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Abstract

Multi-vector retrieval models (e.g., ColBERTv2) offer high retrieval
accuracy but suffer from efficiency problems at scale. Recently,
several methods have been developed to enhance the efficiency of
multi-vector retrieval. On one hand, the state-of-the-art GPU-based
method PLAID-GPU exploits the massive parallelism of the GPU
to accelerate computation, but it needs to process a considerable
amount (e.g., ten thousand) of document candidates. On the other
hand, the state-of-the-art (SOTA) CPU-based method IGP employs
a more effective strategy to reduce the number of candidates, but
fails to utilize the massive parallelism of the GPU. To get the best of
both worlds, we propose GIGP*, a CPU-GPU co-processing engine
designed to achieve high parallelism and low computational over-
head. Our contributions are: (1) an efficient candidate generation
kernel that enjoys parallelism while retaining the effectiveness of
IGP, (2) a score reordering mechanism that reduces the synchro-
nization overhead and (3) a scheduling strategy for efficient batch
processing. Our experiments demonstrate that GIGP" achieves a
11.0X improvement in query per second (QPS) and reduces latency
by 7.6x compared to PLAID-GPU, while maintaining equivalent
retrieval accuracy. As for cloud pricing, GIGP* delivers a 2.3x im-
provement in queries per dollar over SOTA CPU-based solutions.
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1 Introduction

Neural embedding models are widely employed in information
retrieval. Notably, multi-vector models (e.g., CoIBERTv2 [29]) have
achieved state-of-the-art quality across various retrieval tasks [29,
35, 36, 41]. These models represent both documents and queries as
sets of embedding vectors, referred to as multi-vectors. The core
retrieval problem Multi-Vector Retrieval (MVR) identifies the top-k
documents with the highest similarity scores to a given query based
on a predefined scoring function.

Accelerating the performance of MVR by leveraging the mas-
sive parallelism of GPUs is a promising direction, however, ded-
icated GPU-based MVR solutions for MVR remain limited. The
state-of-the-art GPU-based method, PLAID-GPU [40], proposes
a parallel-friendly document candidate generation strategy and
scores candidates in parallel, achieving a 10X lower latency than
its CPU counterpart. However, PLAID-GPU must process a large
number of document candidates (e.g., tens of thousands). Orthog-
onally, the CPU-based state-of-the-art method IGP [16] employs
an efficient candidate generation algorithm that drastically reduces
the number of candidates, yielding a 3x speedup over PLAID. The
key challenge lies in combining the strengths of both approaches:
PLAID-GPU offers high parallelism but suffers from a large can-
didate set, while IGP operates with few candidates but is limited
to single-threaded execution. How can we exploit the advantages of
both approaches simultaneously?

In this work, we propose GIGP*, a CPU-GPU co-processing
engine that integrates the benefits of both methods. We first im-
plement IGP on the GPU (referred to as GIGP), which parallelizes
across the constituent vectors of a query and aggregates the results
for candidate generation. However, GIGP has two limitations: (1) its
degree of parallelism is much lower than the maximum threads sup-
ported by the GPU, and (2) it suffers from extensive inter-Streaming
Multiprocessor (SM) communication. To overcome these issues, we
propose GIGP*, which introduces: (1) an advanced candidate gen-
eration kernel that enables massive document-level parallelism
(Section 4.3), (2) a score reordering mechanism that reduces global
memory synchronization (Section 4.4) and (3) an efficient sched-
uling strategy that hides the batch query latency (Section 4.5). To-
gether, these innovations effectively address the aforementioned
bottlenecks.

Our experiments show that GIGP" achieves an 11.0x higher
queries per second and a 7.6X lower latency than PLAID-GPU,
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while matching its retrieval accuracy (Section 5). As for cloud pric-
ing, it delivers a 2.3X improvement in queries per dollar over all
CPU-based baselines. These results validate the effectiveness of our
proposed techniques (Table 6).

Our source code is open-sourced at [13].

2 Related Work

Neural embedding models are the standard for large-scale infor-
mation retrieval, broadly categorized into lexical-based, single-
vector, and multi-vector approaches. Lexical-based models (e.g.,
SPLADE [23, 30]) leverage term weighting and neural techniques
to generate sparse representations. Single-vector models, such as
DPR and ANCE [28, 48], encode a passage into a dense embedding.
While computationally efficient [17, 50], they often fail to capture
fine-grained semantic interactions, limiting accuracy in complex
scenarios [19, 29]. Multi-vector models (e.g., ColBERT [29]) ad-
dress this by encoding a passage into multiple token-level vectors,
enabling detailed semantic modeling. Recent research finds that
multi-vector models achieve state-of-the-art performance across
diverse tasks, including multi-modal search [35, 36], question an-
swering [11, 12], and passage retrieval [19, 47].

While multi-vector retrieval models achieve high accuracy, they
incur significant computational overhead during retrieval. To ad-
dress this, recent solutions can be categorized into learning-based
and indexing-based optimizations. Learning-based methods im-
prove efficiency through two primary strategies: The first is to
reduce the multi-vector size during encoding to lower scoring costs.
For instance, CITADEL [32] limits token scoring via dynamic lexi-
cal routing, while Zong et al. [52] propose regularization losses for
effective token pruning that minimize accuracy loss. The second is
to design and adapt efficient scoring functions based on the multi-
vector models. SLIM [33] transforms multi-vector retrieval into a
single-vector problem via score bounds; SPLATE [22] maps multi-
vector embeddings to a sparse vocabulary space for efficient sparse
retrieval; and XTR [31] proposes a multi-vector score function that
eliminates the costly document gathering stage.

Multi-vector indexing-based methods design specialized indexes
for efficient retrieval, primarily targeting CPU architectures. PLAID
[24, 40] utilizes a space partitioning method for candidate genera-
tion and a threshold-based heuristic for efficient pruning. EMVB [38]
leverages product quantization [26] for compact representation and
proposes SIMD-friendly threshold-based filtering methods with
optimized bit vector. DESSERT [21] approximates vector score
computations via signed random projections [20]. MUVERA [25]
transforms the multi-vector retrieval problem into a single-vector
retrieval problem using hashing techniques. IGP [16] exploits data
distribution characteristics for efficient candidate generation with
nearest-neighbor search indices. The proposed algorithm signif-
icantly reduces the number of candidates, thereby lowering the
computation cost. WARP [42] proposes a two-stage score reduction
and a candidate generation method for XTR-based search.

GPU-based acceleration is promising due to the high memory
bandwidth and inherent parallelism of modern graphics processors.
PLAID-GPU [40] represents the only existing GPU-based solution
for multi-vector retrieval; it parallelizes both the space partition-
ing and the scoring stages of the PLAID framework on the GPU.

