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Graph-based approximate nearest neighbor search (ANNS) delivers state-of-the-art accuracy–latency tradeoffs,

yet index construction remains the bottleneck: fusing dense distance evaluation with irregular traversal and

pruning collapses GPU throughput, and limited device memory forces costly data movement at scale.

To address these problems, in this paper, we present CMANNS, a GPU-accelerated graph index construction

framework that preserves the algorithmic rules of target graph (e.g., NSG and HNSW) and its query procedure.

The core idea is compute–memory (CM) disaggregation: distance evaluation is reformulated as high–arithmetic-

intensity GEMMs on Tensor Core accelerators with fused epilogues, while memory-intensive phases employ

hot-set–aware on-chip locality (e.g., shared-memory staging, warp-cooperative gathers and scatters) to

maximize effective bandwidth. To scale beyond the HBM capacity, we stream device-sized shards through a

double-buffered pipeline and write back only compact adjacency. Data transfers and kernel execution overlap,

so each shard completes in roughly the time of the slower step, keeping the GPU highly utilized even with

irregular access. Across seven benchmarks, CMANNS reduces end-to-end index build time by up to 13.05×
(vs. FAISS) and 2.20× (vs. FLASH), increases the cache hit rate by up to 58.7%, and preserves vector query

latency and recall.

CCS Concepts: • Information systems→ Nearest-neighbor search; • Computing methodologies→
Parallel algorithms.
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1 Introduction
Approximate nearest neighbor search (ANNS) retrieves the 𝑘 most similar vectors to a query

under a chosen measure (e.g., Euclidean, cosine, or inner product) and underpins web search [57],

recommender systems [6, 20, 37, 58], RAG [25, 30, 40], and large-scale data mining [42]. To avoid

the 𝑂 (𝑁𝑑) cost of brute-force scanning, systems build indexes that prune the search space while

preserving high recall. Among the major index families, quantization (e.g., IVF and IVF-PQ) [23],

tree and space-partitioning [3, 50], and graph-based methods [1, 4, 11, 24, 28, 33–35, 39, 45, 54] have

emerged as leaders on the recall–latency Pareto frontier in high dimensions [2]. They build a sparse

proximity graph over the dataset and answered queries through greedy (or beam) navigation, often

with sublinear work in 𝑁 thanks to the locality in the graph.

Among graph index families, two designs dominate practice for their fast queries and strong recall:

NSG (Navigating Spreading-out Graph) [11] and HNSW (Hierarchical NSW) [34]. NSG builds a

single-layer, degree-bounded proximity graph that approximates a monotone relative-neighborhood

structure. It combines (i) a navigational node-selection rule, (ii) diversification/pruning to enforce

bounded out-degree (compact memory, predictable traversal), and (iii) carefully placed long-range

“shortcut” edges connecting distant regions, which yield a sparse yet highly navigable index with

near–logarithmic search behavior in practice, well-suited for latency-sensitive deployments. HNSW

augments NSW with multiple layers: the sparse upper layers enable long-range routing, while the

dense base layer refines locally. Queries start at the top, descend greedily through the hierarchy, and

finish with a best-first search at the bottom. This organization reduces the number of visited nodes

and, critically, supports incremental construction, which is a key operational advantage. HNSW’s

robustness across datasets and straightforward tuning have made it a widely-used index [31].

Despite their excellent query performance [22, 29, 46], popular graph indexes such as NSG and

HNSW exhibit long construction times on CPUs [46], particularly at large-scales. In production,

embeddings drift as models evolve and content changes; many systems, therefore, refresh indices

to meet tight service-level objectives (SLOs), ranging from hourly to daily. CPU-only builders

make refresh cycles costly: on a 200M-vector dataset, CPU-only NSG rebuilds exceed ten hours,
monopolize many-core servers, and often force dual-serving—keeping one index online while

another rebuilds—which inflates the hardware footprint and reduces query throughput due to

contention [22].

Modern GPUs provide an attractive substrate for accelerating ANNS construction [18, 28, 38,

53, 55, 59, 60]. Three synergistic properties are particularly relevant: (1) Massive SIMT parallelism:

tens of thousands of lightweight threads scheduled in warps will hide latency via rapid context

switching, turning bulk regular work (e.g., batched distance evaluation) into high-throughput

kernels [12]; (2) Matrix–multiply accelerators: Tensor Core–class units [5, 10, 48, 49] execute mixed-

precision GEMMs (FP16/BF16 inputs with FP32 accumulation), delivering order-of-magnitude

higher peak arithmetic throughput than scalar CUDA cores once distances are cast as matrix

products; and (3) High on-device bandwidth: GPU HBM provides substantially greater bandwidth

than CPU DRAM [27], and on-chip SRAM (e.g., shared memory) is even higher; when accesses are

coalesced and locality is exploited, this bandwidth sustains compute. On our platform (Table 1), HBM

bandwidth is roughly 8× CPU DDR4, while on-chip SRAM (shared memory) offers an additional
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Table 1. CPU vs. GPU: Key performance metrics.

Performance Metric GPU
(NVIDIA A100)

CPU
(Xeon Gold 6426Y)

FP32 TFLOPS

(CUDA Cores)

19.5 2.56

FP16/BF16 TFLOPS

(Tensor Cores)

312 N/A

Memory Bandwidth

∼1,600 GB/s
(HBM2)

∼200 GB/s
(8 channels DDR4)

SRAM Bandwidth

∼19 TB/s
(Shared Memory)

∼ 0.5 TB/s

(L2 Cache)

> 10× over HBM. Harnessed together via hardware-conscious algorithm design, these features can

reduce build times from hours to minutes while preserving recall.

However, when directly implementing traditional graph indices such as NSG and HNSW on a

GPU platform, simply “moving code to the GPU” is ineffective. Graph construction interleaves

irregular, pointer-chasing phases (expansion, ordering, and pruning) with dense floating-point

distance evaluation. This mixed workload collapses under SIMT execution due to warp divergence

and de-coalescedmemory traffic. In addition, GPU high-bandwidthmemory (HBM) is more capacity-

limited than CPU DRAM, so large-scale datasets (often exceeding GPU memory size) must be

streamed from CPU DRAM; without careful orchestration, CPU–GPU data transfer I/O dominates

wall-clock time. Furthermore, advancedmethods optimized for CPUs, such as FLASH [46], accelerate

construction by trading arithmetic operations for memory lookups to maximize AVX512 utilization.

Such designs are architecturally incompatible with GPUs. Porting approaches relying on Look-

Up Tables to SIMT architectures induces severe warp divergence, effectively underutilizing the

greatest strength of the GPU: its massive arithmetic throughput (e.g., Tensor Cores). These obstacles

motivate a hardware-conscious redesign of the construction pipeline.

When considering recent GPU-based graph index construction methods, they span a spectrum

from structure-changing designs to structure-preserving builders. CAGRA [38] pursues a search-

centric, GPU-friendly graph by fixing the out-degree and refining connectivity from an initial 𝑘NN

scaffold through heuristic pruning and augmentation—prioritizing regular work patterns and high

throughput on accelerators while deviating from classic NSG or HNSW invariants. GGNN [18]

restructures graph construction and search for SIMT efficiency (e.g., batching expansions, GPU-

cooperative updates), emphasizing parallel regularity over adherence to a specific legacy index.

GANNS [55] adopts a divide-and-conquer approach (parallel local subgraphs followed by controlled
merging) tailored for GPUs.

However, these GPU-based design choices limit their efficiency and generality. First, many

approaches modify the index structure to expose uniform parallelism (e.g., fixed out-degree, flat

layouts, bespoke merging rules). While GPU-friendly, these modifications decouple the builder from

the established graph index, making them non–drop-in and often introducing quality or parameter

trade-offs tied to the bespoke structure. Second, kernels frequently fuse traversal and pruning

(irregular, latency-bound) with distance evaluation (dense, compute-bound), which induces warp

divergence and de-coalesced accesses on SIMT hardware; few systems disaggregate compute vs.

memory phases or map distance to high–arithmetic-intensity GEMMs, leaving Tensor Core–class

accelerators underutilized. Third, many designs assume in-core execution; i.e., datasets must reside

entirely in HBM with minimal buffering, leading transfers and kernels to run largely serialized. At
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∼100GB scale, host–device PCIe I/O becomes a major stall source without an explicit out-of-core

pipeline, e.g., the serialized baseline spends 17% of wall-clock time on data transfers.

Taken together, naïve GPU ports and prior GPU-based methods suffer from (i) tight coupling to

bespoke graph structures, (ii) fused compute–memory kernels that collapse under SIMT, and (iii)

inadequate out-of-core I/O orchestration. These shortcomings leave substantial performance on

the table and limit applicability to standard high-quality graph indexes.

Contributions. We observe that GPU-accelerated graph index construction is essential for index

freshness at scale and show that it is practically feasible with the right abstractions: disaggre-

gating compute- and memory-intensive work, mapping each to stage-specific kernels (Tensor

Core–accelerated distance computation; hot-set–aware locality for irregular phases), and efficiently

executing out-of-core with double-buffered host–device streaming. Concretely, the paper makes

the following contributions:

• CM-Disaggregated Framework for Graph Index Construction.We propose the first Com-
pute–Memory (CM) disaggregated framework for graph index construction, which decomposes the

builder into several stages and implements a persistent, multi-stage GPU kernel that dynamically

reconfigures the on-chip memory across these stages. This avoids cross-stage interference that

collapses SIMT throughput, preserves graph quality, and exposes predictable parallelism.

• Tensor Core–Accelerated Distance Computation.We reformulate vector–vector distances

as high–arithmetic-intensity GEMMs (𝑄𝐶⊤) with fused epilogues (bias addition, in-kernel top-

𝑘), executed on matrix-multiply accelerators (Tensor Core) with FP16/BF16 inputs and FP32

accumulation. We also use Micro-GEMMs to accelerate distance checking during pruning, further

enhancing performance.

