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Abstract

Ranking aggregation (RA), the process of aggregating multi-
ple rankings derived from multiple search strategies, has been
proved effective in person re-identification (re-ID) because of
a single re-ID method can not always achieve consistent su-
periority for different scenarios. Existing RA research mainly
focus on unsupervised and fully-supervised methods. The
former lack external supervision to optimize performance,
while the latter are costly because of expensive labeling ef-
fort required for training. To address the above challenges,
this paper proposes a quantum-inspired interactive ranking
aggregation (QI-IRA) method, which (1) utilizes quantum
theory to interpret and model the generation and aggregation
of multiple basic rankings, (2) approximates or even exceeds
the performance of fully-supervised RA methods with much
less labeling cost, even as low as only two feedbacks per
query on Market1501, MARS and DukeMTMC-VideoReID
datasets. Comparative experiments conducted on six pub-
lic re-ID datasets validate the superiority of the proposed
QI-IRA method over existing unsupervised, interactive, and
fully-supervised RA approaches.

Introduction

Person re-identification (re-ID) aims to retrieve the same
person across a group of networking cameras, which has
been widely applied in video surveillance and criminal in-
vestigation (Wang et al. 2020; Luo et al. 2021; Zahra et al.
2023). The existing re-ID research mainly focuses on de-
signing a single algorithm by improving the feature extrac-
tion (Ge et al. 2020; Cho et al. 2022), or metric learning
(Yuan et al. 2020; Liu et al. 2022) or re-ranking (Man-
souri, Ammar, and Kessentini 2021; Zhang et al. 2022).
However, due to the environment complexity, a single re-
ID method can not always achieve consistent superiority for
different scenarios, which means that it performs better on
some datasets and worse on others (as shown in Figure 1). In
this case, effectively aggregating the advantages of multiple
methods is essential to improve the robustness and general-
ization of the re-ID methods (Ye et al. 2016).
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Figure 1: Rank position changes of mAP performance
of six representative re-ID methods, including BoT (Luo
et al. 2019), Top-DB-Net+RK (Quispe and Pedrini 2021),
LightMBN (Herzog et al. 2021), FPB (Zhang et al. 2021),
LUPerson (Fu et al. 2021), and BDB (Dai et al. 2019), and
their aggregated ranking (by our proposed QI-IRA method)
on four public image re-ID datasets.

Ranking aggregation (RA) is a technique for obtaining
a better aggregated ranking from multiple basic rankings
(Deng et al. 2014), which has been widely applied in so-
cial choice (Borda 1781), biometric recognition (Wang et al.
2022), recommendation systems (Batchanowski and Bo-
ryczka 2022) and information retrieval (Wu et al. 2019).
The mainstream RA research can be generally classified as
unsupervised and fully-supervised methods (Oliveira et al.
2020). Unsupervised methods (Xiao et al. 2021) lack ex-
ternal supervision to directly optimize ranking aggregation
performance. Fully-supervised methods (Yu et al. 2020), in
contrast, require massive supervisory information which is
costly or even unavailable in the practical scenario. Recently,
an interactive RA method (IRA) (Huang et al. 2022) has
been heuristically proposed to fuse basic rankings with lin-
ear weighting guided by relevance feedback. Although IRA
improves ranking performance, it doesn’t provide the the-
oretical analysis and explanation of the rationality. And its
strategy of updating fusion weights relies on empirically set
model parameters, which limits the performance on different
datasets (Table 2).

In this paper, we propose a quantum-inspired interactive
ranking aggregation method (QI-IRA). The core idea is us-
ing quantum theory to model the generation and aggregation
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Figure 2: Framework of QI-IRA.

of basic rankings. According to quantum observation theory,
each observation corresponds to a set of uniquely orthogo-
nal bases in the state space. When an observation operation
is performed on a microscopic particle, its state will collapse
into one of the base states with probability (Yanofsky and
Mannucci 2008). Hence, the same microscopic particle will
produce different results under different observations. If we
analogize a microscopic particle to to a gallery image, and
various observation operations correspond to different re-
ID methods, then the generation of multiple basic rankings
can be explained as different observation results of the same
gallery image (microscopic particle) ranked (measured) by
various re-ID methods (observation operations).