Zheng Bian, Man Lung Yiu, & Bo Tang

big /
81 foGm E o,
W Doc. Vu: ai, az, as die 2/ m
W Doc. Vp: by, by, b3 6 b3. c »el‘ az “Cl
Doc. Vy: ds, dy, d3 g 3 I,,‘ f3 “~
' 5 /r C N
Doc. Vg: ey, €3, €3 S 41 di qj"-e?._q ¢
Doc. Vg: f1, 5, f3 £ ,——""/ ) S dim T \
. 8 | ay, ACs
® Query Q: g1, g2, g3 21 Ce W f:
. !
Centroid C: ¢, ¢3, C3, dz
C4, Cs, Cp 01 =2 : >
R

Dimension 1
(a) Vectors in the space R? (shown in colors)

Doc. Vec. q1 g2 ¢q3 | Doc. Vec. q1 q g3

a1 26 37 30 b1 62 62 58
Vi a3 50 64 54| Vg by 57 68 59
a3 18 28 22 bs 43 29 33
di 30 26 26 er 48 54 48
Vp: d; 60 52 52| Vg ey 33 41 35
ds 10 19 14 es 11 24 17

f 19 33 25

VE: 2 51 38 41
5 41 50 43

(b) Inner product (q;, v;) for each pair (g;,v;)

Figure 1: Example of multi-vector retrieval

Specifically, the space partitioning phase computes partition scores
in parallel to identify top candidates, while the scoring phase com-
putes the document-level scores of different candidates in parallel.
In this paper, we propose GIGP*, a GPU-accelerated retrieval solu-
tion based on multi-vector models. We choose to study IGP because
it is state-of-the-art in CPU-based Multi-Vector Retrieval [16].

3 Problem Definition and Indexing

We first define the multi-vector retrieval problem in Section 3.1.
As background, we then introduce the data storage and indexing
mechanism of ColBERTv2 [41] in Section 3.2, followed by the GPU
architecture and performance metrics in Section 3.3.

3.1 Problem definition

We define multi-vectors and compute their similarity using the
score function from ColBERTv2 [41] and related works [21, 25, 40].

Definition 1 (Multi-vector). A multi-vector V is a set of vectors in
Rd, denoted as V = {v1, v, ...,0m}. Each element v; € V is called
a constituent vector of V.

All vectors lie in the high-dimensional space R? (e.g., d=128).

Definition 2 (Similarity score). Given a query multi-vector Q and
a document multi-vector V, their similarity score F(Q, V) is:

F(Q,V) = ) max(q0) (1)
veV
q€Q
where (g, v) denotes the inner product between vectors q and v.
Without the loss of generality, we assume the inner product score
is non-negative. If it is not the case, we add a score offset to make
it a positive value.
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Example 1. Figure 1(a) displays vectors in R?. The multi-vector
Vp consists of vectors b1, by, and bz (blue squares), while the query
multi-vector Q comprises q1, g2, and g3 (black dots). To compute
¥ (Q, V), we first evaluate the inner product for each pair (g;, b;),
as shown in Figure 1(b). The score is obtained as 62 + 68 + 59 = 189.

We now define the multi-vector retrieval problem as follows.

Definition 3 (Multi-vector retrieval). Given an integer k, a query
multi-vector Q, and a dataset D of multi-vectors, the multi-vector
retrieval (MVR) problem returns the k multi-vectors from D with
the highest similarity scores relative to Q.

For clarity, we refer to Q as the query and each V € D as a
document. We call 7 (Q, V) the document score and (g, v) the vector
score. The results of MVR are termed the k nearest neighbors of
Q. Following existing work on MVR [21, 25, 38, 40], we focus on
efficiently finding approximate results.

Example 2. Figure 1(a) illustrates the constituent vectors of query
Q and five documents V4, Vg, Vp, Vg, and Vi. Based on the calcula-
tions in Figure 1(b), the top-2 documents are Vg and V4, with scores
of 189 and 168, respectively.

3.2 Data storage and indexing of ColBERTv2

We describe the data storage and indexing scheme of ColBERTv2 [41],
which consists of (i) quantized storage for multi-vectors and (ii) an
inverted file index. These components are also employed in existing
methods [21, 38, 40] as well as in our approach.

Quantized data storage. Vector Quantization (VQ) generates a set
of (centroid) vectors to approximate the set of all constituent vectors
Dy. It uses a parameter n. to specify the number of centroids, which
are obtained by applying K-means clustering (with K = n¢) to Dy,
For example, in Figure 1(a), the centroids are c¢; to ce, and the dotted
lines indicate the region closest to each centroid. Each vector (e.g.,
dq) is approximately represented by the identifier (ID) of its nearest
centroid (e.g., ¢3).

Scalar Quantization (SQ) [14] approximates a floating-point num-
ber using a B-bit code, where B is a user-defined parameter con-
trolling the precision. In our method, SQ is applied to encode the
residual vector v—c. This allows for a more accurate reconstruction
of the original vector v. A higher value of B generally leads to bet-
ter reconstruction accuracy at the cost of increased memory usage.
Following [40], we set B = 2 and n, = 16V Ny, where N, denotes
the total number of document vectors.

Table 1: Inverted file structure

Centroid ¢ | Document IDs IVF[¢]
c1 Va, VB
c2 VB, VD, VE
c3 VB, Vp, VF
cq Ve, VF
cs Va, VF
C6 Va, VD, VE

Inverted file. The inverted file maps centroids to the document IDs
to which their constituent vectors are quantized. For a centroid c,
it retrieves the IDs of documents approximated by c. Table 1 shows
the inverted file using the example from Figure 1.
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Figure 2: Workflow of GIGP.

3.3 GPU architecture and performance metrics

A GPU comprises multiple Streaming Multiprocessors (SMs), each
analogous to a CPU core in a multicore processor. Each SM executes
multiple thread blocks, with each thread block being analogous to
a CPU process. A thread block contains numerous threads that are
managed and scheduled on an SM. The degree of parallelism at both
the inter-SM and intra-SM levels can be controlled by configuring
the number of thread blocks and the size of each thread block.
Each SM features a programmable shared memory that is private
to the SM. Although its capacity is relatively small (e.g., typically
around 100 KB) compared to global memory, shared memory offers
significantly higher bandwidth and lower latency (approximately
10x better). Hence, optimizing memory access by utilizing shared
memory rather than global memory is often highly beneficial [46].

Following [18], we evaluate two key performance indicators us-
ing NVIDIA Nsight Compute [8]: (1) Achieved Occupancy (AO) [3]:
percentage of active warps per SM, indicating achieved parallelism
(higher is better); (2) Number of Cycles (NC) per query: total compu-
tational cost in cycles, calculated as Executed Instructions (EI) [6]
X Cycles Per Instruction (CPI) [5] (lower is better).

