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Table 6: RAPS improvement in terms of average number of
clusters searched. ConANN achieves notable reductions in
average number of clusters searched when employing RAPS.

Method bert gistim deep10m

w/o RAPS 123.56 1008.03 991.5

ConANN 33.79 66.33 9.37
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Figure 10: Validity under power-law skew on SIFT1IM (k =
100). Skew controls the bias towards popular queries.

dominant contributor. Importantly, the score computation is in-
dependent of downstream optimization and can be reused across
multiple calibration runs, amortizing its cost. While calibration
for large datasets like DEEP10M incurs higher cost, it remains a
one-time offline process. For smaller or more structured datasets
such as GIST and BERT, the overhead is minimal.

6 DISCUSSION

The effect of regularization. The regularization step (RAPS) re-
fines the non-conformity scores, enhancing their discriminative
power. As IVF search increases the number of cluster probes, relying
solely on the k-th nearest neighbor distance often results in many
equal non-conformity scores. RAPS mitigates this by distinguishing
between these probes. In our experiments, the regularization step
significantly improves search efficiency. Without RAPS, ConANN
is more conservative in the number of clusters searched, leading to
valid but less efficient retrieval. As shown in Table 6, RAPS results
in notable reductions: from 123.56 to 33.79 on BERT (-72.7%), from
1008.03 to 66.33 on GIST1M (-93.4%), and from 991.5 to 9.37 on
DEEP10M (-99.1%). These findings align with previous work [5],
which reported up to 10x reductions in prediction set size, and con-
firm that RAPS enhances efficiency across various datasets while
maintaining ConANN’s adherence to FNR constraints.

Query Distribution Shift. As noted in Section 3.2, ConANN as-
sumes the calibration and test queries come from the same distri-
bution. To test robustness, we simulate a power-law skew in the
test queries (0.0 for uniform, up to a factor of 2) while keeping
the calibration queries uniformly sampled. Figure 10 shows that
ConANN can tolerate small drifts, but its empirical FNR increases
with skew, deviating from the target. At 10% target FNR, the ob-
served FNR rises to 22% under strong skew, and the gap grows at
higher targets. These results highlight the need for drift adaptation
techniques. A naive solution is to recalibrate periodically, ensuring
the calibration sample matches the current query distribution. More
principled alternatives could target drift detection, where a viola-
tion of the exchangeability assumption is detected using conformal
test martingales [47]. Others could leverage recent methods like
Weighted Conformal Prediction [7, 46] and Adaptive Conformal
Inference [20], which adjust nonconformity scores to account for
distribution shifts, for instance by penalizing the impact of old
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queries. Integrating such techniques for ConANN is an important
direction for future work.

Personalized Querying. State-of-the-art methods for error bound-
ing in ANN often rely on sampling techniques that require the sam-
ple distribution to match the data distribution. In contrast, ConANN
operates by ensuring that the query distribution aligns with the cal-
ibration data, opening the door for personalized predictions based
on specific workloads. This distinction could enable ConANN to
adapt more effectively to varying query characteristics. Further ex-
periments are needed to explore this potential fully, as our current
setup follows the ANN literature to sample queries uniformly at ran-
dom. That said, this insight suggests opportunities for optimization
in real-world applications. For example, if an application frequently
queries vectors close to cluster centroids, ConANN could lever-
age this characteristic to reduce the number of clusters searched,
ultimately decreasing query latency and improving efficiency.
Marginal Coverage. ConANN guarantees marginal coverage, sim-
ilar to other conformal methods: the false negative rate (FNR) con-
straint holds on average over the query distribution, not for in-
dividual queries. It is well-established that achieving conditional
coverage (i.e., for each query) without assumptions on the data
distribution, or with finite calibration data, is provably impossible
for conformal methods [16]. While this limits fine-grained control,
it is a necessary trade-off for distribution-free guarantees. Crucially,
ConANN still provides practical, per-query adaptivity while en-
suring global reliability, addressing a gap in the literature where
state-of-the-art methods either provide formal guarantees or adapt
to data distributions, but not both. Therefore, ConANN represents
a step forward in error bounding for ANN systems.

7 RELATED WORK

Error Guarantees for ANN. Auncel [50] is the only known method
offering bounded-error guarantees for IVF. It assumes a uniform
distribution of result vectors within a hypersphere around the
query, computing error by comparing the hypersphere’s volume
to that of searched clusters. As shown in Section 1, this assump-
tion breaks down on complex, non-uniform datasets (e.g., word
embeddings), limiting practical applicability. To date, no other ex-
isting method offers explicit recall guarantees for ANN search [14].
Prior work instead focuses on bounding distance errors, target-
ing primarily latency improvements. Locality-Sensitive Hashing
methods [11, 22, 35] follow this trend but suffer from high memory
overhead and poor recall in practice [14, 45]. Conceptually related
to LSH, ADSampling [18] leverages distance-based random pro-
jections and adaptive dimension sampling via hypothesis testing
to refine distance estimates, but lacks auto-tuning, hindering real-
world usability. RaBitQ [19] proposes a drop-in replacement for
PQ [24] with tighter distance bounds, but still does not address
recall guarantees directly, as even minor distance approximation
errors can lead to poor recall [14]. LEAT [31] predicts p per query
to optimize efficiency, introducing iterative probing later used in
Auncel and ConANN, though without error bounds. A recent de-
velopment, the Subspace Collision Framework [49], proposes an
ANN search method using random subspace sampling. It scores
vectors by their frequency as close neighbors across sampled sub-
spaces, selecting top candidates for re-ranking via exact distances.
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While offering theoretical guarantees without query sampling, it
assumes uniformly distributed distances across dimensions and is
incompatible with existing index structures.

Applications of Conformal Methods. Conformal prediction
methods have been widely used in applications such as medical
diagnosis [34], image classification [5], and natural language pro-
cessing [15], where reliable uncertainty quantification is critical.
Next, a related line of work applies conformal prediction with kNN
for regression tasks, as explored in prior research [38]. kNN-based
regression compares data points to their neighbors to quantify their
dissimilarity. In contrast, our work directly quantifies the approx-
imation error introduced by the approximate kNN search. Lastly,
applications of conformal prediction to data-management problems
are still rare. dbET introduces a strategy to extend existing DBMS
query plan selection methods with conformal prediction [32]. Their
work produces execution time interval estimations guaranteed to
cover the true execution time with probability (1 — @), which can
be later fed into query optimization techniques.

Approximate Query Processing. Approximate query processing
(APQ) with error bounds has been an active research area in rela-
tional DBMS systems [1, 10, 39]. BlinkDB [2] allows users to trade
accuracy for speed on a per-query basis. It uses a sampling strategy
that ensures sufficient representation of underrepresented data. The
sample size is dynamically adjusted based on user time constraints
or error bounds. This concept was extracted into a middleware
approach for VerdictDB [39], which uses query rewriting to apply
APQ on existing database systems such as SparkSQL. However,
these methods are not tailored for vector data.

8 FUTURE WORK

Improved Retrieval with Confidence. A promising direction for
future work is the incorporation of confidence-aware retrieval into
ConANN. Rather than returning nearest neighbors based solely on
vector similarity, ConANN could be extended to output calibrated
confidence scores that quantify the likelihood of a result being rele-
vant to a given query. For instance, in IVF-based document retrieval,
this approach would allow ConANN to return not only top-ranked
candidates but also an associated measure of confidence grounded
in prior knowledge. This departs from conventional distance-based
methods by enabling the system to differentiate between semanti-
cally ambiguous and highly relevant candidates, even if they are
similarly distant in the latent embedding space. Such confidence esti-
mates could further support adaptive ranking or filtering strategies,
down-weighting or excluding low-confidence results to enhance
both the precision and interpretability of retrieval outcomes.

Applicability beyond IVF. ConANN’s core components, includ-
ing the non-conformity score and ranked cluster probing, naturally
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extend to IVF-based indexing variations. This enables straightfor-
ward adaptation within the broader family of IVF methods. Our pre-
liminary experiments on the SIFT1M dataset show that ConANN
can effectively control the error rate even when IVF is used in
combination with a vector compression method like Product Quan-
tization [24, 26] (IVF-PQ)?, without incurring additional search
overheads, thereby demonstrating its plug-and-play nature. The
experiment, depicted in Figure 11, reveals several key observations.
First, due to the coarse quantization inherent to IVF-PQ, the mini-
mum achievable FNR is approximately 50%. Additionally, when the
requested FNR exceeds 80%, only one cluster needs to be searched.
At the 50% FNR level, both ConANN and Faiss search all clusters,
as this is the only way to ensure the target recall. As the allowed
error increases, ConANN begins to search fewer clusters, mirroring
trends observed in our main experiments. At the 80% requested
FNR, both ConANN and Faiss search only a single cluster per query.
However, ConANN exhibits a distinct behavior in this regime: to
satisfy the validity constraint, it abstains from searching on a subset
of queries (roughly 800), prioritizing a reliable expected guarantee.
The average cluster ratio in Figure 11 excludes these abstentions.
These preliminary results suggest that ConANN can generalize to
compressed and quantized search settings, which may enable scal-
ability to real-world billion-scale datasets. Nonetheless, the CRC
framework is a distribution-free wrapper for any black-box model
and is, therefore, not limited to IVF. This opens the possibility of
extending the approach to fundamentally different ANN indexes,
such as Hierarchical Navigable Small World (HNSW) graphs [36].
Metric-agnostic Design. Moreover, ConANN is distance metric-
agnostic, meaning it can be used with diverse distance measures
beyond Euclidean distance, such as cosine similarity, Manhattan
distance, or even domain-specific metrics. This broad applicability
makes ConANN a versatile tool for improving reliability in nearest
neighbor search tasks, paving the way for adaptable, efficient, and
robust retrieval systems across a wide range of domains.

9 CONCLUSIONS

We presented ConANN, the first distribution-free framework that
delivers formal error guarantees for IVF-based Approximate Near-
est Neighbor search. Leveraging Conformal Risk Control, ConANN
dynamically adapts search effort per query, ensuring rigorous error
control without assumptions on data distribution. Empirical results
demonstrate that ConANN reliably satisfies target error rates, re-
duces search costs, and incurs minimal computational overhead.
Integrated into the FAISS library, ConANN not only enhances the
robustness of ANN systems but also highlights the broader potential
of conformal methods in data management tasks beyond traditional
predictive models.
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ABSTRACT

Ray tracing (RT) cores are a new type of hardware that have been
actively integrated into modern GPUs. Recent studies have demon-
strated that RT cores can deliver much higher performance than
GPU CUDA cores and CPUs for general-purpose data processing
tasks like table scan. In this paper, we propose RayDB, the first
query engine that leverages RT cores to accelerate database query
processing. RayDB transforms the core part of the query execu-
tion that involves multiple operators into one single ray tracing
job. With a set of proposed encoding and ray launching techniques,
RayDB effectively exploits RT cores to accelerate diverse workloads.
Experimental results show that RayDB outperforms the state-of-
the-art GPU-based query engine by up to 18.3X.
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1 INTRODUCTION

With the ever-increasing data volume from applications, modern
processors have been intensively studied to enhance the perfor-
mance of database engines. Representative processors for which
database systems have been designed include GPU CUDA cores [4,
13, 32], Tensor cores [12, 15], and FPGAs [26, 33]. Specifically, GPUs
were originally designed to accelerate computer graphics. After they
were found useful in general-purpose computing for the massive
number of cores, the programming model evolved from OpenGL to
CUDA/OpenCL, and GPUs are used to accelerate a broad class of
data processing tasks. Crystal [32] is the state-of-the-art implemen-
tation of GPU databases, which has made a notable advancement
in utilizing CUDA cores. Experimental results show that Crystal is
16X faster than the GPU-based HeavyDB and 61X faster than the
CPU-based MonetDB. However, Crystal saturates more than 97% of
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the GPU memory bandwidth for queries in the Star Schema Bench-
mark (SSB). Since the approach has already tried to minimize the
amount of data accessed, it has become difficult to further improve
the query performance on CUDA cores.

Recently, commodity GPUs have incorporated ray tracing (RT)
cores to boost the real-time rendering of 3D scenes. As an important
type of computing resource, RT cores have been adopted in mobile,
desktop, and workstation processors, which are under fast develop-
ment. RT cores efficiently trace rays through a 3D space to identify
intersected objects. With user-defined functions (a.k.a., shaders),
RT cores can perform customizable operations upon ray-object
intersections, providing versatility for various tasks. RT cores have
been used to accelerate data processing tasks such as K-nearest
neighbor search [25, 38], scan operator [14, 21], and range mini-
mum queries [22]. Specifically, existing work like RTScan [21] has
shown that RT cores can bring up to 4.6X higher performance than
CUDA cores and CPU for database operators. Therefore, we be-
lieve that RT cores have the potential to become another critical
computing resource for general-purpose data processing tasks.

Unlike database implementations on CUDA cores, accelerating a
data processing program with RT cores requires the program to be
transformed into an efficient RT job. In an RT job, data records are
transformed into primitives, such as triangles or spheres, positioned
in a three-dimensional space with a bounding volume hierarchy
(BVH), while a query is converted into rays in a specified region. If
the task does not fit such a job transformation, or the mapping is
inefficient (e.g., lack of parallelism with a limited number of rays),
it may result in even lower performance than CPUs and CUDA
cores [14, 21]. Due to the above reason, exploring RT cores to
accelerate database queries is quite challenging because an operator
like Join or GroupBy is hard to transform into an independent RT
job. Moreover, since the execution of an operator depends on the
output of its previous operator in the query plan, the BVHs for
the following operators have to be built during query execution,
which is very time-consuming. Therefore, simply implementing
independent RT-based operators like CUDA-based databases cannot
exploit the performance advantage of RT cores.

In this paper, we propose RayDB, a query engine that utilizes
ray tracing cores to achieve unprecedented performance. Instead
of implementing an RT job for each operator, the main idea of
RayDB is to map the core query execution containing multiple
operators into a single RT job. To be specific, RayDB maps and
encodes the data attributes involved in the core operators, i.e.,
Aggregation, GroupBy, and Scan, to the coordinates x, y, z in the
3D space, respectively. RayDB pre-builds a set of BVHs for query
execution to select from. When building a BVH, the attributes
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involved are extracted and encoded as the primitive coordinates of
each data record. With a selected BVH for a query, rays in RayDB are
launched in the region specified by Scan so that they intersect only
with primitives that satisfy the predicates, significantly reducing
the amount of data accessed. For each primitive, the data attributes
involved in Aggregation and GroupBy are encoded in their 3D
coordinates, which can be accessed directly in query processing.
Therefore, another main advantage of RayDB is that it can retrieve
all the attributes of a data record needed for the three operators with
only one memory access, i.e., access to the coordinates of a primitive,
dramatically reducing the number of random memory accesses.
Moreover, the entire process is accelerated by ray tracing cores,
which are designed to perform tasks like this efficiently. After RT
processing, RayDB uses CUDA cores to execute other operators like
Having and OrderBy if any. In addition, RayDB natively supports
parallel execution on multiple GPUs by partitioning the 3D space
into independent regions. It enables flexible scaling out to support
workloads of any size.
The contributions of this paper are as follows.

e We propose RayDB, a query engine that leverages RT cores for
acceleration by effectively transforming the core part of a query
into a ray tracing job.

e We propose a set of encoding and ray-launching mechanisms
to enable efficient query execution across diverse workloads.

o We implement the prototype of RayDB, evaluate its performance,
and quantitatively analyze the advantages of RT cores.

Experimental results show that RayDB can significantly enhance
query performance. Compared with the state-of-the-art CUDA-
based method, RayDB improves the query performance by up to
18.3%. In addition to the substantial speedup, the usage of the mem-
ory bandwidth drops from 97.4% to only 36.7% on average, which
proves that RayDB has broken the limitation of memory bandwidth
in GPU-based query execution. To our knowledge, it is the first
work that demonstrates that RT cores can be effectively used in
building a database engine with unprecedented performance.

2 BACKGROUND AND MOTIVATION

2.1 An Analysis of GPU-based Databases

As a general-purpose computing device, GPU CUDA cores have
been intensively studied to build high-performance query engines,
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such as Crystal [32], HeavyDB [13], BlazingSQL [4], etc. Among
them, Crystal is the state-of-the-art. Figure 2 compares the query
runtime of Crystal with HeavyDB and MonetDB [5] on SSB flat.
The GPU used in the comparison is NVIDIA GeForce RTX 4090,
and the CPU used is Intel Xeon Gold 5318Y. The results show that
Crystal is, on average, 16X faster than HeavyDB and 61X faster
than MonetDB.

The key to Crystal’s high performance is that its tile-based exe-
cution model aims at efficiently utilizing the GPU shared memory,
which has an order of magnitude higher bandwidth than the device
memory (36618 GB/sec versus 1008 GB/sec in the RTX 4090). Tak-
ing the Scan operator as an example, the traditional CUDA-based
database systems execute the operator in three steps, as shown
in Figure 1a. First, multiple CUDA threads are launched to scan
their assigned entries and count the matches, storing the results
in the count array. Then, prefix sums are computed over the count
array to produce the prefix sum array, which provides write offsets.
Finally, the same number of threads are launched to read the allo-
cated entries again and write matched entries to the result array
using the offsets. There are three main performance issues with
this approach, including 1) reading the input column twice from
the device memory, 2) reading and writing intermediate structures
like count array and prefix sum array in the device memory, 3) each
thread writes to a different location in the result array, resulting in
uncoalesced memory accesses.

Figure 1b demonstrates how Crystal works. Crystal uses a thread
block as the basic execution unit, with each block processing a tile
of entries. It first loads the tile from device memory into shared
memory. Threads then evaluate the predicate in parallel and record
match counts of each thread in the count array in shared memory.
A prefix sum is computed over the count array, and a global counter
is atomically updated to get the block’s output offset. Matched
entries are shuffled to form a contiguous array in shared memory,
enabling coalesced writes to the result array in device memory. By
leveraging shared memory, Crystal 1) avoids repeatedly reading
input columns from the device memory, 2) eliminates accesses to
intermediate structures in device memory, and 3) enables coalesced
memory access when writing the result array back to the device
memory, leading to significant performance improvements.

It is worth noting that existing CUDA-based database systems
generally do not use traditional indexes. This design choice is driven
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by the architectural and performance characteristics of GPUs: 1)
Avoid thread divergence. On GPUs, the SIMT (Single Instruction,
Multiple Threads) architecture requires all threads in a warp (typi-
cally 32) to execute the same instruction each cycle. When threads
diverge due to conditional branches (e.g., if), execution becomes
serialized, and inactive threads idle, reducing efficiency [3, 6, 31].
Traditional index structures like B+ trees cause severe divergence
because each thread follows a different search path based on its
key. As a result, threads within a warp execute different code paths,
making indexes poorly suited for efficient execution on GPUs. 2)
Avoid uncoalesced memory accesses. To amortize memory access
latency and improve bandwidth utilization, GPU hardware employs
memory access coalescing, which combines memory accesses from
multiple threads within a warp into one or a few large memory
transactions when the accessed addresses are contiguous. However,
in traditional index structures (such as B+ trees and hash indexes),
data and index nodes are typically scattered across memory. Each
thread accesses different paths and nodes depending on its query
key, resulting in highly irregular and non-contiguous memory ac-
cesses across threads. In such scenarios, memory access coalescing
fails, leading to a large number of small and fragmented memory
transactions. This causes severe memory bandwidth underutiliza-
tion and a significant drop in performance [6, 31]. As a result, full
table scans are generally preferred over indexes in CUDA-based
database systems.

Figure 3 shows the memory throughput of Crystal on the 13
queries of SSB flat. It can be observed that its memory throughput
is very close (an average of 97.4%) to the GPU device memory
bandwidth. As Crystal already makes highly efficient use of memory
bandwidth, the potential for further optimization is minimal.

2.2 Background of Ray Tracing

Ray tracing is a rendering technique used in computer graphics to
simulate the way rays interact with objects in a scene. It works by
tracing the paths of rays as they travel through a 3D space. Objects
in the three-dimensional space are represented as primitives, whose
types include triangles, spheres, and even custom primitives. All
primitives in the space are wrapped by bounding volumes, which
are usually Axis-Aligned Bounding Boxes (AABBs). AABBs are then
organized hierarchically as a tree known as the Bounding Volume
Hierarchy (BVH). A ray tracing job utilizes a BVH to traverse the
space and find intersected primitives with the rays.
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Although BVH avoids a large number of potential ray-primitive
intersection tests, the BVH traversal and intersection tests are still
time-consuming. Since the Turing architecture [27], NVIDIA GPUs
are equipped with dedicated hardware, i.e., RT cores, to speed up
BVH traversal and intersection tests. Taking the classic Turing
architecture as an example, each Streaming Multiprocessor (SM)
integrates one RT core, which operates alongside CUDA cores and
Tensor cores [27]. The RT core essentially adds a dedicated pipeline
(ASIC) to the SM. It can access the BVH and configure some L0
buffers to reduce the delay of BVH and triangle data access. The
request is made by SM. The instruction is issued, and the result
is returned to the SM’s local register. The interleaved instruction
and other arithmetic or memory I/O instructions can be concur-
rent. Because it is an ASIC-specific circuit logic, per formance /mm?
can be increased by an order of magnitude compared to the use
of shader code!. Besides the mainstream desktop and workstation
GPUs like NVIDIAs RTX 40 series and AMDs RX 7000, data center
GPUs like NVIDIA A40 and T4 also support ray tracing. Specifi-
cally, the NVIDIA RTX 4090 GPU integrates 128 RT cores. OptiX
programming model [29] is an application framework for building
ray tracing jobs. In OptiX, each ray is mapped to a CUDA thread.
CUDA threads generate rays with the specified ray origins and
directions. Then, the control is transferred to RT cores, which accel-
erate BVH traversal and ray-triangle intersection tests. For NVIDIA
GPUgs, triangles are the built-in primitives, which allows RT cores
to accelerate intersection tests when the primitives are triangles.
When other types of primitives are used, control is transferred to
CUDA threads to perform intersection tests defined in the Inter-
section Shader. Overall, OptiX leverages both CUDA threads and
RT cores to achieve efficient ray tracing jobs. RT cores specialize in
accelerating BVH traversal/ray-triangle intersections, while CUDA
threads provide flexibility for custom intersection logic through
the Intersection Shader. This enables extensibility for complex ray
tracing scenarios.

