resolution and self-healing improve scalability and
outperform approaches that rely on abort-based conflict handling.
Complex transactions using TPC-C. Next, we evaluate LV’s
overhead with more complex transactional workloads, including
multi-table reads and writes, and hence report throughput as txn-
s/min.We use TPC-C to stress the conflict-handling and self-healing
mechanisms of LV and related systems. To trigger these mecha-
nisms as often as possible, we configure a single-warehouse setup
with 4 concurrent clients and run the experiment for one hour. This
results in a high contention scenario across multiple tables. We ex-
pected LV[Write] and LV to incur more overhead than DuckLake4
as they perform synchronization, merging, and self-healing on the
object store. We omit Nessie and Delta Lake because they do not
automatically merge such conflicts in a meaningful way [67, 89].
Results. Table 4 displays our results. LV[Write] and LV heal trans-
actions on conflict, but occasionally hit a timeout or retry limit,
which lowers throughput and raises their abort rate to ca. 20%.
Contrary to our expectations, DuckLake performs worse than LV,
which we attribute to the large number of conflicts. This suggests
that DuckLake could benefit from a native self-healing mechanism.
The experiment highlights the costs of conflict handling in complex
OLTP workloads and the benefit of LV’s self-healing.
Multi-table analytics with TPC-DS. The previous section es-
tablished that LV can provide cross-table consistency in mixed
workloads. This ability, however, comes with overhead for pure
analytical workloads due to additional coordination. To quantify
the overhead, we evaluate TPC-DS at scale factor 1000 under no
contention caused by concurrent transactions using representative
queries (Q67, Q68, Q90), following prior OTF comparisons [42].
Since LV is a storage layer rather than a query engine, we focus
on data-loading rather than query execution time. For better intro-
spection and experiment statistics, we use MinIO instead of S3.
Results.We report data-loading latency in Fig. 10, as throughput
metrics mask the observable differences. For data-intensive queries
(Q67), all systems perform similarly because they must fetch all data
from the object store. For cache-friendly queries such as Q68, LV
suffers from the lack of caching compared to the baselines with built-
in caches. LV[Write] shows the highest overhead because it must
place markers even for reads. For metadata-intensive queries (Q90),
LV and DuckLake perform comparably, while Delta Lake is slower.
Spark with Nessie shows higher absolute latency due to using
Iceberg. In summary, even without caching, LV remains competitive
for analytical workloads while providing stronger transactional
guarantees than traditional OTFs.

8.3 Workload Sensitivity
The preceding experiments demonstrate that LV andOTF approaches
are highly workload-sensitive. Hence, we isolate the primary fac-
tors driving this variance: table-level contention, the number of
accessed tables, and the effect of data freshness on latency.
Table-level contention. We evaluate the effects of contention
using YCSB A, as the closest to OTF HTAP, with 32 clients by scal-
ing the concurrently accessed tables across three scenarios: No (32

4Benchbase DuckLake integration: https://github.com/goetztj/benchbase
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Figure 11: YCSB table-contention with 32 MinIO clients and
unlimited arrival rate. LV maintains competitive throughput
and low abort rates under both high and low contention.