• Hot-Set–Aware Dynamic Locality for Irregular Stages. For each memory-bound phase, we

semantically identify the small hot working set (e.g., visited IDs, candidate arrays, reverse-edge

staging) and place it in user-managed on-chip storage (shared memory). The on-chip layout

is reconfigured at stage boundaries and accessed warp-cooperatively to preserve coalescing,

maximize effective bandwidth, and reduce global-memory traffic and long-latency stalls.

• Out-of-GPU-Memory Streaming Pipeline. For datasets larger than device memory, we split

the corpus into device-fit shards and run a double-buffered pipeline with separate I/O and

compute streams. While kernels build the graph for shard 𝐷𝑖 , the next shard 𝐷𝑖+1 is prefetched
and the compact CSR output from 𝐷𝑖 is drained. This overlap drives per-shard latency down to

the slower of transfer or compute, cuts out-of-core overhead, and sustains high GPU utilization.

• Extensive Evaluation. Across seven benchmarks, including a 95GB dataset, CMANNS reduces

end-to-end build time by up to 13.05× (vs. FAISS) and 2.20× (vs. FLASH) at matched recall, raises

the cache hit rate by up to 58.7%, maintains peak construction memory within a few percent of

CPU baselines, and preserves search quality (recall and P95 latency).

2 Background
2.1 Graph-based Index for ANNS
The approximate nearest neighbor search (ANNS) problem asks for the 𝑘 closest vectors to a query

under a chosen distance or similarity (e.g., Euclidean, cosine, inner product). To avoid brute-force

scanning, systems build indexes that guide the search over large vector collections and deliver high

recall at low latency.

Graph-based Indexes. Graph-based methods [33, 34] offer SOTA accuracy–latency tradeoffs in

high dimensions. They construct a sparse, navigable graph whose vertices are data points and

whose edges connect promising neighbors; queries then perform greedy (or beam) search from an

entry point to high-quality neighborhoods.
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HNSW. Hierarchical Navigable Small World (HNSW) extends NSW with multiple layers: upper

layers contain progressively fewer representative nodes, enabling long-range routing; the search

descends to denser layers for refinement. This skiplist-like hierarchy reduces visited nodes and yields

near logarithmic scaling. HNSW has seen broad deployment in production retrieval systems [13].

NSG. Navigating Spreading-out Graph (NSG) approximates a monotone relative neighborhood

structure while enforcing explicit out-degree bounds and a navigational pruning rule. The result is

a sparse yet highly navigable graph that achieves high recall and competitive query times with

substantially fewer edges than MRNG [11]. However, NSG construction remains costly: expansion,

ordering, and diversified pruning are irregular and challenging to parallelize efficiently on GPUs.

Vamana and Vanilla NSW. As the core index of DiskANN, Vamana [22] generates a directed

graph approximating the Relative Neighborhood Graph (RNG). It employs robust pruning (parameter

𝛼 ≥ 1) to preserve long-range edges for faster greedy routing while maintaining bounded degree.

However, constructing Vamana is expensive due to multiple passes of iterative refinement, each

expanding a large search list to identify pruning candidates under aggressive geometric criteria,

incurring high computational overhead and random memory access. Vanilla NSW [33] serves

as the fundamental building block of the widely used HNSW index (the bottom layer). Without

hierarchical skip-pointers, insertion suffers from longer paths and frequent local minima, causing

substantial latency from distance computations and irregular memory accesses.

Many graph indexes (including NSG) start from an approximate 𝑘NN graph built by NN-
Descent [8], which iteratively improves neighborhoods via the “neighbor-of-a-neighbor” heuristic.

In our pipeline, we also employ NN-Descent to obtain the initial 𝑘NN graph that seeds subsequent

refinement.

Overall, graph-based ANNS offer excellent query performance, but the index construction phase

remains the scalability bottleneck, motivating the design choices developed in this paper.

2.2 GPU Architecture
Processing Units and Thread Hierarchy.Modern NVIDIA GPUs expose massive lightweight

parallelism under the SIMT (Single Instruction, Multiple Threads) model. Threads are grouped

into warps (typically 32) that execute in lockstep on a streaming multiprocessor (SM), and warps

are scheduled from cooperative thread arrays (CTAs, or blocks) launched as a grid. Each SM issues

instructions for ready warps to hide long-latency operations (e.g., memory accesses) via rapid

context switching. Intra-warp exchange uses shuffle operations, while block-level collaboration uses

shared memory and __syncthreads(). Divergence within a warp reduces effective parallelism, so

branch-uniform kernels are preferred.

Memory Hierarchy. A modern GPU (e.g., NVIDIA A100) provides a layered memory system: (i)

global memory with up to 40GB HBM2; (ii) a chip-wide 40MB L2 cache; (iii) per-SM 192 KB on-chip

memory configurable as L1 and software-managed shared memory; and (iv) per-thread register files.
Staging reused data (e.g., neighbor slices) in shared memory reduces global memory traffic.

Tensor Core Matrix–Multiply Accelerators.Modern NVIDIA GPUs incorporate Tensor Cores,
specialized units that execute small-tile matrix multiply–accumulate (MMA) operations. Exposed via

WMMA intrinsics and CUTLASS, they support mixed-precision modes (e.g., FP16/BF16/TF32 with

FP32 accumulation), delivering higher throughput than CUDA Cores for GEMM-class workloads.

3 Motivation and Challenges
Motivation. In production, the construction cost of graph indexes is widely recognized as a pri-

mary barrier to large-scale graph-based ANNS adoption [22, 46], especially because many systems

refresh accuracy by periodically rebuilding the index from scratch. For example, AnalyticDB-V [51]

maintains two index versions in tandem: one serves online traffic while the other is rebuilt in the
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Fig. 1. Motivation Experiments: (a) NSG construction time: CPU version vs. naïve GPU port (lower is better)
vs. Ours GPU-optimized version; (b) End-to-end time breakdown for a single NSG build subtask, separating
computation and I/O.

background; upon completion, the system switches over. But this incurs substantial compute/mem-

ory overhead and can contend with online traffic. At scale, the cost becomes prohibitive: building a

high-quality HNSW index on 200M vectors can take over ten hours on a traditional server, which

is unacceptable for latency-sensitive applications (e.g., recommendation and real-time search).

Opportunity. These observations expose a gap between the excellent query performance of

graph-based ANNS and the inefficiency of index construction. Bridging it requires exploiting GPU

parallelism and bandwidth. By tailoring construction algorithms to GPU execution (warp-uniform

control flow, coalesced access, shared-memory tiling) and system support (batching, overlapped

I/O, out-of-core staging), build times can be reduced from hours to minutes, enabling frequent

refresh for real-time, large-scale deployments.

In the remainder of this section, we characterize graph index construction on GPUs and distill

the execution patterns that surface the core challenges addressed by our work.

3.1 Characteristics of Graph Index Construction
To understand where time and bandwidth are spent during graph index construction, we profile
a standard build decomposed into five stages. The results reveal a sharp dichotomy between

memory-intensive and compute-intensive behavior, explaining why monolithic (non-disaggregated)

implementations underutilize GPUs.

• Stage 1: GraphTraversal (Candidate Expansion) (Memory-Intensive). Starting from current

neighbors, the builder explores adjacency lists to discover new candidates (pointer chasing).

Accesses are highly irregular and defeat caches: L2 hit rate is 8.7%, with long scoreboard accounting
for 78% of warp stalls, indicating a bandwidth/latency-limited stage.

• Stage 2: Batched Distance Computation (Compute-Intensive).Distances from a source point

to its expanded candidates are evaluated densely. This stage exhibits high arithmetic intensity

and maps well to matrix units. Profiling shows that SM FP32 throughput reaches 84.8% of peak

and the kernel is compute bound.

• Stage 3: Candidate Ordering (Memory-Intensive). Candidates are ranked by distance via

parallel sort/selection. The work is dominated by data movement rather than arithmetic: SM

FP32 utilization is below 5%, indicating a memory-centric bottleneck.
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• Stage 4: Diversified Pruning (Compute-Intensive). The sorted list is scanned to retain a

degree-bounded, diverse neighborhood (e.g., NSG rules). We measure average SM utilization of

62.2%, so S4 behaves as compute bound.

• Stage 5: Symmetrization (Reverse-Edge Insertion) (Memory-Intensive). For each retained

edge 𝑢→𝑣 , we materialize the reverse edge 𝑣→𝑢 to ensure navigability. This stage is dominated

by append-style adjacency writes, so global-store bandwidth is the primary limiter (low SM FP

utilization) and stalls are mainly memory throttling or long-scoreboard. Shared-memory staging

with warp-aggregated atomics improves coalescing and reduces contention, but the stage remains

fundamentally memory-bound.

Overall, S1/S3/S5 are constrained by irregular access and bandwidth, whereas S2/S4 are compute-

intensive. This heterogeneity explains the poor efficiency of fused kernels and motivates our

CM-disaggregated design (Section 4), which applies stage-specific kernels and optimizations to

match hardware strengths.

3.2 Challenges
Given the characteristics in Section 3.1, directly porting CPU builders to GPUs is ineffective:

irregular pointer chasing and branch-heavy control flow misalign with SIMT hardware, causing

warp divergence and de-coalesced accesses. We highlight two challenges: (1) mixed compute–
memory workload collapse, and (2) I/O and capacity bottlenecks in out-of-core execution.

Challenge I: Performance Collapse fromMixedWorkloads and Inefficient Memory Access.
Graph construction forces GPUs to interleave compute- and memory-intensive phases within

a monolithic control flow: distance evaluation is tightly coupled with candidate expansion and

pruning. While CPUs can tolerate this fusion, it conflicts with SIMT execution. In CPU code,

a thread fetches a candidate ID and immediately computes its distance; on GPUs, this induces

scattered and divergent per-warp reads that break memory coalescing and trigger long-latency

stalls, causing threads to idle. Empirically, a direct GPU port of NSG construction on SIFT1M [23]

is 28× slower than an optimized CPU version (1121 s vs. 39.6 s). Profiling further shows the

pruning stage suffers highly random accesses, with an L2 hit rate of only 6.18% and sharply reduced

effective bandwidth. Therefore, monolithic fusion is untenable; we must separate conflicting phases
to restore warp-uniform, coalesced execution.

