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Abstract
In cloud-based endpoint auditing, security administrators of-
ten rely on the cloud to perform causality analysis over log-
derived versioned provenance graphs to investigate suspicious
attack behaviors. However, the cloud may be distrusted or
compromised by attackers, potentially manipulating the final
causality analysis results. Consequently, administrators may
not accurately understand attack behaviors and fail to imple-
ment effective countermeasures. This risk underscores the
need for a defense scheme to ensure the integrity of causality
analysis. While existing tamper-evident logging schemes and
trusted execution environments show promise for this task,
they are not specifically designed to support causality analysis
and thus face inherent security and efficiency limitations.

This paper presents VCAUSE, an efficient and verifiable
causality analysis system for cloud-based endpoint auditing.
VCAUSE integrates two authenticated data structures: a graph
accumulator and a verifiable provenance graph. The data
structures enable validation of two critical steps in causality
analysis: (i) querying a point-of-interest node on a versioned
provenance graph, and (ii) identifying its causally related com-
ponents. Formal security analysis and experimental evaluation
show that VCAUSE can achieve secure and verifiable causality
analysis with only < 1% computational overhead on endpoints
and 3.36% on the cloud.

1 Introduction

Cloud-based endpoint auditing [16, 19, 26, 27, 30, 59] has be-
come a vital security infrastructure for enterprises. It collects
system event logs from enterprise endpoints and leverages
cloud computing to perform large-scale analysis, particularly
in investigating advanced persistent threats (APTs) [36]. A
key log analysis technique is causality analysis [20, 31, 42],
typically performed on (versioned) provenance graphs [40]
derived from system logs. It correlates causality dependen-
cies within these graphs, enabling security administrators to
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trace the information flow of suspicious entities and assess
their impact. Maintaining the integrity of causality analysis
is critical, as it empowers administrators to fully understand
attack behaviors and deploy effective countermeasures.

However, the integrity of causality analysis cannot be fully
ensured in a cloud-based auditing infrastructure. Typically,
attackers who have infiltrated the infrastructure may alter
stored logs to erase traces of their activities, rendering the
associated causality analysis incomplete. This threat is well
documented—recent reports show that 72% of security an-
alysts have encountered log tampering [15, 24]. Beyond ex-
ternal attacks, the cloud itself may be untrustworthy [12, 63]
in preserving the integrity of logs and associated causality
analysis. For instance, when managing large volumes of daily
endpoint logs (e.g., 50 GB from 100 endpoints [21]), the cloud
may silently discard a portion of the logs due to misconfig-
uration or self-interest in conserving resources. In summary,
these threats lead to incomplete causality analysis, hindering
accurate and comprehensive attack investigation.

In practice, while fully preventing this integrity issue may
be infeasible, it is vital to develop a practical defense that
allows third parties to verify the integrity of causality anal-
ysis in the cloud. To our knowledge, no existing solutions
are specifically designed for this purpose. Although tamper-
evident logging schemes [1, 38, 44, 50] and trusted execution
environments (TEEs) [51] show promise in offering partial
support, they still face the following challenges.

Challenge #1. Existing tamper-evident endpoint logging
schemes [1, 44, 50] can secure log collection at endpoints
and support validation of all produced logs. However, they
do not inherently support causality analysis validation in the
cloud. Extending these schemes for such validation typically
poses significant efficiency challenges: the administrators
should retrieve and verify the entire set of endpoint logs from
the cloud, reconstruct the provenance graph, and re-run the
causality analysis to confirm the results. While deploying
TEEs in the cloud can offload this burden from administrators,
providing efficient causality analysis still remains challenging,
as processing massive logs in enclaves often incurs substantial



enclave-to-nonenclave context switch overheads.
Challenge #2. To improve efficiency, certificate trans-

parency [38] can be employed for flexible validation of indi-
vidual logs. With this approach, administrators can selectively
retrieve and verify only the subset of logs relevant to a given
causality analysis query, and then examine the correspond-
ing results. However, this approach introduces a complete-
ness problem: administrators cannot ascertain whether the
retrieved logs—or the resulting causality analysis results—
are complete with respect to the original query.

In this paper, we present VCAUSE, an efficient and ver-
ifiable causality analysis system for cloud-based endpoint
auditing. Unlike existing tamper-evident logging schemes,
VCAUSE enables direct validation of causality analysis on
versioned provenance graphs. It employs two new authenti-
cated data structures: a graph accumulator and a verifiable
versioned provenance graph, which provide cryptographic
proofs for two analysis steps: (i) querying a point-of-interest
node, i.e., a version of a suspicious entity at a specific time;
and (ii) identifying the node’s causally related components.

To support proofs for any node in versioned provenance
graphs, our accumulator builds on indexed Merkle trees [41,
57] for node storage and extends them to meet causality anal-
ysis requirements. Notably, a standard Merkle tree supports
only single-keyword queries, whereas causality analysis re-
quires two: a system entity ID and a timestamp. To address
this, the accumulator organizes Merkle trees hierarchically.
Locally, it employs multiple indexed Merkle trees, each stor-
ing version nodes for a single system entity and indexing them
by creation timestamps, enabling timestamp-based proofs.
Globally, it uses a Merkle tree to aggregate these local trees
and indexes them by entity IDs, enabling entity-based proofs.
By combining proofs from both levels, the accumulator pro-
vides complete proof for any node query.

Our verifiable versioned provenance graph provides crypto-
graphic proofs for each node’s causally related components—
namely, the nodes and edges along its incoming and outgoing
paths. This is achieved via a recursive hash mechanism that
computes two digests for each node: an incoming path digest
and an outgoing path digest, which capture the structure of
the node’s paths and jointly serve as proofs of its causally re-
lated components. Notably, as the graph should continuously
incorporate new nodes to encode real-time system events, the
outgoing path structures of many nodes may often change,
necessitating frequent updates to their outgoing digests. To
mitigate this overhead, we combine graph segmentation strate-
gies with the recursive hash mechanism to construct update-
efficient outgoing path digests (§ 5.4).

To enable comprehensive validation for causality analysis
results, VCAUSE integrates two authenticated data structures
in a coordinated manner: the verifiable versioned provenance
graph encodes a continuous stream of system event logs,
while the graph accumulator stores graph nodes, maintains the
global graph digest, and tracks node updates. Consequently,

by retrieving node proofs from the accumulator, we can verify
the integrity of the initially queried node in causality analysis.
Using the node’s internal incoming and outgoing path digests,
we can then validate its causally related components.

We formalize the security of VCAUSE and prove its re-
silience against an adaptive adversary that can modify any part
of the causality analysis results. To demonstrate efficiency,
we implement a VCAUSE prototype with 3,500 lines of C++
code and evaluate it on large-scale public log datasets [17,46].
Our results show that VCAUSE processes 25 million logs in 2
minutes and generates a proof for a 100,000-node causality
analysis in 49 ms. We further assess runtime overhead in real-
world settings by integrating VCAUSE with realistic endpoint
loggers and co-deploying it with three common benchmarks
under high workloads. Overall, VCAUSE can incur < 1%
overhead on endpoints and 3.36% on the cloud.
Contributions. We make the following key contributions:

• We propose a verifiable causality analysis system for
cloud-based endpoint auditing, enabling third-party veri-
fiers to efficiently validate causality analysis results.

• We propose a versioned provenance graph that can en-
code causality relations in system events while providing
proofs for each node’s causally related components.

• We propose a graph accumulator based on hierarchical in-
dexed Merkle trees, enabling proof generation for graph
node queries. To support dynamic node updates, we fur-
ther extend it with a dynamic indexed Merkle structure.

• We implement a VCAUSE prototype and evaluate its se-
curity and performance, showing that VCAUSE provides
secure, verifiable causality analysis with low overhead.

2 Background and Related Work

2.1 Causality Analysis on Provenance Graphs

entity 2's new version 

dependency

temporal
System Event

( , "write", 2, ) 

encode

Figure 1: A versioned provenance graph

Provenance Graphs record system events and related causal
relationships, where nodes represent system entities (e.g.,
processes, files, sockets) and edges represent dependencies
among entities (e.g., read). They are widely used for causality
analysis [3, 31] and attack detection [14, 26, 33]. However,
conventional provenance graphs lack temporal ordering, limit-
ing their ability to accurately reflect causality. To address this,



versioned provenance graphs [40] encode event sequences by
creating a new version of an entity whenever its state changes.
As shown in Figure 1, when event (1,“write”,2, ti) occurs at
timestamp ti, a new node Sti

2 is created to represent the updated
version of entity 2, along with a temporal and dependency
edge that capture both temporal and causal relations.
Causality Analysis is proposed to analyze causality rela-
tionships on (versioned) provenance graphs. It was initially
introduced by King et al. [37] to trace the root causes of sus-
picious system activities, and then extended to file system
forensics and intrusion recovery [25, 42, 56]. Building on this
foundation, subsequent research has proposed causality anal-
ysis variants [3, 4, 20, 27, 28, 30, 31, 39, 42, 45] to minimize
unnecessary logs for manual analysis.