Inspired by this, the non-stable performance of a basic re-
ID method can be ascribed to its incomplete observation of
a complex microscopic particle. Thus, RA is essentially the
fusion of multiple incomplete observations into a complete
one. In quantum theory, the above fusion process can be for-
mulated as the linear weighting of multiple basic density op-
erators, each corresponding to an in-complete observation.
According to Gleason’s theorem (Van Rijsbergen 2004), it
can be finally transformed into the linear weighting of ba-
sic rankings (Eq. 4), providing a theoretical motivation for
the linear weighting idea in previous RA methods such as
ER (Mohammadi and Rezaei 2020), CSRA (Yu et al. 2020)
and IRA. On this basis, QI-IRA introduces a new interac-
tive fusion weight updating scheme by aggregating quantum
observation probabilities of feedback samples.

The framework of QI-IRA is shown in Figure 2. First,
we obtain basic rankings from multiple re-ID methods, then
generate an initial ranking by mean RA and present it to
the user. The user conducts relevance feedback to the top-
K items in the aggregated result. After that, QI-IRA utilizes
the feedback information to adjust the fusion weights of ba-
sic rankings, generating the new round RA result. The above
process is repeated until the user is satisfied with the cur-
rent result. Compared with existing RA methods, QI-IRA
can achieve higher ranking performance with much less la-
beling cost, thus effectively address the native dilemma be-
tween performance and cost in practical applications.

In summary, our contributions are as follows:

* We apply, for the first time to the best of our knowledge,
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the quantum theory to RA problem. We present a quan-
titative interpretation of the generation of basic rankings,
and analyze the theoretical motivation for the classic lin-
ear weighting idea in previous RA methods.

We propose a QI-IRA method, which introduces a new
interactive fusion weight updating scheme inspired by
quantum observation theory. Since QI-IRA is extremely
light-weighted and parameter-efficient, it can therefore
be easily deployed to a variety of application scenarios.

We conduct extensive comparative experiments on four
image and two video re-ID datasets, on which QI-IRA
achieves consistent superiority over unsupervised, fully-
supervised and interactive RA baselines. Particularly, QI-
IRA can outperform fully-supervised RA methods with
as low as only two feedbacks per query on Market1501,
MARS and DukeMTMC-VideoRelD datasets.

Related Work

Depending on the availability of labeled data (Oliveira et al.
2020), the mainstream RA research can be generally clas-
sified as unsupervised and fully-supervised methods. Unsu-
pervised methods have no access to labeled data and rely
only on heuristic metrics, such as mean, median, and etc.,
to aggregate basic rankings. The Comb* family (Fox and
Shaw 1994) computes positional scores of items and com-
bines them using various strategies. ER is based on the half-
quadratic (HQ) theory and determines an optimal weight for
each methods. CG (Xiao et al. 2021) develops a graph-based
method and sorts items based on the ratio of out- and in-
degrees (ROID). Due to lack of external supervision, unsu-
pervised methods cannot directly optimize the final RA per-
formance (Nasteski 2017).

Fully-supervised methods, in contrast, utilize the labeled
data to improve the accuracy. As Learning-To-Rank (LTR)
methods, RankNet (Burges et al. 2005) is a pairwise method,
LambdaRank (Burges, Ragno, and Le 2006) introduces
Lambda gradients based on it, and LambdaMART (Wu et al.
2010) combines Lambda gradients and MART. CSRA eval-
uates the reliability score of each ranking and aggregates
them accordingly. However, fully-supervised methods re-
quire massive labeling information that is usually expen-
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Figure 3: Generation of multiple basic rankings.

sive or simply or unavailable in the practical applications
(Dourado, Pedronette, and da Silva Torres 2019).