Challenge II: Limited GPU Memory and High I/O Overhead. HBM capacity is far smaller

than CPU DRAM, so large datasets require out-of-core construction: vectors stay in host memory

while the GPU builds the index. This inevitably incurs frequent host–device transfers; without

optimization like pipelining, interconnect traffic (e.g., PCIe) becomes a dominant stall source.

Figure 1b shows that for a representative NSG subtask on SIFT, data transfer accounts for 16.7%
(≈1/6) of end-to-end time. Thus, I/O is already a first-order cost and can overwhelm computation

at scale, making capacity- and I/O-aware scheduling indispensable.

To scale GPU construction, we must (i) disentangle compute and irregular phases with warp-

cooperative, coalesced kernels, and (ii) hide transfers via disaggregation-aware I/O orchestration

(asynchronous staging, double buffering); our framework implements both with adaptive parallelism

and compute–I/O overlap.

4 Framework Overview
Key Insight. The core observation is that compute-intensive distance evaluation and memory-
intensive graph traversal, candidate ordering, and pruning should be decoupled and executed with

stage-specific parallelism. This separation restores warp-uniform control flow, reduces irregular

memory access and cache misses, and improves load balance across the GPU.
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Algorithm 1: Graph Index Construction Workflow.

Input: Initial 𝑘NN graph 𝐺 , dataset 𝑋 ∈ R𝑛×𝑑
, expansion rounds 𝑇 , expansion parallelism 𝑠 , entry

point 𝑒𝑝

Output: Refined graph index 𝐺∗

1 Initialize 𝐺∗ with 𝐺 ;

2 foreach point 𝑝𝑖 ∈ 𝑋 in parallel do
3 Initialize hash table 𝐻𝑖 with neighbors of 𝑒𝑝 ;

4 Initialize expansion list 𝐸𝑖 for 𝑝𝑖 ;

5 for 𝑡 ← 1 to 𝑇 do
// Stage 1:Fetch neighbors of expansion points

6 𝐶𝑖 ← 𝐸𝑥𝑝𝑎𝑛𝑑 (𝑝𝑖 ,𝐺∗, 𝑠);
// Stage2:Batched computation and sorting

7 Compute distances {𝑑 (𝑝𝑖 , 𝑐) | 𝑐 ∈ 𝐶𝑖 } using warp-granularity kernels;

// Stage3:Parallel sorting

8 Sort 𝐶𝑖 by distance using parallel sorting algorithms (BitonicSort & RadixSort);

9 end
// Stage4:Parallel pruning

10 𝑅𝑖 ← 𝑃𝑟𝑢𝑛𝑒 (𝑝𝑖 ,𝐶𝑖 , 𝑋 );
11 Update neighbors of 𝑝𝑖 in 𝐺

∗
with 𝑅𝑖 ;

12 end
13 foreach point 𝑝𝑖 ∈ 𝑋 in parallel do

// Stage5:optimize connectivity

14 add 𝑝𝑖 to each of its neighbor 𝑝𝑛 𝑗 if 𝑝𝑛 𝑗 ’s neighbors is not full;

15 end
16 return 𝐺∗;

Design Principles. Guided by this insight, our approach rests on two ideas: (1) Compute–Memory
(CM) disaggregated adaptive parallelism: tailoring kernels and work granularity to the nature of each

stage, including graph traversal, distance computation, candidate sorting, pruning, and symmetry.

In that case, the GPU’s arithmetic and memory subsystems are utilized efficiently, without cross-

stage interference; (2) Pipeline orchestration: overlap stage execution and explicitly hide host–device
I/O under out-of-core operation when device memory is constrained, using asynchronous staging

and double-buffering.

Building on these principles, we present CMANNS, a GPU optimized graph index construction

framework that scales to large-scale vector datasets via a highly parallel, out-of-core pipeline with

a novel CM-disaggregated execution.

Workflow. CMANNS transforms graph index construction into a CM-disaggregated, multi-stage

pipeline that is highly parallel and out-of-core. Figure 2 illustrates the dataflow: the host (left)
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Fig. 3. Vector-to-Matrix reformulation for high-throughput distance calculation.

partitions the corpus into balanced shards, stages them in pinned memory, and manages double-

buffered transfers—prefetching shard 𝐷𝑖+1 while the GPU processes 𝐷𝑖 . The GPU (right) runs

a persistent kernel executing stages S1–S5, with hot data staged in shared memory to mitigate

irregular accesses. After S5, only compact outputs (CSR adjacency slices) are returned to the host

for stitching. The end-to-end process comprises three parts:

(1) Partitioning and Streaming. The corpus is split into device-fit shards𝐷1, . . . , 𝐷𝑛 via clustering

(e.g., Faiss-IVF [26] or 𝑘-means) and a double-buffered pipeline overlaps data transfers with GPU

computation (Section 5.3).

(2) Sub-Index Construction (𝐷𝑖 → 𝐺𝑖 ). Each shard 𝐷𝑖 is refined to achieve 𝐺𝑖 through itera-

tive stages S1–S5: neighbor expansion, distance computation, candidate ordering, pruning, and

symmetrization (Algorithm 1).

(3) Global Stitching. Sub-indices are merged via a meta-graph𝐺meta built from boundary points

using the same pruning rules, ensuring a unified, navigable index.

5 CMANNS’s System Design
Optimization Overview. With CM disaggregation in place, we employ three complementary

families of optimizations: (i) Tensor Core-accelerated distance computation for compute-intensive
tasks. CMANNS lifts distance evaluation and inner-product calculations to high-intensity GEMMs

on matrix-multiply accelerators (Tensor Cores) with fused epilogs (bias addition, in-kernel top-𝑘),

approaching peak arithmetic throughput; (ii) Hot-set aware dynamic locality for memory-intensive
tasks. CMANNS maximizes effective bandwidth via structure-of-arrays layouts, degree-bucketed

adjacency, warp-cooperative or coalesced accesses, and cache-friendly compaction to increase

L1/L2 residency and reduce cache thrashing; and (iii) Out-of-GPU-memory streaming pipeline
under device-memory constraints. We reduce and hide host–device I/O using asynchronous staging,

double buffering, stream concurrency, and compact adjacency deltas. Together, these techniques

accelerate computation, saturate memory bandwidth, and minimize the I/O overhead under tight

device-memory budgets.

5.1 Tensor Core-Accelerated Computation
Under CM-disaggregated execution (Section 4), compute-heavy work is isolated into two hotspots:

Stage 2 (batched distance computation) and Stage 4 (distance computation and checking within

pruning). Our objective is to maximize arithmetic throughput in these stages while preserving

accuracy. We achieve this via (i) algebraic reformulation of vector distances into high–arithmetic-

intensity matrix multiplications, (ii) aggressive tiling to increase data reuse, (iii) mixed-precision

execution with error-bounded refinement, and (iv) micro-batched matrix products within pruning.
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Algebraic Reformulation to GEMM. Let 𝑄 ∈ R𝑏×𝑑
be a batch of query vectors and 𝐶 ∈ R𝑚×𝑑

a

candidate block. For the squared Euclidean distance,

∥q𝑖 − c𝑗 ∥22 = ∥q𝑖 ∥22 + ∥c𝑗 ∥22 − 2 q𝑖c⊤𝑗 .
Define 𝑛𝑄 ∈ R𝑏

with [𝑛𝑄 ]𝑖 = ∥q𝑖 ∥22 and 𝑛𝐶 ∈ R𝑚
with [𝑛𝐶 ] 𝑗 = ∥c𝑗 ∥22. Then, the distance matrix

satisfies

𝐷 = 1𝑛⊤𝐶 + 𝑛𝑄 1⊤ − 2𝑄𝐶⊤,

i.e., a rank-1 row bias, a rank-1 column bias, and a single GEMM, as shown in figure 3. For cosine

similarity, we normalize the rows of 𝑄 and𝐶 , and use 𝐷cos = 2 − 2𝑄𝐶⊤. This conversion lifts Stage

2 from vector–vector kernels to high-intensity matrix multiplication, where GPUs reach near-peak

throughput.

Matrix-Multiply Accelerators and Fused Epilogues. We dispatch 𝑄𝐶⊤ via Tensor-Core matrix-

multiply accelerators using mixed precision (FP16/BF16 inputs, FP32 accumulation). Two epilogue

fusions further reduce memory traffic: (i) Bias fusion: incorporate 𝛼 = −2 into the GEMM and

add 𝑛𝑄 / 𝑛𝐶 via broadcast in the epilogue so that only final distances are written; (ii) Top-𝑘 fusion:
within each output tile, maintain a warp-local selection structure (e.g., a fixed-size min-heap or

selection network) and emit only the per-row top-𝑘 candidates, limiting global writes by 𝑂 (𝑚).
Both fusions convert what would be GEMM→store→scan into a single, write-minimal kernel.

Tiling, Blocking, and Data Layout. We adopt a 3-level tiling strategy: (a) thread block tiles
sized to accelerator fragments, (b) warp tiles for register blocking, and (c) MMA fragments for
on-core pipelines. Vectors are stored in a structure-of-arrays (SoA) layout with 128-bit alignment;

tiles prefetch rows of 𝑄 and 𝐶 into shared memory and registers. This design maximizes reuse

along 𝐾 = 𝑑 and raises arithmetic intensity beyond the device roofline threshold, keeping S2

compute-bound.

Then, to preserve ranking accuracy under mixed precision, we use: (i) calibrated scaling per

dimension (or per block) to avoid overflow/underflow; (ii) FP32 accumulation in GEMM; (iii)

refinement on a small set: re-evaluate the distances of each row’s top-𝑘 ′ (𝑘 ′ ≈ 2𝑘) in FP32 vector

code. Empirically, 𝑘 ′ = 2𝑘 keeps recall unchanged while retaining > 90% of the mixed-precision

speedup. The refinement is bandwidth-light (tiny working set) and does not disturb steady-state

GEMM throughput.