2.2 Related Integrity Validation Approaches
Log Integrity Validation. Prior work has employed trusted
execution environments (TEEs) [35, 50, 54] (e.g., CUSTOS)
and cryptographic approaches [29] to provide tamper evi-
dence for endpoint logs. However, these methods are ill-suited
for validating causality analysis results in the cloud. Typi-
cally, extending them for such validation requires retrieving
full endpoint logs, verifying their integrity, reconstructing the
provenance graph, and re-running the analysis, which together
incur substantial overhead. Alternatively, other studies have
explored specialized hardware [1, 22] (e.g., HARDLOG) to
protect log integrity, but such solutions are costly and inher-
ently lack support for cloud-side causality analysis.
Graph Integrity Validation. Prior work has proposed var-
ious graph integrity validation schemes [6, 52, 58]. While
applicable to provenance graphs, they lack support for time-
fuzzy node queries essential to causality analysis. Moreover,
verifying the neighborhood of a node typically requires either
costly upfront commitments (e.g., signing and synchronizing
all nodes) or expensive validation of the entire graph. These
schemes also offer limited support for graph updates.
Other Validation Approaches. Other related studies focus on
verifiable and authenticated provenance storage [2,32,43,53],
but do not support causality analysis with verifiable proofs.
Alternatively, generic SNARK schemes [8, 9, 13] could be
leveraged to enable such analysis, but large-scale log data
make the arithmetic circuits prohibitively large and expen-
sive. Likewise, deploying TEEs [51] in the cloud may incur
substantial runtime overhead, as processing massive log vol-
umes within enclaves involves frequent I/O operations and
enclave-to-nonenclave context switches.

3 System Overview

3.1 Threat Model
This work considers a cloud-based endpoint auditing infras-
tructure in enterprise networks, comprising a set of endpoints,

a remote security administrator, and a cloud service. The ad-
ministrator relies on the cloud to manage system-level event
logs from endpoints and to perform causality analysis for
attack investigation. According to standard threat models in
cloud computing [61, 63], security risks in such settings often
arise from the untrusted cloud. Sophisticated attackers who
have infiltrated the infrastructure may tamper with raw logs or
directly alter causality analysis results on the cloud, erasing
traces of their malicious activities [24]. While existing log
protection schemes [1, 29, 35, 50] can secure log collection,
caching, and processing at endpoints, they are not inherently
designed to protect logs or validate causality analysis results
in the cloud. In this work, we build upon existing log protec-
tion schemes and focus on addressing the integrity issues of
stored logs and causality analysis in the cloud.

Beyond external threats, the cloud itself may be untrust-
worthy in maintaining the integrity of logs and associated
causality analysis results, due to misconfiguration or self-
interest [12, 63]. For instance, when handling large volumes
of event logs with limited configured resources, it may delete
logs to free storage or return incomplete analysis results to
conserve computational resources. To account for these risks,
we assume the cloud may exhibit Byzantine faults [63], mean-
ing it can: (i) manipulate system event logs by inserting, mod-
ifying, or deleting arbitrary data; and (ii) return incomplete,
outdated, or falsified causality analysis results. Our work fo-
cuses on the integrity issues rather than confidentiality, as the
latter is orthogonal to our goals and has been addressed by
existing privacy-preserving graph search schemes [10, 60].

3.2 Problem Formulation
In this work, we build versioned provenance graphs from sys-
tem logs to support verifiable causality analysis. We focus on
providing validation for the generic form of causality analysis.
Additional variants [20, 28, 39, 42, 45] that prune unnecessary
analysis paths are also supported, as their outputs are sub-
sumed by the general causality analysis and thus covered by
our validation (see § 9). Following prior work [20,21,31], the
causality analysis can be formulated as a subgraph query over
a versioned provenance graph, as follows:

Definition 1 (Causality Analysis) This process begins with
a node query N(s,⪯ t) to locate the point-of-interest ver-
sion node n, whose system entity ID matches s and whose
creation timestamp is the nearest one preceding or equal to
t. Subsequently, backward and forward depth-first searches
are performed to extract the backward and forward causally
related components, i.e., {V→n,E→n} and {Vn→,En→}:

V→n = {i | Pathi,n ̸=∅},E→n = {i.Ein | Pathi,n ̸=∅} (1)

Vn→ = { j | Pathn, j ̸=∅},En→ = { j.Eout | Pathn, j ̸=∅} (2)

Here, Pathi, j denotes paths between node i and j, and Ein and
Eout refer to a node’s incoming and outgoing edges.
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Figure 2: Architecture of VCAUSE

By definition, node n’s forward and backward causally related
components (i.e., {V→n,E→n} and {Vn→,En→}) are actually
the nodes and edges along n’s incoming and outgoing paths.
Causality Analysis Validation. Accordingly, verifying a
causality analysis result should (i) check the correctness of the
initially queried node, and (ii) validate the integrity of forward
and backward causally related nodes and edges.

3.3 System Model and Workflow

Figure 2 shows the architecture of VCAUSE, an efficient and
verifiable causality analysis system for cloud-based endpoint
auditing. Overall, VCAUSE interacts with three parties: (i)
endpoint loggers, which upload real-time system event logs
to the cloud; (ii) the cloud, which manages endpoint logs and
provides a verifiable causality analysis service; (iii) a remote
security administrator, who performs causality analysis to
investigate suspicious system activities.

To achieve causality analysis validation, VCAUSE adopts
two authenticated data structures: a graph accumulator and a
verifiable versioned provenance graph structure. The struc-
tures respectively provide proofs for the initially queried point-
of-interest (POI) node and its causally related components.
Graph Accumulator. To provide proofs for node queries
on a versioned provenance graph, a naive solution is to use
an indexed Merkle tree [41, 57] for node storage. However,
a single tree only supports single-keyword queries, while
causality analysis typically requires two: a system entity ID
and a timestamp. Our accumulator addresses this with a hi-
erarchical Merkle tree design. Locally, each system entity
is assigned an indexed Merkle tree that stores its versioned
nodes by timestamp, enabling timestamp-based proofs. Glob-
ally, a Merkle tree aggregates these local trees by entity ID,
enabling entity-based proofs. By combining local and global
proofs, the accumulator produces complete node-query proofs.
To support graph evolution, we also design a dynamic Merkle

tree structure that supports efficient node insertions.
Verifiable Versioned Provenance Graph. The graph struc-
ture extends the original provenance graph, capturing causal-
ity relations in system events while also providing verifiable
proofs for a node’s causally related components. According
to Equation 1, a node’s causally related components are lo-
cated in its incoming and outgoing paths. To enable their
validation, we employ a recursive hash mechanism that com-
putes two digests for each node: the incoming and outgoing
path digests. These digests capture the structural informa-
tion of a node’s incoming/outgoing paths and jointly serve
as proofs of its causally related components. Notably, as the
graph continuously incorporates new nodes to encode real-
time events, the outgoing path structures of many existing
nodes may change frequently, necessitating frequent updates
to their outgoing path digests. To mitigate this overhead, we
adopt segmented outgoing path digests, generated based on
segmentation strategies that partition the graph into smaller
dependency trees. This ensures that adding a new node affects
only the nodes within a single tree, significantly reducing the
number of required digest updates.

Based on the structures, VCAUSE operates in four phases:
1) Event Recording: Each endpoint logger continuously

captures system events and updates the corresponding verifi-
able versioned provenance graph to encode these events.

2) Commitment: Each endpoint logger periodically synchro-
nizes node changes during event recording into the Merkle
tree of the graph accumulator, signs the tree root as a graph
commitment, and sends it along with event logs to the cloud.

3) Causality Analysis Proof: The cloud uses event logs
from each endpoint to reconstruct graph accumulators and
verifiable versioned provenance graphs. Upon receiving a
request from the administrator, it performs causality analysis
and generates corresponding proofs using these structures.

4) Causality Analysis Validation: By retrieving the graph
commitment and node proofs from the cloud, the adminis-
trator first verifies the integrity of the initially queried node.
Then, using the node’s incoming and outgoing path digests,
the administrator validates its causally related components.

4 Graph Accumulator

This section introduces a graph accumulator that provides
single-node proofs on versioned provenance graphs. A variant
supporting range proofs is detailed in Appendix A.2.

4.1 Hierarchical Tree Accumulation Structure
Our graph accumulator applies indexed Merkle trees for node
storage and extends them into a hierarchical structure to sup-
port node queries in causality analysis, which involve two
keywords: system entity ID and timestamp (Definition 1).
The hierarchical structure is shown in Figure 3. Locally, mul-
tiple Merkle trees are used to accumulate version nodes for



each system entity separately. These trees store the nodes at
leaf positions and index them by timestamps, enabling proofs
for timestamp-based queries. Globally, a single Merkle tree
aggregates all local trees. It stores the roots of the local trees
at leaf positions and indexes them by entity IDs, providing
proofs for entity-based queries. By combining the proofs from
both levels, our accumulator can produce complete proofs for
any node queries. Notably, the root of the global tree serves
as a cryptographic commitment to the entire graph, allowing
anyone with the proofs to validate the results of node queries.

entity i's version at time t

Global Tree  
(keyword: entity ID)

Time: 0

Local Trees
(keyword: time)

Min: 0 Max: 2

Min: 0 Max: 1

Entity: 2Entity: 1Entity: 0

Time: 1 Time: 3 xx xTime: 2 Time: 4 Time: 5

Min: 2 Max: 4Min: 1 Max: 3

dependency relation

Min: 2 Max: 5

versions of entity 1

version of 
entity 0

temporal relation

versions of entity 2

Versioned Provenance Graph 

Figure 3: Graph accumulator. Here, H(·) is a hash function.