4 Efficient Candidate Generation

We first present the baseline method GIGP in Section 4.1, which em-
ploys IGP on GPU to reduce the Number of Cycles (NC). However,
the basic candidate generation kernel exhibits two key limitations:
low Achieved Occupancy (AO) and high synchronization cost. To
address these, we propose: (1) an advanced candidate generation
kernel (Section 4.3) for AO improvement, (2) a score reordering
technique (Section 4.4) to reduce the synchronization overhead and
(3) a scheduling strategy (Section 4.5) for efficient batch processing.

4.1 Baseline solution GIGP

Figure 2 illustrates the workflow of GIGP during the search phase.
Following [16], we store the massive index (SQ code and VQ code)
on the host (CPU) memory while keeping small indexes in device
(GPU) memory. This data layout is designed to accommodate the
large size of each index component. The algorithm comprises three
CUDA computation steps and a fetch-and-transfer step. The work-
flow proceeds as follows. At zero step, the query text is transformed
into a query embedding for subsequent processing. The first step



SIGIR °26, July 20-24, 2026, Melbourne, VIC, Australia

Zheng Bian, Man Lung Yiu, & Bo Tang

Algorithm 1 Similar fetch and PrepareData (Query multi-vector
Q, centroid vectors C, inverted file IVF)

1: function SF;.GerTopBaTcH(n)
2 ng < mingcc [IVF[c]|; k < n/ng
3: {eqye@ys-- syt ArgSort(q"C, k)

4: A—|0,|IVF[c) ], - ,Zl.c__l IVF[c(;] > Offset arra
[ | (1) i=1 (1) y

> Descending

5 Cache A in shared memory

6: Initialize tuple array A of length Zf:l |IVF[C( i) ]|

7: parallel for i € 1 to k do > Thread level
8 forjelto min{|IVF[c(l~)] ,n—A[i]} do

5 A AL+ ] — (IVFLeG 1] o 9))

10: return First n elements of A

11: function PREPARETUPLEARRAY(Q, Pcund)

12: Initialize an empty tuple array 7 [q] for each g € Q

13: parallel for each g € Q do > Thread-block level
14: T [q] « SFq .GetTopBatch(¢cqnq)

15: return 7~

employs a similar fetching mechanism to retrieve the top candidate
document vectors [16].

Definition 4 (Similar fetch, SF;.GetTopBatch(n)). Given a query
vector g and the set of all document vectors Dy, SF4.GetTopBatch(rn)
returns the top-n most similar vectors with their scores (g, v) and
document ID, ranked by (g, v).

Algorithm 1 shows an approximate similar fetch implementation
SFq and its usage. Here, thread-block-level parallelism (e.g., Line 13)
assigns each iterative item to a thread block, enabling efficient data
access through shared memory. When no further parallelization is
specified, only a single thread within the block is used. In contrast,
thread-level parallelism (e.g., Line 7) employs all available threads in
the thread block(s) to maximize computational throughput, thereby
achieving high efficiency. The procedure consists of three main
steps: (1) computing a sufficient number of similar centroid vectors
(Lines 2-3), (2) computing and caching the offset array A into the
shared memory (Lines 4-5), and (3) fetching document vectors by
the inverted file index (Lines 7-9). This ensures that each tuple array
is sorted in descending order according to the approximate vector
score. Function PrepareTupleArray shows the usage of the similar
fetch. Given parameter ¢.,, 4, it generates candidate document
score arrays 7 through the similar fetch operations (Lines 12-14),
which are subsequently used for downstream processing.

The candidate generation step (Step 2) processes the score tuple
array 7~ and outputs a small portion of candidate documents. These
candidate documents, represented by their IDs, are transferred to
the host to fetch quantization indices (Step 3), enabling finer vector
reconstruction. Subsequently, Step 4 refines these candidate docu-
ments. This process involves (1) decompressing the quantization
codes of VQ and SQ to reconstruct the original document vectors,
(2) computing multi-vector similarity scores using ¥ (Q, V) (Equa-
tion 1), and (3) returning the top-k documents with the highest
scores. As part of this final step, the scalar quantization (SQ) decom-
pression index—a lookup table that maps SQ codes to floating-point
values—is cached in shared memory to accelerate data access.

Algorithm 2 Candidate generation kernel of GIGP (Query Q)

System parameters: ¢.qnd. Pref
: T « PrepareTupleArray(Q, ¢cand) > Algorithm 1
¥; « Create a hash table keyed by document ID
. parallel for each q € Q, (id, {c,q)) € T [q] do > Thread level
¥ [id].score « 0
¥ [id].isSeen[q] « false
: parallel for each g € Q do
for each (id, {c,q)) € T [q] do
if ¥ [id].isSeen[q] = false then
¥ [id] .isSeen[q] « true
10: AtomicAdd (¥ [id].score, {c, q))
11: 81 « top-¢,.r document IDs from ¥ by ¥1[id].score
12: return S;

[ I N T N

> Thread-block level

0 % R

Algorithm 2 details the candidate generation kernel of GIGP.
It initializes (Lines 3-5) and updates (Lines 6-10) a hash table to
compute the result. The initialization phase involves: (1) setting the
initial score of each candidate document to 0, and (2) marking all
document-query pairs as unseen. Subsequently, the algorithm iter-
ates over each element in 7 to update the document scores (Lines
6-10). Specifically, when a document-query pair is encountered
for the first time (i.e., marked as unseen), it is marked as seen, and
the vector score is added to the document’s cumulative score using
an atomic operation. At Line 10, AtomicAdd ensures thread-safe
score accumulation in concurrent executions [43]. This operation
is equivalent to ¥ [id].score « ¥;[id].score + (c, q). Finally, the
top-¢,.  documents with the highest scores are selected from the
hash table (Line 11) and returned as the intermediate result.

Next we show that under identical parameter settings for ¢. 4
and ¢y, Algorithm 2 produces the same results as Algorithm 1 in
[16]. The differences between the two algorithms are that IGP runs
the single-thread version of Algorithm 2. Thus, the claim reduces
to showing that each for loop outputs consistent results. At Line 10,
concurrent threads may update ¥ [id]. score simultaneously. The
AtomicAdd operation [4] ensures serialized score accumulation,
guaranteeing that only one thread modifies the score at any time.
The other loop code maintains correctness because each thread
operates on independent data spaces for its respective query vec-
tors. Consequently, the output of Algorithm 2 remains invariant to
parallelization, completing the proof.

Two parameters control the trade-off between the filtering qual-
ity and computational efficiency: (i) ¢.q,q4, Which specifies the
number of similar fetch operations per query vector, and (i) ¢y,
which defines the number of candidate documents selected for re-
finement. These parameters jointly influence the latency-accuracy
balance in retrieval. The parameter ¢.,,4 is tuned via the equa-
tion @eang = Ppb - Nivf, Where n;, ¢ denotes the average number
of documents associated with a centroid in the inverted file, and
$pp represents the number of probes per search. Recommended
parameter configurations are provided in Section 5.1.