2.3 Expedite Data Processing with RT Cores

RT cores have been utilized to accelerate various data processing
tasks like K-nearest neighbor search [25, 38] and range minimum

!https://www.reddit.com/r/nvidia/comments/97qogl/former_nvidia_gpu_architect_
what_is_rt_core_in (last accessed 2025/10/6)
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queries [22]. RTScan [21] and RTIndex [14] are pioneering imple-
mentations that leverage RT cores to accelerate the Scan oper-
ator. Specifically, RTScan [21] achieves significant performance
improvement by mapping the evaluation of entire conjunctive pred-
icates into a ray tracing process. Experiments show that RTScan
achieves up to 4.6x higher performance than BinDex [20], which
is the state-of-the-art scan approach on CPUs. Figure 4 demon-
strates the approach of RTScan when evaluating a query with
three predicates. For each data record, the three data attributes
involved in the predicates are used as the coordinates of the corre-
sponding primitive. Assuming that the conjunctive predicates are
(0<x<aAn0<y<bAO0<z<c),then the query area is a cuboid
with the origin as a vertex and three edges of length a, b, and ¢ as
shown in the figure. The data records satisfying the conjunctive
predicates are all in the query area. To reduce the computation
overheads on intersection tests, RTScan adopts Data Sieving, which
uses pre-stored results to filter most data records (the dashed area).
Then, RTScan launches rays in the remaining region to intersect
primitives with enhanced parallelism. These techniques add up to
form the performance improvement over CUDA cores and CPUs.
In addition, RTScan adopts Uniform Encoding to evenly distribute
data records in space, enabling it to achieve good performance even
under skewed data distributions.

After analyzing RTScan and other RT-based implementations,
we summarize three key aspects of efficiently mapping a data pro-
cessing task to a high-performance RT job. 1) Evaluating multiple
operators in one job: RTScan utilizes the 3D feature to evaluate three
predicates simultaneously within one RT job, whose execution time
is even lower than that of evaluating one predicate. 2) Reducing the
amount of data accesses: The evaluation of conjunctive predicates
and the Data Sieving technique dramatically shrink the querying
region, leading to a significantly smaller number of primitives for
intersections. 3) Enhancing the parallelism: RTScan segments a long
ray into several small rays with spacing, which aims at maximizing
the utilization of RT cores while balancing their load.

2.4 Challenges of Accelerating Query
Processing with RT Cores

For GPU acceleration with CUDA cores, operators are generally
implemented as separate CUDA kernels and executed sequentially.
RTScan demonstrates a standalone implementation of accelerating
Scan with RT cores. However, accelerating database queries with
each operator implemented as a separate RT job faces several critical
issues that are hard to address.

Difficulties in the three-dimensional mapping of operators:
In order to improve performance, a database operator needs to be ef-
fectively converted into a ray tracing job, or the performance advan-
tage of RT hardware cannot be effectively exploited. For instance,
a naive scan implementation on RT cores can be 2.3 x 10* times
slower than the state-of-the-art CPU-based implementation [21].
However, the natures of some database operators make it hard to
map the data in the 3D space and hard to convert operations into
ray intersections. Therefore, except Scan, other operators like Join
and GroupBy have not demonstrated superior performance on RT
cores so far.
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Inefficiency of the execution of multiple operators: A ray
tracing job uses a BVH as its index, but building a BVH is a time-
consuming process that takes orders of magnitude longer time
than the RT job itself. For a dataset with 120 million tuples, the
average time to build a BVH is 227.84 ms, while the average time
to launch rays is only 0.75 ms. When the operators of a query are
executed sequentially on RT cores, the BVHs for the second to the
last operator can only be built online, resulting in an ultra-high
query processing latency.

A: SELECT AVG(Math)
FROM Score
WHERE English >= 60
GROUP BY Hometown;

We take the query A as an example, which executes the oper-
ators in the following order: Scan — GroupBy — Aggregation.
For Scan, the BVH it traverses can be pre-built from the English
column directly. However, for GroupBy, the BVH it traversed is
built from the Hometown column filtered by the execution results
of Scan. Therefore, it can only start building the BVH after the
execution of Scan is complete and the results are obtained. The
above process is shown in Figure 5a. As a result, the BVH building
process for GroupBy has to be taken as part of the query execution,
which results in ultra-low performance. An alternative scheme is
shown in Figure 5b, where the BVHs for all operators have been
pre-built from their corresponding attributes. In this case, GroupBy
cannot get the filtered results from Scan and has to group all data
in the column. Moreover, the results of GroupBy have to be fur-
ther filtered according to the results of Scan. Consequently, this
scheme completely negates the performance benefit of RT cores
and is severely inefficient.

To conclude, due to the aforementioned issues, accelerating data-
base queries with RT cores to outperform CUDA cores and CPUs is
particularly challenging.

3 THE DESIGN OF RAYDB
3.1 Overview of RayDB

We propose RayDB, a high-performance query engine accelerated
by RT cores. Specifically, RayDB leverages RT cores to accelerate
three core operatorsAggregation, GroupBy, and Scanwhile dele-
gating the remaining parts of the query to CUDA cores. Instead of
implementing each operator as a separate RT job, RayDB maps the
execution of these three operators to one ray tracing job. The basic
idea is to use the attributes involved in these three operators as the
coordinates for a data record, i.e., the attributes in Aggregation,
GroupBy, and Scan are used as the X-coordinate, Y-coordinate, and
Z-coordinate, respectively.

The workflow of RayDB is illustrated in Figure 7. As denormal-
ization is widely adopted in data warehouses and favored by many
technology companies [1, 2, 11], RayDB is designed to accelerate
data warehouse queries on denormalized tables. During the offline
phase, it performs denormalization in initialization by joining all
relevant tables into a single flat table, thereby eliminating the need
for Join during query execution. Next, a set of BVHs is built of-
fline based on different combinations of attributes in the wide table.
For a given query, RayDB parses the attribute composition of its
three core operators and selects a pre-built BVH from the BVH
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set that covers all the required attributes. It is worth noting that
when a query involves excessive number of attributes such that
no BVH can fully cover all of them, RayDB can utilize a BVH that
includes only part of the required attributes to enable the query to
still benefit from the acceleration provided by RT cores (introduced
in Section 4.5). With the selected BVH, the RT cores are responsi-
ble for accelerating the execution of Aggregation, GroupBy, and
Scan, which are fused into a single RT job. The design is based on
the observation that these three operators appear consecutively in
the query plan after denormalization. It is worth noting that this
approach offers sufficient flexibility to remain effective even when
certain core operators are absent from the query. For example, in
queries without GroupBy, all records can be treated as belonging to
the same group. RayDB determines the corresponding query area
in the space based on Scan and launches a set of rays to intersect
all primitives in the area. By only accessing data records in the
query area defined by Scan, there is a significant reduction in the
amount of data accessed for a query. Based on the coordinates of
an intersected primitive, RayDB can obtain its data attributes for
GroupBy and Aggregation and then perform the corresponding
operations. For each data record, the data attributes involved in the
three operators are stored together as coordinates, which can be
retrieved by a single memory access. It dramatically reduces the
number of random accesses to the device memory. Once the RT
cores complete execution, the remaining operatorssuch as OrderBy
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Figure 6: The design of RayDB

and Havingare handled by CUDA cores in a manner similar to
existing CUDA-based database systems.

Instead of building a BVH for every query, RayDB maintains a
few BVHs to support a wide range of queries. The encoding scheme
allows multiple attributes to be compressed into a single coordinate
(introduced in Section 4), where a query may use one or an arbitrary
combination of the encoded attributes, enabling each BVH to sup-
port more queries. Furthermore, based on our observation of real-
world queries, we find that certain columns tend to be used with
specific types of operators. For example, in TPC-H, 1_shipdate
is predominantly used in Scan, while 1_extendedprice is typi-
cally used in Aggregation. By pre-constructing BVHs for semanti-
cally meaningful combinations of attributes, RayDB is able to cover
common OLAP queries using a few BVHs. For queries with sub-
queries, RayDB can accelerate them if the optimizer rewrites them
into equivalent queries without subqueries through techniques like
unnesting or decorrelation. If such rewriting isnt possible, RayDB
currently does not support their execution.

3.2 The Mechanism of RayDB: An Example

In this subsection, we demonstrate how a BVH is constructed and
how an RT job is executed. Suppose there is a denormalized ta-
ble named Score, as shown in Figure 6a, that stores information
about students’ scores. Each row of the table corresponds to a stu-
dent, and the table has many attributes, among which the Math,
English, Hometown, and Year are used to store students’ math
scores, English scores, hometowns, and academic years, respec-
tively. The course scores are in the range [0, 100] and are integers.
For each column, there must exist a data range that can be known
in advance (e.g., maintained as metadata). We use the execution of
query A (Section 2.4) as an example. The query obtains the average
math score of students in each hometown who have passed English.
Building the BVH: First, it should be clarified that the BVH con-
structed in this example is the most suitable one from the pre-built
BVH set for executing Query A. The key step in building a BVH
lies in mapping data records to primitives. Based on the idea of rep-
resenting data attributes involved in Aggregation, GroupBy, and
Scan by the coordinates in three-dimensional space, RayDB makes
the X-axis, Y-axis, and Z-axis represent the data attributes involved
in Aggregation, GroupBy, and Scan, respectively. In this way, each



data record in the table corresponds to a primitive in space. For ex-
ample, row 0 of the table corresponds to (72,7, 100) in space. Then,
using the point as its vertex, RayDB creates a right triangle as the
primitive. The reason why we choose triangles as primitives is that
only the ray-triangle intersection test is hardware-supported by RT
cores, while the intersection tests for other types of primitives are
software-based and offloaded to CUDA cores. Therefore, the use
of triangles allows RayDB to enhance performance by exploiting
hardware acceleration from RT cores. Specifically, if the coordinate
of a data record is (a, b, ¢), then the three vertex coordinates of the
right triangle we create are (a, b, c), (a + Sy, b,c), and (a,b + Sy, c),
where S and S are the two leg lengths of the right triangle. There-
fore, the projections of a primitive on the XZ-plane and YZ-plane
are a line segment S, and a line segment S, respectively. In this
case, each data record in the table is mapped to a triangle in three-
dimensional space, as shown in Figure 6a. Once all primitives in
the space are determined, the BVH can be built.

Executing the RT job: With the selected BVH, RayDB initiates
the execution of the RT job by launching a set of rays. For query A,
RayDB launches a set of parallel rays starting from the Z = 60 plane
to the Z = 100 plane, along the positive direction of the Z-axis, as
shown in Figure 6b. The rays launched should be dense enough
to intersect all triangles in the region. Rays are launched as a two-
dimensional array from the view of the XY-plane (Z = 60 plane),
which have an interval of %Sx along the X-axis and an interval of
%Sy along the Y-axis. Recall that when mapping data to primitives,
the two legs of right triangles have lengths Sy and Sy, respectively.
The design guarantees that a triangle can be intersected by at least
one ray. As shown in Figure 6c, primitives may intersect one ray
(triangle A) or three rays (triangle B), and in the limiting case
primitives intersect at most three rays (triangle C)?. If the interval
grows, there may be triangles that fail to intersect any ray. In turn, if
the interval gets smaller, it increases the probability that a triangle is
intersected by more than one ray, which degrades the performance.
Rays entirely cover the query area 60 < Z < 100, and triangles in
the query area are bound to intersect rays, while triangles not in
the query area are bound not to intersect any ray.

For students who pass the English examination, their triangles
are in the query area 60 < Z < 100. Thus, the set of triangles
intersecting a ray is the set of students that satisfy the predicate of
Scan. For each triangle that is intersected by a ray, the Y-coordinate
of its right-angle vertex is used to find the group to which it belongs,
while the X-coordinate is read to compute the aggregate function,
respectively. The aggregate function is AVG in Query A, so we
maintain two arrays in the Any Hit Shader function, whose pseudo-
code is shown in Algorithm 1. The sum array is to store the sum
of Math for all students in each group, and the count array is to
store the number of students in each group. Indexing by the Y-axis
coordinate, RayDB appends the X-coordinate to the corresponding
element of the sum array and increments the corresponding element
of the count array by 1. The Any Hit Shader, which is executed
on the SM as part of the shader pipeline, will be called each time
a ray finds an intersection with a triangle. Therefore, the flag bit

Zhttps://forums.developer.nvidia.com/t/what-is-the-limiting-case-of-ray-triangle-
intersection/309730/2 (last accessed 2025/10/6)
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array Vyjqg (line 3) is used to ensure that triangles are not double-
counted, and the atomic operation atomic_add (lines 5 and 6) is
used to avoid synchronization issues when tracing multiple rays in
parallel. After the BVH traversal is complete, the sum of the Math
(Vsum) is divided by the number of students (Veoun:) to obtain the
average score of Math in each group. Since aggregate functions
share the common characteristic of operating on a group of values
to return a single scalar result, their implementations are generally
similar. As a result, RayDB supports all commonly used aggregate
functions, including AVG, SUM, COUNT, MAX, and MIN.

Algorithm 1 Pseudo-code of Any Hit Shader

Input: flag bit array Vyi,g, result arrays Vsum, Veount
Output: result arrays Vsum, Veount

1: primldx « get_prim_index()

2: [a,b,c] « get_prim_right_vertex_coord(primIdx)
3: flag « atomic_bit_exch(Vyiqy[primldx], 1)

4 if flag = 0 then

5. atomic_add(Vy,m[b], a)

6:  atomic_add(V,ouns[b], 1)

7: end if

4 ENCODING OF MULTIPLE DATA
ATTRIBUTES

4.1 Challenges from Processing Multiple
Attributes

Query A is a simple query where each operator involves only one
data attribute. However, in real-world queries, it is common for an
operator to involve multiple data attributes. When mapping Query
A in the space, a primitive directly uses the value in the correspond-
ing attribute as the coordinate on an axis. For instance, English
is used as the coordinate on the Z-axis. However, when multiple
data attributes are evaluated by one operator, the coordinate on
one dimension needs to represent all data attributes involved. For
instance, with the Where clause WHERE English > 60 and Math
> 60, both English score and Math score should be represented by
the Z-axis. To address this issue, in RayDB, we propose to encode
multiple data attributes as the coordinate on each axis. In addition,
the encoding scheme brings an extra benefit: it compresses multiple
attributes into a single coordinate, allowing a query to utilize one
or an arbitrary combination of the encoded attributes. This enables
a single BVH to support a wider range of queries, thereby reducing
the number of pre-built BVHs required. However, since different
operators have different functionalities, an appropriate encoding
scheme needs to be chosen for each one. In this section, we study
how to encode attributes for Scan, GroupBy, and Aggregation.

4.2 Scan with Conjunctive Predicates

The encoding scheme for Scan needs to maintain the relative order
of the encoded data and specify the ray launching area to ensure
correct execution. A query generally contains multiple conjunctive
predicates, like p; A p2 A -+ A pp, and the attributes involved in
the predicates can be encoded in the same attribute.
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Figure 8: Processing for conjunctive predicates

Data Encoding: RayDB adopts Bijection Encoding to encode mul-
tiple attributes in Scan as a coordinate. It treats all data attributes
involved in conjunctive predicates as n-tuples, where each n-tuple
is uniquely mapped to a natural number, and each natural number
uniquely corresponds to an n-tuple. Assume that conjunctive pred-
icates involves n attributes Ay, A,, - - - , Ap, where A; € [0, k;) and
A; € Z (i € [0,n]), then the encoding rule is as follows:

5

i=1 | \j=i+1

Index, = A;

If the data type of an attribute is not INTEGER, for fixed-point data
types like DECIMAL (p, s) & NUMERIC(p, s),where p is the total
number of digits and s is the number of fractional digits, RayDB
uses Fixed-Point Encoding, which multiplies the decimal value by
a fixed scaling factortypically 10°to convert it into an integer; for
data types such as DATE, TIME, CHAR, VARCHAR, and ENUM, RayDB
adopts dictionary encoding, where each distinct value is placed into
a sorted dictionary and assigned an integer identifier representing
its position in the sorted set of values. Therefore, it supports a wide
range of data types. If the data range of an attribute is not of the
form [0, k), a dictionary encoding is used to convert it to the above
form. Taking the query B as an example:

B: SELECT AVG(Math)
FROM Score
WHERE Year between 1 and 2 AND English >= 60
GROUP BY Hometown;

For simplicity, it is assumed that the attributes involved in Scan
are already encoded. Query B contains conjunctive predicates as
its filtering conditions, which not only require students to have a
passing score in English but also require students to be from either
the first or second grade. RayDB assigns each (Year, English) tuple
with a natural number by the following rule:

Index, = 101 - Year + English

Here, 101 represents the range of English. Figure 8a depicts the
above process.

Ray Launching: After Bijective Encoding, the Z-axis represents
Index, generated by Bijective Encoding as an alternative. As a result,
the query area changes as well. In the example, the query area is
split into two parts, 161 < Index, < 201 and 262 < Index, < 302, as
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Figure 10: Encoding for Aggregation

shown in Figure 8a. Correspondingly, as shown in Figure 8b, RayDB
launches parallel rays from the Z = 161 plane to the Z = 201 plane
and from the Z = 262 plane to the Z = 302 plane along the positive
direction of the Z-axis to cover the entire query area.

4.3 GroupBy with Multiple Attributes

For data attributes involved in GroupBy, RayDB treats the n data
attributes as n-tuples, where each distinct n-tuple represents a
different group. Take query C as an example, which groups students
according to two data attributes Year and Hometown.

C: SELECT AVG(Math)
FROM Score
WHERE English >= 60
GROUP BY Year, Hometown;

For all distinct n-tuples appearing in the table, RayDB maps
them to natural numbers Index, via dictionary encoding. The cor-
respondence between Index, and n-tuples is maintained by a map-
ping table that allows efficient lookup. After dictionary encoding,
each natural number in Index, represents a group, which serves
as the Y-coordinate. Taking query C as an example, table Score
is searched to find all distinct (Year, Hometown) tuples. Figure 9
illustrates the above process. For simplicity of presentation, there
are only 4 data records in the table. In the table, there are three
different (Year, Hometown) tuples (4,7), (1,2), and (1, 3), making
up a group set of size K = 3. Then, RayDB performs dictionary
encoding to the group set, producing a coordinate Index, ranging
from 0 to K — 1. As shown in the figure, (1, 2) is assigned to 0,
(1,3) is assigned to 1, and (4,7) is assigned to 2. This encoding
scheme facilitates the implementation of aggregation because the
Y-coordinate can be directly used as the index to the array that
stores aggregate results for each group.

4.4 Aggregation with Multiple Attributes

For Aggregation, we choose to pack the bits of the attribute values
in a 32-bit float coordinate so that they can be directly used for
the aggregate function. For example, assume that there is a query
containing two aggregate functions AVG(Math) and SUM(English).
Considering that the data range of course scores is [0, 100], we
store Math and English with 7 bits each in the X-coordinate. In



Any Hit Shader, we obtain Math and English by decoding the X-
coordinate and computing the two aggregate functions separately.
Given that the coordinates have 32 bits and 7 bits are sufficient
to store a single score, the X-coordinate can hold up to 4 scores.
Therefore, the encoding can support queries with up to 4 aggregate
functions, as shown in Figure 10.

For cases where an aggregate function contains multiple data
attributes, e.g., SUM(Math + English), the calculated result Math
+ English is directly encoded in the coordinate if the result does
not exceed the expression range of a float. Multiple queries in SSB
have such forms of aggregations. This scheme may help make
further compressions. In this example, the range of Math + English
is [0, 200], which only needs 8 bits instead of 14 bits when being
separately stored. RayDB adopts this optimization when possible
to store more attributes in a coordinate.

4.5 Breaking through the Encoding Limitation

RayDB converts all data types to INTEGER for encoding, while BVH
coordinates can only be represented using Float, which can ac-
curately represent integers only within the range of [—2%4,2%4].
Under this limitation, the maximum number of attributes that can
be encoded into a single coordinate depends on the value range
of each attribute involved in the encoding. Taking attributes from
the SSB as an example, RayDB can encode up to four LO_QUANTITY
(with a value range of 150) or six LO_DISCOUNT (with a value range
of 010) into a single coordinate.

Although a coordinate can only encode a limited number of
attributes, RayDB can support queries with more attributes. From a
high-level perspective, when a BVH that covers all attributes in the
query is unavailable in the pre-constructed BVH set, RayDB can
utilize a BVH that encodes only part of the attributes to enable the
query to still benefit from the acceleration provided by the RT cores.
RayDB performs the RT job on the BVH, and upon detecting a ray-
primitive intersection, the Any-Hit Shader that is called uses the
primitive ID (i.e., row ID) to access the remaining uncoded attributes
from the denormalized table in the GPU memory and perform
the corresponding operations. Since reading attributes from the
GPU memory incurs extra memory accesses, RayDB selects the
optimal BVH by maximizing the attribute coveragei.e., choosing
the BVH that encodes the largest number of attributes involved in
the query. In particular, attributes in Scan are given higher weight,
as the presence of Scan can significantly reduce memory access
overhead. This selection process is formalized as max{ x+y+a-z },
where x, y, and z represent the number of the matched attributes in
Aggregation, GroupBy, and Scan, respectively, and « is the weight
assigned to Scan.

5 SCALING OUT WITH MULTIPLE GPUS

In RayDB, we store multiple BVHs in the device memory to support
various queries. When BVHs exceed the device memory size of a
single GPU, RayDB can only discard some BVHs. This results in
more queries failing to find a BVH that encodes all of their attributes
and instead choosing a BVH that covers only a part of the attributes,
as described in Section 4.5. This incurs additional memory accesses,
leading to performance degradation.
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Figure 11: The workflow of parallel execution on multiple
GPUs

To cope with this dilemma, we design a parallel execution scheme
for RayDB on multiple GPUs, which can not only utilize the de-
vice memory of multiple GPUs to accommodate larger data sizes
but also utilize the RT cores of multiple GPUs to improve query
performance. The key idea is that the 3D space in RayDB can be
naturally partitioned into any number of independent regions for
parallel execution. First, all primitives can be divided into several
sets according to the X-axis (Aggregation), Y-axis (GroupBy), or
Z-axis (Scan) coordinates. After that, each set can be assigned to a
GPU and used to build a specific BVH, which can be viewed as a
sub-BVH. In this way, each GPU is supposed to intersect primitives
to get partial results for the query. After all GPUs have completed
processing, the final query result can be obtained by merging the
results from all GPUs.