To resolve the dilemma between performance and cost
faced by unsupervised and fully-supervised RA methods,
IRA is proposed to fuse basic rankings via linear weighting
guided by relevance feedback, which can improve the per-
formance under a small amount of labeling effort. However,
IRA does not properly analyze the rationality of the linear
weighting idea, and its weight updating rule heavily relies
on empirically set parameters, which are sub-optimal in the
comparison with QI-IRA (Table 2).

Quantum Preliminaries

Quantum probability formalism is based on vector spaces
using Dirac Notations, known as “bra-ket” notation. The
state vector of a microscopic particle is denoted by a unit
vector |d) (called as ket), and its conjugate transpose is de-
noted as (d| (called as bra). According to quantum obser-
vation theory, any observation operation corresponds to an
hermitian operator whose eigenvectors form a set of orthog-
onal bases {|R,,)} in the state space. The state observation
of a microscopic particle will cause the particle to collapse
from its original state to one of the eigenstates of the ob-
servation operator with a probability. In turn, the state vec-
tor can be expressed as the linear superposition of the base
vectors: |d) = > _, ¢m|Rp), Where ¢, is the probabil-
ity amplitude and ), _, |¢;,|* = 1. The probability am-
plitude is defined as ¢,, = (R,,|d), which is the projection
of |d) onto |R,,) , and its corresponding collapse probabil-
ity is p((Rim|d)) = |em|? = ||(Rm|d)||*. There are differ-
ent physical quantities of a microscopic particle that can be
observed, which means that the same particle state can be
represented and observed under different orthogonal bases.

Method

This section discusses the technical details of QI-IRA. We
first present a quantitative interpretation of the generation of
basic rankings, and then analyze the quantum-inspired ag-
gregation method for basic rankings.

Generation of Basic Rankings

Inspired by the quantum observation theory, in re-ID prob-
lem we consider a gallery image as a microscopic particle,
whose state can be represented as a vector in the retrieval
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space. And a basic re-ID method corresponds to a quan-
tum observation operation, which has a set of orthogonal
bases. Since re-ID is intrinsically an information retrieval
problem, hence the state space can be simplified by two type
of bases, one is relevant base | R) and the other is irrelevant
base \R) Figure 3a shows the ranking (observation) of two
gallery images (microscopic particles) under the same re-ID
method (observation operator), from which we care about
the collapsed projections of two state vectors |d;) and |d3)
to the relevant base |R). Figure 3b shows the rankings (ob-
servations) of the same gallery image (microscopic particle)
under two re-ID methods (observation operators), which is
essentially the collapsed projections of the same state vec-
tor |d) to two relevant bases |R;) and | Rs). In this case, the
algebraic representation of the state vector of the gallery im-
age can be formulated as:

) = a'|Ry) + 5| Ry)

) . 1
= 02|Ry) + B3| Ra)

where {a"} and {3} respectively correspond to the prob-
ability amplitude of the state of the gallery image under the
m-th observation’s bases {| R;,,) } and {|R,,)}. In this paper,
the probability amplitude is defined as o™ = /5™, where
s™ is the ranking score of the gallery image under the m-th
re-ID method. In turn, s™ = |a™|? = p((R,,|d)), indicat-
ing that the ranking score s”* is the collapse probability of
the gallery image under the m-th re-ID method.

Since the same gallery image can be described by bases of
various observation operators (re-ID methods), correspond-
ing to different collapse probabilities (ranking scores), thus
generating multiple basic rankings.