Figure 4 presents the performance profiling results for GIGP.
We decompose the processing time into three components: the
query encode step (Step 0), the candidate generation kernel (Step 2),
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(a) Example in Alg'zThread Evaluation sequence (d) First result of ¥; in Alg.2
Block T Content e Document | Vo | Vp | Vp [ Ve | Vi
B1 N T[q1] (Vg, 44) (Vp, 44) (Vi, 44) (V4, 40) (V, 40) G| V|V x|V

B2 WV T[] (Va, 64) (Vi 64) (V, 53) (V, 53) (V, 53) C————y |isSeen|q, | ¥ | ¥ | v | ¥ | *

B3 A/ T[q3] (Vi, 36) (Vi, 36) (Vi, 36) (Va, 34) (Vg, 34)

(b) Parallelize Line 8 in Alg.2

Case 1 Case 2

Block 1 Block 2 Block 3 Block 1 Block 2 Block 3 \=> Document | V, | Vp | Vp | Vg | Vr
T1$ [T28 [T38 [T43 [T58 [T63 Eval. T18 [T28 [T38 [T48 [T58 [T63 |l v|viv]|«]|v
Tla1] (Tla1]1|T[92] [T'la:] |T[qs] [T [as] Tlg11 |Tla1] |T[az2] |T[a2] [T [a3] [T [a3] isSeen|q, | v | v | v | v x
Vg, 44 Vi, 44 |V,, 64 V5, 64 V5,36 [V, 36 | S8 v, 44|V, 40|V, 64 [V, 64 [V, 36 [Vi, 36 z
Vp, 44|V, 40 Vg, 53 Vg, 53 [Vp, 36 [V, 34 Vg, 44 Vi, 44 |V, 53 [V, 53 [V, 36 |V, 34 G| Y | Y|V x |V
Va, 40 Vp, 53 Vs, 34 Va,40 Vb, 53| Vs, 34 Score [ 138 | 140 [ 133 | 53 | 80

(c) Example in Alg.3

q | v v v x v
Score 138 | 144 | 133 | 53 | 80

(e) Second result of ¥; in Alg.2

(f) Result of ¥, in Alg.3

Case 1 ﬁ Case 2
B133/B283B333B433[B532B68S B133[B233[B333

G411 (9q1,2 [9q2,1 (9q2.2 (9431 |Gg32 | Eval. Gg11 [9q1,2 |Gq2,1
Vi, 44 Ve, 44 Vs, 64V, 53 Vi, 36 Vi, 36 | seq. Vi 40 Vp, 44V, 64
Vg, 40|V, 44 Vs, 53 Vi, 53 |V, 34 [V, 36 Vg, 40 |Vy, 44 Vg, 53
V,, 40 Vs, 64 Vs, 34| Vg, 44 Vs, 64

Figure 3: Comparison of candidate generation kernel

Doc. | V, Vg Vp Vg Vi

Ba33ps3slpesy C—p | @ | 40 | 4 | 4 | 0 | 4

Ga2,2 9431 9g32 ... q, | 64 | 64 | 53 | 58 0

Ve, 53V, 36V, 36 qs | 34 | 36 [ 36 | 0 | 36

Vs, 53 Vg, 34|Vr, 36 Score| 138 | 144 | 133 | 53 | 80
V,,34]

implementations and their resulting hash table states.

assigned to each query vector and processes the elements of 7 [q]
sequentially. Consider the score computation for document Vp.
Thread block B1 adds 44, B2 adds 64, and B3 adds 36, resulting in
¥ [VB]. score = 44+64+36 = 144. With the computation for all doc-
ument scores, we obtain the hash table shown in Figure 3(d), where
VB is correctly returned as the result. In this case, the algorithm
consistently produces the same output.

7540 KX Query Encode 1 Other Steps
é K2X] Cand. Gen. (Step 2)

g Top-100 Top-100
820

o+

5; Top-10 Top-10

o LOTTE pooled MS MARCO

Figure 4: Performance profiling of GIGP.

and the remaining steps. The results indicate that Step 2 consti-
tutes the primary bottleneck. The subsequent section addresses
optimizations targeting this step. In particular, Achieved Occu-
pancy (AO) and the synchronization overhead are enhanced and
reduced through (1) an advanced candidate generation kernel (Sec-
tion 4.3) and (2) the score reordering mechanism (Section 4.4), re-
spectively.

4.2 Race condition in parallel nested loop

As analyzed in Section 4.1, the performance bottleneck of Algo-
rithm 2 stems from limited parallelism. In particular, the algorithm
parallelizes each query vector (with the number of vectors 32) at
Line 6, which under-utilizes the test device’s 72 SMs (each sup-
porting 1,024 concurrent threads). A natural optimization is to
introduce nested parallelism: parallelizing the iteration over query
vectors q € Q (Line 6) at the thread-block level, and processing the
elements within 7 [¢] (Line 7) at the thread level. However, paral-
lelizing the inner loop over 7 [g] introduces a race condition [43].
The following example illustrates this issue.

Example 3. Figure 3 presents an example derived from Figure 1,
with parameters $cang = 2, frer = 1, and k = 1. Figure 3(a) de-
picts the sequential execution where Line 7 of Algorithm 2 is not
parallelized. In this case, a single thread within a thread block is

However, parallelizing Line 7 can cause incorrect results due to
race conditions. In the parallel scheme (Figure 3(b)), the tuple array
7 [q] for each query vector q is processed by a thread block contain-
ing multiple threads (two in this example). Their non-deterministic
execution order leads to varying outcomes because the algorithm
depends on the score update sequence. Consider pairs (Vp, 44) and
(VB,40) in 7 [q1] handled by block B1 with threads T1 and T2:

Case 1: T1 processes (Vp, 44) first, followed by T2 processing
(VB,40). The score is updated as 44 + 53 + 36 = 144 (correct).

Case 2: T2 processes (Vp, 40) first, followed by T1 processing
(VB, 44). The score becomes 40 + 53 + 36 = 140, leading to the hash
table state in Figure 3(e) and an incorrect output of V4.

The race condition in this example arises because multiple score
pairs with the same document identifier (e.g., (Vp, 44) and (V3, 40)
in 7 [q1]) are processed concurrently. Sequential execution en-
forces a deterministic order, whereas parallel execution breaks this
ordering and introduces non-determinism.