Figure 11 shows the parallel execution workflow when partition-
ing the data space along the Y-axis (GroupBy). We evenly divide the
range of Y-axis coordinates into N segments, and the primitives
located in the same segment are divided into the same group and
assigned to the same GPU to build the BVH. Spatially, the entire
data space is partitioned into a number of equal-sized subspaces
along the Y-axis, and each subspace is assigned to a GPU, and each
GPU launches rays in this subspace according to the same prin-
ciples as a single GPU. Since we are partitioning the space along
the Y-axis, the result obtained by each GPU is the query result for
the groups involved within the corresponding segment. The final
merge process is as simple as concatenating the results of each
GPU in order to obtain the final query result. Since each primitive
belongs to only one subspace, it is neither repeatedly accessed by
multiple GPUs nor omitted, which ensures the correctness of the
parallel execution result. In this way, all GPUs can be executed in
parallel without any dependency. This approach can not only solve
the problem of insufficient device memory but also accelerate the
execution of queries.

The obvious benefit of partitioning the data space along the Y-
axis is the simplification of merging. If we partition the space along
the X-axis (Aggregation) according to a similar principle and the
aggregate function is SUM as an example, the result obtained by
each GPU is not the sum of some groups but the partial sum of all
groups in the subspace. During the merge process, we need to sum



the result arrays of all GPUs together to get the query result, which
is more time-consuming. In addition, if the data space is partitioned
along the Z-axis (Scan), the query region may only be in a small
number of subspaces, which will cause a serious load imbalance. In
summary, we believe that partitioning along the Y-axis is a good
choice for most cases.

The denormalized table can also be partitionedsplit by attributes
and distributed across multiple GPUs. Unlike BVHs, each GPU may
need to access attributes stored on other GPUs during query exe-
cution. With technologies like NVLink and RDMA enabling direct
memory access between GPUs, RayDB can still support queries
involving an arbitrary number of attributes in a multi-GPU parallel
execution environment.

6 EXPERIMENTAL ANALYSIS
6.1 Experiment Setup

Hardware and Software We run most experiments on a machine
equipped with two Intel(R) Xeon(R) Silver 4316 CPU @ 2.30GHz,
128GB DDR4 DRAM, and an NVIDIA GeForce RTX 4090 with 128
RT cores, 16384 CUDA cores, and 24GB VRAM. The operating
system is 64-bit Ubuntu Server 20.04 with Linux Kernel 5.4.0-42-
generic. The GPU programming interface uses CUDA 10.1 and
OptiX 7.1.

In Section 6.3, we also compare the performance between RayDB
and Crystal on NVIDIA TITAN X (PASCAL), where OptiX 5.1 is
used for programming. The GPU was launched in 2015 and does
not have RT cores. Therefore, ray tracing jobs are only executed
on CUDA cores. The experiment aims to analyze the performance
benefits from RT core acceleration. In Section 6.8, to evaluate the
scalability of RayDB on multiple GPUs, the experiment was run on
a machine with four NVIDIA GeForce RTX 4080 SUPER.
Workloads Throughout the experiments, we adopt the Star Schema
Benchmark (SSB) [28]. There are a total of 13 queries in the bench-
mark, divided into 4 query flights. The industry usually flattens
SSB into a wide table model (SSB flat) to test the performance of
query engines. In our experiments, we run the SSB flat with a scale
factor of 1, 10, and 20 to evaluate the performance with different
data set sizes. When the scale factor equals 20, it will generate a
flat table with 120 million tuples.

Baseline We compare RayDB with Crystal [32]. Crystal is a re-
cently proposed state-of-the-art GPU database system that delivers
superior query execution performance compared to other systems.
It currently supports only queries from the Star Schema Bench-
mark (SSB). Specifically, Crystal implements a custom operator-
invocation program for each query in the SSB. For a fair compari-
son, we modify these programs by removing all Join. Besides, since
Cyrstal does not implement the OrderBy, we also remove it from
all queries.

Encoding In SSB, we adopt different encoding schemes for the
Aggregation operator. Three queries in Flight Q4 have the ag-
gregate function: sum(lo_revenue - lo_supplycost), and we
adopt the encoding optimization in Section 4.4 to make further
compression. The aggregate function of queries in Flight Q1 is
sum(lo_extendedprice * lo_discount). However, the range of
lo_extendedprice * lo_discount is too large to be precisely repre-
sented as an integer by a 32-bit float. Therefore, in experiments, we
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Table 1: Selectivity of queries in SSB

Query | q11 q12  q13 q21 q22 q23
Sel.(%) | 1.99 0.07  0.02 0.80 0.16 0.02
Query | g31 q32 33 Q34 g4l q42 q43
Sel.(%) | 3.67 0.14 5.76E-3 7.33E-5 159 038 0.04

use the approach in Section 4.5 to handle this situation. In evaluat-
ing Flight Q1, the X-coordinate only represents lo_extendedprice
while lo_discount is stored in the GPU device memory.

6.2 Evaluation of Query Performance

Figure 12 illustrates the performance comparison between RayDB
and Crystal. In order to ensure the fairness of the comparison
between systems, the query execution time in the experiment is
unified as starting after loading all input data into GPU memory
and ending after the results are calculated. RayDB shows excellent
performance on the SSB flat. At SF=1, RayDB is faster than Crystal
on all queries, on average, by 82.08%. At SF=10, RayDB is faster
than Crystal on 12 out of 13 queries and 5.4x faster on average.
At SF=20, the situation is similar to that at SF=10. RayDB is faster
than Crystal on 12 out of 13 queries, at least 1.0x faster and at
most 18.3x faster. Over the entire SSB flat, RayDB is on average
8.5% faster than Crystal. It can be seen that RayDB maintains its
performance advantage over Crystal in all SF cases. Considering
that Crystal is by far the state-of-the-art GPU database system
delivering superior query execution performance compared to other
systems, the performance improvement is reasonably satisfactory.

Table 1 records the selectivity of each query in the SSB flat.
Referring to Figure 12, it is observed that the query execution time
of RayDB has a certain positive correlation with the selectivity of
the query. The selectivity of q11, q31, and g41 is significantly higher
than the other queries, and their execution time is also longer. The
fundamental reason for the positive correlation between query
execution time and query selectivity under certain conditions is
that a lower selectivity implies a smaller number of data records
in the query area, that is, a smaller amount of data to be accessed.
Among the above queries, although q11 does not have the highest
selectivity (1.99%, the maximum selectivity is 3.67% of q31), its
execution time is particularly long, and it is even the only query
for which RayDB has a longer execution time than Crystal. The
reason is the particularity of Flight q1. The queries in Flight q1
do not include the GroupBy operator. In our implementation, we
treat such queries as if all data records belong to the same unique
group. Recall that atomic operations are used in Any Hit Shader
to avoid synchronization issues, but they also limit parallelism,
which affects performance. In the presence of only one group, all
atomic operations target the same scalar value, further preventing
the parallelism advantage of RT cores from being fully exploited
and slowing down the execution of q11. This is also confirmed by
the shift of the execution time of q11 from SF=1 to SF=20: when the
dataset is small (SF=1), there are also fewer atomic operations, and
the restriction of parallelism is not obvious. Therefore, RayDB is
faster than Crystal. When the dataset becomes larger (SF=20), the
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Figure 12: Query execution time of RayDB and Crystal

atomic operations increase accordingly, and the disadvantage of
limited parallelism is further highlighted. At this time, RayDB is
inferior to Crystal.

6.3 The Performance Gains from RT Cores and
BVHs in RayDB

In order to disentangle the gains obtained from RT cores and BVHs,
we implement a pure CUDA version of RayDB where the entire
ray tracing process is computed by CUDA cores on the GPU. By
comparing it with Crystal, we can evaluate the performance impact
of the BVH index in the absence of RT cores, and then verify the
contribution of RT cores. To achieve this, we switch to OptiX 5.1,
which uses CUDA cores to compute BVH traversal and ray-triangle
intersection tests. Since OptiX 5.1 is an old version, it does not
support NVIDIA RTX 4090. Therefore, the experiments in this
subsection are performed on an NVIDIA TITAN X (Pascal). Limited
by the device memory size of TITAN X, we conduct experiments
with a scale factor of 1. The performance results are shown in
Figure 13.

On the 13 queries of SSB, RayDB (pure CUDA) is 258X-588%
slower than Crystal, and 423X slower on average. Recall that RayDB
is faster than Crystal on all queries with the same scale factor
as in Section 6.2. This demonstrates that the BVH index alone
does not work well due to the features of CUDA, and performance
gains can only be achieved by cooperating with RT cores. With
the application of hardware-accelerated ray tracing technology, the
BVH traversal and ray-triangle intersection tests that originally
needed to be computed by CUDA cores during the ray tracing
process are offloaded to the RT core, which is specialized hardware
designed for this purpose, freeing CUDA cores from thousands
of instructions per ray, which could be an enormous amount of
instructions for an entire ray tracing process. The presence of RT
cores considerably accelerates the ray tracing process and makes
the ray-tracing-based database possible.

6.4 GPU Memory Bandwidth Occupancy

Figure 14 presents a comparison of the memory throughput of
Crystal and RayDB on 13 queries of SSB flat. At SF=20, Crystal
achieves a memory throughput of 97.11% to 97.51% of the memory
bandwidth, with an average of 97.41%. The situation is rather similar
in other SF cases. It can be argued that Crystal saturates the memory
bandwidth. In contrast, at SF=20, RayDB’s memory throughput is
only 7.72% to 73.53% of the memory bandwidth, with an average of
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Figure 13: Performance com-
parison of RayDB (pure CUDA)
and Crystal

36.74%. This ratio is even smaller in other SF cases. It can be seen that
the memory bandwidth occupied by RayDB is considerably smaller
than that of Crystal in all SF cases. This is due to the fact that RayDB
drastically reduces the amount of data that needs to be accessed and
the number of random memory accesses, freeing its performance
from the memory bandwidth constraints. Based on this, we identify
that the limiting factor for the performance of RayDB is the number
of RT cores. The latest RTX 4090 is equipped with 128 RT cores
versus 16384 CUDA cores. More RT cores mean that we can launch
more rays to expedite intersection tests, and the performance is
expected to be further enhanced. With the fast development of
the ray tracing technique, the number of RT cores has also been
increasing. The RTX 2080 Ti has only 68 RT cores, while this number
grows to 84 on the RTX 3090 Ti and 128 on the RTX 4090. Therefore,
since the memory bandwidth is no longer a limitation, RayDB is
expected to benefit from the evolving architecture and achieve
higher performance on future GPUs.

It is worth noting that there is no clear positive correlation
between query memory throughput and query selectivity, which
seems to contradict the conclusions we obtained. While RayDB
reduces the amount of data that needs to be accessed with the help
of ray tracing, it also increases the overhead of BVH traversal and
ray-triangle intersection tests. Since the BVH is stored in the de-
vice memory, BVH traversal and ray-triangle intersection tests also
require access to the memory, and this partial memory access is
closely related to the BVH structure. The BVH structures corre-
sponding to different queries show great differences, and their effect
on the memory throughput shows strong stochasticity, ultimately
shaping the results shown in Figure 14. Nevertheless, overall, the
query memory throughput is still significantly degraded.

6.5 BVH Construction Overhead

Figure 15 shows the time of building the BVH in RayDB on each
query of SSB flat for scale factors 1, 10, and 20. Experimental results
show that the BVH building time scales linearly with the dataset
size. From SF=1 to SF=10, the dataset size increases by about 9X,
and the average building time increases by 9.95xX. The dataset size
roughly doubles from SF=10 to SF=20, while the average building
time also grows by 1.01x. At a certain dataset size, the BVH building
time is relatively stable, and the difference in building time between
different queries does not exceed 11%.

In the three cases of SF=1, SF=10, and SF=20, the average BVH
building time is 10.30 ms, 112.85 ms, and 227.84 ms, respectively,
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while the average query execution time is 0.26 ms, 1.58 ms, and 2.85
ms, respectively. Therefore, the average execution time is 2.50%,
1.40%, and 1.25% of the average BVH building time, respectively.
Due to the huge gap between the building time and the execution
time, it is imperative to construct the BVH in advance. In RayDB, we
build BVHs offline, which can be viewed as indexes or materialized
views. For a given query, RayDB chooses a BVH that covers the
attributes in the three operators.

6.6 Comparison between Query-Level and
Operator-Level Ray Tracing

In Section 2.4, we explain why we choose to use ray tracing to accel-
erate the entire query rather than each operator. In the following,
we conduct experiments to verify our conclusions. In view of the
fact that there have been few studies on accelerating a single oper-
ator using ray tracing, which mainly focuses on the Scan operator
(e.g., RTScan), we implement the Scan operator of the query by
RTScan and the other operators by RayDB. RTScan transmits its
execution result to RayDB in the form of a bit vector, where each bit
records whether the corresponding data record satisfies predicates.
RayDB enforces the Z-coordinate to be 0 for all primitives. Accord-
ingly, rays are launched at the Z = 0 plane as the query area. In this
way, all primitives will be intersected by rays, and RayDB needs
to use the bit vector to determine whether a data record satisfies
the predicates and should continue to participate in the follow-
ing computation. Since RTScan suffers from out-of-memory issues
when SF=20, we down-regulate SF to 16 in this experiment. The
performance comparison with the case where RayDB implements
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individual operators and the necessity of choosing ray tracing for
the entire query.

6.7 Comparison between Encoding and Splitting

In Section 4, faced with the case where a single Scan and GroupBy
operator involves multiple data attributes, we give a solution that is
encoding. However, there is a more intuitive way, which is to split
the data attributes involved in the operator into two parts. The first
part contains only one data attribute, which is still used for RayDB.
The data attributes in the other part are stored in device memory
in the form of arrays that can be accessed according to primitive
indices. We refer to this approach as splitting.

Figure 17 is a plot of the performance comparison between split-
ting and encoding on the Scan operator when SF=20. In the experi-
ments, splitting on Scan uniformly selects the first data attribute
involved in the Scan operator for RayDB and stores the remain-
ing data attributes in the device memory. When RT cores detect a
primitive that intersects a ray, the corresponding Any Hit Shader
reads from the device memory the remaining data attributes of
the corresponding primitive and determines whether they satisfy
the conjunctive predicates contained in Scan. Experimental results
show that encoding on Scan performs significantly better than split-
ting on Scan. on the 13 queries of SSB flat, encoding on Scan is 3.3x
to 176.9% faster than splitting on Scan, with an average of 31.1x.
The reason for such a large performance difference is the difference
in the amount of data that needs to be accessed. For example, if
the conjunctive predicates are p; A p,, p; has a selectivity of 50%
and p, has a selectivity of 20%, then encoding on Scan will access
50%x20%=10% of the data records, and splitting on Scan will access
50% of the data records. In this case, the amount of data they need
to access differs by a factor of 5. Due to the different selectivity
of each predicate in the conjunctive predicates, the performance
difference between encoding on Scan and splitting on Scan on each
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query of SSB flat also shows a large difference. Overall, however,
encoding on Scan outperforms splitting on Scan by a wide margin.

Figure 18 illustrates the performance comparison of splitting
and encoding on the GroupBy operator when SF=20. Splitting on
GroupBy is analogous to splitting on Scan. Since the queries in
Flight q1 do not involve the GroupBy operator, the experiment is
performed only on the remaining 10 queries of SSB flat. It can be
observed that the difference in performance between splitting on
GroupBy and encoding on GroupBy is smaller, 74.61% on average,
compared to the difference between splitting on Scan and encoding
on Scan, which is 31.1X on average. This is because splitting on
GroupBy does not change the amount of data records accessed
compared to encoding on GroupBy but only increases the overhead
of accessing the remaining data attributes stored in the device
memory. However, only the remaining data attributes of primitives
that intersect rays will be accessed, so this overhead is not apparent
in most SSB queries with generally low selectivity. Regardless, given
the slight performance benefit, encoding on GroupBy remains the
better option.

6.8 Scalability on Multiple GPUs

We evaluate the performance of RayDB on a single RTX 4080 SU-
PER and four RTX 4080 SUPER with a scale factor (SF) of 20, and
the experimental result is shown in Figure 19. In this section, we
only adopt the parallel execution strategy where the data space
is equally partitioned along the Y-axis as an example of parallel
execution. For the same reasons as in Section 6.7, we exclude Flight
ql from our experiments. The experimental result indicates that
the performance of four GPUs working in parallel is 2.1 than that
of a single GPU on average and can reach 3.3X at most.

While parallel execution on multiple GPUs significantly en-
hances performance, further improvements are constrained by the
following two main factors: Firstly, the preparatory work before
launching rays (e.g., determining the query region) needs to be
performed on each GPU and cannot be parallelized. The time spent
in this part has small differences between queries and is relatively
fixed, approximately 0.07 ms in this experiment. As a result, for
queries with long execution times, the performance improvement
is large because the time taken for preparatory work is a small pro-
portion of the execution time and vice versa. Secondly, the simple
strategy of partitioning the space equally leads to a certain load
imbalance between each GPU, which ultimately affects the perfor-
mance. It is our future study to explore a more reasonable way of
partitioning to achieve load balancing among GPUs.
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7 RELATED WORK

Applications of RT cores Since RT cores are originally designed to
render physically correct reflections, refractions, shadows, and indi-
rect lighting in real time [27], there are numerous studies that lever-
age it to accelerate rendering workloads, including graphic render-
ing [8, 16], ambient occlusion [7], and simulation in physics [10, 37].
In addition, there are also many studies that creatively use RT cores
to accelerate non-rendering workloads such as data processing,
including K-nearest neighbor search [25, 38], database scan [14, 21],
range minimum queries [22], point location search [24, 34], and ren-
dering of unstructured meshes [23]. In summary, RT cores demon-
strate significant potential for accelerating both rendering and non-
rendering tasks.

Accelerating queries with GPUs GPUs offer strong parallelism
and high-bandwidth memory, making them an attractive candidate
for accelerating database queries. Therefore, GPU-accelerated data-
base systems have been widely and deeply studied for more than 10
years [9, 17-19, 30, 35, 36]. There are three types of computational
cores on the GPU: CUDA cores, Tensor cores, and RT cores. CUDA
cores are responsible for integer and floating-point operations, so
most GPU database systems are based on CUDA cores. Among
them, Crystal [32] is the state-of-the-art CUDA-based GPU data-
base that provides superior query execution performance compared
to other systems. Tensor cores provide significant speedups to ma-
trix operations. To leverage the computational power of Tensor
cores, TCUDB [15] maps query operators to efficient matrix op-
erators and implements a Tensor-based GPU database. RT cores
accelerate Bounding Volume Hierarchy (BVH) traversal and ray-
triangle intersection tests in ray tracing, and RayDB is the first
study to make use of them to accelerate database queries, filling
the gap in related directions.

8 CONCLUSION

In this paper, we propose RayDB, a query engine that accelerates
database queries with ray tracing cores. Instead of implementing
each operator independently like CUDA-based implementations,
RayDB maps the core operators in a query as one RT job. The
approach brings several performance advantages, including access-
ing data with an optimized sequential access pattern, reducing
the amount of data to be accessed, and exploiting the parallelism
of RT cores. RayDB breaks the memory bandwidth restriction on
query performance and significantly outperforms the state-of-the-
art CUDA-based GPU and CPU query engines.
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ABSTRACT

Graph Neural Networks (GNNs) are widely employed to learn rep-
resentations from graph-structured data. To support large-scale
graph training, researchers use distributed techniques, partition-
ing the graph across multiple computing nodes and performing
parallel training by exchanging dependency vertex information
via cross-node communication. However, existing GNN training
systems operate on statically partitioned subgraphs, making them
difficult to adapt to resource fluctuations. In practice, resource fluc-
tuations in cloud environments often cause variability in compute
and communication resources, posing challenges for aligning each
worker’s workload to its available resources during GNN training.

In this paper, we propose NeutronCloud, a system designed
for efficient GNN training in cloud environments. First, we adopt
a resource-aware workload adjustment strategy. It builds on hy-
brid dependency handling by obtaining dependency information
through both local computation and remote communication. Dur-
ing training, it dynamically adjusts the ratio between locally com-
puted and remotely fetched dependencies based on each worker’s
available resources, ensuring workload-resource alignment. Second,
we employ a dependency-aware partial-reduce approach reusing
historical vertex embeddings and skipping the stragglers during
gradient aggregation to address extreme resource fluctuations that
cause some workers to lag significantly behind others in the clus-
ter. Experimental results on the resource-fluctuating environment
demonstrate that NeutronCloud achieves 1.83X-4.43x speedup com-
pared to state-of-the-art distributed GNN systems.
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Figure 1: Normalized computational throughput (FLOPS)
and network bandwidth measured over 200 seconds on two

Alibaba Cloud shared GPU instances (each with a shared
NVIDIA A10 GPU and up to 10 Gbps bandwidth).

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/Toaoc/NeutronCloud.

1 INTRODUCTION

Graph Neural Networks (GNNs) have emerged as a fundamental ap-
proach for graph-based tasks such as social network analysis [5, 11],
link prediction [22, 31, 52], and recommendation systems [49]. The
GNN models iteratively perform neighbor aggregation and repre-
sentation updates for each vertex to capture complex topological
information. Distributed training methods are adopted to partition
graph data across multiple workers to handle large-scale graphs,
running GNN models in parallel. Most existing distributed GNN
training systems [3, 6, 10, 16, 24, 34, 37, 38, 42, 44, 51, 54, 57] assume
a stable resource environment, where computational and network
resources remain consistent during training. However, in reality,
resource fluctuations are ubiquitous in real-world applications.
Resource fluctuations can be categorized into computational re-
source fluctuations and network resource fluctuations. In cloud
environments, computational resources fluctuate due to contention
on shared physical hosts [35]. For example, burstable instances
(e.g., AWS T-series or Alibaba Cloud "shared-core” VMs) [1, 36]
may decrease CPU/GPU performance when neighboring VMs expe-
rience high demand. Likewise, network performance varies due to
congestion and bandwidth contention. Multi-tenant clusters often
face communication bottlenecks caused by overloaded data center
switches and cross-worker network contention [28, 47, 53]. To illus-
trate these fluctuations, we evaluate computational power (FLOPS,
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floating point operations per second) and network bandwidth over
time in a two-worker cluster on Alibaba Cloud’s shared GPU in-
stances. As shown in Figure 1, FLOPS and network bandwidth drop
by up to 90% and 35%, respectively.