Aggregation of Basic Rankings

Assuming that the state of a gallery image is |d), and the
relevant base of a re-ID method is |R), its ranking score
(collapse probability) can be reformulated with Gleason’s
theorem (Van Rijsbergen 2004):

s = l(RId))”

= tr[(|d)(d]) - (|R)(R])]
= tr[Dp]

2)

where p = |R)(R)| is a basic density operator corresponding
to a single re-ID method, and D = |d)(d| is the state op-
erator corresponding to the gallery image. According to the
previous discussion, a single re-ID method represents an in-
complete observation. In order to obtain more accurate rank-
ing results, we adopt linear weighting to recover the latent
complete observation, whose state can be formulated as:

p= Z Win | Ry ) (B | 3)
m=1

where w,, is the fusion weights to allocate the individual
importance of incomplete observations in the complete one.
Substituting Eq. 3 into Eq. 2, the aggregated ranking score
s* of the gallery image under the complete observation can
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Algorithm 1: QI-IRA

Input: Query ¢ and basic ranking scores S = {s™
Output: Aggregated ranking scores sx*
Adopt Mean RA method to generate initial ranking
while not a satisfied ranking do
Collect ¥4 and U? using relevance feedback
Calculate new fusion weights {w M . byEq.5
Update the fusion weights {w! }M_, by Eq. 6
end while
Compute aggregated ranking scores s* by Eq. 4

m 1

AR A i S

be expressed as:
s* = Z W tr[D| Ry ) (R |]

N R |d) |12 (4)

where s™ = ||(R,,|d)||” is the ranking score of the gallery
image under the m-th re-ID method. This results motivates a
classic linear weighting idea for QI-IRA. But, in the follow-
ing, we will find that QI-IRA adopts a simple but effective
scheme to update the fusion weights empowered by quan-
tum observation theory.

In order to calculate the fusion weights, we adopts a rele-
vant feedback strategy similar to IRA. The basic idea is in-
troducing relevance feedback, i.e., user judgement, to evalu-
ate the current ranking result. From this we can increase the
weights of basic rankings that are consistent with the cur-
rent feedback set, and meanwhile, decrease the weights of
basic rankings that are inconsistent with it. However, unlike
IRA, QI-IRA does not use the standard deviation of ranking
scores to update the fusion weights {w.,}, but rather up-
dates it based on the collapse probabilities of the feedback
samples on basic re-ID methods, i.e., basic ranking scores.
Specifically, the fusion weight of the m-th basic ranking in
the ¢-th round is:

fn— | > [[{Rmldi)] |\I,q| Y I Ruldy))

dexI/q d;jev?
2 1
> o - >l
|\If Idvew ' \‘P(’Jd,ew
> S
dexlﬂ ‘\I/q d;jev?

&)
where |9 | and |UZ | are the number of gallery images in
the positive and negative feedback sets, respectively.

In the very beginning, since there is no user feedback, we
adopt the Mean RA method (Burges et al. 2011) by default
to obtain the initial ranking. Then, in the following itera-
tions, the user can give feedback on the top-K items in the
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current round!, and update the fusion weight using with a
momentum as:

! (6)

where 7 is the only model parameter in QI-IRA, which
controls the degree of weight updating. We will investigate
its dynamic performance in the experimental section. The
whole process is shown in Algorithm 1.

Before we start the experimental section, we need to em-
phasize again that although the linear weighting idea has
been widely used in previous RA methods like ER, CSRA
and IRA, none of them have theoretically analyzed or dis-
cussed the rationality of this idea. Moreover, some methods
heavily rely on empirically set model parameters in the pro-
cess of learning weights, which may be sub-optimal on new
datasets. In contrast, QI-IRA provides a new interpretation
of the generation and aggregation of basic rankings with the
help of quantum theory. Not only its weight updating mecha-
nism is simple (Algorithm 1) and efficient (Table 3), but also
the only model parameter -y is insensitive to the final RA per-
formance (Figure 5), which enables QI-IRA to achieve bet-
ter and more robust performance than the existing RA meth-
ods on different datasets (Table 1,Table 2 and Figure 4).

wh, =y xwl, +(1—7v) xw,

Experiments
Dataset and Metrics

We evaluate our method on four image re-ID datasets
(Market1501 (Zheng et al. 2015), DukeMTMC-reIlD (Ris-
tani et al. 2016) and CUHKO3 detected and labeled (Li
et al. 2014)), and two video re-ID datasets (MARS (Zheng
et al. 2016) and DukeMTMC-VideoReID (Wu et al. 2018)),
which are all popular benchmarks evaluated in various per-
son re-ID studies. We use official training sets to train basic
re-ID and fully-supervised RA methods, and use official test
sets to evaluate all RA methods. Two classic performance
evaluation criteria, i.e., Rank@1 and mAP (Ye et al. 2021)
are used in the following experiments.