In the tree structure, each internal node includes index in-
formation that records the minimum and maximum keywords
in its subtree, enabling efficient binary search from the root to
locate the queried node and generate the corresponding proof.

4.2 Single-Node Proof and Validation
Node queries in causality analysis are fuzzy, rather than based
on exact keyword matching. In particular, the timestamp of
the queried node need not exactly match a given value t;
instead, it only needs to be the closest to t (Definition 1). Our
accumulator supports such time-fuzzy node queries in the
form N(s,r), where s denotes the queried system entity ID
and r specifies a temporal relation. We consider two types of
temporal relation queries: (i) ⪰ t, which returns the nearest
timestamp greater than or equal to t, and (ii) ⪯ t, which returns
the nearest timestamp less than or equal to t.

We now present the membership and non-membership
proofs provided by our accumulator, which respectively con-
firm the existence and absence of a node matching a query.
Membership Proofs. For a node query N(s,r), the member-
ship proof is generated through a two-step search process in
hierarchical Merkle trees. Specifically, it is structured as a
tuple (ρG,ρL), where the proof ρG is generated by searching
the global tree for the entity keyword s, and ρL is generated by
searching the corresponding local tree according to the tempo-

ral relation r. The full algorithm is detailed in Appendix A.1.
Both ρG and ρL contain nodes along their respective search
paths, enabling the verifier to reconstruct the paths and vali-
date if the queried node satisfies the query.
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Figure 4: Single-node membership proof

Figure 4 shows the membership proof (ρG,ρL) for query
Q(1,⪯ 2) (Case #1). To generate ρG, an exact search is con-
ducted in the global tree for the entity keyword 1. The sibling
nodes encountered along this search path constitute the proof
ρG. Then, a fuzzy search is conducted in the corresponding
local tree for the relation ⪯ 2, and the sibling nodes encoun-
tered form the local proof ρL. The figure also illustrates the
proofs for query Q(1,⪰ 2). Although the keywords are the
same as the previous query, the different temporal relation
yields a different matched node and local proof ρL.
Non-membership Proofs. Our accumulator also supports
the non-membership proof for a node query, demonstrating
that no nodes satisfy the query and preventing the cloud from
falsely returning empty results. Similar to membership proof,
it is generated through a two-step search process in hierarchi-
cal Merkle trees. Details are provided in Appendix A.1.
Validation. To verify (non-)membership for a node query
N(s,r), the verifier first reconstructs the original search path
and corresponding tree structure using the provided proofs.
If the root of the reconstructed tree matches the previously
committed root, the proof is considered valid. The verifier then
examines the index information of the reconstructed tree to
validate node (non-)membership. For membership validation,
if the queried node is located within the local tree of entity s
and satisfies the queried temporal relation r, membership is
confirmed. For non-membership validation, if no such node
is found, non-membership is confirmed.

4.3 Dynamic Indexed Merkle Tree

To extend our accumulator to support node insertions and
updates, we develop a dynamic indexed Merkle tree struc-
ture, denoted as DIM-Tree. Compared to existing dynamic
Merkle trees (e.g., Merkle B+ tree [57]), our DIM-Tree offers
more efficient node insertion operations, achieving constant
amortized computational cost. This efficiency is beneficial for



system-wide versioned provenance graphs, where nodes are
continuously created to encode system events.
Tree Structure. DIM-Tree is designed to efficiently store
an unbounded stream of graph nodes. To facilitate system
entity-based or timestamp-based queries, DIM-Tree indexes
the nodes by entity or timestamp keywords. As the keywords
typically increase over time, node insertions are arranged
in temporal order, i.e., each new node is appended to the
current leaf node sequence. Notably, each insertion alters
the tree structure and may require updating the hashes of
numerous affected nodes. To improve efficiency, our DIM-
Tree adopts a multi-subtree design composed of multiple
perfect binary subtrees, as shown in Figure 5. This design
ensures that inserting a node only involves merging it with
partial subtrees and updating the necessary internal hashes.

subtree 1 subtree 2 subtree 1 subtree 2

insert
update

Figure 5: Structure of DIM-Tree. Node insertion triggers a
merge with the last subtree, forming a larger subtree of size 2.

Insertion. Node insertion in DIM-Tree is essentially a sub-
tree merge process. Each new node is treated as a height-1
subtree and recursively merged with preceding subtrees from
right to left, forming a larger perfect binary subtree. The de-
tailed algorithm is provided in Appendix B. Compared to
conventional Merkle trees, DIM-Tree incurs lower insertion
overhead, as only the hashes of affected internal nodes in
partial subtrees need updating. Specifically, the amortized
time complexity per insertion is O(1). For instance, inserting
2N nodes requires only 2N subtree merges and hash updates,
resulting in a near-constant average insertion time.
Update. When a node changes, the hashes of internal nodes
along the path to the root of the corresponding subtree are
recomputed. The update cost is O(logNsb), similar to the
O(logN) in standard Merkle trees, but more efficient in prac-
tice, as the subtree size Nsb is smaller than the total size N.

After a series of insertions and updates, the entire DIM-Tree
should be finalized by recursively merging the subtree roots
from right to left to produce the overall tree root. When mul-
tiple DIM-Trees are organized hierarchically (e.g., in a graph
accumulator), local trees should be finalized first, followed
by the global tree, to maintain consistency and efficiency.

5 Verifiable Versioned Provenance Graph

5.1 Incoming Path Digests
According to Definition 1, a node’s backward causally related
components lie along its incoming paths. To generate proofs

for them, we employ an incoming path hash mechanism to
compute an incoming path digest ΠI per node, representing
the digest of all components in its incoming paths.
Incoming Path Hash. The hash mechanism begins by com-
puting incoming path digests from entry nodes. As an entry
node has no incoming edges, its incoming path digest ΠI is
initialized as H(∅), where H(·) denotes a hash function over
a set. The incoming path digests of subsequent nodes are then
derived based on their predecessors. Specifically, for node n,
its incoming path digest is defined as follows:

n.ΠI = H({( s(e)︸︷︷︸
in-edge

|| e.src.ΠI︸ ︷︷ ︸
a predecessor node’s ΠI

) | e ∈ n.Ein}) (3)

where n.Ein denotes the incoming edges of n, and s(e) is the
string representation of an edge, formed by concatenating the
associated nodes’ fields [id || time || ...] and event data
[event_type || ...]. The symbol || denotes concatenation.
Dynamic Generation of ΠI . In a versioned provenance graph,
nodes and edges are created continuously to record system
events (see § 2.1). Upon the creation of a new node, its incom-
ing path digest ΠI should be dynamically computed based on
the previously connected nodes and edges, as defined in Equa-
tion 3. Once generated, the digest remains unchanged. This
immutability arises from the properties of versioned prove-
nance graphs: each node represents a version of an entity, and
its incoming edges capture its creation histories. Since this
history is immutable, the node cannot receive new incoming
edges, and its incoming path digest remains unchanged.

5.2 Backward Causality Relation Validation
Proof. According to Equation 3, a node’s incoming path di-
gest is computed via a recursive hash mechanism, captur-
ing all components along its incoming paths, i.e., backward
causally related components. Thus, the incoming path digest
of the node and its backward-connected components can serve
as a cumulative proof for its backward causality relations.
Validation. To verify a node’s backward causality relations,
we recursively hash the components along its incoming paths
from entry nodes to regenerate an incoming path digest. If
the regenerated digest matches the node’s original one, the in-
tegrity of the node’s backward causality relations is confirmed.
The detailed algorithm is described in Algorithm 4.

5.3 Outgoing Path Digests
A node’s forward causally related components lie along its
outgoing paths. To generate proofs for them, we employ an
outgoing path hash mechanism that computes an outgoing
path digest ΠO per node, capturing all related components.
Outgoing Path Hash. The hash mechanism operates in-
versely to incoming path hash: it starts from exit nodes (i.e.,
nodes without outgoing edges). For an exit node, its outgoing



path digest ΠO is computed as H(∅), where H(·) represents a
hash function. Tracing backward, the digest of each preceding
node is derived from the digests of its successors. Specifically,
for node n, its outgoing path digest is defined as follows:

n.ΠO = H({( s(e)︸︷︷︸
out-edge

|| e.dst.ΠO︸ ︷︷ ︸
a successor node’s ΠO

) | e ∈ n.Eout}) (4)

where n.Eout denotes n’s outgoing edges, and s(e) is the string
representation of edge e formed by concatenating related node
fields and event data. The symbol || denotes concatenation.