Micro-GEMMs for Pruning (S4). Diversified pruning (e.g., NSG-style) requires repeated distance

checks between a candidate 𝑣 and the currently accepted neighbor set 𝑆 (𝑢). Rather than scalar

loops, we batch these checks as micro-GEMMs. Let 𝑉 ∈ R𝑡×𝑑
be a tile of candidates and 𝑁 ∈ R𝑟×𝑑

the stacked neighbors (with 𝑟 ≤ 𝑀). We compute 𝐺 = 𝑉𝑁⊤ using the same accelerator path

(mixed precision, FP32 accumulation), and apply the pruning test via vectorized epilogues with

precomputed norms. This yields two benefits as following: (i) reuse of 𝑁 ’s rows across many

candidates (higher intensity), and (ii) warp-uniform control for the comparison logic. When 𝑟 is

small, we switch to register-blocked WMMA fragments to avoid under-utilization (an auto-tuner
chooses cutovers by 𝑑, 𝑡, 𝑟 ).

After that, we launch Stage 2 (S2) and Stage 4 (S4) as persistent kernels with device-side work

queues. Then, batches for GEMMs (rows of 𝑄) and micro-GEMMs (tiles of 𝑉 ) are sized to maintain

high occupancy while respecting shared memory limits, together with warp-cooperative loading

and warp-synchronous reductions (e.g., shfl_xor) to keep control flow uniform.

Complexity and Throughput Implications. Let 𝑛 be the shard size and 𝑑 be the dimensionality.

S2’s cost becomes one GEMM of shape 𝑏 × 𝑑 by𝑚 × 𝑑 (transposed), leading to𝑂 (𝑏𝑚𝑑) MACs with

accelerator throughput. Then, the bias adds are 𝑂 (𝑏 +𝑚). As for S4, it processes 𝑡-by-𝑟 micro tiles
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with 𝑂 (𝑡𝑟𝑑) MACs but amortizes 𝑁 ’s loads across 𝑡 candidates. Note that MAC denotes Multiply-

Accumulate, computing 𝑎 ← 𝑎 + 𝑏 × 𝑐 in one cycle—the standard unit for GEMM workload and

GPU arithmetic throughput.

Putting It Together. In S2, after neighbor expansion assembles candidate pools, we compute

distances via a single large GEMM with fused bias and fused top-𝑘 epilogues, followed by FP32

refinement on a narrow set. In S4, pruning evaluates candidate–neighbor distances via micro-

GEMMs and vectorized acceptance tests with early-elision.These techniques elevate both stages

to accelerator-class throughput, converting them from bottlenecks into steady, compute-bound

kernels within the CM-disaggregated pipeline.

Remark. The above optimizations are orthogonal to memory-centric techniques (Section §5.2) and

out-of-GPU-memory orchestration (Section §5.3); together, they enable minute-scale construction

at a large-scale while matching baseline recall.

5.2 Hot-Set–Aware Dynamic Locality
Memory-intensive stages (e.g., neighbor expansion and candidate ordering) are dominated by

irregular, high-latency accesses to GPU global memory, where hardware-managed caches (L1/L2)

provide limited benefit under weak spatial and temporal locality. Under CM-disaggregated execution

(Section 4), we target these stages with a software-managed approach that reshapes access patterns

and preferentially serves the hottest data from on-chip storage.

Design Principle. We introduce Hot-Set–Aware Dynamic Locality. The core idea is to treat the

limited shared memory as a polymorphic cache. Instead of costly runtime profiling, we leverage

algorithm semantics to identify stage-specific “hot sets” (bursty, repeatedly accessed data), and

dynamically reconfigure on-chip storage so the current stage’s hot set is served from the lowest-

latency tier. Concretely, we instantiate this principle in the three memory-intensive stages of our

pipeline: S1, S3, and S5.

Stage-Local Hot Sets.We identify a small hot working set per stage and apply lightweight on-chip

handling accordingly. In S1 (Neighbor Expansion), the hot set includes the visited set and frontier
adjacency slices, which are repeatedly touched during irregular traversal and deduplication. In

S3 (Candidate Ordering), the hot set comprises the per-point candidate arrays (IDs and distances)

that undergo comparison-heavy ordering passes. In S5 (Symmetrization), the hot set becomes

write-dominated; we next detail how we handle skewed reverse-edge insertions.

S5 Write Hotspots (High-Degree Nodes). In S5, destinations that receive disproportionately
many reverse-edge insertions within a micro-batch are treated as write hotspots (commonly corre-

lated with high-degree nodes under skewed graphs). We address them via a lightweight mechanism

of identification, staging, and flushing:

• Identification: For each micro-batch, we build a shared-memory histogram over reverse-edge

destinations to estimate insertion frequency, and select the Top-𝐾 destinations as hotspots under

the on-chip budget.

• Caching: For each hotspot, we allocate a small on-chip staging buffer. We cache only the append
tail (pending updates) rather than the full adjacency list, aggregating updates locally.

• Flush: We flush staged edges using warp-aggregated atomics, reserving a contiguous segment in

the global adjacency list and converting many random, contended atomic appends into a few

coalesced HBM writes.

This keeps the hottest S5 updates on-chip as long as possible and turns contention into bulk,

bandwidth-friendly traffic.

Dynamic On-Chip Reconfiguration (Running Example).We track a single shared-memory

region across stages, repurposed without device-wide synchronization:
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• Step 1: Visited-Set Cache (S1 Expansion). Shared memory is set as a Visited Set to filter

duplicates (e.g., a bitset for compact ID ranges; a cuckoo-style table for sparse IDs), with a small

CSR-like adjacency tile buffer to stage frontier neighbor slices.

• Step 2: Candidate Scratchpad (S3 Ordering). The region is reconfigured into a Candidate
Scratchpad in Structure-of-Arrays layout (cand_id, cand_distance), serving comparison-heavy

ordering so only compacted top-𝑘 results are written back.

• Step 3: Staging Buffer (S5 Symmetrization). The region morphs into a Reverse-Edge Staging
Buffer : hotspot destinations accumulate pending reverse edges on-chip and flush via warp-

aggregated atomics as coalesced HBM writes.

Reconfiguration cost is a local, block-scoped switch; it does not introduce device-wide barriers

and thus preserves the pipeline’s barrier-free execution.

Correctness (Semantics-Preserving). Hot-set caching is an implementation strategy and does

not change algorithmic semantics:

• S1. Deduplication is idempotent; block-local filtering only changes where the checks happen

(on-chip vs. global), not the accepted neighbor set.

• S3.Ordering or selection operates on the same candidatemultiset; any ties can be deterministically

broken by ID.

• S5. Staging changes the write path (aggregate then flush) but commits the same reverse edges;

warp-aggregated atomics only coalesce reservations and stores.

Schematic. Below is a compact schematic of how the same shared-memory region is repurposed

across S1/S3/S5:

S1: configure_shared(VisitedSet, AdjTile)
-> expand + dedup on-chip -> emit compact candidates
S3: configure_shared(CandIDs, CandKeys)
-> order/select on-chip -> write back top-k
S5: configure_shared(Staging, Hist)
-> identify hotspots -> stage tails -> coalesced flush

Remark. Hot-Set–Aware Dynamic Locality reduces random global reads/writes by converting

them into predictable on-chip operations, yielding (i) more coalesced global traffic with fewer

contended atomics, (ii) smaller, denser working sets for unavoidable global accesses, and (iii) fewer

stalls in memory-bound loops via more uniform control flow. The technique is orthogonal to

compute-side accelerations (Section §5.1) and composes with out-of-core streaming (Section §5.3).

5.3 Out-of-GPU-Memory Streaming Pipelining
Limited GPU device memory (HBM) prevents loading large-scale dataset onto a single GPU. When

vectors reside in host DRAM, naïve staging (copy–compute–copy) serializes I/O and compute,

wasting bandwidth and device cycles. Therefore, we design an out-of-core pipeline that streams data
shards from the CPU to the GPU, overlaps transfers with kernel execution, and returns compact

results to the host—turning the end-to-end latency per shard into the max of compute and I/O

rather than their sum. We first describe how we shard the corpus, stitch sub-indices into a unified

index, and finally detail the pipeline that realizes this overlap.

Clustering-Based Partitioning and Host Layout. We first partition the corpus 𝐷 into balanced

shards 𝐷1, . . . , 𝐷𝑛 using a GPU-accelerated coarse quantizer (e.g., Faiss-IVF [26]) or 𝑘-means.

Shards bound the working set to fit device memory and increase spatial locality for local graph

construction. On the host (CPU), vectors are stored in page-locked (pinned) buffers organized in a

structure-of-arrays format for coalesced device reads.

Global Connectivity and Hierarchical Merging. Shards are constructed in a streaming man-

ner (described next), and we stitch them via a compact meta-graph 𝐺meta. After all sub-indices

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 150. Publication date: June 2026.



CMANNS : GPU-Accelerated Graph Index Construction for ANNS via Compute–Memory Disaggregation 150:13

D1

S1

D1

S2

D1

S3

D1

S4

LOAD D1

LOAD D1
LOAD 

D2

D1 

S1
LOAD D1

LOAD 

D2

D1

S2

D1 

S1
LOAD D1

LOAD 

D2

D1

S3

D1

S2

D1

S1
LOAD D1

LOAD 

D2

D1

S4

D1

S3

D1

S2

D1

S1
LOAD D1

LOAD 

D2

D1 

S5

D1

S4

D1

S3

D1

S2

D1

S1
LOAD D1

LOAD 

D2

D2 

S1

D1

S4

D1

S3

D1

S2

D1

S1
LOAD D1

LOAD 

D2

D2 

S1

D2 

S2

LOAD

D3

T=1

T=2

T=3

T=4

T=5

T=6

T=7

T=8

Timeline

CPU/IO operation

GPU execution stage

Return 

G1

D1 

S5

D1

S5

Return 

G1

Fig. 4. Overlapped pipeline between GPU computation and CPU–GPU I/O.

