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Abstract

Similarity-based vector search, also known as ANNS, un-
derlies many important applications such as content search,
recommender system, and retrieval-augmented generation
(RAG). However, vector search has a high storage demand
due to large datasets and incurs costly IOs for its fine-grained
access to the vectors and index. We observe that a compute-
memory disaggregation architecture can tackle these chal-
lenges and design the DistVS system with a three-tier storage
layout. In particular, the compute servers keep the small but
low-precision compressed vectors, a more capacious mem-
ory server stores larger high-precision compressed vectors
along with the index, while the full-precision exact vectors
are kept on SSDs. The idea is to progressively prune the
vector accesses along the low-high-full precisions from the
compute servers to the SSDs, aligning with the storage hierar-
chy of memory-network-disk with gradually larger capacity
but higher IO cost. To effectively utilize the three vector previ-
sions, we design an algorithm called PRESS to conduct vector
search. To improve performance, DistVS incorporates sys-
tem optimizations including asynchronous execution, RDMA
10 batching, and decoupled re-ranking. We compare DistVS
with state-of-the-art disk-based and distributed vector search
systems and show that DistVS consistently outperforms them
and usually improves their query throughput by over 40%.

1 Introduction

To manage data with rich semantics (e.g., texts, images,
and videos), a common practice is to map them to high-
dimensional embedding vectors using machine learning mod-
els [8,24,38]. A fundamental operation on these vectors is
vector similarity search or simply vector search, which re-
turns the top-k vectors that are the most similar (e.g., measured
by Euclidean distance) to a query vector. Since exact vector
search [65] requires a linear scan over the entire dataset, which
is expensive for high-dimensional vectors, approximate vec-
tor search has been widely used instead, which returns most
(rather than all) of the top-k similar vectors to trade for ef-
ficiency. Efficient vector search is vital for many important
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applications such as recommender systems [27, 83], contex-
tual search [33, 73], bio-informatics [56, 57], and retrieval-
augmented generation (RAG) for large language models
(LLMs) [5,34,47], as these applications usually require high
query throughput and low query latency.

The state-of-the-art index for vector search is proximity
graph. While there are many variants [14,39,61], a common
idea is to connect similar vectors in the dataset to form a
graph. Query is processed by graph traversals, which compute
distances to all neighbors when visiting a node (i.e., a vector)'
and select the node with the smallest distance (among those
whose distances are computed) as the next node to visit.

Motivation. Real-world vector datasets are often large, which
may contain billions of vectors and take up TBs of space [50,
51], and thus it is costly to store them in DRAM. To reduce the
cost, disk-based vector search systems, such as Disk ANN [61]
and Starling [70], use SSDs as the primary storage. As shown
in Figure 1, they employ a two-tier storage layout, where
DRAM keeps a compressed version of all vectors, which are
produced by vector quantization techniques such as PQ [30],
while the original vectors and their adjacency lists (i.e., the
proximity graph index) are stored on SSDs. When visiting
each node, these systems fetch its exact vector (to compute
exact distance and rank the node in the final search results)
and adjacency list (to identify its neighbors) from disk, while
approximate distances are computed for its neighbors using
the compressed vectors to determine the next node to visit.
As we will show by our profiling results in §2.2, these
disk-based vector search systems suffer from two problems.
First, they require memory that is 10-20% of the dataset size,
and their performance severely degrades when memory falls
below the required level. However, for large datasets, even
10-20% of their sizes can still overwhelm common servers.
For example, Laion-I2I [50] dataset contains 5 billion vectors
and will occupy approximately 14TB storage. It is reported
that industrial datasets often scale to 10 billion or even 100
billion vectors [53]. Moreover, there is a trend to use vectors
with higher dimensions to enhance their representation power
(e.g., 2048 [23] and 4096 [84] rather than 128 and 256), which
also results in large dataset sizes. A single server is difficult

'We use node and vector interchangeably in subsequent discussions.
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Figure 1: (a) and (b) show the storage layout of a disk-based vector search system (i.e., Disk ANN) and our DistVS with compute-
storage disaggregation. (c) and (d) report the storage overhead and access volumes of DiskANN and DistVS for different data on
the Laion-T2I dataset. We configure the precision of the compressed vectors for Disk ANN to reach its highest query throughput.

to handle these large vector datasets by vertically scaling up
its local memory.

Second, although compressed vectors are accessed most
frequently” and kept in memory, the disk IOs for exact vectors
and adjacency lists still dominate their query processing time,
thus limiting their performance. In addition, to improve query
throughput, we may run multiple servers that replicate data
in memory to handle multiple queries concurrently. However,
due to replication, the aggregate memory of these servers can
be even larger than the original dataset.

In recent years, compute-memory disaggregation is be-
coming popular [54, 68, 76] with the deployment of high-
performance fabrics like RDMA and CXL [3]. Compute
servers have strong compute power but small memory, while
memory servers provide large memory. Compute servers exe-
cute tasks by caching hot data in their local memory and ac-
cessing memory servers on demand via network. The benefits
of compute-memory disaggregation include flexible resource
allocation (i.e., by decoupling compute and memory), high
resource utilization, and high elasticity (i.e., by adjusting the
number of compute servers according to workload). We ob-
serve that the compute-memory disaggregation architecture
suits vector search as capacious memory servers can meet the
high memory demand of vector search and performant net-
works (e.g., RDMA) allow much faster accesses than SSDs.
Moreover, different compute servers can share a common
copy of data and index on memory servers to eliminate the
memory overhead caused by replication.

Our solution DistVS. Like many compute-memory disaggre-
gation systems [54, 68,76], our primary design goals are to
make most data accesses local on compute servers and reduce
the communication between compute servers and memory
servers. To this end, our DistVS system adopts the three-tier
storage layout as shown in Figure 1(b). Each compute server

2When visiting each node, only one exact vector and adjacency list are
fetched but multiple compressed vectors are accessed for its neighbors.

keeps a low-precision compression of all vectors, which has
a high compression ratio w.r.t. the original dataset to fit in the
small local memory of compute servers. The memory server
keeps the proximity graph index and a high-precision com-
pression of all vectors, which are larger but more accurate
than the low-precision vectors on the compute servers. The
exact vectors are stored on the SSDs, which can be attached
to dedicated storage servers or hosted on compute/memory
servers.

To work with the three-tier storage layout, we design the
PRESS algorithm (Progressive pREcision Similarity Search)
to conduct vector search, which performs coarse-to-fine dis-
tance estimation. In particular, when visiting each node dur-
ing a graph traversal, PRESS first computes distances for
all its neighbors using the low-precision vectors on the com-
pute servers, and only the top-ranked neighbors are refined
using the high-precision vectors on the memory server to
select the next node to visit. Moreover, PRESS only reads
the exact vectors to re-rank the candidates that are promising
in their high-precision distances. To reduce communication,
we push the IDs of the top-ranked neighbors to the memory
server to compute their refined distances instead of pulling
the high-precision vectors. As such, the compute servers and
the memory server only exchange vector IDs.