Notably, a node’s ΠO changes when new outgoing edges
are added. To update efficiently, we adopt ordering-invariant
incremental hashing [7] over a set, enabling homomorphic
addition (or subtraction) of component digests to the node’s
ΠO without recomputing the entire digest.
Dynamic Generation of ΠO. In a versioned provenance
graph, nodes are continuously added to encode system events.
Hence, a node’s outgoing path digest ΠO should be generated
dynamically as events occur. Since a newly created node has
no outgoing edges, its ΠO is initialized as H(∅).
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Figure 6: Updating outgoing path digests upon event occur-
rence. Here, ΠO denotes outgoing path digests

Dynamic Update of ΠO. Along with node creation, the graph
also generates associated temporal and dependency edges.
These components alter the outgoing path structures of con-
nected ancestors, necessitating updates to their ΠO. As shown
in Figure 6, event (2,3,"read",7) triggers the creation of node
S7

3 along with edges et
7 and e4

7. These components affect the
outgoing path structures of nodes {S0

0,S
1
1,S

3
1,S

2
2,S

4
2,S

6
3}, re-

quiring corresponding updates to their ΠO.
The update process is recursive, beginning with the imme-

diate predecessors of the newly created node.
1) Update ΠO of Immediate Predecessors: The addition

of S j
i and its associated edges expands the outgoing path

structures of their predecessors. To synchronize the changes,
we add the digest of the new elements to each predecessor p’s
original ΠO using an incremental hash function, as follows:

p.ΠO ⊕= H(s(ep→S j
i
) || S j

i .ΠO),when S j
i is added. (5)

Here, ep→S j
i

denotes the edge from p to S j
i , s(ep→S j

i
) repre-

sents the string representation of the edge and associated
nodes, and ⊕ signifies homomorphic hash addition.

2) Update ΠO of Earlier Ancestors: Updates to the im-
mediate predecessors’ ΠO recursively propagate to earlier
ancestors. Specifically, when a node n is updated, ΠO of its
predecessors should be updated accordingly. Since n typically
affects only part of its predecessors’ outgoing path structures
rather than the entire structure, we employ an incremental
hash function [7] to update the affected digests efficiently.

The update for each predecessor p of node n is defined as:

p.ΠO ⊖= H(s(ep→n) || n.ΠO)︸ ︷︷ ︸
remove old path digest related to n

⊕ H(s(ep→n) || n.Π∗
O)︸ ︷︷ ︸

add new path digest related to n

,when n is modified.
(6)

Here, ep→n is the edge from p to n, s(ep→n) denotes the string
representation of the edge and connected nodes, n.ΠO and
n.Π∗

O denotes n’s old and new outgoing path digests, and ⊖
and ⊕ denote homomorphic hash subtraction and addition.
Challenge of Exponential Digest Updates. In a versioned
provenance graph, each node connects to two predecessor
nodes via temporal and dependency edges. Thus, if paths of
length L exist, adding a node may affect the outgoing path
structures of 2L ancestors, thereby resulting in exponential di-
gest update overhead. To address this, we adopt the following
update-efficient outgoing path digests.

5.4 Segmented Outgoing Path Digests
To reduce the update overhead of outgoing path digests, we
apply the following segmentation strategies to split specific
paths at first. The strategies reduce the number and length of
paths leading to a node, ensuring that node insertion affects
fewer ancestors, thereby reducing digest update overhead.

Max 
Depth 

2     Terminal Node

system entity i's version at time j

out-path digests  maintains 

not transfer digest changes 
to predecessors

dependency relation

temporal relation

dependency treesoriginal  graph

segment

Figure 7: Segmentation strategies

1) Temporal Edge Segmentation: This strategy detaches
each temporal edge from its destination node. The original
destination is replaced with a terminal node. The terminal
node has no outgoing edges and never receives new ones, so
its outgoing path digests remain empty. To preserve logical
connectivity, it maintains a pointer to the original destination.
As shown in Figure 7, this segmentation converts the prove-
nance graph into multiple trees, where each node has only one
incoming dependency edge. Consequently, when a node is



created, only its ancestors along a single path require updates,
reducing the update overhead to linear complexity.

2) Deep Tree Segmentation: While the above strategy re-
duces digest update complexity by forming smaller trees,
updates still become time-consuming if trees grow too deep.
To address this, we define a segmentation depth L. If a depen-
dency edge causes the dependency depth of a tree to exceed
L, the edge and connected nodes are moved into a new tree.

After segmentation, each node’s outgoing path digest over
the segmented paths (Πsg

O ) can be computed using Equation 4.
Similar to the original ΠO, a node’s Π

sg
O is initialized as H(∅)

when a new event triggers its creation.

Case #1: Event (1, 2, "read", 6) occurs Case #2: Event (2, 4, "read", 6) occurs

Update 

U
pdate 

depth  2
seg

new

Update 

depth > 2new

Figure 8: Updating segmented outgoing path digests Π
sg
O upon

event occurrence. Here, the tree segmentation depth is 2.

Dynamic Update of Π
sg
O . As with the original outgoing path

digests, Π
sg
O should be dynamically updated when associated

dependency and temporal edges are added to the graph. How-
ever, the update process is more complex, as edge additions
may trigger different structural changes and corresponding
update procedures. According to segmentation strategies, the
temporal edge does not increase the tree’s dependency depth
and thus remains within the original tree. Thus, affected an-
cestors’ Π

sg
O can be directly updated using Equations 5 and 6.

In contrast, the dependency edge increases the dependency
depth of the tree. As shown in Figure 8, this may result in two
structural changes, each requiring a distinct update:

1) Case #1. If the dependency edge ed does not increase
the tree depth beyond the threshold L, the edge and its con-
nected nodes remain in the tree. In this case, Π

sg
O of connected

ancestors can be updated using Equations 5 and 6.
2) Case #2. If the dependency edge ed increases the tree

depth beyond the threshold L, the edge is moved to a new
tree. The connected nodes S5

2 and S6
4 are also transferred to

the new tree, and the original position of S5
2 in the old tree is

replaced with a terminal node. Structural changes in the old
and new trees affect different nodes. In the original tree, the
added terminal node influences its ancestors S0

0 and S4
1, while

in the new tree, the new edge ed affects only root S5
2. To ac-

commodate the changes, we update Π
sg
O of the affected nodes

in the old and new trees using Equations 5 and 6, respectively.
In summary, compared to original outgoing path digests

with exponential update overhead, the use of segmented out-
going path digests reduces this overhead to linear complexity

O(L), where L is the predefined tree segmentation depth.

5.5 Forward Causality Relation Validation
Proof. A node’s outgoing path digest ΠO represents the hash
of all components along its outgoing paths (i.e., forward
causally related components). Thus, ΠO of a node and its
forward-connected nodes can serve as a cumulative proof of
its forward causality relations. In practice, however, the proof
process may be more complex, as segmented outgoing path
digests Π

sg
O are often used instead of ΠO for efficiency.

A node’s segmented outgoing path digest Π
sg
O captures only

the components within a single dependency tree and does not
encompass all forward causally connected components. There-
fore, utilizing the node’s Π

sg
O is insufficient for validating its

complete causality relations. To ensure full validation, Π
sg
O of

roots from subsequent connected trees should be utilized to
validate the remaining components. Notably, to confirm the
authenticity of the Π

sg
O , node proofs of the roots should also

be retrieved from the graph accumulator.

verify node

verify node

continue 

with proof with proof 
Verify Tree 2

Verify Tree 1

Verify Tree 3

with proof 

validation

Figure 9: Forward relation validation with Π
sg
O

Validation. Figure 9 illustrates the validation process using
segmented outgoing path digests Π

sg
O . The process begins

by using the initial node’s Π
sg
O to validate forward causally

related components within the dependency tree 1. If success-
ful, the roots of subsequent trees (i.e., S2

2 and S5
2) are then

validated using node proofs from the graph accumulator. To
enhance the efficiency of this process, temporal range proofs
can be applied to enable batch validation for these roots (see
Appendix A.2). Once the roots are validated, their Π

sg
O are

then used to verify the remaining connected components. The
detailed validation algorithm is given in Algorithm 5.