{𝐺1, . . . ,𝐺𝑛} are built, we sample boundary (gateway) points per shard and build a compact meta-

graph𝐺meta over B =
⋃

𝑖 B𝑖 using an NSG-style construction with tight degree budgets, materializ-

ing a small set of rule-consistent cross-shard edges. At query time,𝐺meta provides a few good entry

points (and thus a small shard set) quickly; the subsequent traversal remains mostly shard-local for

efficiency, but may follow cross-shard edges when beneficial.

Out-of-Core Pipeline Orchestration. To process datasets exceeding GPU memory limits, we

implement a standard double-buffered producer–consumer scheme. We allocate two device-side

staging buffers and utilize separate CUDA streams (𝑠copy and 𝑠compute) to overlap data transfer with

kernel execution. The host (producer) stages shards into pinned memory and manages a bounded

ring queue, while the device (consumer) executes stages S1–S5 using persistent kernels. This design
allows 𝑠copy to prefetch shard 𝐷𝑖+1 asynchronously while 𝑠compute builds 𝐺𝑖 , effectively hiding PCIe

latency (i.e., turning per-shard latency into max{I/O, compute}).
Topological Integrity of Partitioned Construction. While partitioning alters the construction

order, CMANNS maintains the final graph’s topology and navigability via Global Connectivity. Since
HNSW-like construction is stochastic (seed and order sensitive), we aim for algorithmic fidelity
rather than bit-wise identity. Partitioning is solely for memory management; partitions do not

remain disjoint. Global Connectivity integrates shards using identical pruning criteria (e.g., NSG’s
monotonic pruning) to create valid cross-partition edges, yielding a unified graph index consistent

with the original graph definition.

Differences from Prior Work. Partitioning for out-of-core GPU construction in CMANNS is

purely an execution strategy: we preserve algorithmic fidelity by using the same neighbor-candidate

generation, pruning and selection rule as the vanilla algorithm, so cross-shard edges are rule-

consistent rather than heuristic add-ons.

• Versus CAGRA [38]. GPU-oriented designs such as CAGRA target a different graph family with

hardware-friendly structural constraints (e.g., fixed degree and predefined layouts) to simplify

SIMT execution. In contrast, CMANNS introduces no new topology constraints: it preserves the

rule-based construction (hence the variable-degree behavior) and only changes the construction
schedule to support out-of-core GPU execution.

• Versus HNSW [34]. HNSW wide links are optional additional heuristic shortcuts beyond the

baseline neighbor-selection rule. Our cross-shard edges differ by definition: they are accepted

only if they satisfy the same baseline pruning or selection criterion, i.e., they are rule-consistent

edges obtained from an expanded candidate pool, not additional links outside the vanilla rule.

• Versus Vamana [22]. While both use partitioning, objectives differ. Vamana (DiskANN) targets

hierarchy-aware large-scale search under constrained memory and is engineered for out-of-core

access, often with boundary-aware handling during partitioning. In contrast, CMANNS uses
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disjoint, zero-replication partitioning only for construction-time out-of-core GPU builds, and

maintains navigability via rule-consistent cross-shard edges.

6 Implementation and Cost Model
Codebase and Tooling. CMANNS comprises ∼5K lines of C++17 and CUDA. We use CMake for

builds, compile with -O3 and device-side LTO, and rely on standard GPU libraries where beneficial

(e.g., cuBLAS/cuBLASLt or CUTLASS-style kernels for GEMM, CUB/Thrust for scans/selection).

Host I/O uses page-locked (pinned) buffers. The implementation is Linux-oriented and includes

scripts for reproducible runs and profiling (nsys, ncu).
Module Layout. (i) Partitioner & host layout: GPU-accelerated Faiss-IVF (or 𝑘-means fallback)

produces balanced shards and SoA-formatted, pinned host buffers. (ii) Out-of-core engine: double-
buffered H2D/D2H streams and a bounded ring queue for descriptors (§5.3). (iii) Scheduler: a
producer–consumer orchestrator with backpressure (𝑞) and event fencing. (iv) Device builder :
persistent, stage-structured kernels for S1–S5 with on-chip reconfiguration (§4, §5.1, §5.2). (v)

Meta-graph: boundary sampling to build 𝐺meta.

Parallelism and Occupancy. We use persistent kernels with per-SM work queues. Tiles are

sized by an occupancy model that considers registers per thread, shared-memory per block, and

MMA fragment footprints. Warp-uniform control is enforced in hot loops; warp shuffles primitives

(__shfl_*) and cooperative groups handle reductions and scans.

6.1 Persistent Kernel Execution
To maximize instruction throughput, we implement the construction pipeline as a single persis-

tent kernel. A critical challenge is enabling effective overlap between memory-bound stages and

compute-bound stages so that latency can be hidden.

Macro-Level Overlap (System). As detailed in Section 5.3, we overlap the PCIe transfer of the

next shard (𝐷𝑖+1) with the kernel execution on the current shard (𝐷𝑖 ) using independent CUDA

streams and double buffering.

Micro-Level Overlap (Intra-Kernel). Our persistent kernel processes tasks via a global work
queue: each block repeatedly fetches the next task using a non-blocking atomic counter. Within each

block, stages execute sequentially (𝑆1→ . . .→𝑆5) with only minimal intra-block synchronization.

Across blocks, there is no device-wide barrier: each block independently fetches the next task.

Overlap is enabled by:

• Stage Heterogeneity: Stages stress different bottlenecks (memory vs. compute), so stalls in one

stage do not preclude progress elsewhere under SIMT scheduling.

• Occupancy Provisioning:We utilize the occupancy model to maintain adequate resident warps,

enabling latency hiding when certain warps stall on long-latency operations.

As formalized in Theorem 1, global phase-locking is unstable, yielding a steady-state mixture

of blocks across stages (i.e., different blocks reside in different stages simultaneously). With stage

heterogeneity and sufficient residency, SIMT scheduling exploits this mixed-stage execution for

effective time-averaged overlap.

Theorem 1 (Phase-Lock Instability). Assume that (i) blocks execute a persistent loop, repeatedly

pulling tasks from a global queue, (ii) there is no device-wide resynchronization across blocks

between stages (or tasks), and (iii) at least one stage has non-degenerate, data-dependent execution

time across tasks. Then, global phase-locking is unstable: blocks desynchronize, and in steady

execution, different blocks occupy different stages.

Proof. Pick two blocks 𝑏1, 𝑏2 and let 𝑡𝑏 (𝑛) be the wall time when block 𝑏 completes its 𝑛-

th iteration. Define Δ𝑛 ≜ 𝑡𝑏1 (𝑛) − 𝑡𝑏2 (𝑛). Let 𝑖𝑛 and 𝑗𝑛 denote the task indices processed by
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𝑏1 and 𝑏2 in their 𝑛-th iteration, respectively; since blocks fetch tasks independently from the

global queue, generically 𝑖𝑛 ≠ 𝑗𝑛 . Under (i), both sequences {𝑡𝑏 (𝑛)} exist for all 𝑛, and Δ𝑛+1 =

Δ𝑛 +
∑

5

𝑘=1

(
𝑇 (𝑘 ) (𝑖𝑛) − 𝑇 (𝑘 ) ( 𝑗𝑛)

)
, where 𝑇 (𝑘 ) (𝑖) is the stage-𝑘 execution time for task 𝑖 . By (iii),

stage durations vary across tasks, so the increment is generically nonzero; hence, Δ𝑛 drifts over

iterations. By (ii), no global barrier resets Δ𝑛 to zero. Therefore, 𝑏1 and 𝑏2 occupy different pipeline

stages at the same wall time, i.e., blocks desynchronize. □

6.2 Cost Model and Shard Size Selection
Under out-of-core execution, we determine the shard size 𝐵 under the overlapped pipeline by jointly

considering (i) steady-state throughput and (ii) an explicit HBM-capacity bound for out-of-memory

(OOM) free double buffering.

Performance-Oriented Cost Model.With asynchronous copy/compute overlap, the per-shard

time is approximated by the model:

𝑇shard (𝐵) ≈ max

(
𝑇I/O (𝐵), 𝑇compute (𝐵)

)
,

𝑇I/O (𝐵) ≈ max

{
𝐵in (𝐵)
𝛽H2D

,
𝐵out (𝐵)
𝛽D2H

}
.

Here, 𝛽H2D and 𝛽D2H are sustained host→device and device→host bandwidths, 𝐵in (𝐵) is the input
vector payload (dominant), 𝐵out (𝐵) is the compact CSR/metadata emitted after S5 (typically 𝐵out≪
𝐵in), and𝑇compute (𝐵) is the device compute time for S1–S5. We choose 𝐵 to roughly balance𝑇I/O (𝐵)
and 𝑇compute (𝐵) for high throughput.

HBM Footprint Prediction Model (Memory Bound). For shard size 𝐵, the peak-resident HBM

footprint is conservatively upper-bounded as:

𝑆shard (𝐵) ≈ 𝐵 (𝐷𝑆data + 𝑅𝑆id + 𝐿𝑆cand + 𝑆aux) + 𝑆const.
Here, 𝐵 is the number of vectors in a shard, 𝐷 is the vector dimension, 𝑅 is the hard maximum

degree cap, and 𝐿 is the fixed intermediate candidate-pool size. The terms 𝑆data, 𝑆id, and 𝑆cand denote

the byte size of a vector element (e.g., float), a node index (e.g., uint32), and a candidate record

(e.g., distance-ID pair), respectively. 𝑆aux accounts for per-point bookkeeping (e.g., visited flags),

and 𝑆const captures constant overheads such as metadata. 𝑆shard (𝐵) separates into a shard-resident

term scaling linearly with 𝐵 plus constant overhead 𝑆const. Stage-local scratch is pre-allocated and

reused across S1–S5 (contributing only its peak), while shard-resident payload remains allocated

throughout processing. Since the coefficient is determined by fixed algorithmic bounds (𝐷 , 𝑅, 𝐿),

the footprint is predictable and usable to choose an OOM-free shard size under double buffering.