clients on 32 tables), Medium (8 clients per table, 4 tables), and
High (all clients on 1 table) contention. Since all approaches use
table-level conflict granularity, adjusting the table distribution mod-
ulates contention between clients. The expectation is that higher
contention decreases throughput across all approaches.
Results.The results in Fig. 11 show that LV and LV[Write]maintain
consistently low abort rates (0.0%–0.8%) due to sublog self-healing,
whereas LV[Read], DuckLake, and Spark exhibit increasing abort
rates as contention rises. We also observe a performance crossover
between LV and LV[Write], and a higher abort rate for LV[Write]
under medium contention with single-query transactions (Fig. 11a).
This effect stems from the interaction between the global version
log and table-level contention: with zero table-level contention
(32 clients on 32 tables), LV[Write] avoids global synchronization
for disjoint table accesses and therefore outperforms LV, while
LV still enforces global serialization. Under medium and high con-
tention, however, LV benefits from coordinating through both the
global version log and table-level markers, which reduces redos
and aborts compared to LV[Read]’s purely local conflict resolu-
tion. The crossover is mainly visible for short transactions because
they incur frequent commit and synchronization costs. With longer
transactions (Fig. 11b), these costs are amortized, and LV benefits
from its read optimizations compared to the single-query setting
(Fig. 11a). Overall, the experiment highlights the tradeoffs between
LV configurations and explains why OTF approaches perform well
for low-contention workloads (e. g., TPC-DS) but become more
sensitive under high contention (e. g., YCSB, TPC-C).
Scalability with number of tables. The number of tables accessed
by a transaction can inherently impact LV and table-based OTF
formats. To evaluate the scalability of our solution, we design a
synthetic, contention-free experiment that scales the number of
accessed tables from 1 to 64. All tables are derived from the TPC-H
(SF1000) customer table, and transactions execute point reads or
point writes of a single row per table. We compare to vanilla Delta
Lake, executing each table-access as a single transaction.
Results.We report the end-to-end latency of each transaction using
a single client, since the overhead of multi-table transactions primar-
ily manifests as increased latency. Our results in Fig. 12 show that
commit latency for writes scales linearly with the number of tables,
due to object-store write overhead. The highest latency increase
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Figure 12: Table Scaling (read and write transactions) us-
ing LV, LV[Write], and LV[Read]. For all configurations and
transaction types, we observe a linear increase in commit
latency with the number of accessed tables.
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Figure 13: Data freshness for new data using LV. LV guaran-
tees consistency at the cost of data visibility.

occurs between 1 and 2 tables, where a transaction transitions to
a multi-table context, triggering parallel cross-table dependency
tracking (LV, LV[Write]) andmetadata parsing (logs, JSON, Parquet).
Hence, write transactions (Fig. 12a) for LV and LV[Write] have a
flat penalty of ∼100ms across all table counts. For the read-only
workloads (Fig. 12b), LV and LV[Read] benefit from the read opti-
mizations, allowing them to slightly outperform vanilla Delta Lake,
while LV[Write] (middle) exhibits higher overhead due to marker
maintenance. These results confirm the observations from our pre-
vious experiments: YCSB achieves high throughput by executing
simple operations on a single table, whereas TPC-C transactions
incur a multi-table penalty due to marker and dependency tracking.
Data freshness requirements. OTF workloads come with differ-
ent data freshness requirements. LV’s configurations also expose
tradeoffs between freshness and coordination overhead. We quan-
tify freshness as the time until a write becomes visible to concurrent
transactions. We compare LV, which provides global consistency,
with LV[Write], which provides causal consistency (see Sect. 7).
Our synthetic microbenchmark uses two concurrent transactions:
One inserts a timestamped row, while the other repeatedly attempts
to read it and measures the elapsed time until it becomes visible.
This experiment simulates a low contention scenario with a single
reader and a single writer accessing the same table.
Results. Figure 13 shows that LV exhibits a higher freshness delay
than LV[Write] due to its synchronization via the global version
log. The average delay is 117ms, with a maximum of about 600ms.
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Figure 14: LSTBench (scale factor 100, W3): Concurrent
phases of a multi-phase OTF workload. LV does not impact
the stability of its base OTF.

This overhead corresponds to two to three S3 write latencies [24].
These writes lie on the global version log’s critical path for staging
and publishing synchronized commits. Thus, LV provides global
consistency at the cost of a predictable delay in data visibility.