6 Verifiable Causality Analysis System

By integrating our graph accumulators and versioned prove-
nance graphs, VCAUSE provides complete proofs for causality
analysis. The system involves three parties—endpoint loggers,
a cloud, and a security administrator—and supports four core
operations: event recording, commitment, causality analysis
proof, and validation, as described below:
Event Recording. When a system event occurs, the endpoint
logger updates its local verifiable versioned provenance graph
by creating a new node representing the current system entity
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version, along with its associated temporal and dependency
edges. It then computes the node’s incoming and (segmented)
outgoing path digests and updates the digests of affected
ancestors (see § 5.1 and § 5.4).
Commitment. To enable timely validation, each endpoint log-
ger periodically commits node changes during event recording
into the Merkle trees of a graph accumulator (§ 4.3). It then
signs the tree root R along with the current timestamp t to
produce a fresh signature σR. The tuple (R, t,σR) serves as
the cryptographic commitment to the entire graph and is sent
to the cloud along with the corresponding event logs.
Causality Analysis Proof. To generate proofs for causality
analysis queries, the cloud reconstructs a verifiable versioned
provenance graph and a graph accumulator from the logs
of each endpoint. As shown in Figure 10, upon receiving a
query for an endpoint’s system entity at a given timestamp,
the cloud first locates the corresponding graph node (i.e., S4

1)
and its causally related components. It then uses the accu-
mulator to generate a proof for the node (§ 4.2) and collects
its incoming and outgoing path digests as evidence of back-
ward and forward causal relationships (§ 5.2 and § 5.5). If
segmented outgoing digests are applied, the forward causally
related components may be segmented accordingly. For com-
pleteness, the cloud also needs to retrieve node proofs of the
corresponding segmented tree roots from the accumulator.
Causality Analysis Validation. To validate causality analysis
results, the administrator retrieves the latest cryptographic
graph commitment from the cloud and verifies its signature.
If valid, the administrator validates the queried node using its
node proof (§ 4.2), and then validates backward and forward
causally related components with the node’s incoming and
(segmented) outgoing path digests (§ 5.2 and § 5.5).

7 Security Analysis

We follow the notion of existential unforgeability under cho-
sen message attacks (EUF-CMA) [18] to define the security of
VCAUSE against an adaptive adversary A that can add, delete,
or modify components in causality analysis results. The prop-
erty is formalized via the following game ForgeVCAUSE

A (k):

1) Causality Analysis Challenges. A makes a polynomial
number of queries Q to the causality analysis oracle. For
each query q ∈ Q, the oracle identifies a point-of-interest
node n and returns its backward and forward causally related
components: {V→n,E→n} and {Vn→,En→}. Additionally, it
provides the corresponding commitment (R, t,σR) and the
node proof ρn for n. The internal incoming and outgoing path
digests of n are treated as its causality analysis proofs.

2) Forgery. A outputs a forged causality analysis re-
sult C∗ = {n∗,{V ∗

→n,E
∗
→n},{V ∗

n→,E∗
n→}} for a query q∗ /∈ Q,

along with a forged proof ρ∗
n and a commitment (R∗, t∗,σ∗

R).
3) Verification. A submits the forged results C∗, proof ρ∗

n,
and commitment (R∗, t∗,σ∗

R). The challenger first validates
the signature of the commitment. It then checks whether C∗

and ρ∗
n are valid with respect to q∗. If all verifications pass,

the adversary wins the game and outputs 1.

Definition 2 (Unforgeability of Causality Analysis Re-
sults) We say VCAUSE achieves unforgeability of causality
analysis results if, for any polynomial-time adversary A :

Pr(ForgeVCAUSE
A (k) = 1)≤ negl(k) (7)

where negl(k) denotes a negligible function.

Now, we give the following security theorem. (formal se-
curity theorem and proof can be found in Appendix D)

Theorem 1 VCAUSE achieves unforgeability of causality
analysis results if the signature scheme is EUF-CMA-
secure [18], the Merkle tree structure is position-binding [11],
and the verifiable versioned provenance graph upholds
causality relation unforgeability (Appendix D.1).

8 Experimental Evaluation

Implementation. We implement a prototype of VCAUSE in
3,500 lines of C++ code using OpenSSL 1.1.1w [49]. The
graph accumulator adopts a hierarchical indexed Merkle tree
built with SHA3-256 hash function, while digests in the ver-
sioned provenance graph leverage an incremental hash func-
tion [7]. To generate a cryptographic commitment for the
graph, the Merkle root is signed using ECDSA [34].

Table 1: Summary of datasets. |V | and |E| denote the number
of versioned nodes and edges in versioned provenance graphs
built from a dataset. SS. denotes the StreamSpot dataset.

Dataset # of
Endpoints

Avg # of
Events Avg |V| Avg |E|

SS. 600 149K 149K 290K

OpTC 1,000 17M 17M 32M

Datasets. We evaluate VCAUSE on two real-world endpoint
auditing datasets: DARPA OpTC [17] and StreamSpot [46],



both containing large volumes of realistic system event logs.
Table 1 summarizes their key statistics. The StreamSpot
dataset contains system events from six simulated web brows-
ing scenarios, each executed 100 times. On average, each
execution yields thousands of event logs. In our experiments,
we treat these 600 executions as logs from 600 endpoints. The
OpTC dataset, produced by DARPA’s Transparent Computing
(TC) program, includes over 17 billion events collected from
1,000 real hosts over six days in an enterprise network.

Experiments are performed on a Ubuntu 22.04 PC with 4
Intel Xeon 3.60GHz processors and 32GB RAM. The eval-
uation covers (i) efficiency of proposed authenticated data
structures (§ 8.1 and § 8.2); (ii) VCAUSE’s computational
costs (§ 8.3); (iii) runtime overhead under realistic deployment
settings (§ 8.4); (iv) communication and storage costs (§ 8.5).

8.1 Efficiency of Graph Accumulators

Recall that the computational cost of our accumulators mainly
depends on the number of accumulated nodes. To evaluate
its efficiency, we use data from an endpoint in the larger
dataset (OpTC), yielding a versioned provenance graph with
25 million nodes. We then measure the execution time of four
operations: insertion, update, proof generation, and validation.
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Figure 11: Performance of graph accumulators. Here, MPT
refers to the Merkle B+ tree-based accumulator, while DIM-
Tree denotes our DIM-Tree-based accumulator.

Notably, our accumulator adopts a tailored dynamic Merkle
tree, DIM-Tree, which supports efficient node insertion with
O(1) amortized time complexity. To evaluate its efficiency,
we implement a baseline accumulator using a conventional
dynamic Merkle tree (Merkle B+ tree) and compare both
designs using the same 25-million-node dataset.
Node Insertion. Figure 11.(a) presents the insertion time for
different node counts. Compared to the Merkle B+ tree-based
design, our DIM-Tree-based accumulator demonstrates sig-
nificantly faster performance. Its insertion time grows linearly
with the number of nodes, confirming an average constant
cost per insertion. In total, inserting 25 million nodes takes
≈ 14 seconds, with each insertion costing about 0.57 µs.
Node Update. The time of updating a node in the accumulator
depends on the number of internal nodes. To assess this, we
measure the update latency across different internal sizes. As
shown in Figure 11.(b), the update time of both accumulators
increases with the number of internal nodes. Particularly, our
DIM-Tree-based accumulator achieves slightly lower update
time than the Merkle B+ tree-based accumulator.
Node Proof. To comprehensively evaluate the proof time for
both single-node and temporal range queries, we vary the
number of stored nodes in each accumulator and generate
proofs for 1,000 single-node and temporal range queries. Fig-
ures 11.(c) and 11.(d) show the average proof time for both
query types. We observe that the proof time increases with
the number of internal nodes.
Node Validation. We evaluate the validation time for both
single-node and temporal range queries. Recall that validation
time depends on both the size of the original tree and the
number of queried nodes (see § 4.2 and Appendix A.2). To
comprehensively assess this cost, we vary the internal size of
each accumulator, generate proofs for 3,000 single-node and
temporal range queries, and perform validation. Particularly,
temporal range queries are grouped into three scales: 103, 104,
and 105 successive nodes within a given timestamp range.
Figures 11.(e) and 11.(f) show the average validation time
for single-node and temporal range queries, respectively. The
results indicate that single-node validation time primarily
increases with the number of internal nodes, while temporal
range validation time scales with the number of queried nodes.

8.2 Performance of Verifiable Versioned Prove-
nance Graphs

We evaluate our verifiable versioned provenance graphs by
constructing two graph instances from logs in StreamSpot
and OpTC, containing 716K and 25M nodes, respectively. For
both graphs, we measure the generation and update time of
incoming and outgoing path digests during construction.
Digest Generation. A node’s incoming and outgoing path
digests are generated immediately upon its creation. Specifi-
cally, the outgoing path digest is always initialized to H(∅),
while the incoming path digest is computed based solely on



Table 2: Average generation time of path digests

Operation StreamSpot OpTC

Incoming path digest generation 1.59 µs 1.64 µs
Outgoing path digest generation 1.34 µs 1.37 µs

the node’s intermediate predecessors. Thus, their generation
time is independent of the graph structure. Results from the
StreamSpot and OpTC datasets confirm this. As shown in
Table 2, the average generation time for both digests remains
consistent across datasets, ranging from 1 to 2 µs.
Digest Update. We do not consider the update of incoming
path digests as they remain unchanged once generated due
to properties of versioned provenance graphs (see § 5.1). Our
experiments focus on measuring the update time of outgoing
path digests (ΠO). According to Equations 5 and 6, the update
process is triggered by node insertion. The insertion changes
the outgoing paths of connected ancestors, necessitating up-
dates to their ΠO. Thus, the overall update time grows with
the graph size, since larger graphs tend to have more affected
ancestors. To assess this impact, we generate graphs of vary-
ing sizes from StreamSpot and OpTC datasets. Figure 12.(a)
shows the average update time of ΠO across these graphs,
revealing a substantial increase as graph size grows.