Shard Size Selection.With double buffering, two shards may be in-flight (compute + transfer).

We choose 𝐵 to satisfy:

2 · 𝑆shard (𝐵) + 𝑆pipe ≤ 𝛾 · HBMcap,

where 𝑆pipe captures fixed pipeline buffers and 𝛾 <1 reserves headroom. This bound enables pre-

computing the largest feasible 𝐵 for stable pipelining without runtime OOM; we then optionally

refine 𝐵 via warm-up to better match 𝑇compute (𝐵) with 𝑇I/O (𝐵).

7 Evaluation
In this section, we evaluate CMANNS across multiple datasets and application scenarios against

strong graph-based baselines. We report full-in-GPU-memory build time, out-of-GPU-memory build
time, and online search quality including latency and recall at matched accuracy. We also conduct

ablation studies to isolate the contributions of each optimization: (i) Tensor Core–accelerated distance
computation, (ii) hot-set–aware dynamic locality for memory-intensive stages, and (iii) the out-of-
GPU-memory streaming pipeline. In addition, we profile device memory usage and L1/L2 cache hit
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Table 2. Characteristics of datasets.

Dataset Vector Dimension Size Data Type

SIFT1M 1M 128 470MB Float

GIST 1M 960 3.6 GB Float

DEEP 10M 96 3.6 GB Float

SIFT100M 100M 128 47GB Float

SIFT200M 200M 128 95GB Float

BIGCODE ∼10M 768 30GB Float

DATACOMP 12.8M 768 37GB Float

Table 3. Index construction time (seconds) for NSG, HNSW, and NN-Descent on three datasets: CMANNS
(Ours) vs. FAISS.

Index NSG HNSW NN-Descent

Dataset CMANNS FAISS Speedup CMANNS FAISS Speedup CMANNS FAISS Speedup

SIFT1M 12.15 39.63 3.26x 23.25 44.71 1.92x 9.04 26.01 2.88x
GIST1M 32.77 427.51 13.05x 172.59 469.02 2.72x 15.77 134.27 8.51x
DEEP10M 105.78 815.27 7.71x 470.85 840.80 1.79x 102.09 248.24 2.43x

rates to quantify resource efficiency and verify that CMANNS sustains high arithmetic throughput

while maximizing effective bandwidth.

7.1 Experimental Setup
Settings. Unless otherwise stated, all experiments are conducted on a single server equipped with

two Intel Xeon Gold 6426Y CPUs (16 cores / 32 threads each; 32 physical cores / 64 hardware threads

total), 503GB DRAM, a local NVMe SSD, and one NVIDIA A100 GPU (40GB HBM; CUDA 12.4).

The operating system is Ubuntu 20.04.6 LTS and the host compiler is g++ 9.4.0. For the CPU scaling

study with 64 physical cores (§7.5), we additionally use a separate server based on AMD EPYC 9554.

Datasets.We evaluate CMANNS on standard public benchmarkswidely adopted in ANNS studies [6,

23]: SIFT (128D) at scales of 1M (470,MB), 100M (47,GB), and 200M (95,GB); GIST (960D) at 1M
(3.6,GB); and DEEP (96D) at 10M (3.6,GB). Furthermore, to assess performance on high-dimensional

workloads, we incorporate two large-scale datasets used in the FLASH paper [46]: BIGCODE (768D)

at ∼10M (30,GB) and DATACOMP (768D) at 12.8M (37,GB). Detailed statistics are summarized in

Table 2.

Baselines. Webenchmark CMANNS against a comprehensive suite of SOTA libraries: (1) FAISS [26],
the most widely used open-source ANNS library; (2) FLASH [46], a novel CPU-based optimization

strategy leveraging LUTs; (3) CAGRA [38] (via NVIDIA CuVS [36]), the current high-performance

GPU-based graph index; and (4) DiskANN [22], specifically for its in-memory build.

7.2 Overall Performance
We evaluate CMANNS against the strong CPU baseline FAISS, with the primary goal of accelerating

graph construction while preserving recall. Following our partitioned workflow, we focus on shard

scales typical in practice (1–10M vectors) and report results on SIFT1M, GIST1M, and DEEP10M
as shown in Table 3.

The observed variation (GIST1M 13.05× > DEEP10M 7.71× > SIFT1M 3.26×) stems from a

combination of arithmetic intensity, memory irregularity, and shard scale. First, arithmetic intensity
grows with dimension 𝑑 : distance evaluation dominates high-𝑑 dataset, and mapping ℓ2/IP distances

to GEMM increases compute reuse (tiles in shared/L2). Thus, theGIST1M approaches the accelerator

peak and yields the largest gains. By contrast, the SIFT1M offers less compute per byte and

correspondingly less benefit from Tensor Cores. Second, larger shards exacerbate irregular memory

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 150. Publication date: June 2026.



CMANNS : GPU-Accelerated Graph Index Construction for ANNS via Compute–Memory Disaggregation 150:17

Table 4. Mapping Vamana and NSW to CMANNS pipeline stages.

Stage Vamana (DiskANN) Mapping NSWMapping

S1 Greedy Graph Traversal Long-Path Random Search

S2 Dense Dist. (Query vs. Candidates) Dense Dist. (Query vs. Candidates)

S3 Priority Queue Maintenance Dynamic Sorted Candidate List

S4 Robust Pruning (𝛼-inequality check) Heuristic Neighbor Selection (Top-𝑀)

S5 Bidirectional Edge Insertion Reverse Edge Maintenance

pressure: in the DEEP10M, memory-bound phases (expansion/ordering/pruning) benefit from hot-

set–aware on-chip caches (visited sets, candidate scratchpads, reverse-edge staging) that coalesce

traffic and reduce long-scoreboard stalls, explaining strong speedups even at the smallest dimension

(96D). Third, amortization matters: small shards (SIFT1M) provide less opportunity to amortize

kernel launches and pipeline warm-up, capping speedup despite ample parallelism.

NSG Performance. Gains are concentrated where the redesign regularizes work and raises inten-

sity. In S2 (distance computation), reformulating to GEMM with fused epilogs (bias/add, in-kernel

top-𝑘) allows Tensor Cores to supply the bulk of improvements on high-𝑑 datasets. In S1/S3 (ex-
pansion/ordering), stage-local shared-memory structures (visited-set cache, candidate scratchpad)

convert scattered global accesses into warp-cooperative on-chip operations, improving L1/L2 res-

idency and effective bandwidth. In S4 (pruning), micro-GEMMs speed candidate checks, while

triangle-inequality screening prunes random probes, thereby containing what would otherwise

be a memory-dominated cost. Finally, moving S5 (symmetrization) to the GPU and using warp-

aggregated atomics collapses many fine-grained appends into a few coalesced writes, trimming the

write-bound tail. Notably, CMANNS achieves larger speedups on higher-dimensional datasets (e.g.,

GIST), where Tensor Core–accelerated distance GEMMs offer greater arithmetic intensity and our

locality optimizations more effectively reduce memory stalls.

HNSW Performance. HNSW exhibits smaller but consistent gains than NSG due to its more

complex control flow (multi-layer updates, per-node degree budgeting). Our GPU builder executes

candidate expansion, distance calculation, neighbor selection, and layer commits on the device. Even

so, the graph updates remain synchronization-sensitive; we mitigate this with warp-aggregated

atomics and bulk-synchronous layer commits. Empirically, we observe speedups of 2.72× on

GIST1M, 1.92× on SIFT1M, and 1.79× on DEEP10M at matched recall, reflecting that accelerating

the dominant compute kernels and confining irregular updates yields meaningful end-to-end

benefits despite residual synchronization overheads.

NN-Descent Performance. NN-Descent has simple control flow and is dominated by distance

evaluations, making it especially amenable to GPU acceleration. Our implementation preserves the

downstream NSG structure and recall while substantially reducing build time. At matched recall,

we observe speedups of 8.51× on GIST1M (its high dimensionality maximizes Tensor Core gains),

2.88× on SIFT1M, and 2.43× on DEEP10M.

Analysis of Inter-Stage Data Movement Overhead. A potential concern in pipelined GPU

execution is extra HBM traffic due to materializing stage intermediates. In our persistent multi-stage

kernel, stage handoff is performed within the same kernel invocation, and stage-local intermediates

are kept on-chip when possible via shared memory reconfiguration and register reuse (Section 5.2).

As a result, HBMwrites are dominated by necessary persistent updates (e.g., committed edges) rather

than transient per-stage state. We quantify this using profiling on SIFT1M for NSG construction.

The measured HBMwrite traffic is ≈8.9 GB, costing ≈56ms—only 0.46% of the total 12.15 s execution

time. This confirms that inter-stage data movement is not a bottleneck in our pipelined execution.
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Fig. 5. Evaluation on Vamana and NSW.

7.3 Adaptation to Other Indices
We validate the generality of CMANNS’s CM disaggregation framework on Vamana (DiskANN [22])

and vanilla NSW [33] by mapping their construction onto our Stage 1–Stage 5 pipeline and

evaluating construction performance.

Vamana and NSW Adaptation. Firstly, Table 4 shows that the construction flows of Vamana

and NSW can be systematically mapped onto our five-stage pipeline. Although their pruning rules

differ (e.g., Vamana’s 𝛼-based pruning), they rely on the same fundamental operators: candidate

expansion/traversal (Stage 1), distance evaluation (Stage 2), candidate ordering (Stage 3), pruning

or neighbor selection (Stage 4), and symmetrization/connectivity enforcement (Stage 5). CMANNS

accelerates these operators by addressing their dominant hardware bottlenecks: Tensor Cores

speed up arithmetic-intensive distance evaluation and pruning (Stage 2/4), while our hot-set-aware

dynamic locality mitigates irregular memory accesses in traversal and symmetrization (Stage 1/5).