As shown in Figure 1(d), our PRESS algorithm induces a
favorable access pattern across the three storage tiers: low-
precision vectors are the smallest in size but hottest in access,
the adjacency lists and high-precision vectors are medium in
terms of both size and access, while the full-precision vec-
tors are the largest in size but coldest in access. We also
observe that a single memory server can keep up with mul-
tiple compute servers since the computations pushed to the
memory server are lightweight thanks to the pruning using
low-precision vectors on the compute servers. As such, a sin-
gle copy of the high-precision vectors and graph index can be
shared across multiple compute servers.

To improve performance, DistVS introduces a suite of sys-
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tem designs and optimizations. First, to avoid making the
threads idle when queries wait for responses from remote
servers, we adopt an iteration-based asynchronous execution
model, which uses C++20 coroutine to switch a thread to
process another query while waiting for responses. Second,
we introduce continuous RDMA 10 batching to aggregate the
small network messages generated by our PRESS algorithm
for multiple queries, which utilizes the network bandwidth
more effectively by sending larger messages. Finally, we de-
couple the final result re-ranking stage from the graph traver-
sal process and assign it to some dedicated threads, preventing
it from blocking the main vector search pipeline. Besides, we
discuss how DistVS handles updates to the vector dataset and
utilizes computer servers with extremely small memory.

We conduct extensive experiments to evaluate DistVS on
five real-world datasets and compare it with state-of-the-
art disk-based vector search systems (i.e., DiskANN [61],
Starling [70], and PipeANN [21]) and a state-of-the-art dis-
tributed vector database (Milvus [67]). The results show that
DistVS consistently outperforms all the baselines by achieving
higher query throughput while at least matching their query
latency. In particular, DistVS improves the query throughput
of PipeANN and Starling by an average of 70% and 85%,
respectively, while the improvements are even larger over
DiskANN and Milvus. Moreover, DistVS usually consumes
smaller aggregate memory than the baselines by sharing a
memory server over multiple compute servers, and the query
throughput of DistVS improves linearly when adding com-
puter servers. Ablation experiments also verify that our stor-
age layout and system optimizations are effective.

To summarize, we make the following contributions.

e We identify high memory overhead and costly disk IOs as
the main problems that limit disk-based vector search sys-
tems and observe that a compute-memory disaggregation
architecture can resolve these problems.

e With compute-memory disaggregation, we design the
DistVS system for vector search, which features a three-tier
storage layout and the PRESS algorithm to make most data
accesses local and reduce communication.

e We introduce system optimizations including asynchronous
execution and IO batching to improve performance.

o We comprehensively evaluate DistVS to show its advan-
tages over state-of-the-art baselines and verify our designs.

2 Background and Motivation

2.1 Vector Search and Proximity Graph Index

The quality of approximate vector search is usually measured
by recall. In particular, for a query, denote the set of its ground-
truth top-k neighbors as .§ and the returned approximate top-k
neighbors as §’, the recall is | § N.S’|/k. Usually, a high recall
(e.g., 90% or 95%) is required for good result quality. Indexes

Query Vector

B Calculate
Distance

OB () visited

O Candidates

Figure 2: Vector search with proximity graph index.

Algorithm 1: Vector search with compressed vectors

[

Ly, Ordered node list (order by exact dist.).
Lyppr: Ordered node list (order by approx. dist.).
D: The length limit for Ly,

w N

4 def Expand(q, u, Lappr):

5 | for each node v in u’s adjacency list do

6 | | Insert{v, ApproxDist (v, )} into Lapp,
7 | Reserve the top-D closest nodes in L,

8 def Search(q, k):
Insert {entry e, ApproxDist (e, g)}into Ly,
10 while £, have unvisited nodes do

1 u < the nearest unvisited node in L,
12 Insert {u, ExactDist (u, q)}into Ly
13 Expand(q, u, Lappr)

14 Reserve the top-k closest nodes in Ly,
15 return Ly,

are crucial for the performance of vector search by limiting
the distance computations of each query to a small number of
vectors. Among the indexes for high-dimensional vectors [7,
10, 14,29, 39, 66], proximity graph variants [14,39, 61, 70]
are the state-of-the-art in that they require the fewest distance
computations to recall a given recall target. As shown in
Figure 2, they construct a graph over the vectors in a dataset
by connecting each vector to its neighbors. Query is processed
via a DFS-style graph traversal: when visiting each candidate
node, the distances between its neighbors and the query are
computed, and the candidate is marked as visited; then among
the nodes whose distances are computed, nearest unvisited
node becomes the next candidate; the graph traversal starts
with a fixed or random entry node and terminates upon certain
conditions (e.g., distance to candidate does not decrease).
Another fundamental technique for vector search is vector
quantization. The idea is to compress each vector x into a
smaller but lossy representation %, and thus the query distance
computed with ¥ (i.e., ||g — %||) becomes approximate. The
compression ratio, which is the size of the original vector over
the compressed vector, can be configured, and a larger com-
pression ratio makes the compressed vector smaller but the ap-
proximate distance is also less accurate. Since the compressed
vectors are smaller than the original vectors, computing the ap-
proximate distance is also faster than exact distance. There are
many different vector quantization techniques [4, 16, 17,30],
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and product quantization (PQ) [30] is widely used.

2.2 Disk-based Systems for Vector Search

To reduce the cost of storing large vector datasets in memory,
several disk-based vector search systems are proposed, such
as DiskANN [61], Starling [70], and PipeANN [21]. They em-
ploy the two-tier storage layout in Figure 1(a): the compressed
vectors reside in memory, while the index graph and exact
vectors are kept on disk. In particular, the exact vector and
adjacency list of each node are stored together on the same
disk page such that they can be fetched by one disk 10. To
work with both compressed and exact vectors, these systems
utilize Algorithm | to conduct vector search. Specifically,
Algorithm | maintains two ordered node lists (also called
candidate queues), i.e., L,pp, by approximate distances, and
Ly, by exact distances. In each iteration, Algorithm 1 selects
the nearest unvisited node u from L, as the candidate to
visit. Then, the exact vector and adjacency list of u are loaded
from disk, and the exact distance between u and ¢ is used to
update Ly,. Next, Algorithm | computes the approximate
distances for u’s neighbors and inserts them into L. After
that, L, is pruned to retain only the top-D nearest nodes,
and D is called the queue size. The search terminates when
all nodes in £, have been visited, and the top-k nodes in
Ly, are returned as the final search results. The queue size
D is used to control the search time, with a larger D taking
longer time but providing higher recall for the search results.