Additionally, we evaluate the update time of segmented
outgoing path digests (Πsg

O ), which are optimized variants of
the original ΠO. These digests are generated based on graph
segmentation strategies, reducing the update time to linear
complexity O(L), where L is the predefined segmentation
depth (§ 5.4). To assess the impact of L, we vary its value and
measure the corresponding average update time for Π

sg
O . The

results, shown in Figure 12.(a), indicate that Π
sg
O consistently

achieves significantly lower update time than the original ΠO
across all tested values of L. Moreover, the update time is
nearly independent of graph size and primarily determined by
L: smaller values of L lead to lower update time costs.
Causality Relation Proof. We evaluate the execution time of
causality relation proof operations based on the incoming and
outgoing path digests (ΠI and ΠO). To assess the time across
different graph structures, we construct two graph instances
using data from OpTC and StreamSpot. For each graph, we
generate forward and backward causality relation proofs for
1,000 randomly selected nodes and record the proof time.
The results, shown in Figures 12.(b) and 12.(c), show that the
proof time for both types of proofs scales proportionally with
the number of connected nodes.

Notably, forward causality proofs can also be derived from
segmented outgoing path digests (Πsg

O ). We therefore addition-
ally measure the corresponding proof time. Recall that each
node’s Π

sg
O captures only components within a segmented tree

and does not extend to subsequent trees. Thus, generating a
complete proof may require retrieving node proofs of seg-
mented tree roots from the graph accumulator (§ 5.5), poten-
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Figure 12: Performance of verifiable versioned provenance
graphs

tially making the process slower than using ΠO directly. Typi-
cally, the proof time is affected by the predefined tree segmen-
tation depth L. To evaluate this effect, we vary L and record
the corresponding proof time, as shown in Figure 12.(c). In-
terestingly, the proof time using Π

sg
O is comparable to that

of ΠO, and remains nearly independent of the segmentation
depth. This is likely because the overhead of retrieving node
proofs constitutes only a small fraction of the total time.
Causality Relation Validation. Based on the generated
proofs, we validate forward and backward causality relations
and record the corresponding validation time. As shown in
Figures 12.(b) and 12.(c), the validation time is proportional to
the number of validated nodes. Moreover, it remains similar re-
gardless of whether the proofs are generated from segmented
or unsegmented outgoing path digests (Πsg

O and ΠO).
Remark. Figures 12.(a)–(c) show that segmented outgoing
path digests substantially reduce update time while preserving
similar proof and validation time to unsegmented ones. A
segmentation depth of 1 offers the best trade-off, minimizing



update time with negligible overhead in proof and validation.

8.3 Computational Cost of VCAUSE

Based on prior experimental results, we evaluate the computa-
tional cost of the entire VCAUSE workflow. We configure the
underlying verifiable graphs with the optimal setup—using
segmented outgoing path digests and a segmentation depth
of 1. To assess VCAUSE in practice, we set up two endpoint
auditing environments using data from 600 and 1,000 distinct
endpoints in StreamSpot and OpTC. In these environments,
we measure key VCAUSE operations: event addition, commit-
ment, causality proof generation, and validation.
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Figure 13: Computational cost of VCAUSE

Event Recording. Figure 13.(a) shows the average event
recording time per endpoint. The results indicate that the
recording time scales linearly with the number of recorded
events. Additionally, it remains similar across datasets: for
both StreamSpot and OpTC, the per-event recording time
ranges from 4 to 6 µs. Notably, compared to the entire six-day
duration of the OpTC dataset, VCAUSE records 25 million
events in just 119 seconds—introducing negligible overhead.
Commitment. Recall that each endpoint periodically uses
the graph accumulator to commit node changes during event
recording (see § 6), enabling timely validation. For endpoints
with high event volumes, the commitment frequency affects
throughput: overly frequent commitments may redundantly

process repeated changes to the same nodes, degrading per-
formance, whereas an appropriate interval allows multiple
changes to be merged into a single commitment. To evaluate
this, we vary the interval between successive commitments
and measure throughput. As shown in Figure 13(b), through-
put increases with longer intervals. However, longer intervals
may also increase the latency of validating the latest results,
indicating a performance trade-off in selecting the interval.
Overall, all tested intervals achieve acceptable throughput,
ranging from 105 to 8×105 node changes per second.
Causality Analysis Proof and Validation. We issue 1,000
random forward and backward causality analysis queries on
endpoint logs and record the corresponding proof genera-
tion time. As shown in Figures 13.(c) and (d), the time for
both forward and backward proofs increases with the number
of queried nodes. Overall, both operations are efficient, e.g.,
generating a forward proof over 105 nodes takes only 49 ms.
Based on the generated proofs, we measure the execution time
of causality analysis validation. As shown in Figures 13.(c)
and 13.(d), the validation time also scales proportionally with
the number of validated nodes.
Comparison with Enclave-based Validation. To demon-
strate the efficiency of VCAUSE, we implement an SGX
enclave-based causality analysis system and compare it with
VCAUSE using 1,000 random forward queries on 2 GB of
OpTC endpoint data. To enable the enclave to process and
validate logs at this scale, we partition the logs into chunks
and generate an HMAC per chunk. The results show the
enclave-based approach incurs an average latency of 2408
ms, whereas VCAUSE requires only 3.08 ms. As noted in
§ 2.2, this gap stems from substantial enclave context-switch
overhead during full log ingestion, integrity validation, and
large-scale graph queries.

8.4 Runtime Overhead in Practice

To evaluate VCAUSE’s runtime overhead in realistic deploy-
ments, we integrate it into endpoint systems using two widely
used open-source Linux loggers: auditd [55] and Falco [47].
At runtime, VCAUSE ingests system event logs from these
loggers and processes them in real time. Following prior re-
sults, VCAUSE is configured with segmented outgoing path
digests (depth 1) and a commitment interval of 1,000 events.

Since real-world systems often run applications under high
workloads, VCAUSE may introduce performance interference.
To evaluate this, we deploy two common web application
environments: Apache 2 [5] and Nginx [48], each hosting a
WordPress website [62]. We then use Apache Bench [23] to
issue 10,000 requests with 10 threads and measure the av-
erage execution time per request. Furthermore, we evaluate
compute-intensive workloads from seven programs from the
NAS Parallel Benchmarks. As shown in Table 3, when auditd
is used as the logger, VCAUSE introduces less than 1% over-
head compared to the baseline. Similar results are observed



Table 3: Runtime overhead of VCAUSE in realistic deploy-
ments. We use Apache Bench to issue 10,000 requests with 10
threads on Apache2 and Nginx, and run seven programs from
NAS Parallel Benchmarks, reporting the average execution
time per request (or run) when auditd is used as the logger.

Application Baseline with VCAUSE Overhead

Apache2 17.127 ms 17.146 ms 0.11%
Nginx 15.765 ms 15.780 ms 0.10%
NAS-bench 41.211 s 41.354 s 0.35%
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Figure 14: CDF of causality analysis time

with the Falco logger (see Table 5 in Appendix E).
Based on endpoint logs generated by the benchmarking

tool, we further evaluate the overhead of cloud-side causality
analysis. For comparison, we implement a baseline causal-
ity analysis system without validation. Both systems process
1,000 randomly selected queries, and we record their execu-
tion time. Figure 14 shows the cumulative distribution func-
tion (CDF) of causality analysis time, indicating that VCAUSE
incurs only minor overhead while achieving the same propor-
tion of queries. On average, the overhead of forward and
backward proof generation is 3.36% and 8.92%, respectively.

8.5 Communication and Storage Costs
We run VCAUSE on the StreamSpot and OpTC datasets to
evaluate its communication and storage costs at scale. We
first measure the communication cost between endpoints
and the cloud, focusing on the size of cryptographic com-
mitments (i.e., the signed Merkle tree root and associated
metadata) transmitted during each commitment. As shown
in Figure 15.(a), this cost remains constant at roughly 108
bytes, introducing negligible overhead relative to raw log
transmission—below 1.2% when more than 102 logs are sent.

We also evaluate the communication cost between the
cloud and the administrator, which includes causality analysis
results and the additional proof data introduced by VCAUSE.
Specifically, we simulate 1,000 random forward and back-
ward queries and record the corresponding costs. As shown in
Figure 15.(b), the proof data incurs only minor overhead rela-
tive to the returned results. Particularly, the proof size grows
slightly with the number of returned nodes. This is because
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only the proof for partial nodes and associated path digests
need to be returned for validation (see § 6).

Table 4: Average storage cost per endpoint. ADS refers to the
authenticated data structures introduced by VCAUSE.

Dataset Original Graph ADS Overhead

StreamSpot 41.85 MB 8.29 MB 19.81%

OpTC 15.76 GB 1.10 GB 6.98%

To assess VCAUSE’s storage cost, we measure the size of
the authenticated data structures (i.e., graph accumulators and
path digests of nodes) stored in the cloud. Since forward and
backward validations are always performed jointly on prove-
nance graphs, we apply an optimization that merges each
node’s incoming and outgoing digests into a single digest.
Table 4 reports the average storage per endpoint. Compared
to the original graph data, VCAUSE introduces only modest
overhead from authentication data. For the OpTC dataset,
the overhead is 6.98%, which we view as more representa-
tive of practical storage requirements, since OpTC captures
real-world, system-wide endpoint logs, while StreamSpot pri-
marily contains logs collected in a controlled lab environment.