Consequently, CMANNS generalizes to these indices without modifying their algorithmic invariants.

For Vamana, we focus on accelerating the in-memory topology construction component, decoupled

from DiskANN’s SSD-based search pipeline.

Vamana Performance Comparison. For the testing of Vamana, we compare against DiskANN’s

optimized in-memory builder (excluding SSD I/O). In Figure 5a, CMANNS achieves 1.78×–4.06×
speedup, peaking on DEEP10M (4.06×). This is expected because Vamana’s build is dominated by

irregular traversal, queue maintenance, and bidirectional insertions (Stages 1/3/5), whose fractional
cost increases with graph scale. On DEEP10M, the larger working set maximizes these memory-

bound phases, so our hot-set–aware locality contributes more to the construction time. Meanwhile,

Stages 2/4 still benefit from Tensor Core computation, yielding consistent gains. Overall, these

results validate CMANNS’s generality across different graph topologies and pruning rules.

NSWPerformanceComparison. Figure 5b shows CMANNS speeds upNSWby 1.59×–3.63× over
FAISS CPU, with the largest gain on GIST1M (3.63×). Unlike Vamana, NSW construction is more

distance-evaluation heavy under high dimensionality: computing candidate distance and neighbor

selection (Stages 2/4) becomes compute-bound as 𝑑 grows. Therefore, on GIST1M (960D), Tensor

Core–accelerated distance and pruning yield the largest benefit, while our locality optimizations

still reduce stalls in traversal/symmetrization (Stages 1/3/5). These results show CMANNS remains

effective for flat graph such as NSW, and the peak speedup aligns with where compute dominates.

7.4 Vector SearchQuality
In this section, we verify that CMANNS ’s faster construction, using mixed-precision Tensor Core

kernels with FP32 accumulation, preserves search accuracy and latency. Under matched query

budgets (identical entry points and stopping criteria), we report Recall@100 and per-query latency
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Fig. 6. Search quality across datasets. Evaluation uses randomly sampled queries: 5,000 for SIFT and DEEP,
and 500 for GIST, drawn from the provided query sets.

using the unmodified NSG search procedure on indexes built by CMANNS across datasets as shown

in Figure 6. In all cases, CMANNS matches FAISS within ≤ 2% for both Recall@100 and latency

(P95), indicating that the GPU-first build preserves the graph structure, navigability, and thus query

behavior. Because our contribution targets building rather than querying, we intentionally reuse

the canonical graph-based search to isolate index quality without introducing new query heuristics.

7.5 Comparison with SOTA CPU Baseline
To rigorously evaluate CMANNS against state-of-the-art CPU-based construction, we compare with

FLASH [46] on HNSW. FLASH represents the current peak of CPU optimization, accelerating con-

struction via AVX-512-based Look-Up Tables (LUTs) and cache-efficient memory management. We

also introduce two large-scale, high-dimensional datasets, BIGCODE and DATACOMP, adopted
from the FLASH paper. To assess scalability, we benchmark CPU baselines under three hardware

regimes: (a) 32-core/64-thread, (b) 64-core/64-thread (Physical Cores), and (c) 64-core/128-
thread (SMT enabled). The 64-core experiments use an AMD EPYC 9554 server. For fairness, we

tune parameters to strictly meet a high-quality constraint (Recall@100 ≥ 0.98) and report wall-clock
construction time. Figure 7 reports the construction time across five datasets under these three

hardware regimes.

Standard 32-core/64-thread Performance. CMANNS establishes a commanding lead, outper-

forming FLASH by 1.59×–2.20× and FAISS by 1.78×–12.96×. On SIFT1M, CMANNS completes

construction in 23.25s, approximately 1.7× faster than FLASH (39.86s) and 1.9× faster than FAISS

(44.71s). The gap widens on workloads with high dimension: on BIGCODE and DATACOMP,
CMANNS (601s and 691s) achieves speedups of 2.2× and 2.15× over FLASH, and 12.69× and 13.0×
over FAISS. These results demonstrate that while FLASH enhances CPU SIMD usage, it remains

bound by CPU throughput limitations. Furthermore, FLASH’s CPU-centric design scales poorly

to GPU architectures, where irregular access patterns induce warp divergence and uncoalesced

memory access. In contrast, CMANNS’s compute-memory disaggregated design fully leverages

Tensor Cores and HBM bandwidth.

Scalability on 64-Core/64-Thread (Physical Cores). Scaling to 64 physical cores reveals dimin-
ishing returns for baselines due to memory-bandwidth saturation. FLASH shows marginal gains:

SIFT1M improves from 39.86s to 35.76s (∼1.11×), BIGCODE from 1323s to 1123s (∼1.18×), and DAT-
ACOMP from 1491s to 1356s (∼1.10×). FAISS exhibits similar trends: SIFT1M from 44.71s to 38.8s

(∼1.15×), BIGCODE from 7635s to 6684s (∼1.14×). Despite these upgrades, CMANNS maintains its

lead. On SIFT1M, CMANNS (23.25s) remains ∼1.53× faster than 64-core FLASH. On BIGCODE and

DATACOMP, CMANNS outperforms FLASH by 1.87× and 1.96×, and FAISS by 11.1× and 11.5×.
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Fig. 7. Comparison with CPU baselines (FAISS and FLASH) under different CPU configurations.

Table 5. Index construction time comparison with CAGRA.
Index CAGRA Index

Dataset CMANNS NVIDIA CuVS CAGRA Speedup

SIFT1M 8.57s 11.83s 1.38x
GIST1M 12.52s 18.04s 1.44x
DEEP10M 73.52s 111.75s 1.52x

Overall, CMANNS outperforms FLASH by 1.47×–1.96× and FAISS by 1.56×–11.47×, confirming

the efficacy of our CM-disaggregated architecture.

Peak Performance at 64-core/128-thread (SMT). Enabling SMT pushes CPU baselines to their

throughput limits. FLASH achieves optimal times (30.77s on SIFT1M, 1034s on BIGCODE, 1246s

on DATACOMP), as does FAISS (32.72s on SIFT1M, 5950s on BIGCODE, 6987s on DATACOMP).

Despite this, CMANNS remains substantially faster, delivering speedups of 1.32×–1.80× over

FLASH and 1.39×–10.11× over FAISS. Notably, CMANNS extends its lead on high-dimensional

workloads where FLASH’s quantization is theoretically most effective: 1.72× on BIGCODE and

1.80× on DATACOMP against 128-thread FLASH. These results confirm that even with maximal

parallelism and AVX-512 acceleration, CPU methods cannot match CMANNS’s effective utilization

of HBM bandwidth and Tensor Core parallelism.

7.6 Comparison with SOTA GPU Baseline
We compare against the GPU SOTA, CAGRA [38]. CAGRA alters graph topology (fixed degrees)

and uses rank-based (2-hop) pruning. We port CAGRA’s construction logic to CMANNS and

benchmark against the official NVIDIA CuVS implementation on an A100 GPU. For fairness, we

tune it to meet Recall@100 ≥ 0.98.

As shown in Table 5, CMANNS outperforms CuVS CAGRA with 1.38×–1.52× speedups. On

SIFT1M, CMANNS completes in 8.57s (1.38× over CAGRA). On GIST1M and DEEP10M, CMANNS

(12.53s and 73.52s) achieves 1.44× and 1.52× speedups over CAGRA (18.04s and 111.75s). These

results indicate our optimizations (e.g., hot-set-aware locality and Tensor Core utilization) provide

substantial acceleration independent of the specific graph.

7.7 Out-of-GPU-Memory Evaluation
To assess scalability beyond device memory, we evaluate CMANNS on large dataset with 100M
and 200M vectors (up to 95GB), as shown in Figure 8. The goal is to validate that our out-of-core,

double-buffered pipeline accelerates construction while preserving index quality including recall

and latency.
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Fig. 8. Out-of-GPU-memory evaluation on SIFT100M and SIFT200M including index time, recall, and search
time.
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Fig. 9. End-to-end evaluation including index constructing time and vector searching time.

Build Time Analysis. On DEEP10M, CMANNS reduces NSG build time from 815 s (CPU FAISS

baseline) to 106 s, a 7.71× speedup. This trend persists at larger scales: on 100M and 200M–vector

datasets, CMANNS completes in 1.17 h and 2.42 h, versus 8.75 h and 18.15 h for FAISS on the same

hardware at matched recall. The gains arise from two effects: (i) reformulating distance evaluation

as high–intensity GEMMs that exploit Tensor Cores; and (ii) overlapping data movement with

computation so that per-shard time approaches max{transfer, compute} rather than their sum. In

practice, shard sizes chosen by our cost model keep the device in a steady state while reserving

headroom for staging buffers and compact adjacency emission.

Search Quality. Crucially, accelerated construction must not degrade search quality. As shown

in Figure 8b and Figure 8c, we randomly sample 5,000 queries from the provided query sets on

large-scale datasets and evaluate Recall@100 and per-query latency for NSG indexes built by

CMANNS and FAISS. In all cases, CMANNS matches FAISS within ≤ 2% on both metrics, indicating

that GPU-based construction preserves index quality. This validates our design: if partitioning

degraded structure, search quality would drop. Matching the in-memory CPU baseline confirms

that partition-then-stitch preserves graph faithfulness and navigability, keeping topology intact

despite the changed construction order.

As a result, CMANNS scales out-of-core by streaming host-resident vectors through a double-

buffered GPU pipeline and returning only compact CSR slices. This design sustains high utilization

at 100M–200M scale, cutting wall-clock build time from hours to near real-time windows (minutes

to low hours) while maintaining recall–latency characteristics comparable to CPU-built graphs.
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7.8 End-to-End Performance: Build & Search
In this section, we report the end-to-end time, which includes both index construction and query
serving on two distinct regimes: the in-memory SIFT1M and the large-scale, out-of-core SIFT200M

(95GB raw vectors). For a workload of 𝑄 queries,

𝑇e2e (𝑄) = 𝑇build︸︷︷︸
index time (IT)

+ 𝑄 · 𝑡query︸    ︷︷    ︸
search time (ST)

.