A common optimization for these systems is beam search,
which reads the top-w unvisited nodes in £, from disk
each time instead of a single node, and w is called beam
width. These systems also employ their own optimizations.
For instance, Disk ANN caches in memory the exact vectors
and adjacency lists for the nodes that are within several hops
from the entry node. Starling randomly samples vectors from
the dataset to build a meta index (which is also proximity
graph), keeps the meta index in memory, and searches the
meta index to identify good entry points for search on the
complete dataset. Moreover, Starling keeps neighboring nodes
on the same disk page by using graph reordering such that
multiple required nodes can be fetched via a single disk IO.
Pipe ANN improves the efficiency of 10 operations with I0-
uring [2], and proposes pipelining between disk access and
distance computation to avoid CPU idle.

2.3 Profiling and Analysis

In this part, we profile and analyze disk-based vector search
systems to provide the motivation and insights for our designs.
The detailed settings and dataset statistics of the profiling
experiments are provided in §5.1.

Accuracy of the compressed vectors. Figure 3 reports the
query throughput of Disk ANN when using different compres-
sion ratios for the compressed vectors. The results show that

Throughput (QPS)
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Figure 3: The query throughput of Disk ANN when changing
the compression ratio of the compressed vectors.
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to achieve the optimal throughput, the compressed vectors
need to be 11—6 ~ % in size compared with the original dataset.
Similar patterns are also observed for the other systems, and
counting other memory-resident data structures, these systems
require a memory that is 10% — 20% of the dataset. When
the compression ratio exceeds the optimal (e.g., due to small
memory), the query throughput degrades rapidly. This is be-
cause DiskANN uses approximate distances computed over
the compressed vectors to select the nodes to visit, and when
the approximate distances become inaccurate, vector search
visits sub-optimal nodes. Figure 3 also shows that the number
of nodes visited increases at large compression ratios. An in-
teresting phenomenon is that query throughput also decreases
when the compression ratio is smaller than the optimal. This
is because each vector becomes larger, and thus the distance
computations become more expensive. Moreover, Figure 3
shows that the number of visited nodes does not decrease
when using compression ratios smaller than the optimal.

Overheads of disk IO. In each iteration (i.e., visiting a can-
didate node), disk-based vector search systems need to load
the exact vector and the adjacency list of the candidate from
disk. Figure 4 shows that disk IO takes up over 50% of the
query processing time for both DiskANN and Starling. More-
over, the disk bandwidth also limits the speed that can be
fetched and thus query throughput. Disk IO remains the bot-
tleneck even with high-end SSDs. We experimented with the
strongest SSD setting on AWS (i3.metal), which consists of 8
NVMe SSDs combined via RAID-0 and provides 19k Mbps
disk bandwidth and 80k IOPS. When reaching a recall@ 10
of 95% for the Wiki dataset, the query time of Starling is 3.7
ms, and 1.7 ms out of the total time is spent on disk 1Os.

The demand for exact vectors. Existing disk-based systems
always access the exact vector and adjacency list of a candi-
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date node together. When visiting each candidate, the adja-
cency list is certainly required to identify its neighbors for
approximate distance computation. The exact vector is used
to re-rank the candidate in the final search results, and thus it
may not be required if the candidate has a low chance of en-
tering the final search results. We conduct such an experiment
in Figure 5, where we delay the exact distance computations
until the graph traversal finishes and configure a re-ranking
ratio u such that exact distances are only computed for the
nodes ranking top-u% in approximate distance. The results
show that using a re-ranking ratio u of 50% does not harm
recall at high recall regimes.

Insights and takeaways. We summarize the following take-
aways to guide the design of our vector search system under
the compute-memory disaggregation architecture.

e The compressed vectors used for candidate selection must
have sufficient accuracy and thus can be large. We keep
these compressed vectors on the memory server since the
local memory of the compute servers is usually small.

e Compute-memory disaggregation benefits from performant
networks (e.g., RDMA), which is much faster than disk.
Besides, network does not suffer from the read amplifica-
tion of disks caused by 4KB block access, and the memory
server can also conduct some computations.

e The demand for exact vectors is lower than the adjacency
lists, and re-ranking can be conducted after graph traversal.

3 The PRESS Algorithm and DistVS Workflow

As shown in Figure 1(b), our DistVS keeps three versions of
vectors at different precisions, i.e., the low-precision quan-
tized vectors to fit in the limited memory of the compute
servers, the high-precision quantized vectors in the memory
of the memory server, and the full-precision exact vectors in
the SSDs of the storage servers. In this part, we first introduce
the PRESS algorithm, which uses the three vector precisions
to conduct vector search for the in-memory setting. Then, we
discuss how DistVS runs PRESS on distributed servers.

Algorithm 2: Pseudocode for the PRESS Algorithm.

1 Lyyy: Ordered node list (order by exact dist.).

2 Lpjgn: Ordered node list (order by P;e, approx. dist.).

3 Lyoy: Ordered node list (order by B, approx. dist.).

4 p: Ratio of selected candidates in £;,,,.

5 Druits Dhigh> Diow: The maximum list depths for Ly,
Lyjon, and Ly, respectively.

6 def Search(q, k):
7 Lpign insert {entry e, HighApproxDist (e, ¢q)}
8 while £, have unvisited nodes do

9 u < the nearest unvisited node in Ly;gp
10 ExpandLow (q, u, L)
1 Expanddigh(q, Liow, Lnign)

12 | Refinel(q, Luigh, Lfur)
13 return Ly,

14 def ExpandLow (g, u, Lioy):

15 | for node v in u’s neighbors list do

16 Loy insert {v, LowApproxDist (v, q)}
17 Reserve the top-D,,, closest nodes in Ly,

18 def ExpandHigh(q, Liow, Lnigh):

19 Ny < p-Len (L)

20 for i in range (N,) do

21 v <— the nearest unvisited node in £;,,,

22 Lygp insert {v, HighApproxDist (v, q)}
23 Reserve the top-Dy;e;, closest nodes in Ly;gp

24 defRefine(q, Lpigh, Lyun):

25 Keep the top-Dy,;; nodes in Ly;gp

26 for node u in Ly;g;, do

27 | | Lpy insert {u, ExactDist(u, q)}
28 Reserve the top-k closest nodes in Ly,

3.1 Vector Search with The PRESS Algorithm

Algorithm 2 details the procedure of PRESS. Guided by the
insights from §2.3, Algorithm 2 adopts two key principles.
First, the candidate node to visit is selected using the high-
precision quantized vectors (i.e., Py;g) such that the graph
traversal does not take detours, while the low-precision quan-
tized vectors (i.e., P,,) are used to prune the accesses to
the high-precision vectors. Second, re-ranking with the full-
precision exact vectors is delayed until the graph traversal
finishes to reduce the accesses to the exact vectors. Algo-
rithm 2 uses three ordered lists Loy, Lpign, and Ly, which
are ranked by Pj,,, Phign, and exact distances, respectively.