9 Discussion

Integration with Causality Analysis Variants. VCAUSE fo-
cuses on providing validation for the general form of causality



analysis, while also supporting integration with advanced vari-
ants that prune or prioritize analysis paths [20, 28, 39, 42, 45].
Notably, VCAUSE’s causality analysis results encompass the
outputs of these variants. Thus, users can use VCAUSE to first
verify the complete subgraph related to a point-of-interest
node and then pass it to downstream methods for refinement.
To further reduce overhead, endpoints can selectively include
only critical components in the verifiable graph.

10 Conclusion

This paper introduces VCAUSE, an efficient verifiable causal-
ity analysis system for cloud-based endpoint auditing. It
employs two tailored authenticated data structures: a veri-
fiable versioned provenance graph and a graph accumulator.
The graph accumulator enables proof generation for point-of-
interest node queries, while the provenance graph uses incom-
ing and outgoing path digests to provide proofs for associated
causality relations. Security analysis and experimental results
demonstrate the security and efficiency of VCAUSE.
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Ethical Considerations

Stakeholders and Potential Impacts. This work proposes a
verifiable causality analysis framework for cloud-based end-
point auditing. In this context, the stakeholders include end-
point users whose activities generate audit logs, enterprise
security operators, cloud service providers, and the broader
security and academic communities. The expected impacts of
this work are enhanced integrity, transparency, and trustwor-
thiness in cloud-based endpoint auditing, leading to greater
accountability for service providers and stronger resilience
against malicious behaviors.
Dual-Use Considerations and Mitigations. While the frame-
work is designed for defensive auditing, verifiable provenance-
based causality tracking could, in principle, be misused for
intrusive monitoring if deployed without proper safeguards.
To mitigate such risks, all experiments were conducted in con-
trolled lab environments and used publicly available datasets
that contain no sensitive raw user information. The system

design adheres to the principle of least privilege and col-
lects only the necessary system-call logs required for verifica-
tion. In deployment, endpoint loggers can be configured with
privacy-aware policies to control the scope of log collection.
Ethical Reasoning for Publication. With reasonable configu-
rations—such as limited log collection and privacy controls—
the framework poses low risk while significantly improving
transparency and accountability in cloud-based endpoint au-
diting. We believe its publication can support community
efforts toward more trustworthy and responsible auditing.

Open Science

To comply with open science principles, we make our code
and associated materials publicly available through open
repositories. In particular, our prototype implementation,
data preprocessing scripts, and test datasets are accessible
at https://doi.org/10.5281/zenodo.17908629, en-
abling others to review, build upon our work, and validate the
associated results.
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A Proofs for Node Queries

Algorithm 1: Search and Proof in Hierarchical Trees
Input: Global and local tree roots rG, rL, the queried

entity s and temporal relation r ∈ {′⪯ t ′,′⪰ t ′},
and the proof (ρG, ρL).

Output: A boolean value and the matched node.
1 Function GlobalSearch(rG,s,ρG):
2 if rG is a leaf node then
3 if rG.leaf.min == s then
4 return True, rG; ▷ exact matching

5 return False, rG;

6 if s ∈ [rG.left.min, rG.left.max] then
7 ρG.Append(rG.right);
8 return GlobalSearch(rG.left, s,ρG);

9 else if s ∈ [rG.right.min, rG.right.max] then
10 ρG.Append(rG.left);
11 return GlobalSearch(rG.right, s,ρG);

12 else ▷ not in left and right subtrees
13 ρG.Append(rG);
14 return False, rG;

15 Function LocalSearch(rL,r,ρL):
16 if rL is a leaf node then
17 return True, rG; ▷ fuzzy matching

18 if (r = ⪯ t and t ∈ [rL.left.min, rL.right.min)) or (r
is ⪰ t and t ≤ rL.left.max) then

19 ρL.Append(rL.right);
20 return GlobalSearch(rL.left, r,ρL);

21 else if r is ⪯ t and t ≥ rL.right.min or (r is ⪰ t
and t ∈ (rL.left.max, rL.right.max]) then

22 ρL.Append(rL.right);
23 return GlobalSearch(rL.left, r,ρL);

24 else ▷ all subtrees not satisfy r
25 ρL.Append(rL); return False, rL;

A.1 Single-Node Proof
Membership Proof. For a single-node query N(s,r), the
membership proof is generated by searching the global tree

https://sematext.com/glossary/auditd/
https://docs.broadcom.com/doc/endpoint-detection-and-response-atp-endpoint-en
https://docs.broadcom.com/doc/endpoint-detection-and-response-atp-endpoint-en
https://wordpress.org/


for the system entity keyword s and the local tree for the
temporal relation r. These searches are implemented by two
recursive functions, GlobalSearch and LocalSearch, as shown
in Algorithm 1. GlobalSearch performs an exact search using
s, while LocalSearch conducts a fuzzy search based on the
temporal relation r ∈ {⪯ t,⪰ t}.
Non-Membership Proofs. A non-membership proof for a
node query N(s,r) is represented as a tuple (ρ̃G, ρ̃L), where
ρ̃G is obtained by searching the global tree for the entity
keyword s, and ρ̃L is obtained by searching the corresponding
local tree for the temporal relation r. Two cases may arise:

1) Condition #1. No node matches s, and the search termi-
nates in the global tree. The proof contains only ρ̃G, consisting
of the sibling nodes along the search path.

2) Condition #2. Nodes matching s exist, but none satisfy
r. The search reaches the local tree of s but terminates with-
out a match for r. The proof contains both ρ̃G and ρ̃L, each
comprising the sibling nodes encountered in the global and
local trees, respectively.

A.2 Entity-Temporal Range Proof
We now extend our graph accumulator to provide proofs
for temporal range queries associated with an entity, i.e.,
Q(s, [a,b]), where s denotes the entity ID and [a,b] indicates
a closed timestamp range.
Entity-Temporal Range Proofs. The proofs are structured
as a tuple (ρG,(ρ

l
L,ρ

r
L)), where ρG is a proof derived from

the global tree, and (ρl
L,ρ

r
L) represent range proofs from the

corresponding local tree. Specifically, ρl
L and ρr

L together
prove the integrity of successive versioned nodes spanning
the temporal range [a,b]. Notably, when a = b, the proof
(ρG,(ρ

l
L,ρ

r
L)) becomes equivalent to a single-node proof.
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Figure 16: Temporal range proof

Figure 16 illustrates the generation of the proof tuple
(ρG,(ρ

l
L,ρ

r
L)) for query Q(s, [a,b]). The proof ρG is gener-

ated through an exact search in the global tree. Siblings en-
countered along the search path are included in ρG. The local
range proofs ρl

L and ρr
L are derived from separate searches in

the local tree of s for the leftmost and rightmost nodes whose

Algorithm 2: Proving Nodes for Entity-Temporal
Range Query Q(s, [a,b])

Input: The root r of the global tree, the queried system
entity s, the root rs of system entity s’s local
tree, and the queried timestamp range [a,b].

Output: A boolean value indicating node existence,
and the temporal range proof (ρG,(ρ

l
L,ρ

r
L)).

1 ρG = [];
2 sts,ns = GlobalSearch(r,s,ρG);
3 if sts == False then
4 return False, (ρG,(∅,∅));

5 ρl
L = [],ρr

L = [];
6 sta, lmost = LocalSearch(rs,

′⪰ a′,ρl
L);

7 stb, rmost = LocalSearch(rs,
′⪯ b′,ρr

L);
8 ρl

L = Le f tSib(ρl
L), ρr

L = RightSib(ρr
L);

9 if rmost.time > a or lmost.time < b then
10 return False,(ρG,(ρ

l
L,ρ

r
L));

11 return True, (ρG,(ρ
l
L,ρ

r
L));

timestamp keywords are within the range [a,b]. The left-hand
siblings along the search path to the leftmost are integrated
into ρl

L, while the right-hand siblings along the path to the
rightmost are incorporated into ρr

L.
For a query Q(s, [a,b]), the corresponding proof genera-

tion algorithm is shown in Algorithm 2, which leverages the
GlobalSearch and LocalSearch described in Algorithm 1.
Validation. Given a temporal range proof (ρG,(ρ

l
L,ρ

r
L)) and

the queried nodes, the verifier reconstructs the search path
and tree structure. The proof is valid if the reconstructed
root matches the committed root. To verify that the queried
nodes satisfy Q(s, [a,b]), the verifier checks that they lie in the
local tree of s and that their timestamp keywords fall within
[a,b]. Notably, using temporal range proofs enables efficient
batch verification of m nodes. Verifying nodes individually
incurs O(m logN) complexity, whereas batch verification with
temporal range proofs reduces this cost to O(m).