We compare CMANNS to FAISS at matched recall and identical search budgets (entry, beam/𝑒 𝑓 ,

stopping). We vary the query volume 𝑄 ∈ {1, 10, 102, 1𝐾, 10𝐾} to span interactive to batch regimes

and report end-to-end speedup 𝑆 (𝑄) = 𝑇 FAISS

e2e
(𝑄 )

𝑇𝐶𝑀𝐴𝑁𝑁𝑆
e2e

(𝑄 ) .

The results are shown in Figure 9. They indicate that for NSG, index construction dominates

the end-to-end time; consequently, CMANNS’s faster builds translate directly into higher 𝑆 (𝑄) for
small and moderate values of 𝑄 .

Performance on SIFT1M. As shown in Figure 9a, on the in-memory SIFT1M dataset, the results

indicate that CMANNS can achieve speedups of 2.30×, 2.30×, 2.29×, 2.27×, and 2.13× for𝑄=1, 10,
100, 10

3
, and 10

4
, respectively. Query costs are very similar between systems (we keep the standard

NSG search); e.g., the single-query time is ≈0.0004 s for both, and for 10,000 queries, the aggregate
search time is 3.3554 s (FAISS) vs. 3.2552 s (CMANNS), a modest ∼3% advantage. Consequently, as

𝑄 increases, the fixed IT advantage is amortized by growing ST and 𝑆 (𝑄) gradually declines (from

2.30× to 2.13× in our runs), as predicted by the model above.

Performance on SIFT200M. As shown in Figure 9b, on out-of-core SIFT200M, index construction

dominates end-to-end time (over 99%), so build-time optimizations translate directly to end-to-end

gains. Construction time is 18.15 h for FAISS versus 2.42 h for CMANNS, yielding a 7.5× speedup.

The query term (𝑄 · 𝑡query) remains negligible even at high 𝑄 , so end-to-end speedup stays close

to build-time speedup, confirms that our out-of-core pipeline remains effective under large-scale

transfers and CM-disaggregated construction sustains its advantage at scale.

Because CMANNS preserves the index structure and uses the canonical query algorithm, search

efficiency remains on par with FAISS, while build time is substantially lower. The net effect is

a pronounced end-to-end gain when refresh cycles are frequent or the query horizon per build

is modest—precisely the regime faced by dynamic vector databases. As workloads are heavily

query-bound (very large 𝑄), end-to-end speedup approaches the ratio of search throughputs (near

parity, with a slight edge to CMANNS), while still retaining the operational benefit of shorter

rebuild windows.

7.9 Efficiency of Different Optimizations
We quantify the contribution of each optimization in CMANNS by selectively enabling (i) Tensor

Core–accelerated distance computation ("Comp" in Figure 10), (ii) hot–set–aware dynamic locality

("Mem"), and (iii) the out–of–GPU–memory streaming pipeline ("I/O"). The target index is NSG;
datasets are SIFT1M, GIST1M, and DEEP10M. Graph parameters (degree/pruning) and search

settings are held fixed. Unless noted, the baseline is our CM-disaggregated framework, with all
three optimizations disabled. We report a speedup as Speedup =

𝑇baseline
𝑇optimized

in Figure 10.

Efficiency of "Comp" Optimization. Enabling Comp provides the foundational acceleration

by reformulating distance evaluation as high–intensity GEMMs on Tensor Cores. Cumulative

speedups with CM+Comp reach 1.99× (SIFT1M), 5.93× (GIST1M), and 2.16× (DEEP10M), reflecting

the dominant role of computation at higher dimensionality (GIST, 960D).

Efficiency of "Mem" Optimization. Adding Mem (stage-local shared-memory caches for visited

sets, candidate scratchpads, etc.) converts scattered global traffic into warp-cooperative on-chip
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Fig. 10. Ablation of optimization components. "Comp" refers Tensor Core–accelerated distance computa-
tion; "Mem" refers hot-set–aware on-chip locality; "I/O" refers out-of-GPU-memory streaming pipeline.

Table 6. Microbenchmarks during NSG construction: peakmemory usage and L1/L2 cache hit rates (CMANNS
vs. FAISS).

Metric Memory Usage(GB) Cache Hit Rate(%)

Dataset CMANNS FAISS CMANNS Naïve GPU
L1 L2 L1 L2

SIFT1M 1.88GB 1.79GB 30.6 67.04 20.7 8.33

GIST1M 5.98GB 5.91GB 31.89 48.28 17.87 6.56

DEEP10M 17.92GB 16.56GB 39.13 58.08 23.52 10.47

operations, increasing effective bandwidth and reducing long-latency stalls. Cumulative speedups

rise to 2.93× (SIFT1M), 11.16× (GIST1M), and 6.94× (DEEP10M), underscoring that memory-

regularization is critical for complex (GIST) and larger (DEEP) shards.

Efficiency of "I/O" Optimization. Finally, enabling I/O overlap copies with kernels via dou-

ble buffering and concurrent streams, pushing cumulative speedups to 3.26× (SIFT1M), 13.05×
(GIST1M), and 7.71× (DEEP10M). Even when a shard fits entirely in device memory, we micro-batch

edge-selection tasks and stage compact adjacencies, allowing I/O and computation overlap to trim

tail latency and keep the device near steady-state saturation (§5.3).

Performance gains are cumulative and complementary: Comp raises arithmetic intensity; Mem
regularizes irregular phases to realize bandwidth; I/O hides transfer costs. Together, they yield up

to 13.05× faster builds without altering search behavior.

7.10 Microbenchmark
In this section, we usemicrobenchmarks to compare system-level characteristics of CMANNS against

FAISS during NSG construction, focusing on (i) peak construction memory and (ii) cache efficiency

(L1/L2 hit rates) to quantify how our design reduces cache misses and improves performance. Peak

memory is sampled at steady state; cache metrics are collected using a GPU profiler.

Peak Construction Memory. Table 6 reports peak memory usage. CMANNS incurs only a

marginal overhead relative to the CPU-based FAISS builder, e.g., SIFT1M: 1.88GB vs. 1.79GB

(+ ∼5.0%); GIST1M: 5.98GB vs. 5.91GB (+ ∼1.2%); DEEP10M: 17.92GB vs. 16.56GB (+ ∼8.2%).
This small increase stems from GPU-specific preallocation (staging buffers, scratch space, and

persistent queues) required to orchestrate massively parallel kernels and double-buffered streaming.

Cache Efficiency and Locality. The most pronounced gains appear in cache behavior. A naïve

GPU port shows poor locality (e.g., on SIFT1M: L1 hit 20.7%, L2 hit 8.33%), leading to frequent long-

scoreboard stalls. With CMANNS ’s hot-set–aware shared-memory staging and warp-cooperative

gathers/scatters, the same workload attains an L1 hit rate of 30.6% (+9.9 percentage points over

the naïve GPU baseline) and an L2 hit rate of 67.04% (+58.7 percentage points over the naïve GPU
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baseline), a trend consistent across datasets. By concentrating the recurrent working set (visited

sets, candidate scratchpads, reverse-edge staging) in on-chip storage while enforcing coalesced

global accesses, CMANNS substantially reduces memory latency and raises effective bandwidth.

In conclusion, CMANNS ’s modest increase in peak memory is an intentional, low-cost trade-

off for markedly better cache residency and fewer stalls. By separating compute- and memory-

dominated phases and keeping hot data on-chip, CMANNS transforms irregular graph construction

into bandwidth- and cache-efficient kernels, yielding the end-to-end speedups reported in §7.2.

8 Related Work
Non-graph ANNS Index. Beyond proximity graphs which is discussed in Section §2, a large

body of work accelerates ANNS through quantization, space partitioning, and learned encoders.

IVF [43, 44, 59] and Product Quantization (PQ) [14, 17, 47] compress vectors and restrict search

to a few inverted lists, often with OPQ rotations to reduce distortion, yielding strong memory

efficiency and high throughput on CPUs/GPUs (e.g., FAISS) but typically trailing top graph indexes

at high recall on challenging high-dimensional data [15, 23, 26]. Tree-based methods [19, 41, 62]

and classic LSH variants work [16, 21, 61] well at low to moderate dimensions or under aggressive

approximation, but they degrade in the high-dimensional regime [3, 7, 50]. Learning-based indexing

(e.g., spectral/supervised hashing [32], learned quantizers [56]) adapts codes to data and improves

upon data-independent hashing; yet, it generally underperforms compared to strong graph indexes

on large-scale, high-recall targets [26, 52].

GPU-based ANNS Systems and Construction. GPU implementations of IVF/IVF-PQ (FAISS) [9]

leverage optimized kernels to achieve high throughput but inherit the recall limits of quantiza-

tion [26]. GPUs-based graph efforts initially focused on search: SONG ports NSW/NSG/DPG to GPUs

with warp-synchronous expansions [60]; GGNN restructures traversal for SIMT efficiency [18];

GANNS adds GPU-parallel proximity-graph construction [55]. CAGRA takes a different tack: it

changes the index structure to a flat, fixed-degree, GPU-friendly graph, seeded by NN-descent and

refined to maximize build/search throughput on accelerators [38]. Hybrid CPU–GPU serving, like

BANG, keeps the graph in host memory while streaming compressed vectors to the device for

distance evaluation [28].

9 Conclusion
We tackled the long-standing bottleneck of graph index construction for high-quality ANN graphs

by redesigning the builder for GPUs. CMANNS applies compute–memory disaggregation, tensor-

core–accelerated distance evaluation, hot-set on-chip locality, and an out-of-core double-buffered

pipeline to turn irregular, CPU-bound workflows into high-throughput GPU kernels. Across stan-

dard benchmarks (up to 95GB), CMANNS cuts build time by as much as 13.05× at matched recall,

preserves query latency/accuracy, and keeps peak construction memory close to CPU baselines.
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