Such fluctuations significantly impact the performance of dis-
tributed GNN training. When performing distributed GNN training
in a resource-fluctuating environment, the initially assigned work-
load becomes mismatched with the fluctuating resources, causing
computational and communication bottlenecks, and leading to the
emergence of slower workers (stragglers). In addition, GNN data
samples exhibit complex interdependencies, further exacerbating
this issue. In distributed GNN training, graph partitioning results in
local vertices needing to aggregate features from remote neighbors
(called remote dependency vertices), and all worker parameters
need to be synchronized at the end of each epoch. Thus, the de-
lay caused by stragglers propagates throughout the entire cluster
during training, slowing down the overall training performance.

We summarize that the key challenge in distributed GNN training
under resource fluctuations is how to quickly adjust each worker’s
computational and communication workload to match the available
resources. For Deep Neural Network (DNN) systems, there are no
dependencies among input samples. They mitigate resource-load
mismatches through real-time load migration to address resource
fluctuations [14, 56]. However, for GNN systems, the data depen-
dencies make workload migration difficult. Workload migration
requires not only transferring vertex features but also adjusting and
maintaining the dependencies between workers to ensure graph
consistency. This leads to substantial additional overhead and re-
duces the efficiency of workload adjustment. The overhead of mi-
gration can even offset the benefits of workload adjustment.

In this paper, we propose NeutronCloud, a distributed GNN
training system capable of resource-aware workload adjustment,
addressing the above challenge through two critical strategies.

First, we propose a resource-aware workload adjustment strategy
that adapts dependency handling based on real-time resource condi-
tions. The fetching of remote dependencies takes up most of the time
in the entire distributed GNN training process [2, 12, 32, 37, 45]. We
propose a lightweight resource-aware workload adjustment strat-
egy based on the hybrid dependency handling method. This strategy
dynamically adjusts the processing of remote dependency vertices
in the cluster to adjust computational and communication work-
loads. Specifically, we cache remote dependency vertices and their
multi-hop neighbors, obtaining embeddings through local compu-
tation to address the reduction in communication resources. When
computational resources are constrained, more remote dependency
vertex embeddings are fetched via cross-worker communication. To
enable flexible runtime adjustment, we trade additional storage for
adaptability by pre-caching remote dependency vertices and their
multi-hop neighbors during the preprocessing phase. This design
eliminates the need for workload migration during adjustment.

Second, when some workers face extreme resource degradation
(e.g., computation and communication resources decrease simulta-
neously), adjusting vertex dependencies processing is not enough to
reduce the serious delay caused by the synchronization of the severe
stragglers. To address this problem, we introduce a dependency-
aware partial-reduce strategy, allowing local computation using
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cached historical embeddings when embeddings from severe strag-
glers cannot be received in time. Despite being slightly outdated,
these embeddings still provide useful information for computation
without stalling the process. During gradient aggregation, we syn-
chronize gradients only from faster workers, skipping the severe
stragglers. To ensure unbiased gradients and model convergence,
we adopt a dependency-aware weighted gradient aggregation strat-
egy and set a bound on severe stragglers that are skipped.
In summary, we make the following contributions.

e We propose a resource-aware workload adjustment strategy,
which dynamically adjusts the number of remote dependencies
for each worker by quantifying variations in computation and
communication resources, ensuring a better match between re-
source and workload.

e We propose a dependency-aware partial-reduce approach to re-
duce synchronization overhead. By using history embeddings,
we update only the faster worker’s parameters while setting a
bound to ensure convergence.

e We develop NeutronCloud, an efficient GNN training system
for resource fluctuation environments. The experimental results
show that NeutronCloud achieves 1.83x - 4.43x speedup com-
pared to state-of-the-art GNN systems.

2 BACKGROUND
2.1 Resource Fluctuations

Resource fluctuations are common in real-world applications and
are often caused by contention on shared physical hosts or net-
work contention. These resource fluctuations frequently impact
computing power and network bandwidth, significantly affecting
the performance of distributed GNN training.

To analyze the impact of resource fluctuations on the perfor-
mance of distributed GNN systems, we evaluate two GNN training
systems, NeutronStar [45] and Sancus [32], on resource-fluctuating
and resource-stable clusters using a two-layer GCN model. The
cluster consists of four workers, each equipped with NVIDIA T4
GPUs, interconnected via a 10 Gbps network.

Motivated by existing methods for simulating resource fluctu-
ations [25-27, 56], we emulate runtime fluctuations by injecting
sleep commands into workers. Specifically, in each iteration, each
worker incurs additional overhead with a 10% probability, equiv-
alent to twice the average epoch runtime. To emulate sustained
fluctuation patterns (as shown in Figure 1), each injected sleep
command lasts for 5 consecutive epochs.

As shown in Figure 2, the per-epoch runtime in a resource-
fluctuating environment is 3.5X slower than that in a resource-stable
environment. Distributed GNN training needs to synchronize data
across all workers in each epoch. Resource fluctuations on any
worker can impact the efficiency of the entire cluster. This indicates
that resource fluctuations can significantly degrade the efficiency
of distributed GNN training.

2.2 GNN Training

A graph neural network processes a graph as input, where each ver-
tex and edge is associated with high-dimensional features. Through
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Figure 2: Per-epoch runtime comparison of NeutronStar [45]
and Sancus [32] under stable environment (Stable Env) and
resource-fluctuating environment (Fluctuating Env) on four
datasets PUB (Pubmed), ARX (Ogbn-Arxiv), RDT (Reddit),
and OPT (Ogbn-Products).

multiple layers, GNNs iteratively propagate and aggregate infor-
mation from neighboring vertices, updating their representations
to capture the graph structure information.

In the I-th layer, the aggregation result al, of vertex v is obtained
by collecting the embedding hf[l of its neighboring vertex u in the
(I — 1)-th layer, as shown in the following formula:

aé = Aggregate(hf[l,u € N(v)) (1)

Subsequently, the update function uses the result ai, and hﬁ,‘l,
which is the embedding of the vertex v in the (I — 1)-th layer, to
compute the representation hé of the vertex v in the [-th layer, as
shown in the following formula.

hy, = Update(al, hi,™) ®

The final-layer vertex embeddings are fed into downstream tasks,
where a task-specific loss is computed against ground truth labels.
This loss triggers backward propagation to calculate gradients via
automatic differentiation. These gradients drive parameter updates
through gradient-based optimizers like SGD or its adaptive variants
(e.g., Adam). The standard SGD update rule is:

Or+1 =01 = Vo L(01) ®)

where the 7 denotes the learning rate controlling the step size, the
Vo L(6;) denotes the gradient of loss function w.r.t parameters.

2.3 Distributed GNN Training Approach

Distributed GNN training partitions the input graph across multi-
ple workers. Dependencies arise when vertices need to aggregate
features from remote neighbors. The critical aspect of distributed
GNN systems is efficiently handling remote dependencies.

We categorize existing dependency handling strategies into three
approaches. The Dependencies Communicated (DepComm) ap-
proach requires each vertex to gather its neighbors’ representations
from remote workers via cross-worker communication [17, 38], as
shown in Figure 3 (a). This method reduces storage consumption
but leads to significant communication overhead. The Dependen-
cies Cached (DepCache) approach caches the features of multi-hop
neighbors of remote dependency vertices on the local worker in ad-
vance for multi-layer computing [57], as shown in Figure 3 (b). This
eliminates inter-worker communication but results in significant
redundant computation and storage overhead.

As shown in Figure 3(c), the hybrid dependency-resolution scheme
assigns a subset of remote dependency vertices to DepCache (e.g.,
vertex 0 on worker 1) and the remainder to DepComm (e.g., vertex 1
on worker 1). The approach can balance the use of computational
and communication resources. Based on this hybrid design, we
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Figure 3: Hybrid dependency handling method of distributed
GNN training,.

Algorithm 1 DepComm-DepCache Hybrid Training for L-layer
GCN

Input: G = (V,E), L, {hfjo) }oev, {Lo}oevy; partition {Vi,...
params {W () }{7:1
Output: updated {w () }5:1
1: For worker i: E; «— {(u,0) € E | v € V;}; Nige(v) = N(v) NV,
Niem(0) = N(0) \ Vi

,Vm};

2: for each worker i = 1,...,m in parallel do

3: for £ =1to L do > Forward
4: for each v € V; do

5: Sloc {h1(4[71) (U € Nipe(0) }

6: F¢(v) « {u € Niem(v) : DEPCoMM(u, 0, £) }

7: C¢(v) < Nrem(2) \ F¢(0)

8: Scache < {CACHEGET(u,f — 1) :u € Cp(v)}

9: PULLBYOWNER {hff_l) :u € Fp(v)} from owner(u)
10: Scomm — {h’™ :u e F (o)}

11: S« Sloc U Scache U Scomm

12: ay < AGGREGATE(S)

13 hif) <« UpDATE(ay, hl(,(_l) ;W)

—
'S

Ly — P(h;L)) forv € Vi ;; loss; « Loss({I:,,}, {Ly}); loss «
ALLREDUCESUM (loss;)

15: BACKPROP to obtain {th(ffl)} and {VW)} forv e V;

16: for £ = L down to 1 do » Backward: send grads only for DepComm

neighbors
17: for each v € V; do
18: for each u € F,(v) do
19: SEND Vhff*l) to owner(u)

: for £ =1to L do
21: VW) «— AriRepuceSum(VW(9))
w0 — OprSTER(W (D), VIW ()

> Sync & update

propose a dynamic adjustment mechanism that adaptively adjusts
the ratio between DepCache and DepComm during training. This
enables each worker to adapt its computation and communication
workload to fluctuating resources.

Algorithm 1 outlines the hybrid dependency handling. In the
forward pass (Lines 5-13), the worker collects local neighbors, par-
titions remote neighbors into DepComm and DepCache, computes
the DepCache branch locally, fetches DepComm embeddings via
communication, and then aggregates and updates. The per-worker
loss is computed and reduced across workers (Line 14). In the back-
ward pass (Lines 15-20), local gradients are computed on each
worker, and only gradients for DepComm remote neighbors are
sent to their owners, while DepCache neighbors are handled locally.
Finally (Lines 21-22), gradients are All-Reduced and parameters
are updated.

Therefore, the exchange of vertex embeddings and gradients
at each layer, combined with the synchronization of parameter
updates, creates layer-wise communication barriers, introducing
significant synchronization overhead to distributed GNN training.



2.4 Existing GNN Systems in Fluctuating
Environments

Most existing distributed GNN systems are built on the assump-
tion of stable resource availability. Systems such as DGL [43], Ali-
Graph [57], MGG [46], ROC [17], and DGCL [2] rely on static, pre-
defined task allocation and communication—-computation pipelines,
with optimizations for computation, memory, or communication
applied at initialization. These designs assume static resource con-
ditions and therefore cannot adapt to runtime resource fluctuations.
As a result, execution plans quickly become suboptimal, and delays
caused by stragglers can cascade across synchronization barriers,
leading to resource underutilization.

Some recent systems attempt to mitigate the impact of stragglers
caused by resource fluctuations. PipeGCN [41] adopts pipelined
execution with historical embeddings to overlap computation and
communication, while Sancus [32] introduces historical embed-
dings to reduce communication with stragglers. These approaches
can partially hide the latency introduced by stragglers. However,
they still rely on synchronous parameter updates (e.g., all-reduce),
which are bottlenecked by the slowest worker in each iteration and
limit adaptability under resource fluctuations.

While NeutronStar [45] also adopts a hybrid dependency han-
dling strategy, it lacks runtime resource awareness and cannot
adjust dependency handling based on dynamic execution condi-
tions. Moreover, its hybrid dependency handling method requires
evaluating the benefit of each dependency and performing global
sorting, which incurs high overhead and makes it unsuitable for
online adjustment.

3 SYSTEM OVERVIEW

We introduce NeutronCloud, a distributed GNN system capable
of handling resource fluctuations through two critical strategies.
First, NeutronCloud provides a resource-aware workload adjust-
ment strategy that adjusts the computational and communication
workloads of each worker to match the real-time resource con-
ditions. Second, NeutronCloud introduces a dependency-aware
partial-reduce approach to reduce synchronization overhead be-
tween fast and slow workers.

Resource-aware Workload Adjustment Strategy. Neutron-
Cloud employs a lightweight resource-aware workload adjustment
algorithm based on the hybrid dependency handling method. The
strategy consists of two phases. In the preprocessing phase, remote
dependency vertices and their multi-hop neighbors are cached in
local CPU memory. Additionally, the costs of different handling
methods for remote dependency vertices are computed, thereby
determining per-vertex adjustment priorities. In the online adjust-
ment phase, the algorithm continuously records the computation
and communication time of each worker per epoch and quantifies
resource fluctuations. Based on the adjustment priorities obtained
in the preprocessing phase, a binary search is performed to deter-
mine the handling method for remote dependency vertices in the
next epoch, thereby speeding up the adjustment process. Moreover,
no workload migration is required during the adjustment process.

Dependency-aware Partial-reduce Strategy. We propose a
dependency-aware partial-reduce method to address the significant
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Figure 4: An illustrative example of resource-aware workload

adjustment.

synchronization time caused by severe stragglers. This method con-
sists of partial computation and partial update. Partial computation
is applied to graph propagation (including both forward and back-
ward propagation), when computing remote dependency vertices
handled by the DepComm approach, if the severe stragglers fail
to provide timely embedding updates, we use the locally cached
historical embeddings of dependency vertices to continue forward
propagation. Similarly, historical gradients are used for backward
propagation. Additionally, a lightweight controller monitors em-
bedding and gradient staleness, ensuring they are used only if their
divergence from the latest embeddings is below a certain threshold.

Partial update limits gradient aggregation to faster workers and
skips the stragglers. A runtime controller monitors worker progress
to ensure that each update involves the majority of workers. To
maintain fairness and convergence, we ensure that all workers par-
ticipate in parameter updates within a bounded number of epochs,
and cached embeddings are periodically refreshed. Finally, we apply
dependency-aware weighted parameter synchronization to ensure
unbiased aggregation.

4 RESOURCE-AWARE WORKLOAD
ADJUSTMENT

In this section, we first analyze the impact of resource fluctuation
on GNN training. Then, we define an optimization objective that
minimizes the runtime of each worker under resource-fluctuating
environments by adjusting how dependencies are handled. Finally,
we propose a lightweight algorithm to approximate this objective
during training.

4.1 Impact Study of Resource Fluctuations

To design our workload adjustment strategy, we analyze how re-
source fluctuations affect each worker’s total runtime, including lo-
cal subgraph computation, DepCache computation, and DepComm
communication. Given the processing times of the two dependency-
handling approaches, we formulate an objective to minimize the
total runtime by adjusting their proportions.



Training Time under Resource Fluctuations. We decompose
each worker’s training time under resource fluctuations into three
components: T/ .. for local subgraph computation, T’ . . for

local,i cache,i

DepCache computation, and T . for DepComm communication.

omm, i
This decomposition is expressed as:

TI

comm, i

©)

Impact of Resource Fluctuations on DepCache. DepCache improves
training efficiency by locally caching the features of multi-hop de-
pendency neighbors to reduce communication. For each vertex, this
results in a layer-wise recursive structure: at layer [, the embedding
computation depends on its in-neighbors from layer I — 1, and so
on. As shown in Figure 4(a), computing the embedding of Vertex 3
at Layer 1 in Worker 0 requires the Layer-0 embedding of Vertex 2.

Under resource fluctuations, the cost of processing cached de-
pendencies becomes sensitive to system performance. In particu-
lar, contention on compute and memory resources affects vertex
and edge operations, which is reflected in the runtime-aware per-
dimensional costs T, and T, of processing each vertex and edge. Let

v

cache,i )
on worker i. Since multi-hop dependencies are cached across layers,
the overall DepCache cost for worker i is computed by accumulat-

ing costs across multiple layers:

/o ’
Ti _Tlocal,'+T it

i cache,

denote the cached vertices and edges at layer [

- @ O] 1
Tc,ache,i - Z (|Vcache,i| ’ Tl; + |Ecache,i| ’ T‘:) 'd( :
I=1

®)

where d(!) is the feature dimension of layer .

Impact of Resource Fluctuations on Local Subgraph Computation.
Similar to DepCache computation, the local subgraph computation
time under resource fluctuations is also composed of the multi-
layer vertex and edge processing costs, as shown in the following
equation:

L
r O o eg® ) a®
Tlocal,i - Z (|Vlocal,i| TU + |E10Cal,i| Te) d (6)
I=1
where |Vl(()lc)a ! i| and |El((fc)al i| represent the number of vertices and

edges in the local partition of worker i.

Impact of Resource Fluctuations on DepComm. The DepComm cost
arises from cross-partition dependency vertices when a vertex must
fetch feature vectors from remote neighbors of other workers. As
shown in Figure 4(a), computing the embedding of Vertex 2 on
Worker 1 of Layer 1 requires accessing the embedding of its remote
neighbor Vertex 1 located on Worker 0 of Layer 0. Such communica-
tion recurs across layers, as each GNN layer aggregates information
from the remote neighbors. Under bandwidth fluctuations, the per-
dimension communication cost between Worker i and Worker j is
denoted by Tc,,i e The total communication cost is given by:

L m-1
’ _ I-1 ’ (I-1)
Tcomm,i = Z al=v. Z Tc,ij ’ |Vc0mm,ij| ™
I=1 Jj=0
j#i
where |V(lfl) .| denotes the number of dependency vertices trans-

comm,ij
ferred from worker j to worker i at layer /-1, and m denotes the
total number of workers.
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Optimization Objective. To support decentralized optimization
in resource-fluctuating environments, each worker independently
minimizes its own runtime-aware training time Tl.’ , which reflects
the current execution delay under resource fluctuations. This is
achieved by dynamically adjusting the assignment of dependency
vertices between DepCache and DepComm, based on locally avail-
able resource. Moreover, the additional memory consumption for
DepCache must respect the worker’s memory constraint C;. The
optimization problem for worker i is formulated as:

min Ti/ = Tc/omm,i + Tc’ache,i + Tli)cal,i ®)
Veache,i Y Veomm,i = Vdepend,i )
Vcache,i n Vcomm,i =0 (10)
Z s(v) £ G (11)

0€Veache,i

where Vgepend,i denotes the complete set of dependency vertices
required by worker i, and s(v) denotes the storage cost of vertex v.

The storage cost s(v) of a dependency vertex v is determined
by the number of neighbor vertices and edges it introduces across
layers when cached locally. Formally, we define:

L-1
s@ =) (MY @1+ @) - dD

=1

(12)

where IVi(l) (v)| and |E§l) (v)| denote the number of vertices and
edges introduced by v at layer I.

4.2 Lightweight Resource-aware Workload
Adjustment

NP-hardness. We show that the dependency adjustment problem
in our formulation is NP-hard by a polynomial-time reduction from
the Cardinality-Constrained Knapsack Problem (CCKP). Given any
CCKP instance, we map each item to a dependency; the item size
maps to the storage cost, and the item profit maps to the reduction
in runtime variation. The capacity constraints are preserved. Under
this mapping, selecting items in CCKP to maximize total profit is
equivalent to selecting dependency handling method to minimize
runtime variation subject to the memory budget. Since this reduc-
tion is in polynomial time and CCKP is NP-hard, our problem is
also NP-hard.

Lightweight Adaptive Adjustment Algorithm. We propose a
workload adjustment algorithm to address this NP-hard problem.
The algorithm dynamically adjusts the handling of the dependen-
cies to align the computation and communication load of each
worker with its available resources. As shown in Figure 4, when
a worker faces limited CPU resources, more dependencies are re-
trieved using the DepComm approach (upper part of Figure 4(b)).
Conversely, when a worker suffers from limited communication
bandwidth, the DepCache approach is preferred (lower part of Fig-
ure 4(b)). The algorithm initially sets all dependency vertices to use
DepComm, and then selects the vertices with the highest benefit to
convert them to DepCache. The algorithm consists of two stages:
preprocessing and online adjustment. The preprocessing stage is
executed before training starts to cache essential data and prior-
itize dependency vertices through sorting by their computation



Algorithm 2 Preprocessing Phase

Algorithm 3 Online Adjustment Phase

Input: vertex subset V;, edge subset E;; set of remote dependency vertices
D; number of remote workers m; Ty, Te.
Output: {V;; ]”; 1: remote dependency vertices owned by worker j, sorted
by Tcache,i,j (v);
{Nij }j”ilz arrays aligned with V; ;. For each v, Nj;j(0).V = #
multi-hop neighbor vertices, N; j(v).E = # multi-hop neighbor
edges, N j(v).S = per-vertex storage cost;
{Si; }jnif prefix-sum arrays of storage cost over V;;, ie.,
Sijlk] = 3K Nij(Vijle]) s
1: for j = 1tomdo
2 Vij —{veD,veV;}
3 for each v € V; do
4 Teache,ij (v) & Nij(0).V - Ty + Nij(0).E-Te
5 SORT (V;;) by Teache,j (0) (ascending)
6 REINDEX Nj j accordingly
7 Sij[1] & Nij (Vi [1]).-S
8: for k = 2to |V;;| do
9: Sijlk] « Sijlk = 1] + Njj (Vij[k]).S
10: return {(Vi,j }_;‘7;1’ {Ni,j }j”;l’ {Si,j }Jril

overhead. The online adjustment stage dynamically adjusts depen-
dency handling approaches based on real-time resource feedback.
By offloading expensive operations to preprocessing, the online
adjustment remains lightweight and efficient during training.
Preprocessing Phase. Each worker i precomputes two ordered ar-

rays, N; and S;. Array N; groups remote dependency vertices by
their owner j into V; j and, for each v € V} j, stores the counts of
multi-hop neighbor vertices/edges and the per-vertex storage cost.
Array S; contains prefix-sum arrays S; ; of the storage costs for
each Vj ;. We group by owner because vertices from the same re-
mote worker share the same per-feature-dimension communication
time Tt ; j (Algorithm 2, Lines 1-2). Using the measured per-feature-
dimension processing costs T, and T, we compute Tcache,i,j (¢) for
v € V;j (Line 4), sort V; j accordingly and reorder N j (Lines 5-
6), then build S; j (Lines 7-9). These precomputations enable fast
lookups during online adjustment. Although T, and T, may fluc-
tuate, they typically scale proportionally; hence the relative order
of Teache,i,j (v) is empirically stable across epochs. This is because
compute-bound (e.g., GEMM, related to T,) and memory-bound
(e.g., SpMM, related to T,) operations degrade proportionally un-
der GPU contention. We validate this proportional degradation
through experiments, with detailed results available in the techni-
cal report [4] due to the page limit. Therefore, these arrays only
need to be generated once before training, significantly reducing
the adjustment overhead.