Implementation Details

We use QI-IRA(K, T) to represent our method, where K
denotes the number of feedback samples in each interaction
round and 7" denotes the maximum number of interaction
rounds. So K x T is the total number of feedback samples.
In the weight adjustment step of QI-IRA, the fusion factor v
is set to 0.7 for the weight of the new round when fusing the
weights calculated from two adjacent interaction rounds.

For fully-supervised methods, we use the original codes
directly in our experiments (LambdaMART?, LambdaRank
and RankNet?).

Comparison with Unsupervised RA Methods

We compare QI-IRA with sixteen representative unsuper-
vised RA methods, including the Comb* family (Comb-
MIN, CombMAX, CombSUM, CombANZ, CombMNZ),

'Tf some samples in the top-K items have been labeled in the
current round, it will be postponed until K new samples are labeled

Zhttps://github.com/saleed/lamdamart

*https://github.com/houchenyu/L2R/tree/master
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Image Dataset Video Dataset

DukeMTMC- CUHKO03 CUHKO03 DukeMTMC-

Market1501 relD (detected) (labeled) MARS VideoReID
Method Venue R@1 | mAP | R@1 | mAP | R@1 | mAP | R@1 | mAP | R@1 | mAP | R@1 | mAP
CombMIN NIST SP’94 | 96.08 | 94.26 | 91.83 | 88.88 | 79.86 | 80.33 | 81.71 | 82.62 | 91.01 | 85.42 | 95.44 | 94.41
CombMAX NIST SP’94 | 95.64 | 91.29 | 89.45 | 82.62 | 81.29 | 78.79 | 83.79 | 81.68 | 90.20 | 84.67 | 95.87 | 94.59
CombSUM NIST SP’94 96.67 | 92.88 | 92.06 | 85.68 | 83.00 | 81.06 | 86.36 | 84.35 | 91.21 | 85.97 | 95.44 | 94.76
CombANZ NIST SP’94 | 94.33 | 86.40 | 85.77 | 76.74 | 75.50 | 74.80 | 81.21 | 79.21 | 87.12 | 78.79 | 95.58 | 94.22
CombMNZ NIST SP’94 | 96.67 | 89.14 | 92.15 | 81.66 | 83.07 | 81.78 | 86.36 | 84.87 | 91.16 | 82.77 | 95.44 | 94.77
BordaCount SIGIR’01 96.67 | 92.88 | 92.06 | 85.68 | 83.00 | 81.06 | 86.36 | 84.35 | 91.21 | 85.97 | 95.44 | 94.76
Dowdall IPSR’02 96.65 | 93.50 | 91.20 | 86.79 | 84.50 | 82.30 | 87.21 | 85.13 | 91.21 | 86.28 | 95.87 | 95.22
Median SIGMOD’03 | 96.62 | 93.37 | 91.92 | 8593 | 85.29 | 82.84 | 87.07 | 85.09 | 91.36 | 86.58 | 96.58 | 95.78
RRF SIGIR’09 96.88 | 93.41 | 92.46 | 86.74 | 83.64 | 81.89 | 86.64 | 84.85 | 91.41 | 86.46 | 95.44 | 94.89
iRANK JIST’10 96.50 | 94.35 | 92.32 | 88.17 | 84.86 | 83.85 | 87.00 | 86.38 | 91.26 | 86.87 | 96.58 | 95.81
Mean PMLR’11 96.44 | 94.55 | 9224 | 88.57 | 84.71 | 84.40 | 86.93 | 86.91 | 91.26 | 87.15 | 96.58 | 95.81
HPA ECIR’20 96.44 | 94.74 | 92.10 | 89.09 | 81.64 | 82.23 | 83.57 | 84.52 | 91.26 | 86.59 | 96.30 | 95.52
PostNDCG ECIR’20 96.47 | 92.09 | 91.47 | 84.47 | 8250 | 79.72 | 83.71 | 81.92 | 90.05 | 83.71 | 96.01 | 95.31
ER OMEGA’20 | 96.64 | 92.89 | 92.15 | 85.68 | 83.14 | 81.09 | 86.36 | 84.42 | 91.26 | 8598 | 96.15 | 95.15
CG JORS’21 96.67 | 92.88 | 92.06 | 85.68 | 83.00 | 81.06 | 86.36 | 84.35 | 91.21 | 85.97 | 95.44 | 94.76
DIBRA LSA’22 96.44 | 94.58 | 92.37 | 88.69 | 84.64 | 84.39 | 86.86 | 86.91 | 91.26 | 87.19 | 96.58 | 95.77
QI-IRA(1,1) Ours 96.44 | 94.55 | 92.37 | 88.63 | 84.79 | 84.41 | 87.07 | 86.93 | 91.26 | 87.15 | 96.58 | 95.81
QI-IRA(2,1) 97.15 | 94.74 | 92.68 | 88.74 | 84.93 | 84.54 | 87.57 | 87.26 | 93.37 | 87.72 | 98.52 | 97.01