Search with both low and high precisions. When the search
starts, the Py;,;, approximate distance between the query g and
the graph entry node e is calculated and inserted into Ly;ep
(line 7). For each search iteration, the nearest unvisited node u
in Ly, is selected (line 9), and two functions ExpandLow and
ExpandHigh are called to update the ordered list (lines 10-11).
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Table 1: The number of distance computations conducted
on different vectors when using a single compression preci-
sion (like DiskANN) and two compression precisions (i.e.,

our PRESS). “Equiv.” denotes equivalent computational com-
Nhigh

) ~ Chigh
Ny, where N are the numbers of distance computation, and
C represents the compression ratio.

plexity mapped to exact distance computations: % +

| Num. Dist. Computations | Equiv

| Low High  Full |

Dataset ‘ Method

|
Low-only | 10,484 0 353 681
Wiki High-only 0 5,570 90 438
PRESS 6,222 465 95 290
Low-only | 25,123 0 770 2,340
LaionT2I | High-only 0 9,096 205 1,342
PRESS 10,808 1,280 260 910

In particular, ExpandLow calculates the approximate distances
for u’s neighbors with P, (lines 14-17) and updates Ly,,,.
Next, a portion of the top-ranking nodes (i.e., u, which is
called the re-ranking ratio) in £;,, are selected, and their
Phign approximate distances are calculated and updated to
Lyig, (lines 18-23). Afterwards, the top-ranking unvisited
node in Ly;g is selected as the next node to visit. The search
terminates when all nodes in Ly, are visited.

Delayed re-ranking with pruning. After graph traversal,
Algorithm 2 selects the top-Dy,;; nodes from Ly;g, for exact
distance computation (lines 24-27) such that they can be re-
ranked in the final search results. This is because the nodes
that rank low Ly, are unlikely to be the top-k neighbors for
a query as shown by our profiling in §2.3. The final results
are the top-k closest nodes in Ly, (line 28).

Setting the parameters. We configure the compression ratio
of the high-precision compressed vectors (i.e., Pyig;) as the
point that maximizes the query throughput of Disk ANN. As
shown in Figure 3, this is the highest compression ratio that
does not increase the number of visited candidate nodes. Disk-
based vector search systems use a single list size (i.e., D)
to control search time and recall in Algorithm | while our
PRESS requires three list sizes Dyoy, Dhigh, and Dy, for
Liow, Lpigh, and Ly, respectively. To simplify parameter
setting, we use Dy = 2Dpjgn and Dyign, = 2Dy such that
only Dy;e, needs to be configured. Note that Dy;ep, = 2Dy
implies a re-ranking ratio of 50%, which is shown to work
well in Figure 5. For the refinement ratio y, we set it to 0.3 by
default, which is shown to work well empirically and makes
the number of high-precision distance computations small.

Profiling PRESS. In Table 1, we compare PRESS with using
only the low-precision vectors (i.e., Low-only) or only the
high-precision vectors (i.e., High-only) alongside the exact
vectors. The Equiv. column can be interpreted as the overall
computation complexity of each method. Note that we also
enable delayed re-ranking for both Low-only and High-only.
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Figure 6: The workflow of DistVS for vector search.

First, we observe that PRESS successfully induces skewed
accesses across the three precisions, i.e., P, vectors receive
many more accesses than P, vectors, which in turn have
many more accesses than the full-precision vectors. This is
favorable since most of the data accesses (for the P, vectors)
are local on the compute servers, the computations (for the
Phign, vectors) pushed to the memory server are lightweight,
and the accesses to the storage servers are very few. Second,
both High-only and Low-only have higher overall computation
complexity than PRESS (see the Equiv. column). For Low-
only, its approximate distances are inaccurate and may lead
the graph traversal to detours. This suggests that re-ranking
with By, vectors is necessary. High-only can be impractical
as the compute servers may not have enough memory to store
them, and the memory server will be overloaded if all compute
servers push a large number of computations to it. In § 5, we
show that pulling the Py;e;, vectors from the memory servers
for computation is also less efficient than PRESS.

3.2 Workflow of DistVS for Vector Search

Our DistVS runs on a cluster comprising several compute
servers and a memory server. The compute servers process
different queries independently and can access the memory
server on demand via RDMA network. The SSD storage for
exact vectors can be attached to either the aforementioned
servers or some separate servers. In our implementation, exact
vectors are kept on the SSDs of the compute servers. The
lower-half of Figure 6 shows the storage layout of DistVS.
The upper-half of Figure 6 shows how DistVS runs with the
PRESS algorithm. The compute server maintains a node list
Ly,,, ordered by low-precision distances, while the memory
server maintains a node list £, ordered by high-precision
distances. Query processing starts when the memory server
adds the distance between the query and entry node to Lyg.
For each search iteration, the memory server pops a batch of
candidate nodes (i.e., by the beam width w) from Lj;ep,, loads
their adjacency lists from the index graph, and sends them
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to the compute server. The compute server then calculates
the P, approximate distances between the query and the
neighbors of these candidates using 2, vectors, inserting
the results into £,,,. Then, a subset of the top-ranking nodes
is selected from £;,,,, and their node IDs are sent to the mem-
ory server to serve as candidates for the next iteration. The
memory server computes their Fy;,;, approximate distances to
the query and inserts the results into Ly, to determine the
candidates for the next iteration. The search phase terminates
when all the nodes in £y, are visited. Finally, the storage
server loads the exact vectors of the top-ranking nodes in
Ly;en from disk, computes their exact distances, re-ranks the
search results, and returns the final top-k search results.

3.3 Discussions

The benefits of DistVS. The compute-memory disaggregation
architecture of DistVS brings several favorable benefits.

e Reduced memory consumption: As shown in Table |, the
computations pushed to the memory server for each query
are lightweight with the local pruning on compute servers
with low-precision vectors. As such, a memory server can
work with multiple compute servers with a single copy of
the high-precision vectors. Compared with replicating the
memory of the servers to improve query throughput for
the disk-based systems, our DistVS usually has a smaller
aggregate memory consumption (see § 5.2).

e Good scalability: To conduct distributed in-memory vec-
tor search, vector databases such as Milvus [67] shard the
dataset over machines and build an independent index on
each machine. Their query throughput increases only sub-
linearly with the number of machines because the pruning
power of vector indexes is stronger when the dataset is con-
sidered as a whole. DistVS uses a global vector index on
the entire dataset, and we show that its query throughput
scales linearly with the compute servers in § 5.3.

e Good elasticity: For applications that involve vector search,
the query workload often fluctuates violently over time [22].
As such, a vector search system should scale in and out
its resources quickly to adapt to the query workload. The
computer servers of DistVS only load small low-precision
vectors and thus can be started or dismissed quickly.

Using low-memory compute servers. When the memory
of the compute servers is extremely small, the low-precision
vectors will become too inaccurate to guide the pruning for
high-precision vectors. In this case, we find that popularity-
based vector offloading provides better query performance
than reducing the precision of the low-precision vectors to fit
in the memory of compute servers. In particular, accesses
are skewed over the vectors in a dataset, and the vectors
with a high degree in the proximity graph generally receive
more accesses [71]. Empirically, we set the size of the low-
precision vectors as half of the high-precision vectors; when
the memory of compute servers is too small, we offload the

RDMA IO Latency i Idle {_iExecute E
)
Memory f v !
Thread E Q11§ P Q2-1 | 1Q1-2) -
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Figure 7: An example of the coroutine execution with a mem-
ory thread and a compute thread with two coroutines. The
compute thread executes the low-precision Expand and the
memory thread executes the high-precision Expand.

low-precision vectors of the low-degree nodes to the memory
server. We show in § 5.3 that throughput decreases gracefully
with compute server memory when using this strategy.