Online Adjustment Phase. During training, worker i adapts the
handling of remote dependencies to resource fluctuations while
keeping the cached set within budget C; (Algorithm 3). For each
Tc’omm,i,j is constant over v € V;; and V;; is
(v), we locate the positive-benefit region y; j (v) =

owner j, since
sorted by T’

cache,i,j

C/omm,i,j - Tc’ache’i’j(v) > 0 by binary search (Lines 2-6). From the
prefix-sum array S; j[-] we obtain its storage s; ; = S; j[k;] (Line 7)
and the total demand S; = Z;":l sij (Line 9). If S; < Cj, convert
all positive-benefit vertices to DepCache and leave the rest Dep-

Comm (Lines 12-13). Otherwise allocate budget proportionally,
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Input: {V;;}, {N;;},{Si;}; updated costs T, T,, T

oij total storage con-
straint C;; number of remote workers m.
. cacheym comm \ 1
Output: {(Vi’j }jzl, {(Vl.,j }jzl.
: Initialize: (Vl.ca.Che — 0, Wf;?mm —0Qforj=1,...,m
: for j = 1to m in parallel do

1
2
3: for each v € V; j do
4
5

Tc’ache,i,j(v) - N[J(U).V ' Té + Ni’j(v).E ' Te,
Yij(0) Tc,,i,j - Tc/ache,i,j(u)

B

BinarySearch in V; ; for largest index k; s.t. y; j () > 0
7: Si,j ‘_Si,j[kj]
8: k; is the last vertex with positive benefit.

9: S; «— Z]nil Si,j

10: if S; < C; then

11: for j = 1to m in parallel do

12: q/;j!che « first k; items of V; ;
~ g .h

13 Vgt e Vi Ve

14: else

15: for j=1tomdo

16: ci,j — (si,j/S,-) - C;

17: for j = 1to m in parallel do

18: k}(—max{kﬁkj |Slj[k] Sci,j}

19: (Vic;Che « first k items of V; ;

20: VEImm — Yy \ Veacke

21: return {(Vif;’."he}j"il, {(Vif;?mm}j";l

Cij = (sij/Si) Ci (Lines 15-16), and for each j take the largest
prefix of V; ; that fits C; j using S; j (Lines 18-20). This prioritizes
high-benefit conversions under the memory constraint.

Complexity Analysis. We fuse benefit computation into the
binary search to avoid extra passes. Each adjustment performs
at most (m — 1) binary searches (one per remote owner j # i)
over sorted lists V; ;. Let Ngep = X jz; [Vij|- The online time is
2j#i O(log |Vi ) = O(mlog(Ndep/m)) in the balanced case, and
O(mlog Ngep) in general. The preprocessing is a one-time step
before training that sorts and builds prefix sums over Ny, items,
costing O(Ngep 10g Neep)-

Approximation guarantee. Our method achieves a %—

guarantee as it is equivalent to that of the default greedy algorithm
of CCKP, which ranks items by their benefit-to-cost ratio y(v)/s(v)
and selects the largest feasible prefix, achieving a worst-case %-
approximation [19]. Our algorithm adopts a simplified strategy that
ranks vertices by y(v) and selects the Top-K vertices under the
memory budget. In our design, ranking by y(v) is effectively equiv-
alent to ranking by y(v)/s(v), as vertices with higher y(v) typically
induce lower neighborhood memory costs s(v). This allows us to
omit s(v) from the ranking criterion.

5 DEPENDENCY-AWARE PARTIAL-REDUCE
5.1 Overall Workflow

Motivation. The previously proposed resource-aware workload
adjustment strategy generally mitigates the impact of resource
fluctuations. However, under extreme resource degradation (e.g.,
simultaneous drops in compute capacity and network bandwidth),

approximation
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Figure 5: Partial-reduce for GNN. "Comm" indicates commu-
nication, "Comp" indicates computation, and "Sync" indicates
synchronization.

some workers may lag significantly behind the rest of the cluster.
When such degradation persists, workload adjustment alone may
be insufficient to mitigate severe stragglers.

Challenges of Partial-reduce in GNNs. In distributed DNNS,
partial-reduce (a variant of all-reduce) reduces synchronous over-
head caused by severe stragglers by synchronizing gradients among
only a subset of faster workers in each epoch. However, due to
complex dependencies between training samples (vertices), partial-
reduce faces the following challenges in distributed GNN training.
First, partial-reduce only works on the parameter synchroniza-
tion stage. Yet workers must exchange embeddings and gradients
of dependency vertices at every layer, creating implicit synchro-
nization points. Thus, each epoch includes additional layer-wise
synchronizations in addition to parameter synchronization.
Second, the number of workers involved in parameter updates
may vary across iterations in partial-reduce, leading to unstable gra-
dient scaling and slower convergence [8, 23, 33].In distributed DNN
training, this is typically handled by weighted gradient averaging,
with each worker’s contribution proportional to its number of local
training samples [59]. However, the number of training vertices
for different workers is different, and the aggregation operation
collects non-training vertices embeddings, which will also generate
gradients for these non-training vertices during backward com-
putation, as shown in Figure 6(a). Simply performing a weighted
averaging of parameters across workers based on the number of
training vertices may result in significant convergence bias.

A Two-stage Solution: Partial Computation and Partial Up-
date. We propose a dependency-aware partial-reduce method
for GNN, consisting of partial computation and partial update, as
shown in Figure 5. Partial computation reuses historical vertex
embeddings and gradients for forward/backward computation. Fig-
ure 5(b) illustrates that during the backward computation of the
first epoch, Worker 0 and Worker 1 proceed without waiting for
the gradients from the straggling Worker 2. Partial update collects
the gradients from each worker based on corresponding weight
values, which are computed from the number of training vertices
participating in each layer. Specifically, a Breadth-First Search(BFS)
traversal is initiated from the training vertices to collect the number
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of neighbor vertices per worker at each layer. These counts are used
to compute the normalization weights for gradient aggregation.

5.2 Partial Computation for Forward/Backward

We adopt a partial-computation mechanism in which workers use
locally cached historical embeddings instead of waiting for remote
embeddings when communication delays occur. In addition, we
introduce a layer-wise timing constraint to limit the maximum
runtime of each layer.

Concretely, for each GNN layer I, we estimate a baseline runtime
To(l) from a short warm-up run of a few epochs and keep it fixed
throughout training. We then set an adaptive slack ATIEIQX = aTO(l),
with a = 0.5 by default, which serves as the maximum tolerable
waiting time (elapsed runtime minus pure compute time) for remote
vertex embeddings. Whenever a worker’s elapsed time for layer [

at an iteration exceeds To(l) + ATTEQX, it stops waiting and instead
uses cached historical embeddings for the unresolved vertices.

To ensure embedding version consistency, we design a dynamic
staleness control mechanism to track the staleness of embeddings
on each worker. The controller dynamically controls the maximum
allowable delay for remote embedding synchronization. Specifically,
when a worker’s cached embeddings fall behind by more than K
iterations, the system forces the worker to wait for the latest remote
embeddings. This approach ensures that the embeddings used in the
computation remain up-to-date, preventing approximation errors
due to outdated embeddings.

5.3 Partial Update for Parameter
Synchronization

Workflow of Partial Update. Partial update employs a dual
mechanism of dynamic grouping and bounded staleness constraints,
as shown in Figure 5(b). The lightweight controller monitors the
per-iteration runtime (aggregated across all layers). Let Ty denote

the iteration-level baseline runtime (e.g., the sum of To(l) over layers)
and let AT be the corresponding slack (e.g., aTp). When the current
iteration’s elapsed time reaches Ty + AT, if the number of ready
workers is > M/2+1 (M is the total number of workers), it triggers
a weighted parameter synchronization within the temporary group
of ready workers (e.g., workers 0-1 synchronize while bypassing
worker 2). Otherwise, the controller continues waiting until the
threshold is met.

To prevent parameter drift when some workers have not partici-
pated for a long time, all workers are required to join parameter syn-
chronization every K iterations. The controller checks participation



every K iterations; if any worker is absent, the next synchronization
round is performed across all workers in the cluster.

BFS-based Gradient Weighting Strategy. To address conver-
gence degradation caused by varying worker participation across
iterations and the uneven distribution of training vertices in par-
tial update, we propose a BFS-based gradient weighting strategy.
The key idea is to normalize each worker’s gradient contribution
according to the number of training-related vertices.

Let n'?) denote the number of vertices contributing to gradients
at layer [ on worker k. These vertices are determined through a
backward BFS traversal starting from the training vertices. Each
worker computes its local normalized gradient as:

o_ 1

A7)
e geqp®
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where V! is the set of training-related vertices on worker k at
layer [, and V£, is the gradient of the loss with respect to vertex v.
The parameter update rule then becomes:
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where 7 is the global learning rate and S; is the set of workers
active at iteration ¢. This dependency-aware normalization adjusts
each worker’s contribution by the number of vertices involved in
the backward computation (training vertices and their dependen-
cies), stabilizes gradient scaling across iterations, and improves the
convergence rate under dynamic worker participation.

Bias Elimination under Partial-reduce. We demonstrate that
the proposed vertex-weighted gradient aggregation yields an un-
biased estimate of the global gradient. We take expectations on
both sides and assume the vertex-level gradients are unbiased, i.e.,

E[g\"] = V.L(6,), we have:
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In contrast, traditional GNN training directly sums local gra-
dients across active workers without normalization, which leads
to biased gradient estimates when only a subset of training ver-
tices is covered at each iteration. The expected aggregated gradient
becomes:
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where N = Zle n](cl) is the total number of training vertices at

layer [, and Nt(l) =YkesS, n]il)

ing to gradients at layer ] among all workers involved in gradient

is the number of vertices contribut-

aggregation. The factor Nt(l) /N reflects incomplete training sig-
nal coverage and causes systematic underestimation of the true
gradient.
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Table 1: Dataset description.

Dataset V] |E| #F  #L  #H
Yelp (YP) 716,874 13,954,819 300 100 128
Reddit (RDT) 232,965 114,615,892 602 41 128
Ogbn-products (OPT) 2,449,029 61,859,140 100 47 64
Amazon (AMZ) 1,598,960 132,169,734 200 107 128

Therefore, by incorporating dependency-aware normalization,
our method eliminates this bias and ensures unbiased gradient
estimation under resource fluctuation and imbalanced participation.
The convergence of the method is formally established, and the
detailed proof is provided in the technical report [4] due to space
constraints.

6 EXPERIMENTS
6.1 Experimental Setup

Environments. Our experiments are conducted on Aliyun ECS
cluster with 16 GPU nodes. Each node has 16 vCPUs, 155GB DRAM,
and 1 NVIDIA Tesla T4 GPU, running Ubuntu 20.04 LTS OS. The
network bandwidth is 10 Gbps.

Datasets and GNN Algorithms. Table 1 lists the four graph
datasets used in our evaluation: Reddit [13] is based on user in-
teractions in a social network. Ogbn-products [15] originate from
similar relationships between products in an e-commerce platform.
The Yelp [50] dataset is constructed from user reviews of local
businesses. The Amazon [6] dataset is derived from product co-
purchasing graphs, with nodes representing products and edges
capturing frequently co-reviewed or co-purchased items. The ver-
tex feature dimensions, the number of labels of datasets, and hidden
layer dimensions are listed in Table 1. We use four popular GNN
models, including Graph Convolutional Network (GCN) [21], Graph
Attention Network (GAT) [39], GraphSAGE [13], and TAGCN [9]
to evaluate the performance, all of them are in a 2-layer structure.

The Systems for Comparisons. In our experiments, we com-
pare NeutronCloud with two types of systems: mini-batch sys-
tems and full-graph systems. For the mini-batch system, we choose
DistDGL [55] as the baseline. DistDGL reduces computational and
memory overhead through sampling. In our experiment, DistDGL
samples up to 10 first-hop neighbors per seed node and up to 15
second-hop neighbors per first-hop neighbor. For the full-graph
system, we compare NeutronCloud with NeutronStar [45] and
Sancus [32].NeutronStar adopts a hybrid dependency-handling
approach designed to balance computation and communication
workload, enabling high-performance GNN training. Sancus uses
historical embeddings to reduce cross-worker communication. In
NeutronCloud, we follow the graph partitioning strategy used in
NeutronStar, adopting a chunk-based [58] approach that divides
the vertex ID space into contiguous ranges. Vertex features and
labels are colocated with their corresponding vertices, while edges
are assigned to partitions based on their destination vertex. By
default, we set the staleness bound K = 3 in both accuracy and
runtime performance evaluations, meaning that each worker is
allowed to compute with cached embeddings and delay gradient
synchronization for up to 3 epochs. All experimental results are
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Figure 7: Per-epoch runtime of different systems on different
models. "OOM" indicates the out-of-memory error.

presented in terms of the runtime per epoch, which refers to the
time for forward and backward propagations, of all vertices in the
graph. The results are obtained by averaging over 100 epochs. A
shorter runtime per epoch indicates that the model takes less time
to achieve the same accuracy.

Heterogeneity Simulation. Inspired by existing heterogeneous
training methods [25-27, 56], we simulate a resource-fluctuating
environment in the experiment. Specifically, for each worker, we
independently add a certain probability of sleep time in each epoch
to reflect resource dynamic. Specifically, each worker has a 10%
probability of adding 5 seconds of sleep time within an epoch, which
is partially added to both forward and backward propagations.

6.2 Overall Comparison

We compare the performance of NeutronCloud by running GCN,
GAT, GraphSAGE, and TAGCN on a 16-node cluster. Recording the
average runtime and the average increased training time caused by
resource fluctuations (called fluctuation-induced delay time) per
epoch. The experimental results are summarized in Figure 7 and
Figure 8 respectively.

Per-epoch Time Comparison. Compared to NeutronStar, Dist-
DGL, and Sancus, NeutronCloud demonstrates superior perfor-
mance across all datasets. For the average runtime per epoch, it
also achieves speedups of up to 2.10X, 2.97x and 4.15% (Figure 7).

Sancus periodically performs a full broadcast of the local em-
beddings of each worker to all workers, usually every few itera-
tions, regardless of whether other partitions actually need them.
This design introduces substantial redundant communication and
lengthens waiting times, further degrading end-to-end performance.
Thus bandwidth fluctuations exacerbate delays and harm training
efficiency. NeutronStar adopts a pipeline parallelism strategy. In
each worker, the workload is partitioned into multiple chunks, and
chunk-level scheduling is applied to overlap the communication
and compute tasks. It exhibits better adaptability and performance
compared to Sancus and DistDGL in most datasets under resource-
fluctuating environment.

The static workload allocation method used by DistDGL, Neu-
tronStar and Sancus cannot match fluctuating available resources,
leading to mismatches between workload and available resources.
The advantages of NeutronCloud stem from two main factors: (1)
the resource-aware workload adjustment strategy enables dynamic
changes in workload to match the continuously changing resources;
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Figure 8: Fluctuation-induced delay time of different sys-
tems on GCN and GAT models. "OOM" indicates the out-of-
memory error.

(2) the proposed dependency-aware partial-reduce method, which
effectively alleviates the negative impact of extreme resource fluc-
tuations on training efficiency.

Fluctuation-induced Delay Time Comparison. The fluctuation-
induced delay time can directly reflect the impact of resource vari-
ability on distributed GNN training. For the average fluctuation-
induced delay time per epoch, compared to DistDGL, NeutronStar,
and Sancus, NeutronCloud achieves speedups of 3.89%, 4.81x and
3.87x, respectively, as shown in Figure 8. Sancus reduces commu-
nication overhead by reusing historical embeddings, making it less
affected by communication resource fluctuations compared to Dist-
DGL and NeutronStar.

6.3 Preprocessing Overhead Analysis

We compare the preprocessing time, including prioritizing depen-
dent vertices through sorting and counting the number of training
vertices, to the execution time of running GCN for 100 epochs.
Table 2 shows the results. The preprocessing phase adds an average
overhead of 3.91% to NeutronCloud. This overhead gradually de-
creases as the graph size increases (e.g., 5.66% on Yelp vs. 2.84% on
Amazon). And this is typically amortized during training, while the
techniques applied in this phase contribute to an average speedup
of 2.08x for NeutronCloud.

Table 2: Preprocessing vs. training time breakdown (seconds
and portion of total) for 100 epochs. Baseline denotes the
training time before applying our approach.

Dataset Training(Baseline) Preprocessing  Training  Total

Yelp 675.00 18.74 / 5.66% 312.00 / 94.34% 330.74
Reddit 683.00 16.62 / 4.77% 332.00 / 95.23% 348.62
Products 750.00 8.94/2.39% 365.00/97.61% 373.94
Amazon 879.00 10.86 / 2.84% 372.00 / 97.16% 382.86

6.4 Scalability Analysis

Performance with varying cluster sizes. In this experiment,
we compare NeutronCloud with other systems when training GCN
on four datasets across varying cluster sizes. Figure 9 reports per-
epoch runtime across cluster sizes, where NeutronCloud consis-
tently outperforms other systems. Specifically, compared to Dist-
DGL, NeutronStar, and Sancus, NeutronCloud achieves average
speedup ratios of 2.53x-2.65X when scaling from 4 to 16 workers.

As the number of workers increases, the overall training time of
distributed GNNs is expected to decrease. However, for full-graph
systems such as Sancus and NeutronStar, the training time not
only fails to reduce but instead increases due to resource fluctu-
ations. In contrast, NeutronCloud experiences a slight reduction
in training time because dynamic workload allocation methods
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Figure 10: Per-epoch runtime of different systems on Ogbn-
Products with varying model configurations.

can better match fluctuating available resources. Sancus exhibits
poor scalability, possibly due to reliance on serial global broad-
casting and broad, repeated embedding transfers. In large-scale
clusters, growing workers amplify communication overhead and
network bottlenecks, which limits Sancus’s scalability. In contrast,
NeutronCloud employs a dependency-aware partial-reduce method
that better handles severe stragglers under resource fluctuations in
large-scale clusters.

Performance with varying model layers. In this experiment,
we compare NeutronCloud with baselines when training GCN with
different model layers over Ogbn-products in a 16-node cluster. For
the 2, 3, and 4-layer models, the DistDGL sampling strategies were
set to (25,10), (25,15,10), and (25,20,15,10), respectively. The results
are shown in Figure 10(a) We observe that the performance advan-
tage of NeutronCloud over other baselines gradually increases with
the model depths. For the 2-layer model, NeutronCloud achieves
an average speedup of 2.40X. For the 3-layer and 4-layer models,
the speedups were 3.15X and 3.42X, respectively.

Performance with varying embedding dimensions. In this ex-
periment, we compare NeutronCloud with baselines when training
GCN with different embedding dimensions on a 16-node cluster.
As shown in Figure 10(b), NeutronCloud consistently outperforms
baselines, and its advantage increases with the embedding size.
Specifically, NeutronCloud achieves average speedups of 2.81X,
3.57%, and 5.02x over all baselines for 128-, 256-, and 512-dimensional
embeddings, respectively. Larger embedding dimensions increase
communication volume; NeutronCloud reduces this overhead by
(i) limiting embedding exchange via partial-reduce and (ii) shifting
dependency communication to local computation through resource-
aware adjustment.

6.5 Performance Tolerance to Parameter
Staleness (K)

We study GNN training’s tolerance to parameter staleness. In our
setting, historical embeddings are reused for computation, and only
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Figure 13: Time-to-loss.

a subset of gradients participates in parameter synchronization.
We evaluate the convergence performance of the systems on a
cluster with 16 workers and show the accuracy curves for the GNN
models (GCN, TAGCN) on NeutronCloud, NeutronStar, DistDGL,
and Sancus under different parameters K, as shown in Figure 11.
Results indicate that increasing K reduces average per-epoch time,
with a modest decrease in accuracy; when the value of parameter K
is 3, the model achieves a relatively ideal balance between accuracy
and training overhead.

6.6 Convergence Analysis

We evaluate the convergence of NeutronCloud, NeutronStar, Dist-
DGL, and Sancus on a 16-worker cluster using a GCN model for
node classification, and show the accuracy curves on two datasets
in Figure 12.
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cates the dependency-aware partial-reduce strategy.

The results show that in the early stages, NeutronCloud experi-
ences accuracy fluctuations caused by severe stragglers. After 100
epochs, the test accuracy stabilizes, and NeutronCloud achieves the
same test accuracy compared to other systems while reaching the
target accuracy faster than all other systems. Similarly, Figure 13
presents the training loss over time. At convergence, NeutronCloud
attains a training loss comparable to that of the baselines.

However, Sancus exhibits a long convergence time, which may
be due to its cross-worker communication. It does not immediately
transmit vertex embeddings after each update but instead transmits
them at fixed epoch intervals. NeutronCloud employs a bounded
control mechanism in partial computation, limiting the staleness
of historical embeddings to at most K iterations, ensuring that
deviation does not accumulate indefinitely. Additionally, periodic
All-Reduce in partial update is performed, ensuring that all workers
complete parameter synchronization within K epochs, preventing
the model from degrading due to severe stragglers. As a result,
NeutronCloud achieves higher accuracy.