4.3 Advanced candidate generation kernel

Algorithm 3 shows the candidate generation kernel of GIGP*. Com-
pared with Algorithm 2, the proposed kernel incorporates three
enhancements: (1) it replaces the isSeen data structure with a
cached value ¥, [id][g] (Line 6) to store the maximum score per
query vector, max,ey{q, v); (2) it adopts AtomicMax (Line 15) in-
stead of AtomicAdd for scanning the tuple array, along with a score
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Algorithm 3 Candidate generation kernel of GIGP* (Query Q)

System parameters: ¢cqnd, Prefs W

T« PrepareTupleArray(Q, ¢cand) > Algorithm 1
: Sy « Set of unique document IDs in 7; 77 «— 0

¥, < Create a hash table keyed by document ID

. parallel for each id € Sy do > Thread level
Initialize W2 [id].score < 0

Initialize W2 [id][q].score «— 0 for each g € Q

: parallel for each g € O do > Thread level
8: Gq.1,Gq2 - - -»Ggw < ScoreReorder(7 [q]) v Section 4.4

AU B -

N

9: parallel for i = 1 to w do > Thread level
10: 7" .append(Gy,i) > Atomic append
11: parallel for every G € 7’ do > Thread-block level
12 83 « set of unique document IDs in Gg,;

13: Cache ¥, [id][q] in shared memory, for every id € S3

14: parallel for each (id, (c,q)) € G4, do > Thread level
15: AtomicMax (¥, [id] [q].score, {c, g))
16: parallel for each id € S; do > Thread level

17: Y2 [id].score « X gep ¥2[id][q].score

18: S) « top-¢,.r document IDs from ¥; by ¥z [id].score
19: return S;

addition reduction step (Lines 16-17); and (3) it partitions the score
tuple array 7 [q] into several groups (Line 8), ensuring that tuples
with the identical document IDs are grouped together (Lines 7-10,
detailed in Section 4.4). Specifically, score group processing is orga-
nized hierarchically: each score group is handled at the thread-block
level, while individual score tuples (Line 14) are processed in par-
allel at the thread level. Other loops in the algorithm are similarly
parallelized at the thread level.

Theorem 1. Under identical parameter settings for ¢cang and $ref,
Algorithm 3 produces the same results as Algorithm 2.

Proor. Bothalgorithms return the top-¢,  documents based on
the scores in the hash table. Denote S; as the set of keys in ¥;. Thus,
it suffices to show that S| = Sz and ¥ [id].score = ¥2[id].score
for every document ID id.

First, we prove S{ = 8>. This holds because the key of both hash
tables is the set of document IDs in 7 and both algorithms compute
7 identically.

Next, we demonstrate ¥;[id].score = ¥;[id].score for every
id € 8. Define T [q][id] = {{c,q) | (id,{c,q)) € T [q]} as the set
of scores associated with document id in 7 [q]. We show that both
algorithms compute the document score as:
¥ [id].score = Z scrg, where scrg = {0’ if71qllid] =0,

q€Q

For Algorithm 2, the score tuples in 7 [q] are sorted in ascend-
ing order of (c, g) (Lines 2-9 in Algorithm 1). When updating the
hash table (Lines 6-10 in Algorithm 2), the algorithm adds the
score only the first time a document-query pair is encountered,
which corresponds to the maximum score in 7" [g] [id]. Thus, scrg =
max (7 [q][id]) when 7 [q][id] # 0, and scrq = 0 otherwise.

max(7 [q][id]); otherwise.
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Table 2: Comparison of candidate generation kernels. AO:
Achieved Occupancy (detailed in Section 3.3).

Algorithm Example Fig. AO Recall
Alg. 2 Fig. 3(a) Low  High
Alg. 2 with Line 7 parallelized  Fig. 3(b) Medium Low
Alg. 3 Fig. 3(c) High High
sv#t ) ( smM#z ) SM#1 - N/ SM#2
AN V440,80 | | AN paa ||V Vo4t Vad0 AN Vp 44
N\ V), 44 AN\ Vg, 40 M V40 ) i Vo, 44
Y, lAtomchax 1Atom|cMax
Atomic Cahche Shared memory Shared memory
request Dot L Doc.| Vs | Vg Doc.| Vp | Vi | Vi
GPU global memory N g1 | 40 | 44 g |44 0 | 44
Doc.| Va | Ve | Vo | Ve | Ve ] Copy ] Copy
[ q, | 40 | 44 | 44 | O | 44 [ GPU global memory

(a) Without score reorder (b) With score reorder

Figure 5: Comparison with and without score partition

For Algorithm 3, because tuples sharing the same document ID
are assigned to the same score group, the algorithm (Line 15) en-
sures that ¥, [id] [q].score stores max (7 [q][id]) whenever 7 [q][id]
is non-empty, and remains 0 otherwise. Summing these values
across all query vectors (Line 17) yields the same document score
as in Algorithm 2. Therefore, both algorithms produce identical
results. O

Example 4. Figures 3(c) and (f) depict the execution of Algorithm 3
and the corresponding hash table state, respectively. The parameters
are set as Pcand = 2, Pref = 1, w = 2, and k = 1. Each score group
Gq.i is assigned to a thread block containing two threads. Consider
the processing of Gg,,1, thread block B1 and the score calculation
for the pair (q1, VB) in the hash table. According to Lines 10-14 in
Algorithm 3, the score for (q1, Vg) is determined by the maximum
score associated with Vp in Gg, 1, which is 44. This yields the per-
query scores shown in Figure 3(f). The document score is computed
by summing all per-query scores, resulting in Vg being returned as
the top result, consistent with the outcome in Figure 3(d).

Table 2 summarizes the characteristics of the three algorithms
compared. The variant "Alg. 2 with Line 7 parallelized" fails to
preserve accuracy due to race conditions. We refer to Section 3.3
for Achieved Occupancy (AO) and to Section 5.1 for Recall. We
shall verify these characteristics in Table 6 in the experimental
study. The results demonstrate that Algorithm 3 simultaneously
maintains high accuracy and achieves a high degree of parallelism,
outperforming the other approaches.

Hash table implementation. Hash tables often employ separate
chaining [15] or open addressing [18, 27] as underlying data struc-
tures, which can introduce hash collisions and increase lookup
overhead. In Algorithm 3, since the keys (document IDs) are enu-
merable, we implement the hash table using a direct-addressed
array. Specifically, after Line 2, we compute an index array map-
ping each candidate document to a unique position. This index
array is then used to directly address key-value pairs in the hash
table, ensuring O(1) lookup cost without hashing overhead.
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4.4 Reducing inter-SM communication

The performance bottleneck stems from extensive atomic max op-
erations (Line 15) performed across the GPU global memory. Specif-
ically, such step (Line 15 in Algorithm 3) is attributed for 40% of
the overall process in MS MARCO. This bottleneck arises because
the hash table ¥, (Line 3)—with a size of 33 MB for MS MARCO—
exceeds the capacity of shared memory (typically ~100 KB), thereby
forcing atomic updates to the global memory. To address this limi-
tation, we introduce score reordering through document-level par-
titioning, as illustrated in Figure 5. The baseline approach (Fig-
ure 5(a)) incurs costly inter-SM communication because the hash
table cannot reside entirely in shared memory. In contrast, our
score reordering technique (Figure 5(b)) restructures the compu-
tation so that scores with the same document ID are aggregated
within an individual SM. This optimization enables efficient intra-
SM communication through shared memory, significantly reducing
the inter-SM synchronization overhead.