We further discuss (i) handling index updates, (ii) generality
of DistVS, and (iii) failure handling in the Appendix.

4 System Optimizations

In this section, we discuss the system optimizations for
DistVS: iteration-based asynchronous execution to improve
CPU utilization (§ 4.1), continuous RDMA IO batching to
avoid small messages (§ 4.2), and the re-ranking optimiza-
tions for disk accesses (§ 4.3).

4.1 Iteration-based Asynchronous Execution

As illustrated in Figure 6, during each iteration, after com-
puting the low-precision approximate distances, the compute
thread invokes a remote function, requesting the memory
thread to calculate the high-precision approximate distances
for finding the next candidate. During this period, the com-
pute thread remains idle, waiting for a response from the
memory thread, as it cannot proceed to the next iteration un-
til it receives the candidate nodes and their adjacency lists.
The waiting time consists of two network transmissions and
the processing time required to compute high-precision ap-
proximate distances, select candidate nodes, and gather their
adjacency lists for sending.

To avoid the threads idling, we propose an iteration-based
asynchronous execution model, in which the CPU thread pro-
cesses requests at the granularity of search iterations. After an
iteration issues the network message sending, the thread does
not block; it switches to another query and resumes the sus-
pended iteration when its reply arrives. This overlaps remote
processing with local execution, improves CPU utilization,
and reduces head-of-line blocking. Specifically, we leverage
coroutine [59], a C++20 feature that enables cooperative mul-
titasking by allowing a CPU thread to suspend execution at
certain points and resume later, potentially switching to an-
other execution context. Coroutines are lightweight and more
efficient than traditional threading mechanisms, as they avoid
the overhead of context switching between OS threads. Each
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coroutine is processed by one thread only, and they are cache-
friendly. Their execution context (i.e., local variables and
stack frames) remains in the CPU cache, reducing memory
access latency during context switches.

By assigning two coroutines to each CPU thread, the thread
can switch to another coroutine when it sends a message. We
show an example of the coroutine switching in Figure 7,
suppose the first coroutine handles query ¢; and the second
handles query ¢,. The compute thread can process one itera-
tion of g1, and upon sending a message to the memory thread,
switch to process an iteration of ¢g>. By alternating between
g1 and ¢, through coroutine switching, the compute thread
can fully utilize CPU resources and avoid idle periods.

4.2 Continuous RDMA IO Batching

For network (RDMA) communication, each coroutine on the
compute server maintains its own communication unit and
interacts independently with the memory server during each
network operation. However, a challenge arises because each
message is typically very small (i.e., often containing only
tens of node IDs per iteration), resulting in a large number of
small messages being sent to the memory server. The limited
number of NIC channels can become a bottleneck under high
load, preventing full utilization of network bandwidth and
potentially increasing network latency, especially when many
CPU threads access the system concurrently.

To avoid network bottleneck and improve NIC utilization,
we employ continuous IO batching driven by a dedicated com-
munication thread per server. Worker threads exchange mes-
sages with the communicator via per-thread, lock-free mes-
sage queues (send or receive), in which enqueues never block
across threads. When messages are ready, workers push de-
scriptors to their send queues; the communicator periodically
drains these queues, links work requests (wr) into a batch, and
transmits them in a single operation using one-sided RDMA
WRITE into pre-allocated buffers on the peer, as shown in
Figure 8. On the memory server, a matching communication
thread receives the batched payload, de-batches it, and dis-
patches individual requests to coroutine workers; responses
follow the symmetric path via per-thread receive queues. It
reduces per-message overhead and avoids cross-thread block-
ing by aggregating many small requests into a single transfer.
This continuous 10 batching approach enables the system to
fully utilize available network bandwidth and prevents the
communication channel from becoming a system bottleneck.

The RDMA messages in our design are lightweight, as they
only involve node IDs (i.e., top-ranking nodes in £;,,, and
adjacency lists for candidate nodes in Ly;g;,), and hence their
communication volume is independent of vector dimensional-
ity. We have reported the IO volume in Figure 12 and RDMA
round-trip latency in Figure 14, which shows that the both
communication volume and latency are low.
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Figure 8: An example of the continuous IO batching with two
threads, each thread holds two coroutines.

4.3 Efficient Re-ranking for Final Results

When the search terminates (no unvisited nodes remain in
Lpign), the memory server extracts the top-2y,;; candidates
and dispatches their IDs to the re-ranking thread. The com-
pute server is immediately notified that the search context
can be freed and is available for new queries. The re-ranking
thread resides on a server with disk storage (either a dedicated
disk server or co-located with the compute server). Upon re-
ceiving the re-rank request, it reads the exact vectors from
disk, computes exact distances, and returns the final top-k
results. We separate the compute and re-ranking stages into
different threads (or different servers) because the long exe-
cution time for exact distance calculation would otherwise
block the processing of iterations in other tasks, resulting in
longer waiting latency and leaving the memory server idle,
which wastes CPU resources.

The re-ranking thread also uses asynchronous processing to
overlap disk IO with computation. It leverages the libaio [28]
interface: after submitting IO requests, it stores the context
in a queue and polls for completions via io_getevents.
To avoid queuing delays, multiple re-ranking threads are
launched in parallel.

Disk vector relayout. Following Starling [70]’s relayout strat-
egy, we reorder the on-disk vector layout to co-locate each
node with its likely neighbors within the same page. When
two (or more) candidates reside on one page, a single 10
fetch serves all of them, eliminating redundant disk accesses.
Unlike Starling co-locates nodes’ exact vectors and the ad-
jacency lists in the page, our disk pages store vectors only,
increasing packing density and the probability of such co-hits,
further reducing disk IO. Vector relayout is optional in our
system and primarily benefits low-dimensional datasets (e.g.,
Deep [48] and MSTuning [43]).

5 Experimental Evaluation

We extensively evaluate DistVS and compare with state-of-

the-art ANNS systems. The key findings include:

e DistVS consistently outperforms the baselines, achieving
higher query throughput with competitive latency.

o DistVS’s three-tier design is memory-efficient and scalable.
Compute servers use far less memory than the baselines,
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Table 2: Statistics of the datasets. Tot.N is the number of
vectors, Dim. is vector dimension, Metric is the measure for
vector similarity, and Tar. is the target recall@ 10 for search.