Figure 14 shows the accuracy curves of the GCN model on
NeutronStar, NeutronCloud, DistDGL, and Sancus across train-
ing epochs. We observe that under the same number of epochs,
NeutronCloud achieves slightly lower model accuracy compared
to other systems, but it eventually achieves convergence accuracy
comparable to that of other systems. This is because it uses his-
torical (stale) embeddings for forward computation and performs
parameter synchronization only among a subset of workers in each
iteration. However, since NeutronCloud executes each epoch faster,
the system still achieves faster convergence in terms of overall
training time.

6.7 Performance Gain Analysis

Training efficiency analysis. To validate the effectiveness of Neu-
tronCloud’s key designs, we conduct experiments on GNN models
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Figure 16: Test accuracy over time for the RDT and OPT
datasets under three settings: Baseline, Baseline+RAS, and
Baseline+RAS+DPR.
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(GCN, GAT) across four datasets, evaluating the impact of resource-
aware workload adjustment strategy (RAS) and dependency-aware
partial-reduce (DPR) on system efficiency. To ensure a fair compar-
ison, we start with a foundational framework established on the
NeutronCloud codebase and gradually integrate the two optimiza-
tion methods.

Figure 15 shows the average fluctuation-induced delay time per
epoch. Compared to the Baseline, the Baseline+RAS achieves an
average speedup of 1.40x. Figure 17 shows the per-epoch distri-
bution of Tjcal, Teaches and Teomm during a 100-epoch training of
GCN on the Amazon dataset under Baseline+RAS. And the Tj, ¢, in-
cludes the injected sleep time used to simulate resource fluctuations.
By dynamically rebalancing the workload between DepCache and
DepComm, NeutronCloud effectively mitigates the performance
degradation introduced by these fluctuations.

Compared to the Baseline+RAS, the Baseline+RAS+DPR achieves
an average speedup of 2.64X. The dependency-aware partial-reduce
strategy includes two levels of mechanisms, reducing the impact
of severe stragglers on overall training progress from both layer-
wise synchronization and parameter synchronization dimensions
under extreme conditions. It significantly reduces the prolonged
synchronization overhead caused by severe stragglers.

Accuracy evaluation and analysis. To validate the effectiveness
of NeutronCloud’s designs, we evaluate the convergence perfor-
mance of the Baseline and two optimization variants. Figure 16
shows the accuracy curves of the GCN model on the Reddit and
Ogbn-products datasets. After 100 epochs, the test accuracy sta-
bilizes, and both Baseline+RAS+DPR and Baseline+RAS achieve
accuracy comparable to that of the Baseline.
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6.8 Performance on Real Cloud GPUs

To evaluate our method in a real heterogeneous environment, we
further conduct experiments on commercial cloud platforms that
support GPU sharing. With the improvement of single-GPU per-
formance, public GPU cloud providers have started offering virtual
GPU containers, such as Vultr[40] and Alibaba Cloud[7], allowing
multiple users to share the same physical GPU resources. By lever-
aging GPU virtualization technologies such as NVIDIA MIG[29]
or SR-IOV[30], these platforms allocate independent computing
instances to each user. These cloud providers typically allow users
to request GPU resources on demand, renting computing power at
a finer granularity (e.g., 1/2, 1/4, or even 1/20 of a single GPU). This
approach improves the overall utilization of GPU resources while
effectively reducing user costs.

Specifically, we launch 16 GPU instances on Alibaba GPU cloud
provider to validate the adaptability of our method, each instance
provisions a virtual GPU container with 1/3 of an NVIDIA A10 GPU
and up to 20 Gbps network bandwidth. Since the computational
performance of shared GPUs is affected by cluster scheduling poli-
cies, we observed significant dynamic heterogeneity among these
instances. We run the GCN model on four datasets to compare the
execution speed of NeutronCloud with other systems. To account
for the variability of real cloud environments and ensure statis-
tical reproducibility, we repeat each experiment multiple times
across three independent periods and report the average per-epoch
runtime. Figure 18 presents the experimental results with error
bars that indicate the standard deviation between numerous exper-
iments. The result demonstrates that NeutronCloud achieves stable
performance across repeated trials, confirming the reproducibility
of our results. Compared to DistDGL, NeutronStar, and Sancus,
NeutronCloud achieves average speedup ratios of 3.90%, 1.83%, and
4.43x, respectively.

7 RELATED WORK

Existing Distributed GNN Systems. Several distributed GNN
training systems have been proposed to address the scalability chal-
lenge of graph learning. Sancus [32] reduces synchronization over-
head by using historical embeddings, but adopts a broadcast-based
communication scheme where each worker sequentially sends all
local embeddings to all others, regardless of actual demand. This
incurs redundant communication and prolonged synchronization
delays. NeutronStar [45] performs full-graph training with pipeline
parallelism and chunk-level scheduling to accelerate training by
overlapping communication and computation. However, it cannot
adapt to environments with fluctuating resources due to the pa-
rameter synchronization approach of All-Reduce and static load
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distribution. DistDGL [55] adopts mini-batch training and reduces
overhead through neighborhood sampling. However, its reliance
on static METIS [18] partitioning can cause load imbalance under
resource fluctuations, leading to unstable performance in resource-
dynamic environments.

The Partial-Reduce Strategy for Distributed DNNs. Deploy-
ing deep learning workloads in heterogeneous environments (e.g.,
public clouds) exacerbates communication latency and straggler
effects. Synchronous All-Reduce, originally designed for homo-
geneous clusters, becomes a performance bottleneck under such
heterogeneity. To mitigate stragglers, recent work relaxes strict
synchronization: partial-reduce [26] skips delayed workers during
gradient aggregation; DPAR [20] adapts synchronization to node
capacity; and RNA [48] allows nodes to update at their own pace.
These relaxations reduce computation and communication over-
head and improve throughput for distributed DNNs. While effective
for distributed DNNS, these techniques cannot be directly applied
to GNNs due to inter-sample dependencies between workers.

Distributed DNNs in Resource-fluctuating Environments. In
multi-tenant cloud environments and shared clusters, compute
and network capacity fluctuate over time, making fixed task as-
signment and strict synchronization ineffective. SDPipe [27] intro-
duces a semidecentralized framework that couples heterogeneity-
aware scheduling with dynamic gradient synchronization, adapting
computation and communication to instantaneous worker capac-
ity. This reduces straggler-induced stalls and synchronization la-
tency and improves pipeline utilization for model-parallel DNNs.
However, the design does not carry over to GNNs: models are
small and trained in a data-parallel regime, and the dominant cost
is dependency-driven communication (cross-partition neighbor-
feature retrieval and consistency), not gradient synchronization.
Consequently, SDPipe yields limited benefit for GNNs unless com-
bined with mechanisms that reduce dependency communication.

8 CONCLUSION

We present NeutronCloud, a system designed for efficient GNN
training in cloud environments with dynamic and fluctuating re-
sources. Its performance and adaptability are enabled by two key
components: (1) a resource-aware workload adjustment strategy
that dynamically matches computational and communication work-
loads to real-time resource conditions, and (2) a dependency-aware
partial-reduce strategy that reuses historical vertex embeddings
and skips stragglers during gradient aggregation to improve train-
ing efficiency. Compared with existing distributed GNN systems
such as DistDGL and Sancus, NeutronCloud achieves end-to-end
training speedups ranging from 1.83X to 4.43X in the real cloud
environments.
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ABSTRACT

The ever-growing amount of sensor data from machines, smart de-
vices, and the environment leads to an abundance of high-resolution,
unannotated time series (TS). These recordings encode recognizable
properties of latent states and transitions from physical phenom-
ena that can be modelled as abstract processes. The unsupervised
localization and identification of these states and their transitions
is the task of time series state detection (TSSD). Current TSSD al-
gorithms employ classical unsupervised learning techniques, to
infer state membership directly from feature space. This limits their
predictive power, compared to supervised learning methods, which
can exploit additional label information. We introduce CLaP, a new,
highly accurate and efficient algorithm for TSSD. It leverages the
predictive power of time series classification for TSSD in an un-
supervised setting by applying novel self-supervision techniques
to detect whether data segments emerge from the same state. To
this end, CLaP cross-validates a classifier with segment-labelled
subsequences to quantify confusion between segments. It merges
labels from segments with high confusion, representing the same
latent state, if this leads to an increase in overall classification qual-
ity. We conducted an experimental evaluation using 405 TS from
five benchmarks and found CLaP to be significantly more precise
in detecting states than six state-of-the-art competitors. It achieves
the best accuracy-runtime tradeoff and is scalable to large TS. We
provide a Python implementation of CLaP, which can be deployed
in TS analysis workflows.
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1 INTRODUCTION

The study and analysis of long-running biological, human-
controlled, or physical processes, such as human activities or indus-
trial manufacturing, is of great interest in their respective domains.
The field of human activity recognition, for instance, aims to detect
falls in the elderly [71]. To achieve this, human motions are concep-
tualized as an abstract process of distinct activities that transition
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from one to another. Data acquisition and analysis workflows are
employed to detect activities from mobile sensors and report falls.
Similarly, in industrial manufacturing, CNC machines are mon-
itored by pre-installed IoT devices to detect tool wear [60]. The
condition of a tool can be abstracted as either normal or faulty,
and wear detection is realized by recognising the transitions in-
between. From a computational perspective, such phenomena can
be modelled as abstract processes with discrete states and pairwise
transitions between them. The core property of these processes is
that the states are distinct and can be observed and measured over
time by instrumentation.

Recent advances in the digitalization of measurement devices
have greatly facilitated the acquisition of biological and physi-
cal process data. Sensors, such as those in smartphones, indus-
trial machinery, or earth observation stations, continuously record
high-frequency real-valued observational data, termed time series
(TS) [34, 43, 69]. State changes in the observed processes lead to
variations in the recorded signals, which form the basis for anal-
ysis. Sensor data capture the unique characteristics of states as
subsequences, distinguishable by either their shape or statistical
properties. These distinct parts of TS are commonly called segments,
and each contains the recognizable properties of the observed pro-
cess state. The transitions between segments, also called change
points (CPs), mark the time points in a recording, at which the ob-
served process changes state. The identification of segments, CPs,
and state labels forms the foundation for activity recognition [18],
health assessment [38], or condition monitoring in IoT [60].

Formally, the task of recovering the sequence of discrete state
labels from a TS of observations is called time series state detec-
tion (TSSD). It acts as a complex, unsupervised preprocessing step
between data collection and TS knowledge discovery [65]. TSSD
annotates each data point in a TS with a label that corresponds
to a state in the data-generating process. Consecutive stretches of
the same label mark segments, while different neighbouring labels
indicate CPs. TSSD requires the analysis of observations to identify
signal shifts, which are assumed to result from state changes in the
observed process. This creates consecutive segments of data points
that are homogeneous within themselves, yet sufficiently distinct
from their neighbours. These segments are further compared to
each other to assign equal labels to those sharing the same state
and unequal labels to those representing different states. State la-
bels from segments are then propagated to individual data points
to form the annotation, a state sequence. Contrary to supervised
problems, such as TS classification (TSC), the labels in TSSD (e.g.
0,1,2) are discovered by an algorithm, abstract, and primarily used
to differentiate observations based on state affiliation. They can be
mapped to semantic labels (e.g. walk, jog, run) when appropriate
domain knowledge is available [2].
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Sensor recording of a female who performs sport activities

10
SR —
< -1
O 2
x o —
% 2
@ ©
I »
£ ; W Y (o S e S
o’
@
S
3P —

10
3 e
A

2 —_—

0 500 1000 1500 2000 2500 3000 3500

Figure 1: Top-3: human activity recording showing X-axis ac-
celeration, gyroscope, and magnetometer measurements [18]
of different motions. Activities are consecutive, differently
coloured sequences. 2nd from bottom: state sequence pre-
dicted by CLaP, assigning each data point one of three possi-
ble activity labels (1 for resting, 2 for squats, and 3 for loos-
ening legs). Bottom: state sequence from competitor method
Time2State, with 10 (too many) predicted labels.

A popular approach to TSSD is a combination of TS segmen-
tation (TSS) and clustering techniques [65]. A baseline approach
could, for example, use the ClaSP (Classification Score Profile) al-
gorithm [20] to compute a TSS and cluster the resulting segments
using Time2Feat [6] to predict state labels. The central limitation
of this pipeline is its reliance on distance calculations in clustering,
which are known to show limited performance compared to su-
pervised methods used in TSC [49]. Unsupervised distance-based
methods determine the state membership of segments solely within
the feature space, whereas supervised techniques could also uti-
lize the label space in this computation. This issue prevails to all
state-of-the-art methods [28, 33, 42, 47, 66].

We present CLaP (Classification Label Profile), a domain-agnostic
TSSD algorithm that uses self-supervised change analysis to lever-
age the predictive power of supervised classification algorithms
to the unsupervised TSSD problem. It is accurate, scalable, and
capable of processing both univariate and multivariate TS. CLaP
is hyper-parameter-free and learns all information from the data
at hand. The routine first computes a segmentation with ClaSP,
which internally uses a binary self-supervised classifier to differ-
entiate segments based on differently shaped subsequences. CLaP
then cross-validates a multi-class classifier with segment-labelled
subsequences to measure the confusion between segments. This
information is central to labelling segments that share the same
state or not. In a subsequent merging procedure, the algorithm
iteratively combines confused labels, representing the same state,
using a novel merge criterion called classification gain. By design,
CLaP automatically determines the number of states in a TS; an
otherwise difficult to set hyper-parameter.

Unlike competing approaches, which use classical unsupervised
techniques, CLaP is the first method to tackle the TSSD problem
with supervised learning methods, by explicitly framing it as a
self-supervised task. Segments are modelled directly in label space,
which is more discriminative than feature space, used in earlier
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algorithms. CLaP introduces a novel merging procedure that learns
states by fusing segment labels according to their mutual confusion.
This process is guided by a new score that enables fair comparisons
across classification problems of differing complexity.

Figure 1 shows an example of how CLaP and a state-of-the-art
competitor Time2State [66] annotate a multivariate time series
(MTS) with a state sequence. The recording captures smartphone
sensor readings of a 30-year-old female resting (blue), performing
squats (orange), resting again (blue), loosening her legs (green),
and resting again (blue) [18]. CLaP accurately identifies the transi-
tions between activities and correctly assigns 3 distinct labels to
the 5 segments (segments with the same activity are visualized as
equally high flat lines; ones with different activities appear as lines
at varying levels in the visualization). Time2State, in comparison,
correctly identifies the resting periods, but overestimates the total
number of activities being 10 separated by 12 transitions.

In summary, this paper’s contributions are:

(1) We present CLaP, a new domain-agnostic and hyper-
parameter-free TSSD algorithm that leverages self-
supervised TS classification for segmentation and labelling
to predict state sequences of multivariate TS. We provide
technical descriptions, a computational complexity analysis,
examples, and a Python implementation.

(2) We propose two technical novelties that make TS classifiers
applicable for TSSD: confused merging, a mechanism to
reduce a TS state labelling to a minimal required set of
labels; and classification gain, which quantifies the increase
in F1 score of a classification compared to a random one.

(3) We assess the accuracy and runtime of CLaP and six state-
of-the-art competitors (Time2State, HDP-HSMM, E2USD,
ClaSP2Feat, TICC, AutoPlait) on 405 TS from five bench-
marks. CLaP significantly outperforms all rivals in accu-
racy and has the best accuracy-runtime tradeof. It achieves
the highest mutual information of 60.4% with ground truth
annotations, an increase of 16.1 percentage points (pp) com-
pared to the second-best competitor Time2State.

To foster the reproducibility of our findings, we created a sup-
porting website [11] that contains all source codes, our evaluation
framework, Jupyter notebooks for exploratory analysis, raw mea-
surements, scores, and visualizations. The remaining paper is or-
ganized as follows: Section 2 introduces the necessary definitions
and background of this work. In Section 3, we present CLaP and its
technical novelties in detail. Section 4 shares the results of extensive
accuracy and runtime experiments of CLaP and the competitors. In
Section 5, we review related works, and Section 6 concludes.

2 DEFINITIONS AND BACKGROUND

We formally define the concepts of abstract processes, time se-
ries, subsequences, state sequences, the time series state detection
(TSSD) problem, and introduce ideas of TS change analysis.

DEFINITION 1. An abstract process P = (S,R) consists of one
or more discrete and distinct states sy, ...,s; € S that are pairwise
separated by transitions (si,sj) € R € S X S, withs; # sj.

Following the definition of Wang et al. [65], states refer to dis-
tinct phases of real-world processes observable through sensor



measurements. We assume each state has a stationary, recognizable
property that persists over time and makes it distinguishable from
other states. Examples include human activities or machine con-
ditions. This definition excludes processes with homonym states,
that emit indistinguishable signals, and synonym states, which can-
not be recognized by observation. It also excludes states that have
drifting semantics over time.

Transitions are, by definition, changes between states and consti-
tute the links among them in processes. We assume that a transition
leads to a change in the observations of a process. Gradual changes,
such as trends, can be modelled as separate states. We make no
assumptions about transition causes, i.e., whether they occur ran-
domly or systematically.

For analysis, we consider measurements emitted by one or multi-
ple sensors observing outcomes or byproducts of a process. Human
activity, for instance, can be tracked by inertial measurement units
(IMUs) in smartphones [43] and industrial machinery can be moni-
tored with IoT devices [64], which results in temporal data.

DEFINITION 2. A time series (TS) T is an ordered sequence of
nxd € N2 dimensional vectorsT = (f1, . .., 1) € R™4 that simul-
taneously measures d observable outputs of a process P.

Each t; has d dimensions, or channels, one for each sensor. Its
values, also called data points or measurements, are equi-distant and
ordered by time, e.g. 1 data vector is recorded every 10 milliseconds.

DEFINITION 3. Given a TST, a subsequence T of T with start
offset s and end offset e is the d-dimensional slice of contiguous obser-
vations from T at position s to position e, i.e, Ts e = (?S, .. ,?e) with
1<s <e<n. Thelengthof Tse is |Tse| =€ —s+ 1.

We use the terms subsequence and window interchangeably, and
refer to their length as the width. A state from S yields its observable
properties as a subsequence with shapes or statistics distinguish-
able from others. We call these core structures temporal patterns,
since they provide the necessary information to recognize the same
state and distinguish it from others. Temporal patterns can drift
or suddenly change over time, indicating a switch from one pro-
cess state to another. Note, however, that local parts of channels
contribute differently to the signal, for instance in amplitude.

DEFINITION 4. Given a TS T of size n that captures a process
P = (S, R), the corresponding state sequence Q = (s,,...,ss,) € S"
contains the states s;; € S that are captured at time pointst; € T.

A change point (CP) denotes an offset i € [1,...,n] fort; € T
that corresponds to a transition between states s;,_, to sz, in Q,
where (s¢,_,,Ss;) € Rand sy;_, # sy;. For notational convenience,
we consider the first and last values in T as CPs. We call the subse-
quence between two CPs a segment with variable size. A segmenta-
tion of T is the ordered sequence of CPsin T, i.e, tj,...,t;, with
1 <i1 < -+ <ip < nat which the process P changes state.

DEFINITION 5. The problem of time series state detection (TSSD)
is to recover the latent state sequence Q of a process P, only by
analysing the time series T, emitted by P.

The TSSD problem, as defined here, is unsupervised and twofold:
We need to find a segmentation of T that captures the state transi-
tions R, as well as the distinct states S from all segments, in order
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to predict a state sequence Q. An optimal result yields a O that
is isomorphic to Q, because an algorithm does not have access to
the actual state labels. To evaluate the quality of a predicted state
sequence, we can measure its alignment with the ground truth
annotated by domain experts — e.g., by inspecting Covering [63]
or the mutual information [51] of segments.

2.1 Self-supervised Change Analysis

To label TS with their states, CLaP computes segments of T and
iteratively relabels them based on mutual similarity. Contrary to
classical clustering approaches, we do not compare distances, but
build on self-supervised TS change analysis, first proposed by Hido
et al. [29], that we shortly introduce next.

Self-supervised learning is an unsupervised learning variant, in
which the data itself is used to generate supervision labels. Consider
two data sets, X4 and Xp, representing subsequences from differ-
ent segments. We assign label 0 to samples from X4 and 1 to ones
from Xp, enabling a binary classification evaluation using cross-
validation. A TS classifier, trained on the labelled subsequences,
predicts labels for unlabelled instances. k-fold cross-validation eval-
uates the classifier by training it on (k — 1) parts of the data and
testing it on the remaining one. This process repeats k times, cov-
ering all combinations, with the average of the k evaluation scores
(e.g., F1-scores) representing the classifier’s predictive power. This
value measures the classifier’s ability to distinguish between data
sets X4 and Xp. A high score implies high dissimilarity and unique
characteristics between the segments, indicating they represent
different states. Conversely, a lower score indicates similarities,
suggesting the segments may belong to the same state.

3 CLAP - CLASSIFICATION LABEL PROFILE

We propose the Classification Label Profile, short CLaP, a novel
algorithm that formulates TSSD as a self-supervised classification
problem. We first provide an overview and example of the main
concept, before we explain in detail how to implement it for state
detection in Subsections 3.1 to 3.3.

DEFINITION 6. Consider a process P = (S, R), captured by a TS
T of size |T| = n, and a window size w. A CLaP is a tuple (L,c)
that annotates T with a label sequence L € {1,...,k}""*! and an
associated cross-validation score ¢ € [0, 1].

The label sequence L links all the n — w + 1 overlapping subse-
quences Tj j+w—1 With one of k labels, which are used to represent
the states in S. CLaP is computed from a subsequence classification
problem with k classes, whose discriminatory power is summarised
in the score c¢. We derive L from a self-supervision mechanism (see
Subsection 3.1) and calculate ¢ as the F1-score from a 5-fold cross-
validation with the ROCKET classifier [12], using the subsequences
from T as data and L as artificial ground truth labels. Low scores of
¢ indicate CLaP is not able to accurately differentiate similar from
dissimilar subsequences, while high scores show that it constitutes
distinguishable windows.