The score reordering mechanism operates in two phases. In the
offline phase, we uniformly and sequentially partition documents
to each score group and record the positions of the score groups
in the inverted file. During retrieval, the algorithm forms a score
group by gathering the corresponding score group for each centroid
from the inverted file (Line 8). Each thread block then scans the
gathered score group to compute the score pairs. Each group Gg i
is processed in a dedicated thread block (Line 11), enabling efficient
use of shared memory. Let ng be the size of shared memory. The
number of groups w is set to |D|/ns, a value chosen so that each
size of score group occupies the full capacity of the available shared
memory.

Sensitivity to Vector Dimensionality. Higher dimensionality
increases GPU memory usage only slightly and has no effect on the
latency of atomic operations or synchronization overhead. This is
because only the centroid vectors and scalar quantization (SQ) codes
are dependent on dimensionality. In our implementation, centroid
vectors reside in GPU memory (requiring 64 MB for MS MARCO),
while SQ codes are stored in host memory. Atomic operations and
synchronization involve only the inner product scores, which are
independent of the vector dimensionality.

4.5 Efficient scheduling

The workflow of GIGP* (Figure 2) includes the computation (steps
1, 2, and 4) and transfer (step 3). A naive solution serially performs
computation and transfer. However, this schedule suffers from GPU
underutilization because the CUDA cores and transfer bandwidth
are idle alternately. To avoid this, GIGP* implements a concurrent
pipeline that runs across different queries. It identifies each step as a
task and schedules the tasks on the CPU. Each CPU thread manages
the tasks of a query by atomic variables [10], which are marked
as occupied during resource access and released upon completion.
This ensures efficient inter-query parallelism without resource con-
tention.

5 Experimental Study

We first introduce the experimental settings in Section 5.1. Then,
Section 5.2 compares our method with state-of-the-art GPU-based
approaches. Ablation studies and indexing performance analysis
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Table 3: Statistics of the experiment datasets

Dataset # Document # Vector # Vector per set # Query
Touche-2020 382K 40M 105 49
Quora 523K 8M 16 1,000
LoTTE pooled 2.4M 266M 109 2,931
NQ 2.TM 229M 85 3,452
DBPedia 4.6M 297TM 64 67
HotpotQA 5.2M 283M 54 7,405
MS MARCO 8.8M 596M 67 6,980
Wikipedia 21.0M 2,468M 117 6,515

are presented in Section 5.3. Finally, we compare the performance
with CPU-based methods in Section 5.4.

5.1 Experimental settings

Datasets. We use the datasets (see [1, 2, 7] for source) in Table 3
for performance evaluation, which are widely used in informa-
tion retrieval. In particular, Touche-2020, Quora, NQ, DBPedia,
HotpotQA [49] and MS MARCO [39] belongs to the BEIR [44]
benchmark. LoTTE pooled [41] and Wikipedia [28] aim for passage
retrieval, whose query and passages are extracted from StackEx-
change, and Wikipedia articles, respectively. Following [40], we use
ColBERTv2 [41] to generate the query and document multi-vectors.
The vector dimensionality is 128 from the model settings. We note
that our solution also applies in the multi-modal settings [34, 35].

Competitors. To demonstrate the indexing and query performance
of our method, we compare our solutions GIGP* with GPU-based
methods and CPU-based methods. GPU-based methods includes
the GPU version of PLAID [40]! (called PLAID-GPU) and our basic
solution GIGP. The CPU-based methods include IGP? [16], PLAID,
DESSERT? [21], EMVB* [38], MUVERA® [25] and XTR/WARP®
[42], the six state-of-the-art solutions in multi-vector retrieval. We
use all threads and the GPU to build the index.

Parameter settings. We tune the parameters of the competi-
tors from their recommendation settings and show their best per-
formance in terms of efficiency and accuracy. As shown in Sec-
tion 4.1 and Section 4.4, we set the parameter of both GIGP and
GIGP™ as (Bpbs Pref) as (4,200) and (12,1000) when k = 10 and
k =100, respectively. For IGP, we set (np, $,p, Pref) as (8, 8,400)
and (32,32, 1000) when k = 10 and k = 100, respectively. For EMVB,
we set (nprobe, thresh, out-second-stage, thresh-query, n-doc-to-
score) as (1, 0.3, 64, 0.4,200) and (6, 0.4, 256, 0.4, 256) when k = 10
and k = 100, respectively. In CPU-based multi-threaded scenarios,
XTR/WARP, DESSERT and PLAID specify the thread count as a
parameter, while IGP, EMVB and MUVERA assign each thread to
process a separate query. In QPS-accuracy comparison, we test
over the recommended settings in [37] for PLAID. The parameter
settings of IGP-based methods (i.e., GIGP and GIGP") are tuned as
follows. When k = 10, the parameter ¢, is finetuned in the range
{1,2,4,8,16,32} and ¢ref is finetuned in {20, 50, 100, 200, 300, 400,

!https://github.com/stanford-futuredata/ColBERT/tree/fast_search
Zhttps://github.com/DBGroup-SUSTech/multi- vector-retrieval
Shttps://github.com/Third AIResearch/Dessert
*https://github.com/CosimoRulli/emvb
Shttps://github.com/viig99/muvfde
®https://github.com/jlscheerer/xtr-warp
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Table 4: Performance comparison in GPU-based solution.