Algorithm 3: DIM-Tree Node Insertion Operation
Input: A new leaf node t, the leaf node vector L, and a

stack storing previous subtree roots s.
Output: a new stack s.

1 L.Append(t);
2 while s.Empty() do
3 if s.top.height ̸= t.height then
4 break;

5 t = TreeMerge(s.top, t);
6 t.height+= 1; s.Pop();

7 s.Push(t);
8 return s;



B Node Insertion Algorithm in DIM-Tree

Algorithm 3 shows the node insertion in DIM-Tree.

C Algorithms of Causality Relation Validation

Algorithm 4: Validating Backward Causality Rela-
tions for a Given Node

Input: a node n, its backward causally related nodes
and edges {V→n,E→n}, and the hash function
H(·).

Output: a boolean variable.
1 Function Main(n, {V→n,E→n}):
2 original = n.ΠI ;
3 DFSInDigest(n, {V→n,E→n}, {});
4 if n.ΠI == original then
5 return True;

6 return False;

7 Function DFSInDigest(n,{V→n,E→n},visited):
8 if n ∈ visisted then
9 return;

10 visited.Add(n);
11 byte =′′;
12 for e ∈ n.Ein do
13 if e /∈ E→n or e.src /∈V→n then
14 return;

15 DFSInDigest (e.src);
16 byte ||= str(e) || e.src.ΠI ;

17 n.ΠI = H(byte);

Algorithm 4 and 5 detail the process of validating a node
n’s forward and backward causality relations using incoming
and segmented outgoing path digests.

D Detailed Security Definitions and Proofs

D.1 Security of Verifiable Versioned Prove-
nance Graphs

We follow the preimage resistance property of hash functions
to define the key security property of our verifiable versioned
provenance graphs, i.e., causality relation unforgeability. It is
formalized via the following game ForgevGraph

A (k):
1) Setup. The challenger initializes system parameters.
2) Challenge. The challenger selects a node n and sends

its backward and forward causally related nodes and edges
{V→n,E→n} and {Vn→,En→} to A .

3) Forgery. The adversary A attempts to add, delete, or
modify a node and edge in either {V→n,E→n} or {Vn→,En→},
then sends them back to the challenger.

Algorithm 5: Validating Forward Causality Relations
for a Given Node

Input: a node n, its forward causally related nodes and
edges {Vn→,En→}, temporal range node proofs
P, and the hash function H(·).

Output: a boolean variable.
1 Function Main(n, {Vn→,En→}):
2 rts = ExtractRoot(Vn→);
3 NodeVerify(rts, P);
4 foreach s ∈ {n}

⋃
rts do

5 original = s.Πsg
O ;

6 DFSOutDigest(s, {V→n,E→n}, {});
7 if s.Πsg

O ̸= original then
8 return False;

9 return True;

10 Function DFSOutDigest(n,{Vn→,En→},visit):
11 if n ∈ visit then
12 return;

13 if n is a terminal node then
14 return;

15 visit.Add(n);
16 byte =′′;
17 for e ∈ n.Eout do
18 if e /∈ En→ or e.dst /∈Vn→ then
19 return;

20 DFSOutDigest (e.dst);
21 byte ||= str(e) || e.dst.Πsg

O ;

22 n.Πsg
O = H(byte);

4) Validation. The challenger examines n’s forged causally
related nodes and edges, {V ∗

→n,E
∗
→n} and{V ∗

n→,E∗
n→}, using

n’s incoming and outgoing path digests, respectively. If the
validation succeeds, A wins the game and outputs 1.

Definition 3 (Causality Relation Unforgeability) A verifi-
able versioned provenance graph achieves causality relation
unforgeability if, for any polynomial-time adversary A:

Pr(ForgevGraph
A (k) = 1)≤ negl(k) (8)

where negl(k) denotes a negligible function.

Now, we give the following security theorem and proofs.

Theorem 2 A verifiable versioned provenance graph
achieves causality relation unforgeability if the used hash
function is second-preimage resistant.

Proof. Case #1: Suppose the adversary A adds, deletes, or
modifies a node or edge within the backward causality set
V→n,E→n. If there exists a path of length l from the queried
node n to the tampered node or edge, then there should exist



at least one intermediate node ni along the path for which the
following condition holds:

Let the original incoming path string of ni be defined as:

m = {(s(e) ∥ e.src.ΠI) | e ∈ ni.Ein}

After tampering, the string becomes m∗. To win the game, A
should ensure that the resulting hash digest H(m∗) equals the
original digest ni.ΠI = H(m), in order to pass the validation
described in § 5.2. Given this equality, the adversary B can
construct a second-preimage attack by outputting the pair
(m,m∗) such that m ̸= m∗ and H(m) = H(m∗).

Case #2: If the added, deleted, or modified node or edge
is within {Vn→,En→}, the construction for B is similar to the
first case. That is, the modified outgoing path digest ni.ΠO
after tampering yields another second-preimage attack pair
(m,m∗) satisfying H(m) = H(m∗) and m ̸= m∗.

In conclusion, if the hash function is second-preimage
resistant—meaning that the probability of such an attack suc-
ceeding is negligible—then the verifiable versioned prove-
nance graph achieves causality relation unforgeability. □

D.2 Security of VCAUSE

We now present the security proof for VCAUSE’s core security
property, i.e., the unforgeability of causality analysis results
(Theorem 1). For simplicity, we focus on VCAUSE with unseg-
mented outgoing path digests. The analysis naturally extends
to the segmented setting, where validation involves multiple
analogous sub-validations over segmented trees.
Proof for Theorem 1. We prove the unforgeability of causal-
ity analysis results via a standard hybrid argument over four
games, G0–G3, where G0 refers to the original ForgeVCAUSE

A
game. Each subsequent game modifies the previous one using
a simulator S that emulates the signature scheme, Merkle tree,
and verifiable versioned provenance graph.

1) Game G0. G0 is equivalent to the original ForgeVCAUSE
A

game, except that it immediately outputs 1 (a win for the ad-
versary) whenever a successful forgery is detected, regardless
of which cryptographic component is compromised. Hence,

Pr[ForgeVCAUSE
A (k) = 1]≤ Pr[G0 = 1]. (9)

From A , we can construct three adversaries B1, B2, and B3
that attack the signature, Merkle tree, and provenance graph.

2) Game G1. This game is identical to G0, except that S
now simulates the signature scheme. Verification on (R, t,σR)
is replaced by checking bookkeeping records; unmatched
or invalid signatures are rejected. As S perfectly simulates
signing, B1 has negligible advantage. Hence, comparing G0
and G1, we have:

|Pr[G1 = 1]−Pr[G0 = 1]| ≤ Adv∗B1
sign. (10)

3) Game G2. G2 is identical to G1, except that S now simu-
lates the Merkle tree. For each node n, if proof ρn mismatches

the recorded data or the queried value, verification rejects. As
S can perfectly simulate the Merkle tree behavior, B2 cannot
win a forgery game against the Merkle tree structure. Thus,

|Pr[G2 = 1]−Pr[G1 = 1]| ≤ Adv∗B2
Merkle. (11)

4) Game G3. S further simulates the verifiable provenance
graph. The validation of node n’s causally related compo-
nents is replaced by a check against bookkeeping records; For
node n, if its backward or forward components {V→n,E→n} or
{Vn→,En→} mismatch their paths, verification rejects. Hence,

|Pr[G3 = 1]−Pr[G2 = 1]| ≤ Adv∗B3
vGraph. (12)

5) Conclusion. By summing up the above results, we have:

Pr[ForgeVCAUSE
A = 1]≤ Pr[G0 = 1]≤ Advsign

B1

+AdvMerkle
B2

+AdvvGraph
B3

+Pr[G3 = 1]
(13)

All cryptographic components in G3 are perfectly simulated,
preventing any forgery; hence Pr[G3 = 1] = 0. The adver-
sary’s overall advantage is therefore negligible, i.e., negl(k),
assuming the signature scheme is EUF-CMA secure, the
Merkle tree is position-binding, and the verifiable versioned
provenance graph ensures causality-relation unforgeability. □

E Additional Evaluation Results

Runtime Overhead of VCAUSE. Table 5 reports the average
per-request (or per-run) runtime overhead for Apache2, Nginx,
and NAS Benchmarks when Falco is used as the logger.

Table 5: Runtime overhead of VCAUSE under realistic deploy-
ment settings with Falco as the logger.

Application Baseline with VCAUSE Overhead

Apache2 16.998 ms 17.018 ms 0.12%
Nginx 15.652 ms 15.668 ms 0.10%
NAS-Bench 41.312 s 41.489 s 0.43%

Case Study. We take a medium-scale backward/forward
causality analysis on OpTC endpoint 660 as an example. The
backward analysis involves 19,088 nodes and completes in
11.8 ms, while the forward analysis involves 639 nodes and
completes in 0.8 ms. To evaluate VCAUSE ’s verifiability, we
modify each node’s attributes and run validation. We observe
that all tampering attempts are correctly detected. On average,
validation takes 1.7 ms for forward analysis and 31.0 ms for
backward analysis.
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