Figure 2 shows an example of three different CLaPs. The top part
illustrates a triaxial human activity recording from a 23-year-old
male, switching between horizontal (blue) and downstairs (orange)
walking. The true state sequence of this recording assigns, for exam-
ple, 1s to the blue data points and 2s to the orange measurements.
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Figure 2: Top: excerpt of triaxial mobile phone acceleration
recording from male student commuting to university, show-
ing horizontal (blue) and downstairs (orange) walking mo-
tions [18]. 4th from top to bottom: three CLaPs with different
labellings (green and red) and associated F1 cross-validation
scores. Profiles (a to c) incrementally align more with the
true state sequence, which leads to increasing F1 scores.

The bottom part displays three different CLaPs (a to c). The se-
quence of green and red dots shows the label configuration L, with
the associated F1-score ¢ annotated. CLaP (a) presents a random
label configuration that does not match the true state sequence,
resulting in poor cross-validation performance (57% F1-score). The
profile in (b) somewhat aligns with Q but confuses some instances
(67% F1-score). In contrast, CLaP in (c) perfectly resembles the
true state sequence of the human activity recording, leading to a
near-optimal performance (98% F1-score).

The true state sequence Q of a TS T constitutes a CLaP that scores
the highest discriminatory power compared to all possible sequence
permutations. Our implicit assumptions thereby are three-fold: (1)
Process states can be conceptualized as classes of TS windows, (2)
subsequences (of appropriate length) can serve as class exemplars
with distinctive features, (3) and a TS classifier cross-validation
score correlates with the quality of the label configuration. With
these concepts, we can tackle an unsupervised problem with the
predictive power of TS classification (TSC) algorithms. Much re-
search interest continues to increase accuracy and efficacy for the
task (see Middlehurst et al. [49] for a survey). However, searching a
high-quality state sequence prediction Q using CLaP is non-trivial.

The naive approach of enumerating all k*~**! candidates and
choosing the highest-scoring one (according to c) is computationally
inefficient and yields further challenges. For instance, the number
of classes k is typically not known in advance. Also, the large
collection of label combinations makes the cross-validation score
incomparable for different values of k. We propose efficient and
accurate solutions to prune the candidates and make their scores
comparable in Subsections 3.1 and 3.2, bridging the gap to enable
TSC methods to be directly applicable for TSSD. Subsection 3.3
analyses the runtime and space complexity of CLaP.

3.1 Confused Merging

The TSSD problem can be divided into a segmentation followed
by clustering. We use this formulation to drastically prune the
amount of potential CLaPs. First, we compute a segmentation of a
TS T. This enables us to label only few segments, instead of many
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Algorithm 1 Classification Label Profile

1: procedure cLap(T)

2 W ¢ LEARN_SUBSEQUENCE_WIDTH(T) > Run SuSS
3 cps «— COMPUTE_SEGMENTATION(T) > Run ClaSP
4 X, L < CREATE_DATA_SET(T, w, cps)

5 Ypred < CROSS_VAL_CLF(X, L) > 5-fold ROCKET CV
6 forie [1,...,]|cps||] do

7 merged < false

8 labels,conf < CALC_CONFUSED_LABELS(L, Ypreq)

9 for (l1,1;) € rank(labels, conf) do

10: I « reprace(L, I, I2) > Merge labels
11: Upred < REPLACE(Ypreq; 1, I2)

12: if cearn(L, Qpred) > CGAIN(L, Ypreq) then

13: LYprea — L, f/pred > Update labels
14: merged < true

15: break

16: end if

17: end for

18: if merged # true then break > Early stopping
19: end for

20: return (L, SCORE(L, Yy ed)) > Calc. F1-score

21: end procedure

single data points. Secondly, we propose a novel agglomerative
self-supervision mechanism, that greedily clusters confused state
labels with a new bespoke merge criterion. The entire process,
called Confused Merging, combines several design choices, that we
fixed using ablations (see Subsection 4.4). For each component,
we considered multiple domain-agnostic methods and chose the
best-performing one. CLaP is hyper-parameter-free, automatically
learns the number of k classes and stops as soon as no classes
must be merged. Pseudocode is provided in Algorithm 1 and the
workflow is illustrated in Figure 3.

Preprocessing: Algorithm 1 receives a TS T as user input (line 1)
and starts by learning its subsequence width w (line 2), needed to
compute the sliding window in CLaP. Multiple techniques are avail-
able for this task and based on the idea that temporal patterns of
similar size repeat throughout TS, an assumption we share in CLaP.
We choose SuSS (Subsequence Summary Statistics), one of the best-
performing procedures, according to [19]. For multidimensional
TS, we compute one window size per dimension and then compute
their average. The CLaP algorithm continues to compute a segmen-
tation of T with the ClaSP method [20] (line 3), which can partition
multivariate TS [21] from different domains [23, 70] and has an ex-
tension for very large and streaming data [22]. This preprocessing
step removes the need to label individual data points in CLaP and
instead only requires assigning classes to entire segments.

Self-supervised Classification: The procedure creates an ini-
tial labelled data set from T by creating a sliding window X (width
of w, stride of %) and labelling the resulting subsequences with
their corresponding segment ranks in L, i.e. label 1 for the first
segment, label 2 for the second one, label 3 for the third, and so on
(line 4). Subsequences that overlap neighbouring segments with at
least %' values are disposed. The motivation behind this labelling is
twofold: it encodes the CPs (from the segmentation) as a labelling
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Figure 3: Workflow of CLaP for a water circuit [36]. TS cap-
tures fluid circulation flow with opened (blue and green) and
closed valve (orange). Preprocessing: ClaSP segmentation di-
vides TS into three segments, SuSS learns the subsequence
width. Self-supervised Classification: labelled subsequences
constitute the data set; grey ones are disposed; ROCKET clas-
sifier computes initial predicted cross-validation labels. Merg-
ing: labels are combined based on confusion as long as cgain
increases. Final CLaP with artificial ground truth labels and
F1-score of 83% is returned.

and first assumes all segments to capture distinct states. This en-
ables the later merging, which fuses labels from segments sharing
state. CLaP evaluates the ROCKET classifier, which is fast and accu-
rate [4], with the labelled data set in a 5-fold cross-validation and
stores the predicted labels in y,eq (line 5). This creates an initial
measure for the quality of the labelling. Compared to the artificial
ground truth L, segments representing single states are expected
to mostly match. Conversely, multiple segments sharing state, are
expected to confuse labels, facilitating their identification.
Merging: CLaP uses the initial labelled data set (X, L) and its
cross-validated prediction labels y,,4 to iteratively fuse segments
representing the same state (lines 6-19). To achieve this, the pro-
cedure greedily merges highly confused labels, as their associated
subsequences are difficult to separate. For every unique label /; from
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L, CLaP determines its most confused counterpart Iz, according to
Ypred (line 8). This information is directly derived from a confusion
matrix. The algorithm iterates the most confused label pairs with
descending confusion to check if they can be merged (lines 9-17).
Specifically, it creates temporary label vectors L and { pred> where
I3 is replaced with I; (lines 10-11), and checks if their classification
gain (see Subsection 3.2 for details) is greater (or equal) to the one
from L and y,,¢q (line 12). In this case, the method updates the
current with the merged labelling (line 13) and stops merging; oth-
erwise, it continues with less confused label pairs. After a successful
merge iteration, CLaP starts another round with updated artificial
ground truth and predicted labels. Once no label pair can be further
merged (line 18), the procedure stops and returns the current label
configuration L and its associated cross-validation score, according
to Ypeq, constituting CLaP (line 20). The central mechanism of this
process is confused label pair selection. We exploit the fact that
segments sharing state are confused by the classifier, because of
similar temporal patterns that are differently labelled. Hence, we
use it as a selection criterion, implementing it in an agglomerative
fashion, to learn the amount of states and stop as soon as possible.
Classification gain (see Subsection 3.2) regularises the merging to
ensure that only labels from sufficiently similar segments are fused.

Workflow: Figure 3 illustrates the confused merging algorithm
for water flow circulation in a testbed [36]. The preprocessing (blue
frame) divides the TS into three segments (blue, orange, green),
capturing two states; namely open and closed valve. It also com-
putes the subsequence width of 20 with SuSS. The self-supervision
mechanism (green frame) creates labelled subsequences using seg-
ment ranks (1, 2, 3) and uses ROCKET to compute initial predicted
cross-validation labels y,.¢q that show high confusion between
label 1 and 3. Merging (purple frame) finds label 3 to have the
highest overall confusion (with label 1) and fuses both, increasing
classification gain (from 32% to 33%). Merging even further to one
class would reduce cgain to 0%, hence the procedure stops. The
resulting artificial ground truth L and it’s 83% F1-score constitute
CLaP and correctly capture the latent states.

The procedure is hyper-parameter-free and it learns two model-
parameters from the input TS: the subsequence width w and the
number of classes k. By default, CLaP uses five folds for cross-
validation and draws at most 1k randomly sampled, labelled subse-
quences from the full data set to control runtime.

3.2 Classification Gain

Confused merging relies on a merge criterion that decides if two
confused classes should be combined or not. In agglomerative clus-
tering, this is typically achieved by thresholding the distance compu-
tation. For CLaP, we could translate that into enforcing the F1-score
(or e.g. cross-entropy loss) of the label configurations (Algorithm 1,
line 12) to pass a minimal (maximal) value. However, this is disad-
vantageous for three key reasons: (a) the F1-score (also accuracy,
ROC/AUC, or entropy) depends on the classifier and data; ren-
dering threshold selection use case dependent. (b) Comparing F1-
scores of classification problems with different label distributions
is meaningless; more labels increase problem complexity, resulting
in generally lower F1-scores. (c) The F1-score does not reflect the
improvement of one labelling over another, just their total qualities.



To address these challenges, we propose a new merge criterion
called Classification Gain, which measures the increase in F1-score
over its expected random score, thereby normalizing for problem
complexity. It isolates predictive power from classification difficulty,
facilitating performance comparisons across different problems.

DEFINITION 7. Given a ground truth labelling ysrye € U™ of size
n, with unique classes U C N, the random F1-score is defined as:

1 2-TP(I)
frand(Ytrue) = Z
10T 24

2 TP+ INQ) + FP()

The random (macro) F1-score provides an unbiased estimate of
classification difficulty based on the label distribution yrye. It can
be computed efficiently using probability theory in the following
way: in a random classification, we expect each instance labelled
I € U to be mapped to its own (or any other) class according to its
likelihood of occurrence.

# =]
P(Ytrue =1) = (ﬁ;rtu—e”) @
rue
# #1
P(Ytrue # 1) = 1= Pl = 1) = " irue 21) )

lyeruell

These class priors enable us to define the true positives (TPs) as
the expected amount of instances that are randomly assigned to
their class (Equation 4), the false negatives (FNs) as the expected
number of samples that are mapped to another class (Equation 5),
and the false positives (FPs) as the expected amount of misclassified
examples that actually belong to a given class (Equation 6).

TP(I) = #(Ytrue = 1) - P(Ytrue = 1) 4
FN(I) = #(ytrue =1) ‘P(ytrue #1) (5)
FP() = #(Ytrue # 1) - P(Ytrue = 1) (6)

Given the random macro F1-score for y;rye as an estimate of prob-
lem difficulty, we can decouple it from the performance of a classi-
fication to make it comparable across problems.

DEFINITION 8. Given a ground truth labelling y;rye € U™ and
associated predictions from a classifier ypreq € U™ of size n, the
classification gain, short cgain, is defined as:

™

It reflects the improvement in macro F1-score of the classifica-
tion over the expected random one. The central idea of cgain is
to normalize F1-score with the associated classification problem
complexity to make the measure comparable for different label
distributions. By comparing cgain in CLaP (line 12), we enforce
that the merge operation steadily improves classification quality,
while not relying on thresholds. This addresses the problems (a) to
(c) that suffer from greedily maximising performance.

Note that cgain is different from gini gain [8], which measures
the discrepancy in purity between data sets. Classification gain mea-
sures the quality for a given classification considering its difficulty,
estimated by random classification.

Example: Figure 4 (top) illustrates a satellite image TS capturing
sensor observations of 3 different crops (coloured in blue, orange,
green) as 9 segments. A correct segment state sequence (one label
per segment) would be: 1,2,3,1,2,3,1,2,3. CLaP tries to find such se-
quence by merging classes from its initial sequence: 1,2,3,4,5,6,7,8,9.

cgain(Ytrue: Ypred) = f1(Ytrue: Ypred) = flrand (Yirue)
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Figure 4: Top: TS capturing 9 time spans of 3 different crops
(blue, orange, green) [56]. Bottom: CLaP run on TS with dif-
ferent merge criteria (scores and negative losses); dashed red
line marks optimal amount of 6 merge operations, reducing
9 initial classes to 3. Only cgain accomplishes this; other mea-
sures misjudge label configuration quality and either merge
too few (Entropy) or too many (F1, AMI, Hamming) classes.

In Figure 4 (bottom) we use different merge criteria in CLaP (line 12)
for this computation and show their values for the merge operations.
Generally, merging should increase the measures for 6 iterations
(red dashed line) and then stop, as they begin to decrease. It pro-
trudes that F1-score, adjusted mutual information score (AMI) and
(negative) Hamming loss steadily increase, reducing the state se-
quence with 8 merges to just one state, namely 1. This is due to
the fact that none of the measures considers problem complexity
and overestimates label configuration quality with decreasing num-
ber of classes. Negative cross-entropy loss underestimates quality
and merges only 3 times, as its value would decrease for a fourth
iteration (line 12), resulting in the sequence: 1,2,3,1,2,4,1,5,6. Our
proposed classification gain is the only criterion that merges ex-
actly 6 times and would decrease in value thereafter; producing the
ground truth result and stopping automatically.

3.3 Computational Complexity

The scalability of state detection algorithms is critical as the size of
sensor recordings steadily grows. The complexity of CLaP mainly
depends on the segmentation (Algorithm 1, line 3), self-supervised
classification (line 5) and merging (lines 6-19).

For a TS T with d channels of size n, the initial computation
of the window size w (line 2) with SuSS is in O(d - nlog w) [20].
Locating ¢ CPs in T with ClaSP (line 3) is in O(d - n® - ¢), which
involves cross-validating a self-supervised k-nearest neighbour
classifier multiple times. The entire preprocessing complexity is in
O(d - nlogw +d - n? - ¢) which reduces to O(d - n? - ¢) as w < n.

Creating the data set for self-supervised classification (line 4)
is in O(d - n - w), as it only requires reorganising T. Running a
single validation of the ROCKET classifier is also in O(d - n - w);
it convolves the data set with a fixed set of 10k kernels for feature
generation and uses ridge regression for classification [12]. The
same complexity holds for repeating the procedure 5 times during
cross-validation (line 5), which leads to a total runtime in O(d-n-w)
for the entire step. Note, that ROCKET’s runtime hides five-digit
constants for calculating convolutions with 10k kernels [12].



Table 1: Technical specifications of TS used in experiments.

Name No. TS Length No. States (Segs.)
TS /Dims.  Min/Med./Max Min/Med./Max

TSSB [20] 75/1  240/35k/207k  1(1)/3(3)/7(9)

UTSA [26] 32/1 2k /12k/40k  2(2)/2(2)/3(3)
HAS [18] 250/ 9 340/ 5k / 415k 1(1)/3 (4)/ 12 (15)

SKAB [36] 34/8 745/1.1k/ 13k 2(2)/2(3)/2(3)
MIT-BIH [50] 14/1  57k/258k/650k 2(3)/2(8)/5(16)
Total 405/ 9 240/ 4.8k / 650k 1(1)/3(3)/12(16)

The confused merging calculates a confusion matrix (line 8) for

the LWJ + 1 labels from the cross-validation in O(n); which
only involves incrementing counts. The same complexity holds for
replacing labels (lines 10-11) and calculating classification gain
(line 12), which is mainly based on computing the confusion matrix
for the random F1-score; counting labels and calculating likelihoods.
This process is repeated, in the worst case, for ¢ + 1 confused label
pairs in descending order which requires O(n - clogc) time. The
entire process (lines 6-19) can be repeated up to ¢ times, resulting
in a total runtime complexity of O(n - ¢ log c).

Considering the sum of all steps, CLaP requires O (d-n?-c)+O(d-
n-w)+0(n-c?log c) time, which simplifies to O (d-n?-c+n-c? log c)
for computing n state labels with maximal ¢ + 1 unique classes. This
runtime complexity allows for CLaP’s application to medium-sized
and large TS in the batch setting. For streaming purposes, however,
further advancements are needed.

The space complexity mainly depends on the data set size and
confusion matrix, which is in O(d - n - w + ¢?).

4 EXPERIMENTAL EVALUATION

We evaluated the accuracy, runtime, and scalability of CLaP against
six competitors on five large benchmark data sets (405 TS) to assess
its performance on real-world TS data. Subsection 4.1 presents the
data sets, evaluation metrics, and competitors. In Subsections 4.2
and 4.3, we present accuracy and runtime results of CLaP and
its competitors. Subsections 4.4 and 4.5 analyse the results of an
ablation study with different design choices for CLaP and sensitiv-
ity experiments, with varying data quality. Finally, Subsection 4.6
discusses strengths and weaknesses of CLaP and Subsection 4.7
showcases a real-world use case. All experiments were conducted
on an Intel Xeon 8358 with 2.60 GHz, 2 TB RAM, 128 cores, running
Python 3.8. All of our experimental results, figures, raw measure-
ments per data set, codes, Jupyter Notebooks, and TS used in the
evaluation are available on our supporting website [11] for inspec-
tion and to ensure reproducibility.

4.1 Experiment Setup

Data Sets: We evaluated CLaP and its competitors on a total of
405 small to very large-sized (240 to 650k) TS from five public
segmentation benchmarks (see Table 1). Ground truth CPs and
states, annotated by domain experts, are available and were used
for evaluation. The benchmarks can be divided into two groups:
cross-domain and single-domain use cases.
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Table 2: List of competitors for experimental evaluation.

Competitor State Detection Method
AutoPlait [47] Hidden Markov Models
CLaP Self-supervision

ClaSP2Feat Self-supervision

E2USD [42] Deep Learning
HDP-HSMM [33] Hidden Markov Models

TICC [28] Expectation Maximization
Time2State [66] Deep Learning

UTSA [26] and TSSB [20] consist of 75 and 32 univariate TS,
representing a diverse collection of cross-domain problem settings
featuring biological, mechanical, and synthetic processes from sen-
sor, device, image, spectrogram, and simulation signals. Conversely,
HAS [18] contains 250 9-dimensional TS from smartphone sensors,
capturing indoor and outdoor motion sequences from students.
SKAB [36] consists of 34 8-dimensional TS from machine sensors
observing a water circulation testbed with pumps, tanks, and valves,
undergoing both normal and anomalous conditions. MIT-BIH [50]
features 14 univariate high-resolution ECG recordings from patients
with normal cardiac activity and prolonged types of arrhythmias.

All TS combined capture versatile processes from natural phe-
nomena, humans, animals, and industrial machinery. The number
of distinct states per process varies between 1 and 12, occurring
in 1 to 16 segments. In 65% of all data sets, the number of states
and segments match; in 15% a single state reoccurs, 9% show two
reoccurrences, and the remaining 11% exhibit three to 14 reoccur-
rences. It is worth noting that the data sets vary greatly in problem
complexity, which tends to increase with the number of states and
transitions in the processes.

Evaluation Metrics: TSSD combines the segmentation and
state identification tasks. We assessed both aspects separately with
own scores, namely Covering [63] for segmentation and Adjusted
Mutual Information (AMI) [51] for state identification.

Covering measures how well the predicted and annotated seg-
ments overlap in location, disregarding the specific state labels of
the segments. This allows for the comparison of segmentations of
different sizes (including empty segmentations). Let the interval
of successive CPs [tc;, ..., tc;,,] be a segment in T, and let segsreq
and segst be the sets of predicted and annotated segmentations,
respectively. Additionally, we set t;, = 0 as the firstand t,,, = n+1
as the last CP to include the first and last segments. The Covering
score reports the highest-scoring weighted overlap between pre-
dicted and annotated segmentations (using the Jaccard index) as a
normalized measure in the interval [0, ..., 1], with higher scores
being better (Equation 8).
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Mutual Information (MI) reports the similarity between two
different labellings of the same data. It is invariant to specific label
values and allows us to quantify the agreement between predicted
and annotated states, disregarding their locations. The measure is
adjusted to account for chance, as the score naturally increases with
a larger number of states. Let states,,.q and statesy represent the
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Figure 5: Covering ranks (top) and box plot (bottom) on 405
TS for CLaP (lowest rank) and six competitors.

sets of predicted and annotated states, respectively, and let H denote
the entropy function. AMI measures the adjusted, weighted overlap

between pairwise clusters as a normalized score within [-1,..., 1],
with higher values indicating better agreement (Equation 10).
isnsll,  ATI- lls0s”ll
MI = > log( ) )
sessatesy ' estatas [ lIsIl - 11"
pred
MI - E[MI
[(MI] (10)

MI =
AVG(H((statesr), H(statespreq)) — E[MI]

To compare different methods across multiple data sets, we ag-
gregate scores into a single ranking. First, we compute the rank of
the score for every algorithm and TS. Then, we average the ranks
per method across data sets to obtain overall mean ranks. We vi-
sualize these values with Critical Difference (CD) diagrams [15]
(see, e.g., Figure 5 top) which include an assessment of statistical
differences between methods. The best approaches, with the lowest
average ranks, are shown to the right of the diagram. Groups of
algorithms that are not significantly different in rank are connected
by a bar, based on a pairwise one-sided Wilcoxon signed-rank test
with @ = 0.05 and Holm correction. Besides CD diagrams, we
discuss summary statistics, box plots [62], and specific examples.

Competitors: We compare CLaP against six state-of-the-art
state detection competitors (see Table 2). All implementations are
openly available on our supporting website [11]. As a baseline,
we extract segments with ClaSP [20] and learn their labels using
Time2Feat [6], which extracts and selects features from TS seg-
ments before clustering them. We call this approach ClaSP2Feat.
We report results for two competitors based on Hidden Markov
Models (HMMs). AutoPlait [47] uses so-called multi-level chain
models to learn states and applies the minimum description length
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Figure 6: AMI ranks (top) and box plot (bottom) for CLaP
(lowest rank) and six competitors on 405 TS.