Method \ k=10 \ k =100
‘ QPS Lat.(ms) MRR Recall AO(%) NC #Cand. QPS Lat(ms) MRR Recall AO(%) NC # Cand.
Dataset: LoTTE pooled
PLAID-GPU | 129.3 7.7 543 519 459 158.6M 14K 73.5 13.6 553 711 46.9 263.5M 26K

GIGP 185.3 5.4 53.6  50.7 12.2  43.2M
GIGP* 930.2 1.3 53.7  50.7 653 37.7M

200 65.6 15.3 55.0 712 10.7  87.9M 1K
200 555.1 2.0 55.0 71.2 62.5 86.8M 1K

PLAID-GPU | 127.7 7.9 852 67.6 47.7  209.5M
GIGP 155.1 6.5 84.2 653 11.8  53.1M
GIGP* 604.4 1.7 84.2 653 66.0 49.3M

Dataset: HotpotQA
18K 53.9 18.6 857 79.8 47.3
200 62.3 16.1 853 7838 10.9
200 339.5 2.9 853 788 63.6  99.5M 1K

351.7M 33K
102.3M 1K

PLAID-GPU | 116.3 8.6 393  67.6 49.5 191.2M
GIGP 129.3 7.7 38.7 663 113 62.9M
GIGP* 588.9 1.9 38.7 664 66.7  60.9M

Dataset: MS MARCO
16K 66.2 15.1 40.5 904 47.6
200 62.7 15.9 40.3 90.3 11.1 98.1M 1K
200 448.6 24 40.3 90.3 64.6 94.8M 1K

3243M 29K

PLAID-GPU | 59.7 16.7 53.9 41.1 475 512.1M
GIGP 63.5 15.7 52.8 388 113 106.9M
GIGP* 267.6 3.7 52.8 3838 64.8 99.7M

Dataset: Wikipedia

44K 33.0 30.3 54.7 69.1 48.1 874.0M 82K
200 37.2 26.9 543 68.2 11.7  219.0M 1K
200 167.0 6.0 543 68.1 64.2 210.2M 1K

600}. When k = 100, the parameter ¢}, is finetuned in the range
{1,2,4,8,16,32} and ¢,ef is finetuned in {100, 200, 500, 1K, 1.2K,
1.4K, 1.6K, 1.8K, 2K}.

Performance metric. Following [40], we use Mean Reciprocal Rank
(MRR) and Recall as the accuracy measurement. We report Query
Per Second (QPS), Query Latency (Lat., milliseconds per query) and
the number of candidates (# Cand.) for efficiency metric. We report
Achieved Occupancy (AO) and the Number of Cycles (NC) for the
explanation of the searching time, as explained in Section 3.3.

Platform. The experiment machine is equipped with an Intel(R)
Xeon(R) Gold 5318Y@2.10 GHz CPU with 48 threads, a NVIDIA
A10 GPU with 22GB device memory, and 512GB main memory
with Linux version 4.15.0. All codes for the searching procedure
are written in C++17 and compiled with the -O3 optimization flag.

5.2 Query processing evaluation

Table 4 and Table 5 compares the performance of all GPU-based
methods with different k, respectively. GIGP* offers the best overall
query performance on all datasets. In particular, GIGP* achieves
QPS improvement of up to 11.0x and latency reduction of up to
7.65x. This experimentally validates our design goal: (1) a highly
parallelized algorithm for efficient candidate generation, (2) a score
reordering mechanism that reduces the synchronization cost, and
(3) an efficient scheduling strategy for batch processing. The reason
GIGP* achieves the best performance can be concluded as follows:
(1) Compared with PLAID-GPU, GIGP™ leverages an effective prun-
ing strategy inspired by IGP [16] and enjoys a small number of
document candidates. This can be reflected in the significant reduc-
tion in NC. (2) Compared with GIGP, GIGP* proposes an optimized
candidate generation kernel that enhances parallelism and a score
reordering technique that reduces the number of global memory
synchronizations, leading to improved AO.

Figure 6 and Figure 7 compare the QPS-accuracy tradeoff with
k =10 and k = 100, respectively. We carefully finetune the retrieval

parameter of the baseline methods and GIGP* and select the Pareto
frontier to plot the figure. GIGP* consistently outperforms the
baseline on all of the benchmarks. On average, GIGP* achieves
6-10x speedup on the same accuracy level. This shows GIGP™ is
faster than the baseline methods.

5.3 Ablation study and indexing performance

Section 4.4 introduce the score reordering technique with param-
eter w. Figure 8 shows the influence of different w. Throughput
decreases as w increases and reaches a maximum at w = |D|/ns.
This is because a larger w requires more thread blocks, thereby
reducing the throughput. Therefore, we suggest setting w so that
the score group fully occupies the shared memory.

In this subsection, we evaluate the individual contribution of
each key component in GIGP" to the overall performance. We
disable specific modules one at a time and compare the QPS and
Recall@100. In particular, As shown in Table 6, the removal of differ-
ent components leads to varying degrees of performance degrada-
tion. w. Alg.2 substitutes the advanced candidate generation kernel
(Algorithm 3) with the basic version (Algorithm 2). w. Alg. 2 L7
parallelized modifies the basic candidate generation kernel (Algo-
rithm 2) by parallelizing Line 7. While this version yields a higher
QPS and Occupancy compared to the simple kernel replacement,
it fails to maintain practical search accuracy. The improvement
in QPS comes at the cost of introducing race conditions, which
compromise the correctness of the results. This contrast highlights
the effectiveness of Algorithm 3 in achieving both high accuracy
and high parallelism. w/o Section 4.4 disables the score reordering
module in Section 4.4. w/o Section 4.5 disables scheduling strategy in
Section 4.5, forcing the system to compute and transfer sequentially.
The absence of each module incurs a decrease in QPS, confirming
the effectiveness of this technique. The optimal performance of
GIGP" relies on their combined effect. Removing all of them (i.e.,
GIGP) leads to a severe degradation, with QPS dropping by over
80%+.
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Table 5: Performance comparison in other datasets.

Method | k=10 \ k =100 \ k=10 \ k =100
| QPS  MRR Recall | QPS MRR Recall | QPS MRR Recall | QPS MRR Recall
Dataset: Touché-2020 Dataset: Quora
PLAID-GPU | 1448 49.6 167 | 100.1 50.7  47.6 1628 828 885 120.7 832 979
GIGP 256.6 51.2 16.5 79.8 52.2 47.8 362.1 82.5 88.7 110.8 82.8 97.9
GIGP* 1081.1 51.2 16.4 | 671.6 52.2 47.7 1855.3 825 88.6 1828.2 82.8 97.9
Dataset: NQ Dataset: DBpedia
PLAID-GPU 85.2 50.4 74.8 51.7 51.4 92.7 164.9 85.6 32.0 102.5 85.9 61.1
GIGP 112.9 49.3 73.0 36.6 50.4 92.4 182.1 86.6 29.3 80.7 84.7 56.5
GIGP* 947.0 494 732 | 5974 504 924 | 657.0 86.6 29.0 | 5149 847 571
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Figure 6: QPS-MRR comparison with the number of retrieved documents k = 10. A higher QPS is better.
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Figure 7: QPS-Recall comparison with the number of retrieved documents k = 100. A higher QPS is better.
Table 6: Ablation study with k = 100 Table 7: Comparison of Index Size and Index Time.
Method LoTTE pooled MS MARCO Method LoTTE pooled MS MARCO
QPS AO(%) Recall QPS AO(%) Recall Index Size Index Time Index Size Index Time
w. Alg.z 782 114 712 713 135 90.3 MUVERA 45.8 GB 02h 167.8 GB 05h
w/o Section 4.5 361.7 53.0 71.2 273.8 49.6 90.3 IGP 98 GB 11h 225 GB 20h
GIGP 65.6 10.7 71.2 62.7 11.1 90.3 XTR/WARP 18.6 GB 23h 27.5 GB 45h
2% $pp=4, $rer=200 =~ @pp =12, $rer=1000 PLAID-GPU 9.7 GB 1.0h 223 GB 1.9h
600 GIGP 9.7 GB 1.0h 22.3 GB 19h
800 GIGP* 9.7 GB 1.0h 22.3 GB 19h
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v 600

o
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200
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Table 7 compares the Index Size (in device memory and host