Name \ Tot. N Dim. Metric Size (GB) Tar.
Deep [48] 1B 96 L2 357.6 95%
MSTuning [43] 1B 128 L2 372.5 95%
Wiki [13] 100M 384 L2 143.3 95%

Laion-T2I [51] | 100M 512
Laion-I2I [50] | 100M 768

Cosine 191.7 90%
Cosine 286.4 95%

and a single memory server copy can serve multiple com-
pute servers, reducing the cluster-wide memory footprint.
e Our key algorithm, PRESS, is effective in searching and
outperforms alternative designs under the three-tier layout.

5.1 Experiment Settings

Datasets. We evaluate DistVS on five datasets (Table 2).
MSTuning-1B [43] and Yandex DEEP-1B [48] are two pop-
ular billion-scale datasets from BIGANN benchmarks [43].
Following PipeRAG [31], we construct a 384-dimension Wiki
dataset using the BGE encoder [8], with 100M base vectors
from Wikipedia [13] and 100K queries from MMLU [25].
Laion [50,51] includes two datasets, with dimensions of 512
and 768, respectively, and we use the first 100M image vec-
tors in Laion for both base datasets. For the query vectors, we
sample 10K text vectors for the 512-dimension dataset (Laion-
T2I°), and sample 10K image vectors for the 768-dimension
dataset (Laion-12I), following ANN benchmarks [6].

Baseline systems. We compare DistVS with three SOTA
disk-based ANNS systems: DiskANN [61], Starling [70],
and PipeANN [21], which we discussed in § 2.2. For DistVS
and these three systems, we use PQ [30] for vector compres-
sion and Vamana [61] as the proximity graph index (with an
out-degree of 64). We also evaluate against Milvus [67], an
in-memory sharding-based system that partitions the dataset
across multiple shards. During search, Milvus maintains all
shards in memory and performs independent searches on each
shard before merging results.

Testbed. We conducted all experiments on a cluster of five
servers, each equipped with an Intel(R) Xeon(R) Gold 6252N
CPU @ 2.30GHz (96 cores) and 756GB DRAM. The servers
feature NVIDIA Mellanox ConnectX-5 adapters supporting
RDMA over Converged Ethernet (RoCE), and each contains
two SATA SSDs configured in RAID-0 [1] to provide 3.5TB
storage with 68§0MB/s bandwidth. The operating system is
Ubuntu 22.04.5 with Linux kernel 5.15.0.

For Starling, DiskANN, and PipeANN, each server hosts a
disk index and serves queries independently using 8 threads,
with each query handled by a single thread. The server main-
tains in-memory data and loads disk pages from its local

3T21 and I21 refer to "Text to Image" and "Image to Image", respectively.

Table 3: The query throughput of DistVS and baselines when
achieving 95% recall. Comparison is the throughput improve-
ment of DistVS compared with the best-performing baseline.

Datasets \Deep MSTuning Wiki Laion-T2I Laion-121

DiskANN | 5,732 6,113 7,090 805 8,304
PipeANN | 9.568 7,638 10,087 1047 12,815
Starling 10,095 10,208 8,921 738 10,469
DistVS 14,292 17,007 12,962 2,207 17,955
Comparison | 1.42x 1.67x 1.29x 2.11x 1.40x

SSD. We use the same quantization precision that maxi-
mizes DiskANN’s throughput. For PipeANN and Starling,
we use the default parameters reported in their paper for
the in-memory index. For DistVS, we designate one mem-
ory server and four compute servers, with re-ranking threads
co-located on compute servers and accessing their SSDs. The
memory server serves as the memory pool. Both compute and
memory servers use 8 threads (including the re-ranking and
communication threads), matching the compute resources of
the baselines. For Milvus, the dataset is partitioned into fixed-
size shards, and each server hosts some shards for search.

Metrics. Our primary metrics are query throughput (queries
per second, QPS), query latency (average processing time),
and memory consumption. Following prior work [10,61,70],
we measure search quality using recall@ [0 and report the
average recall@10 across all queries by default.

5.2 Main Results

Figure 9 reports query throughput and latency for DistVS and
the baselines. For fair comparison with DistVS, we employ
five servers, each independently equipped with an SSD, and
measure the total throughput as the sum across all servers.
DistVS adopts the same high-precision quantization setting as
DiskANN, and the low-precision vectors use half the storage
of the high-precision vectors.

Table 3 reports the throughput point of DistVS and the
baselines (in Figure 9). Across all datasets and baselines,
DistVS consistently achieves higher throughput. When achiev-
ing 95% recall, DistVS improves throughput over DiskANN
by 140%, Starling by 85%, and PipeANN by 70% on average,
respectively. Starling outperforms DiskANN and PipeANN on
low-dimensional datasets, as each disk page can store more
nodes, making the relayout strategy more effective at reduc-
ing disk IOs; for high-dimensional vectors, pages hold few
nodes, so the benefit diminishes and performance converges
to DiskANN. PipeANN adopts DiskANN’s layout while it
exhibits low latency, as it overlaps disk access and distance
calculation. DistVS achieves the highest throughput, as the
search phase is fully memory-resident: the index graph and
high-precision vectors are served from the memory server,
and disk IO occurs only during final re-ranking. This sidesteps
the IO bottleneck that limits the baselines.
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Figure 9: The throughput and latency of DistVS and the baselines on the 5-servers cluster. Note that 5-servers cluster for DistVS

represents using 4 compute nodes and 1 memory node.

Table 4: Memory usage of different systems (GB). Comp.
and Mem. denote the memory usage in the compute server
and memory server of DistVS, respectively. For standalone
baselines, we aggregate memory usage across five servers;
Comp. aggregates across four compute servers.

Name | DiskANN | PipeANN | Starting | DiStYS
| | | | Comp. | Mem.
Deep [48] | 2247 | 2594 | 5622 | 892 |307.3
MSTuning [43]| 243.6 | 2734 | 590.1 | 99.8 |309.2
Wiki [13] 46.6 568 | 1374 | 180 | 353
Laion-T21[51]| 1257 | 1402 | 2305 | 504 | 503
Laion-I21 [50] |  96.8 1153 | 24856 | 392 | 445

We show the memory consumption of Figure 9 in Ta-
ble 4. DiskANN, Starling and PipeANN have fixed per-server
footprints as each server hosts a full index; Starling and Pi-
peANN typically use more memory than DiskANN to gain
throughput. Note that the memory usage is aggregated across
servers. In contrast, DistVS is asymmetric: compute servers
store only low-precision vectors and therefore have a small
footprint, whereas the memory server holds the index graph
and high-precision codes and is correspondingly larger. On
low-dimensional datasets (e.g., Deep-1B, MSTuning-1B), the
memory server’s footprint can exceed Starling’s because
graph storage (largely fixed by degree) dominates the total
(index graph for 1B dataset requires 242.1 GB memory). On
high-dimensional datasets, this overhead is amortized, and for
Laion-12I DistVS’s total memory is even lower than Starling’s.
Opverall, the cluster-wide memory footprint of DistVS remains
mush smaller than Starling. Considering the throughput-to-
memory ratio, DistVS outperforms the baselines in most cases,
which achieve higher throughput and maintain a lower foot-
print. Only one case fails (PipeANN on Deep-1B).