8.4 Long-Running Workloads
Stability. A key question for executing phase-driven workloads
(see Sect. 3) remains: whether it would preserve the effectiveness
of the OTF metadata layer over long execution periods. To study
this behavior, we use LSTBench [16], which models changing inges-
tion, maintenance, analytical, and OTF HTAP phases inspired by
industrial OTF workloads [16]. Each phase defines its own scenario,
concurrency, contention , and duration.
LSTBenchBenchmark.To test whether LV decreases the effective-
ness of the OTF metadata layer, we use LSTBench’s W3 workload
with TPC-H sf 1000 as a baseline. This particular workload consists
of sequential ingestion and OTF HTAP phases during which LV
becomes active. We expect that LV does not degrade the stability
of the OTF metadata layer, because its coordination mechanisms
primarily create temporary coordination objects.
Results. Figure 14 shows the latency distributions for reads and
updates across the three OTF HTAP phases. Despite the sequential
phases that increase data volume and throughput, 50p, 99p, and 1p
latency remain relatively stable with rare aborts (< 2%). The latency
of analytical queries in Fig. 14a grows only sublinearly with data
size. This result indicates that the OTF metadata layer continues to
prune data effectively even when LV manages concurrent scattered
transactions. Interestingly, the third concurrent phase shows a
lower 99p latency despite the larger data volume. This effect is
caused by the increased spread of the data across more files, making
the OTF metadata layer more effective. The same effect appears for
updates in Fig. 14b: increased data distribution reduces worst-case
rewrite costs and lowers tail latency . These results demonstrate
that LV preserves the long-term stability of the underlying OTF
while introducing predictable overhead under concurrency, making
it suitable for sustained phase-driven OTF workloads.

9 RELATEDWORK
Distributed transactions and theory. Prior work studied dis-
tributed transactions in geodistributed systems [38], key-value
stores [22, 43], or other cloud systems [13, 55, 65, 68, 99]. In this
context, transactional guarantees [12, 37] and how systems can
offer them have been key research questions. LV takes inspiration
from these techniques seen in these systems, such as multi-level
locks [15, 33], leases [32], synchronization [19, 52], dependency
graphs [1], SAGAs [27], MVCC [14, 26, 62], and OCC [47]. LV
adapts these techniques to work without global coordination in an
OTF-native setup and demonstrates its effectiveness via TLA+ [63].
Data Lakes, OTFs, and Lakehouses. With the rise of data lakes,
research includes studies on improving efficiency through opti-
mized file formats, columnar encodings, and elastic cloud execu-
tion [2, 24, 29, 36, 46, 48, 49, 51, 53, 60, 66, 71–73, 96, 97, 100]. Pre-
vious research has focused on the operational efficiency of data
lakes, such as improving latency when accessing files by introduc-
ing strategies to encode relational data differently or to improve
file encodings [2, 29, 48]. Others focused on efficient parquet read-
ers [71, 72], explored elastic computing, or additional structures
to reduce cost and data lake traffic [24, 46, 49, 60, 66, 73, 96, 97].
These approaches either do not target the OTF domain or focus on
performance and scalability, often relying on the external design
paradigms [9, 64, 98]. LV complements these efforts by strengthen-
ing transactional guarantees while remaining object-store-native.
Several systems extend OTFs, which took inspiration from database
storage techniques [54] , with redesigned metadata layers, special-
ized optimizations, or domain-specific features and services [10,
17, 23, 34, 35, 50, 56, 90]. Notable examples include Photon [11],
XTable [3, 8], DeepLake [35], and Active Data Lakes [30].
OTF Transactions. Multi-table ACID transaction support is a
heavily requested feature for OTFs [9, 41, 44, 57, 69, 85, 86]. Project
Nessie, Apache Hudi’s Multi-Table Transaction Manager, and Delta
Lake 4.0 move commit coordination to external services [39, 41, 67],
while DuckLake relocates metadata to DuckDB [69]. In contrast, as
seen in previous sections, LV provides serializable multi-table trans-
actions without external dependencies, preserving interoperability
and compatibility with existing OTF deployments.

10 CONCLUSION
This paper presents native mechanisms to provide full ACID trans-
actions for Open Table Formats without relying on external coor-
dination. By adapting database techniques to OTFs’ object-store
design, we enable serializability while preserving interoperability.
Our prototype, LakeVilla, implements all techniques, requires min-
imal integration effort into existing systems, and gives users full
control over their data. LakeVilla strengthens the OTF ecosystem
by providing interoperable, full OTF HTAP and offering insights
for future OTF designs and integrations. Finer-grained conflict
granularity, advanced interoperability, and self-healing are exciting
directions for future work on LV and OTF transactions.
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