(MDL) principle to automatically select the best-fitting model.
HDP-HSMM [33] is a Bayesian extension of traditional HMMs
with efficient state sampling. Another statistical method we com-
pare against is TICC [28], which formulates state detection as a
covariance-regularized maximum likelihood problem and computes
it using a greedy heuristic. From deep learning, we report results for
Time2State [66], which learns an encoder from TS windows using a
latent state encoding loss and clusters the embeddings with a Gauss-
ian mixture model (DPGMM) to predict states. E2USD [42] first
creates a compact and informative TS embedding using Fast Fourier
Transform (FFT) compression and decomposition techniques com-
bined with contrastive learning, and then also uses DPGMM.

To prevent overfitting, we adopt the default hyper-parameters
reported in the original publications or reference implementations:
for HDP-HSMM we set a = 10k and f = 20; for TICC we use the
annotated subsequence widths, A = 0.001, f = 2200, a convergence
threshold of 10~%, and a maximum of 10 iterations; Time2State and
E2USD set a sliding window of 256 and step sizes of 10 and 50, re-
spectively. HDP-HSMM, TICC, Time2State, and E2USD output only
state sequences, so we derive CPs by locating offsets at changing
states. ClaSP2Feat and TICC require the number of states as a hyper-
parameter. We set this value from the ground truth annotations.
Note that it provides an information advantage to both methods,
which is, however, necessary to run them. All other competitors
infer the number of states automatically.

4.2 Comparative Analysis

We evaluated the average (Covering / AMI) rank of CLaP and the six
competitors on all 405 TS to assess overall performance. Figures 5
and 6 (top) show the results. For both measures, CLaP (2.34 / 2.55)
leads with a significant advantage, followed by ClaSP2Feat (2.85



Table 3: Summary performances for CLaP (highest scores)
and six competitors on 405 TS.

Covering / AMI
average (in %) median (in %)
CLaP 72.9 +£21.6 / 60.4 £+ 30.9 76.0 / 67.0
ClaSP2Feat 68.4+229/44.1+34.4 68.1/43.9
TICC 57.2+24.2/24.4+34.8 53.4/3.1
E2USD 50.0 £23.3/42.0£27.3 49.1/454
Time2State 43.9 +£22.6/44.3 £ 23.3 40.7 / 46.3
AutoPlait 45.8 +£25.0/17.5+32.9 39.6/0.0
HDP-HSMM | 38.7 +24.1/41.5+27.9 35.7/43.9

/3.93) and TICC (3.79 / 4.85) for Covering, and Time2State (4.83 /
3.52) as well as HDP-HSMM (5.29 / 3.66) for AMI. CLaP’s lead in
Covering, compared to ClaSP2Feat, confirms the substantial advan-
tage of confused merging over clustering, as both methods utilize
ClaSP for segmentation. Interestingly, the competitors’ differences
in average rank are not consistent across the measures. Consider-
ing the five benchmarks separately, CLaP also achieves first place
for each collection, except in SKAB, where HDP-HSMM leads and
CLaP scores third place because it detects wrongly located CPs
that cannot be properly corrected by confused merging (see [11]).
CLaP’s wins in Covering are not statistically significant, except
for HAS. Conversely, its wins in AMI are statistically significant,
except for MIT-BIH.

Looking at individual data sets, CLaP wins or ties 204 / 193 out
of 405 data sets (Covering / AMI), followed by ClaSP2Feat (146 /
94) and TICC (86 / 62). Note that the Covering counts exceed the
total number of data sets because of ties (see [11]). For the 37 TS
with only one state, TICC achieves the best results. However, for
the 154 data sets with two states and the 214 TS with three or more
states, CLaP leads by a significant margin. In a pairwise comparison
of CLaP against every competitor, it outperforms each method in
at least 38.3% / 56.0% of cases for Covering / AMI. In summary,
the rankings show that CLaP on average surpasses state-of-the-art
algorithms in terms of accuracy across the five benchmarks.

The summary statistics in Figures 5 and 6 (bottom) and Ta-
ble 3 confirm the rankings. On average, CLaP scores 72.9 + 21.6 /
60.4 = 30.9 for Covering / AMI, representing an increase of 4.5 /
16.1 pp over the second-best competitor, ClaSP2Feat / Time2State.
The differences in median are even more pronounced. Across both
measures and all benchmarks, CLaP achieves the highest scores,
except for SKAB, which aligns with the rankings.

4.3 Runtime and Scalability

We measured the runtime of CLaP and its six competitors on the 405
TS to determine the time needed for TSSD, the accuracy-runtime
tradeoff, as well as the scalability of CLaP.

Runtime: Figure 7 (left) shows the runtime distributions of the
methods on all data sets. AutoPlait (median of 0.05 seconds) leads
with a substantial advantage over all other competitors due to its
linear runtime complexity (with respect to TS size). Additionally,
the main part of its implementation uses fast C code, while all
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Figure 7: Runtime distribution (left) and accuracy-runtime
tradeoff (right) on 405 TS for CLaP and six competitors.
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Figure 8: Scalability of CLaP considering AMI performance
(top left), subsequence width (top right), TS length (bottom
left), and number of CPs (bottom right).

other methods are implemented in Python. E2USD (8 seconds) and
ClaSP2Feat (26 seconds) rank second and third. CLaP (38 seconds)
secures fourth place. Its segmentation step takes 25 seconds, while
the self-supervised classification and confused merging require 13
seconds. TICC (59 seconds) and HDP-HSMM (72 seconds) rank fifth
and sixth, followed by Time2State (103 seconds) at last place. The
distributions of all methods scatter widely, due to the large spans in
TS lengths. CLaP is faster in median than three of its six competitors,
but trades more computational costs, than e.g. AutoPlait, for higher
accuracy. If runtime is a critical concern, users may choose to use
the fast streaming implementation of ClaSP [22] or an even faster
classifier, e.g. QUANT [14], which may, however, decrease accuracy.

Accuracy vs. Runtime: We investigated the tradeoff between
accuracy and runtime of the approaches. Figure 7 (right) depicts
the median runtimes vs. AMI scores. The optimal solution is a fast
and accurate algorithm (top left), while a poor algorithm is slow
and inaccurate (bottom right). CLaP (pink star), ClaSP2Feat (brown
plus), and E2USD (red triangle) all exhibit traits of fast and accurate
algorithms. However, CLaP stands out with a solution that is only
12 seconds slower but 21.6 pp more accurate. It offers, by far, the
most desirable tradeoff between accuracy and runtime compared
to the competitors on the considered TS.



Scalability: Figure 8 illustrates how CLaP’s (log) runtime scales
concerning four different variables, namely: AMI score, subse-
quence width, TS length, and number of CPs. For the first two
variables, we do not observe clear relationships. As expected, CLaP
becomes slower with increasing TS length. For instance, it requires
less than 5 minutes to process up to 20k data points and less than 3
hours for up to 200k values. Its quadratic runtime complexity with
respect to TS length can be roughly observed in the experimental
runtimes. For an increasing number of CPs, CLaP also requires
more runtime. However, the values are more dispersed compared to
TS length. In summary, CLaP produces results for TS with tens of
thousands of data points in minutes. For much larger data, runtime
may become an issue, as for all other methods, except AutoPlait. In
future work, we will investigate TS partitioning and hierarchical
merging to further improve scalability.

4.4 Ablation Study

CLaP has four main components, namely: (a) a window size selec-
tion algorithm, (b) a segmentation procedure, (c) a classifier, and (d)
a merge mechanism. We evaluated different approaches for each
component, fixing the others to defaults, on 20% of randomly cho-
sen TS (21 out of 107) from TSSB and UTSA. To prevent overfitting,
we excluded the remaining 86 out of 107 data sets, as well as the
298 TS from HAS, SKAB, and MIT-BIH from the ablations. The fol-
lowing analysis reports the summarized results. See the box plots
for visualization and more evaluations on our website [11].

(a) Window Size Selection: To determine the window size
for a TS in CLaP, we tested two whole-series-based methods: the
most dominant Fourier frequency (FFT) and the highest autocor-
relation offset (ACF) from [19]; as well as two subsequence-based
algorithms: Multi-Window-Finder (MWF) [32] and Summary Statis-
tics Subsequence (SuSS) [20]. Our experiments show no significant
differences in average rank between the methods, which aligns
with the results from [19]. We choose SuSS for WSS in CLaP, as it
achieves the highest average scores for Covering of 80.5% + 17.4%
and AMI of 76.1% =+ 27.5%.

(b) Segmentation Procedure: We evaluated three optimization-
based approaches for segmentation, namely BinSeg [61], PELT [39],
and Window [61], as well as the density-based approach FLUSS [26],
the density ratio estimator RuLSIF [31], and the self-supervised
algorithm ClaSP [20]. For both metrics, ClaSP leads in average rank,
with an insignificant advance for Covering (2.12) and a significant
one for AMI (1.98). Hence, we use ClaSP in CLaP.

(c) Classifier: For self-supervised classification in CLaP, we
tested six state-of-the-art classifiers according to [49], namely: the
feature-based approach FreshPRINCE [48], the interval-based al-
gorithm QUANT [14], the shapelet-based method RDST [27], the
dictionary-based procedure WEASEL 2.0 [58], and two convolution-
based techniques, namely ROCKET [12] and MR-Hydra [13]. Our
experiments show only differences in tendency between the av-
erage ranks of the classifiers. We choose ROCKET, as it has the
highest-scoring median Covering of 81.6% and AMI of 87.2%.

(d) Merge Score: To implement the merge mechanism, we eval-
uated four scores: our proposed cgain, F1, ROC/AUC, and AMI; we
also assessed two loss functions: log and Hamming. Classification
gain leads for both metrics in average rank, with an insignificant
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Figure 9: Sensitivity analysis of CLaP regarding sampling
rate (left) and noise level (right).

advance for Covering but a significant difference to unnormalized
F1 and both losses in AML It achieves an increase in Covering (AMI)
of 2.2 (4.1) percentage points. Therefore, we use cgain in CLaP for
confused merging.

In summary, the choice of window size and classification algo-
rithm results in only negligible differences in performance, whereas
the segmentation procedure and merge score have a substantial im-
pact. This may be partially due to the interconnections between the
components; for example, imprecisely located CPs can negatively
influence self-supervised classification, and improper merging can
easily degrade the entire state detection process.

We investigated whether CLaP’s two phases, segmentation and
state identification, substantially contribute to TSSD by comparing
each phase with a random baseline while keeping all other settings
fixed. For segmentation, we ran CLaP with uniformly drawn CPs
(without replacement), which lowered the average Covering score
by 20.2 pp and AMI by 31.8 pp. For state identification, we assigned
uniformly drawn labels to the segments (with replacement), causing
Covering to drop by 20.5 pp and AMI by 40.9 pp. These pronounced
declines show that both phases are essential to CLaP’s performance;
omitting either one sharply degrades accuracy.

4.5 Sensitivity Analysis

Real-world TS data are collected at different sampling rates and
often contain noise introduced by sensor artefacts or external events.
We evaluated how these factors affect CLaP’s performance on the
data sets from the ablation study to assess its robustness to changes
in data representation.

Sampling Rate: Figure 9 (left) plots CLaP’s average Covering
and AMI scores when the data sets are resampled to 10% up to
190% (in 10 pp steps) of their original size. Both metrics increase
steadily from 10% to roughly 50% and then plateau. This suggests
that CLaP requires a minimum temporal resolution (30% to 50% for
these data sets) to identify process states accurately, but maintains
stable performance at higher resolutions.

Noise Level: Figure 9 (right) shows how CLaP’s performance
changes when white noise with increasing standard deviation is
added to the standardised data. Performance remains quite stable
up to a noise level of 0.5, after which it declines sharply. Thus, CLaP
is resilient to moderate noise but struggles to differentiate process
states under very high noise levels.

These experiments show that CLaP is robust to variations in
sampling rate and to moderate noise. When data become excessively
coarse or noisy, performance degrades gradually, indicating that
the method’s performance scales with data quality.



4.6 Discussion

CLaP’s central strength is its high accuracy. The comparative anal-
ysis shows that it is significantly more accurate compared to six
state-of-the-art competitors on the five benchmarks. We carefully
designed this edge by splitting TSSD into a two-step process: seg-
mentation and state identification; optimizing each part separately:

(a) Segmentation: We use ClaSP for segmentation, which is
one of the most accurate TSS algorithms for univariate and mul-
tivariate [21] batch data as well as streaming TS [22]. Except for
ClaSP2Feat, the other competitors either do not use a dedicated
segmentation procedure (e.g. Time2State) or use one with inferior
detection accuracy, such as AutoPlait.

(b) State Identification: Our proposed self-supervised classifi-
cation and confused merging procedure leverages the predictive
power of classification algorithms [49], which are more accurate
than classical clustering strategies that do not use TS-specific fea-
ture engineering or label information, as i.e. implemented in TICC.
Others rely on distance calculations [30], or use limited statistical
models with assumptions (e.g. Time2State).

Both components substantially contribute to the overall perfor-
mance, as the ablation study indicates for (a) and CLaP’s advance
over ClaSP2Feat shows for (b). Despite its strengths, CLaP has
several weaknesses. First, it assumes that subsequences can fully
capture the distinctive properties of process states. This assumption
holds for TS with homogeneous segments that contain similar tem-
poral patterns, but performance degrades when intra-state diversity
is high, e.g. in the presence of high noise (see Figure 9, right) or
concept drift. Second, CLaP’s runtime is quadratic in both the TS
length and the number of CPs. For very long sequences with many
CPs, this leads to high latency and limits its direct use in streaming
contexts. Although a streaming version of ClaSP exists [22], further
work is required to make confused merging viable for real-time
processing. Consequently, the current CLaP implementation is best
suited to batch TS with homogeneous segments.

4.7 Satellite Image Data Use Case

We revisit the satellite image example from Subsection 3.2 in Fig-
ure 10. The TS (top) illustrates sensor data for 3 different crops
(coloured in blue, orange, and green) across 9 segments. We com-
puted the state sequences of CLaP, ClaSP2Feat, and Time2State
(2nd from top to fourth). A well-fitting output annotates one dis-
tinct number to each observed state (e.g., 1 for blue, 2 for orange,
and 3 for green). CLaP accurately identifies the boundaries of each
segment and assigns correct state labels, resulting in the sequence:
1,2,3,1,2,3,1,2,3. ClaSP2Feat does not differentiate between the blue
and orange segments and erroneously assigns different labels to
the green segments. However, it correctly identifies some CPs. The
result of Time2State is noisy and largely overestimates the total
number of states. Nonetheless, it correctly labels many data points
and identifies correct repetitions of segments. Figure 10 (bottom)
shows the state sequences as diagrams, with nodes representing
states and edges depicting transitions. The start and end states
appear in green (blue), and transition probabilities are labelled. It
protrudes that only CLaP’s graph is isomorphic to the ground truth.
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Figure 10: TS (top) shows satellite image data for 3 different
crops (blue, orange, green) [56]. State sequences (2nd from top
to fourth) shows results of CLaP, ClaSP2Feat, and Time2State.
Bottom diagrams show graphical representations of ground
truth and competitor results.

This use case demonstrates the accuracy of CLaP for long and com-
plex time series data (20.7k data points, 9 segments, 3 states). Its
results are also interpretable for human inspection.

5 RELATED WORK

The rapid growth of sensor data from IoT devices in smart appli-
cations, such as healthcare and factories, has driven a substantial
boost in research of TS management and mining [41]. TS storage
solutions include specialized databases [54], indices [17], and com-
pression algorithms [44]. Unsupervised data analytics process the
acquired data to automatically extract anomalies [7], motifs [57],
or clusters [53]. This enables domain experts to make data-driven
decisions, such as health professionals conducting gait analysis [73].

TSSD is a complex preprocessing step in a typical TS analysis
workflow. Its main components, TS segmentation and clustering,
have been researched both independently and in combination [65].
TSS can be formalized as an optimization problem, where each
segment incurs a cost based on a discrepancy measure (e.g., mean-
shift [52] or entropy [55]), and the number of segments [61] is
penalized. Exact or approximate solvers, such as PELT [40] or Wild
BinSeg [25], then compute the optimal segmentation. Adams et al.
model segments as probability distributions and use a recursive



message-passing algorithm to infer the most recent CP [1]. This
approach can be extended to detect short gradual changes [16], an
extension of the original TSS problem [9]. A central limitation of
these techniques is their dependence on domain-specific parame-
ters, such as assumed value distributions or fitting cost functions. To
overcome this, Katser et al. propose ensembling strategies, which in-
crease robustness and accuracy [35]. Other domain-agnostic meth-
ods include FLUSS [26] and ClaSP [20], which achieve top-ranking
results on recent TSS benchmarks [18, 23] and are capable of pro-
cessing multivariate and streaming data. FLUSS measures the den-
sity of similar subsequences in potential segments as an arc curve,
from which it extracts local minima that represent CPs [26]. ClaSP
frames TSS as a collection of self-supervised subsequence classi-
fication problems and reports the segmentation with the highest
cross-validation performance [20]. We use ClaSP in CLaP because
it is hyper-parameter-free and makes few assumptions about seg-
ments, such as being mutually dissimilar.

After segmentation, individual segments must be assigned cor-
rect state labels, which can be achieved by clustering, for instance,
by extracting equal-sized subsequences from segments, where the
individual data points define the feature space. Partition-based algo-
rithms, such as Lloyd’s algorithm [45], PAM [37], or k-Shape [53],
randomly partition the data and iteratively refine it until some
convergence criterion is met [30]. Specifically for TS, the data is
commonly assigned to clusters based on minimal distances to their
centres, such as medoids. Holder et al. evaluated the accuracy of
different distance measures and found MSM [59] and TWE [46]
to be good choices [30]. Different classical clustering approaches
include density-based methods, e.g., DBSCAN [24] and OPTICS [3],
as well as hierarchical approaches, such as BIRCH [72]. These can
be applied to the raw TS segments. However, Bonifati et al. report in
a recent study that extracting and selecting features from TS before
clustering improves performance [6]. Specifically, they compute
statistics with tsfresh [10] from the data and calculate similarity
measures between sequences. Features without variance are filtered,
and the remaining ones are clustered. We use this approach in our
baseline ClaSP2Feat, which combines an accurate segmentation
and clustering procedure and achieves top-ranking results.

Besides the independent segmentation and clustering, the liter-
ature also contains integrated TSSD approaches [65]. HMMs, for
instance, can model single TS with a limited number of states and
probabilities for initialization, transition, and output [5]. By de-
sign, HMM states model single data points, not prolonged events.
Matsubara et al. tackle this by grouping HMM states and learn-
ing transitions between groups, which reveals their CPs. Auto-
Plait implements this idea by iteratively refining the segmentation
to optimize a cost function [47]. HDP-HSMM uses a different ap-
proach: it incorporates explicit-duration semi-Markovian properties
to model flexible HMM state durations and employs a hierarchical
Dirichlet process prior to learn the number of states from the TS
directly [33]. Hallac et al. propose characterizing TS using a sliding
window instead of modelling single data points. Each subsequence
belongs to a cluster that is characterized by a correlation network.
In TICC, the assignment of subsequences and the update of cluster
parameters are iteratively refined using an expectation maximiza-
tion algorithm [28]. The recent method Time2State also builds a
sliding window but uses it to train a deep learning encoder by
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minimizing (maximizing) distances of intra-state (inter-state) sub-
sequences. The resulting embedding is clustered using DPGMM to
assign subsequences to state labels and to automatically learn their
amount [66]. E2USD implements a similar deep-learning TSSD ar-
chitecture, transforming each sliding window through compression,
trend-seasonal decomposition and contrastive learning into a com-
pact embedding that is subsequently clustered via DPGMM [42].

Our proposed CLaP also processes subsequences, but differs
substantially from the existing methods. It is the first TSSD method
that uses self-supervised learning [29] to exploit the predictive
power of TS classification algorithms, which are more accurate than
the unsupervised models used by the aforementioned methods that
rely on classical techniques sensitive to hyper-parameters or TS
characteristics. CLaP merges confused classes as long as their cgain
increases, which clusters segments automatically in label space
rather than in feature space.

Apart from state detection in single TS, current research also
investigates the relationships among dimensions in MTS and across
different data sets. Wang et al. examine high-dimensional TS in
which a subset of channels must be automatically selected for accu-
rate TSSD. They propose ISSD, an algorithm that identifies a subset
of TS dimensions with high-quality states, quantified by channel
set completeness, and solves this selection in an optimization prob-
lem [68]. StaCo is another algorithm designed to measure overall,
partial, and time-lagged correlations between states in heteroge-
neous TS. It produces a state correlation matrix, from which state
affiliations across data sets can be derived [67].

6 CONCLUSION

We proposed CLaP (Classification Label Profile), a new time series
state detection algorithm that uses self-supervised classification
techniques for segmentation and labelling. Our experimental eval-
uation shows that CLaP combines high-scoring design choices,
leading to a statistically significant improvement in accuracy over
six competitors on 405 univariate and multivariate TS from five
benchmarks. CLaP also offers the best tradeoff between accuracy
and runtime. It computes state labels for tens of thousands of data
points in just a few minutes, providing a useful TS annotation that
can be employed as input for advanced data analytics or as decision
support for domain experts.

Limitations of CLaP include its sensitivity to the segmentation
provided by ClaSP. While confused merging can correct false-
positive CPs, it cannot relocate imprecise ones. It also has a qua-
dratic runtime complexity with respect to TS size and the number of
CPs. Some TS applications, such as predictive maintenance, require
data analysis solutions capable of processing streaming data.

In future work, we plan to explore sampling, batching, and hier-
archical techniques to improve the scalability of CLaP. We want to
explore the incorporation of domain knowledge to CLaP to guide its
TSSD. Experts often have specific information from visual inspec-
tion or access to exogenous data which could increase the quality
of state detection, e.g. by indicating some CPs or state labels of
single measurements. We further aim to investigate state detec-
tion in TS collections to identify recurring states and transitions
across instances, potentially revealing even more semantics of the
data-generating process.
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