Figure 10 shows disk IO for the three systems on the same
target recall (Table 2). Starling reduces disk accesses com-

Table 5: Queries per dollar performance comparison (x 10°).
The setting follows Table 3.

x10% | Deep MSTuning Wiki Laion-T2I Laion-12I

DiskANN |10.27 10.76 15.81 1.65 16.71
PipeANN | 16.77 1320 2232 2.13 25.44
Starling | 14.88 14.76 18.56 1.41 18.99
DistVS |23.66  27.83  29.15 4.70 37.40
Comparison | 1.41x 1.89x 1.31x  2.21x 1.47x

pared to DiskANN but still exceeds DistVS. Because DistVS
uses the PRESS algorithm with pruned re-ranking, it requires
fewer exact vector reads, resulting in much lower disk IO.

For latency, DistVS incurs additional overhead from net-
work transfers and cross-machine scheduling inherent to dis-
tributed search. Despite these costs, its end-to-end latency
remains comparable to Starling and PipeANN, with similar
averages in most cases.

Cost-performance analysis. Table 5 estimates the queries
per dollar (QP$) of DistVS with the baselines using Google
Cloud H4D pricing [11]. Based on costs of $26.337 per CPU
core per month, $0.939 per GB of memory per month, and
$0.113 per GB of local SSD per month, we calculated QP$
for each server configuration (8 CPU cores, with memory
and disk usage from Tables 4 and 2, and throughput from
Table 3). We compute QP$ as QPS divided by per-second
cost, converting monthly resource costs to per-second rates.
DistVS consistently outperforms all baselines, improving QP$
by 1.31x to 2.21x over the best baseline, demonstrating more
efficient resource utilization and greater cost savings.

Comparing with distributed Milvus. We compare DistVS
with the sharding-based distributed ANNS system Milvus
on the 100M Deep dataset, evaluating only this dataset due
to Milvus’s substantial storage requirements (about 750GB
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Figure 10: Disk IOs pre re- Figure 11: Comparing DistVS
quest for Figure 9. with distributed Milvus.

for 100M 96-dimensional vectors *). DistVS achieves sig-
nificantly higher throughput (e.g., 5.84x at 95% recall) be-
cause Milvus’s fixed-size sharding fragments large datasets
into small shards (i.e., 2GB), forcing each query to probe
numerous shards and perform redundant computations. As
the dataset size grows, more shards are introduced, leading to
larger computational redundancy and lower throughput.

5.3 Micro Experiments

In this part, we evaluate the designs of DistVS. We use the
Laion-T2I dataset by default, and remark that the observations
are similar under other configurations.

Three-tier storage layout. To understand the design choice
of DistVS, we create two DistVS variants on the same com-
pute—memory architecture: (i) DistVS-L (Low-only), which
keeps low-precision vectors on compute servers and follows
the original search procedure (Algorithm 1) while fetching the
graph from the memory server each iteration. (ii) DistVS-H
(High-only), which also follows the original algorithm us-
ing high-precision vectors, storing a subset of high-precision
codes locally on the compute server and placing the remain-
der on the memory server. The nodes are selected to be stored
on the compute server by their popularity. During search iter-
ation, the graph data alongside the missing quantized vectors
are fetched from the memory server. All variants use the same
memory budget as DistVS.

We compare throughput, latency, and per-request RDMA
IO volume in Figure 12. DistVS-L performs poorly because
ranking using low-precision codes is inaccurate, thus more
node needs to be visited and computed to reach a high recall.
DistVS-H also trails DistVS since each iteration transfers both
graph data and high-precision codes from the memory server,
yielding roughly an order-of-magnitude higher RDMA 10
volume per request. In contrast, DistVS transfers only node
IDs (dimension-agnostic), keeping network overhead low and
delivering the best throughput and competitive latency.

Scalability. In Figure 13(a), we vary the number of compute
servers while keeping one memory server, with all servers us-
ing 8 threads. As the worker count increases, system through-
put scales nearly linearly while query latency increases only
slightly. This indicates good scalability because the network
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Figure 13: Scalability experiment test on Laion-T21 dataset
under the target recall. Left: changing the number of compute
servers, each with 8 threads. right: changing the coroutine
level, with fixed workers and each with 8 threads.

transfers only node IDs and does not become a bottleneck.
The memory server’s execution is lightweight, so its limited
computational resources are not a constraint either, with most
computation still occurring on the compute servers.

Iteration-based asynchronous execution. In Figure 13(b),
we show experiments with a fixed number of workers and
threads while varying the ratio of coroutines to threads.
DistVS adopts asynchronous execution to overlap waiting
time with execution. By increasing the coroutine-to-thread
ratio, more execution can be overlapped; however, this may
increase waiting latency. Figure 13(b) shows that without
overlapping (i.e., coroutine=1), the system achieves the low-
est latency; with each thread holding two coroutines (corou-
tine=2), it achieves high throughput but increased latency. The
latency continues to increase with more coroutines, but the
throughput does not continue to improve. This is because the
system has already overlapped the waiting time and the CPU
is at full load. We therefore use coroutine=2 as our setting, as
it achieves good throughput with low latency overhead.

Changing beam widths. Figure 14 reports DistVS’s through-
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average RDMA round-trips per request.

put and RDMA round-trips under different beam widths. In
particular, beam width controls the number of candidate nodes
checked in each iteration. Larger beam widths cut the iteration
count and thus reduce RDMA round-trips and transfer over-
head. However, overly large beam widths dilute the guidance
of PRESS, lowering the selectivity of high-precision checks
and hurting accuracy, which increases computation to reach
the same high recall. Figure 14 shows the result when chang-
ing the beam widths from 1 to 16 on Laion-T2I. We found that
the RDMA round-trips decrease monotonically with beam
width. For throughput at 90% recall, DistVS reach peaks at
beam width 8; smaller widths suffer excess network overhead,
whereas larger widths degrade accuracy and raise compute.

6 Related Work

Systems for vector search. There are two main types of in-
dexes for vector search, i.e., IVF that clusters similar vectors
into buckets [7,10,36,46,64,66] and proximity graph that con-
nects similar vectors to form a graph [9, 14,29,39-41, 62,69,
71,82,87]. Since proximity graph requires fewer distance com-
putations to reach the same recall, most systems use proximity
graph as the index. Many systems accelerate vector search
on CPU. For instance, iQAN [45] and AverSearch [37] paral-
lelize the processing of each query over multiple CPU threads
for low latency. SymphonyQG [18] attaches the compressed
vectors of its neighbors after a vector to reduce the cache
misses during proximity graph traversal. ADSampling [15]
and Tribase [75] reduce complexity by pruning unpromising
candidates from exact distance computation. Several systems
utilize accelerators like GPUs [19, 20,42, 64, 66,79] and FP-
GAs [58,80,81]. Developed by NVIDIA, CAGRA [42] im-
plements efficient GPU kernels for building and searching
proximity graph. Song [86] observes that data structure man-
agement is a major overhead for GPU and proposes to trim
the visited node list to reduce such overhead. However, these
systems cannot handle large datasets that do not fit in CPU or
GPU memory.