00@ 500 1°°°W15°0 2000 2500 Oolﬂ 2000 4003‘1 6000 8000 memory) and the Index Time of different methods. Two key find-
(a) LoTTE pooled s (b) MS MARCO ings are observed: (1) GIGP"’s index size is significantly smaller
Figure 8: Comparison of QPS with different w. than MUVERA and DESSERT. This reduction in memory footprint

is achieved through Vector Quantization and Scalar Quantization,
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Table 8: Comparison with CPU-based methods.
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\ LoTTE pooled \ MS MARCO
Method k=10 k = 100 k=10 k = 100
QPS Q/$ MRR Recall| QPS  Q/$ MRR Recall| QPS  Q/$ MRR Recall | QPS  Q/$ MRR Recall
CPU-based methods (using single thread)
DESSERT 18.9 47K 52,5 484 11.2 28K 540 674 12.7 32K 349 584 9.9 24K 363 784
MUVERA 22.8 57K 53.7 50.6 12.7 32K 545 69.2 10.9 27K 383 67.5 9.4 23K 39.0 87.0
PLAID 21.5 53K 543 520 13.4 33K 553 710 11.8 29K 394 67.6 9.1 22K 40.5 90.4
EMVB 30.1 75K 53.8 503 18.6 46K 553 70.2 19.5 48K 383 64.8 15.8 39K 402 89.2
IGP 43.0 107K 53.9 50.9 21.8 54K 549 705 33.6 83K 38.6  66.5 19.8 49K 40.1  89.7
XTR/WARP 9.5 24K 51.3 505 27.2 68K 49.6 70.6 7.9 20K 353 635 12.8 32K 36.2 88.0
CPU-based methods (using all threads)
DESSERT 319.5 793K 525 484 | 166.6 414K 54.0 674 | 1534 381K 349 584 | 1303 324K 363 784
MUVERA 144.1 358K 53.7 50.6 53.2 132K 545 69.2 90.2 224K 383 67.5 25.7 64K 39.0 87.0
PLAID 50.1 124K 543 52.0 | 36.6 91K 553 71.0 | 448 111K 394 67.6 | 32.7 81K 40,5 904
EMVB 311.2 773K 53.8 503 |[239.1 594K 553 70.2 | 2173 539K 383 64.8 | 1943 482K 40.2 89.2
IGP 455.6 1131K 539 509 | 3205 796K 549 705 |3589 891K 386 66.5 | 2225 552K 40.1 89.7
XTR/WARP | 90.9 226K 513 50.5 | 2393 594K 49.6 70.6 755 187K 353 63.5 | 1159 288K 36.2 88.0
GPU-based methods

PLAID-GPU | 133.1 333K 543 519 82.5 207K 553 711 | 141.2 353K 393 67.6 84.8 212K 405 904
GIGP 213.3 534K 53.6 50.7 71.1 179K 550 71.2 | 1458 365K 38.7 66.3 713 179K 403 903
GIGP* 1051.5 2629K 53.7 50.7 |599.9 1500K 55.0 71.2 |665.3 1663K 38.7 66.4 |509.2 1273K 403 90.3

which encode each vector into a compact high-precision represen-
tation. In contrast, DESSERT requires storing extensive hash values
for each document vector, and MUVERA needs to store Fixed Di-
mensional Encodings (FDEs) for all multi-vectors. Both alternative
approaches scale directly with dataset size, making them less suit-
able for large-scale applications (2) All methods exhibit comparable
indexing time. This is because the time-consuming part of all meth-
ods is accelerated by GPUs, making these steps less of a practical
concern. In particular, the most time-consuming step—clustering—is
GPU-accelerated in XTR/WARP, PLAID, DESSERT, EMVB, and
GIGP™*. Similarly, MUVERA employs a sketching-based method
that can be parallelized per multi-vector.

5.4 Comparison with CPU-based methods

Following [45, 51], we adopt queries per dollar (Q/$) as a key metric
for comparing cost-performance against CPU-based methods. It
measures the number of queries executable per US dollar spent and
is calculated by dividing the number of queries executed per hour
by the instance cost per hour. We use two hardware configurations
from Alibaba Cloud [9] with hourly billing for operating costs: (1) 32
vCPUs with 256 GB memory, costing US$ 1.45 per hour, dedicated to
CPU-based methods; (2) 8 vCPUs, 30 GB memory, and one NVIDIA
A10 Tensor Core GPU, costing US$ 1.44 per hour, for GPU-based
methods.

Table 8 presents a performance comparison with CPU-based
methods. Detailed settings of CPU-based methods can be referred
to Section 5.1. The results show that GIGP* achieves a 1.8-2.3x
improvement in Q/$ compared to CPU-based methods and 7-11.8x
improvements compared to GPU-based methods. This enhancement
stems from the effective use of the GPU architecture’s inherent

high parallelism and low synchronization overhead, combined with
reduced computational overhead.

6 Conclusion

In this work, we improve the performance of the multi-vector re-
trieval problem on GPU. Existing GPU-based solution PLAID-GPU
suffers from a large number of candidates. Although state-of-the-
art CPU-based method IGP reduces the number of candidates, it
fails to fully leverage the massive parallelism and the high memory
bandwidth inherent in GPU, leading to suboptimal performance.
Motivated by them, we propose GIGP?, a novel solution that in-
corporates three key optimizations. First, we introduce a highly-
parallelized candidate generation kernel, building upon the princi-
ples of IGP, achieving a low computation cost. Second, we design a
score ordering mechanism that reduces the synchronization across
different Streaming Multiprocessors (SM). Third, we propose a
scheduling strategy across CPU and GPU for efficient batch pro-
cessing. Experimental results on standard benchmarks demonstrate
that GIGP* achieves an 11.0x improvement in query per second
(QPS) and reduces latency by 7.6x compared to PLAID-GPU. As
for cloud pricing, it yields a 2.3X improvement on queries per dol-
lar over CPU-based solutions, at the same retrieval accuracy level.
As future work, we plan to extend GIGP* to support distributed
execution across multiple GPUs and compute nodes.
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