Disk-based and distributed systems are proposed to process
large vector datasets. As we have introduced, Disk ANN [61],
Starling [70], and PipeANN [21], and Gorgeous [77] are the
state-of-the-art for disk-based systems. Some disk-based con-
sider the case with very limited or even no memory, e.g.,

LM-DiskANN [44], SPANN [10], and AiSAQ [63], but their
performance is also much worse than DiskANN-style sys-
tems. Vector databases [26,35,60,67,72] usually partition the
dataset over the servers to conduct distributed vector search
such that each shard fits in the memory of a server. However,
as we have shown for Milvus in the experiments, partition-
ing harms the pruning power of vector index and thus query
performance. Compared with these systems, our DistVS is
the first to utilize the compute-memory disaggregation ar-
chitecture for vector search. The low-precision vectors on
the compute servers effectively prune compute-memory com-
munication, while the high-precision vectors and proximity
graph index on the memory server are shared among multiple
compute servers and can reduce disk accesses.

Compute-memory disaggregation. The deployment of
high-bandwidth and low-latency interconnects (e.g., RDMA,
CXL [3]) enables compute—memory disaggregation, allow-
ing systems to scale memory and compute resources inde-
pendently. Many workloads like graph processing [54, 85],
databases [32, 49, 76], and machine learning training [52,
68] adopt compute-memory disaggregation to reduce local
DRAM footprint, improve resource utilization, and enhance
elasticity. DistVS applies compute—memory disaggregation
for vector search, following the general principles of making
most data accesses local on the compute servers and reducing
compute-memory communication. The insight is that vec-
tor search allows pruning with approximate distances, and
thus DistVS stores the low-precision, high-precision, and full-
precision vectors on compute, memory, and storage servers,
respectively. The storage capacity and IO cost progressively
increase along this compute-to-storage hierarchy while the
access frequency reduces thanks to pruning.

7 Conclusions

In this paper, we propose DistVS, an efficient large-scale vec-
tor search system that tackles the high memory and IO costs
by leveraging a compute-memory disaggregation architecture.
Its novel three-tier storage layout and PRESS algorithm effi-
ciently utilize the storage hierarchy, keeping most operations
local. This design, combined with key system optimizations,
enables DistVS to consistently outperform state-of-the-art
systems in throughput while reducing the memory footprint.
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Appendix
A Discussions of DistVS

Handling updates to the dataset. For many applications,
the vector dataset will receive vector insertions and dele-
tions. DistVS can easily supports online updates by adapting
FreshDiskANN [55], a method to update disk-resident graph
index for vector search. Since DistVS stores the index graph
in the memory of the memory server, edits can be applied
directly in memory without heavy disk 10s. Specifically, for
both vector insertions and deletions, the memory node can
execute a staged pipeline: (i) updating the in-memory graph
structure; (ii) refreshing the associated high-precision quan-
tized vectors; (iii) signaling the storage nodes to update the
exact vectors on disk; and (iv) notifying compute nodes to
refresh their low-precision quantized vectors. DistVS is also
compatible with other updatable graph index implementa-
tions [74, 78], since they rely on vector search as the main
routine (supported by DistVS) and the memory-resident graph
of DistVS is easy to update.

The generality of DistVS. By default, DistVS utilizes Va-
manna [61] as the proximity graph index and PQ [30] as
the vector quantization method. We are aware that proximity
graph has many variants, and some vector quantization meth-
ods yield better accuracy than the widely used PQ. Changing
the proximity graph and vector quantization method is easy
for DistVS and does not require to modify its system designs.

Failure handling. In the event of a memory server failure,
compute nodes will lose their in-progress computations. How-
ever, the impact is limited: each compute node maintains a
bounded number of concurrent requests (threads x corou-
tines), and individual request execution times are short (sev-
eral milliseconds). Consequently, the recomputation overhead
upon memory server recovery is lightweight, and the system
can quickly resume and start the service. The memory server
can also be implemented using existing industry-grade mem-
ory services, such as Huawei Cloud’s Elastic Memory Service
(EMS) [12], which provide built-in mechanisms for failure
detection and recovery.

B Additional Experiments

Comparing with in-memory Vamana. In Figure 15, we
compare DistVS with the in-memory version of DiskANN
on Laion-T2I. For fair comparison, in-memory Vamana uses
40 threads °, while DistVS uses 8 threads per server on five
servers. The in-memory Vamana stores all data in DRAM and
requires 251.2 GB, which is 2.5x the cluster-wide memory
footprint of DistVS. At 90% recall, DistVS is 17% lower in

50n a single server with 192 GB/s memory bandwidth; bandwidth is not
the bottleneck for the graph index.
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Figure 15: Comparing DistVS with in-memory Vamana.
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Figure 16: Changing the number of K on Laion-T2I.
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Figure 17: Changing the memory ratio for DistVS, compar-
ing throughput (normalized by non-partial throughput) and
RDMA 10 volume per-request.
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throughput, and this is because some threads are allocated to
re-ranking and communication rather than query processing.
This demonstrates DistVS’s high CPU utilization and strong
performance with limited memory. DistVS also shows longer
latency due to disk access and network transfer overhead.

Varying k values. Figure 16 shows performance when vary-
ing K rather than using a fixed k=10. DistVS consistently
outperforms the baselines across different k values. As k
increases, all systems show degraded performance because
more distance calculations are required to achieve the same
accuracy, and more disk accesses are needed. DistVS shown
larger improvement on smaller k, as less disk accesses are
required for re-ranking.

Low memory scenarios. Existing disk-based ANNS systems
store the compressed vectors (e.g., PQ codes) in the mem-
ory of each server, and this imposes a nontrivial memory
requirement (e.g., 6—7% of the dataset size to store PQ data
with a compression factor of 16). Significant performance
degradations are observed when the memory falls below this
level since the compressed vectors become inaccurate. As
shown in Figure 3, for DiskANN on Laion-T2I, reducing the
memory from 12.5% of dataset size to 6.5% degrades query
throughput from around 580 to 200 (i.e., a 65% performance
drop), and further reducing the memory usage to 5% decreases
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query throughput to around 50 (a 91% performance drop).
In comparison, the performance degradations for DistVS are
significantly smaller when the compute servers have low mem-
ory because the high-precision vectors on the memory server
can compensate the accuracy of the low-precision vectors on
the compute servers. As reported in Figure 17, reducing the
memory of compute servers from 12.5% of dataset size to
6.5% incurs only a 23% throughput drop, and DistVS can still
sustain approximately 52% of its original throughput under
an extremely constrained memory setting (less than 0.5% of
dataset size).
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