Table 1: Comparison results between QI-IRA(K, T') and unsupervised methods. Here the bold underline indicates the best

value and the bold indicates the second best.

Image Dataset Video Dataset
DukeMTMC- | CUHKO3 CUHKO03 DukeMTMC-
Method Market1501 relD (detected) (labeled) MARS VideoreID
T=T [ T=3 | T=1 | T=3 | T=1 | T=3 | T=1 | T=3 | T=1 | T=3 | T=I | T=3
TRAR(KT) | 9285 | 93.02 | 86,75 | 87.03 | 82.62 | 83.11 | 8553 | 86.04 | 85.43 | 8624 | 93.46 | 93.60
K=1 | TRAG(K.T) | 94.56 | 9476 | 88.58 | 88.56 | 84.42 | 84.36 | 86.91 | 87.29 | 87.15 | 87.92 | 95.81 | 96.17
QLIRA(K,T) | 94.55 | 95.04 | 88.63 | 88.75 | 84.41 | 84.87 | 86.93 | 87.37 | 87.15 | 88.31 | 95.81 | 97.82
TRAR(K,T) | 94.70 | 95.01 | 88.82 | 89.40 | 84.82 | 89.64 | 87.19 | O1.41 | 87.00 [ 90.13 | 96.04 | 97.05
K=3 | TRA(K.T) | 94.77 | 9495 | 88.67 | 88.91 | 84.48 | 89.15 | 87.48 | 91.41 | 87.98 | 90.07 | 95.88 | 96.81
QI-IRA(K.T) | 94.98 | 96.10 | 88.91 | 90.21 | 84.87 | 92.26 | 87.55 | 93.80 | 88.30 | 91.68 | 97.81 | 99.18
TRAR(K,T) | 94.83 | 95.28 | 88.90 | 90.07 | 86.08 | 93.12 | 88.03 | 93.80 | 88.67 | 91.39 | 96.65 | 9721
K=5 | IRAS(K.T) | 94.77 | 95.00 | 88.85 | 89.66 | 86.06 | 92.57 | 88.82 | 9430 | 88.86 | 91.41 | 96.35 | 96.91
QI-IRA(K.T) | 9535 | 96.92 | 89.24 | 91.85 | 87.11 | 95.55 | 89.40 | 96.46 | 89.70 | 93.42 | 98.73 | 99.36

Table 2: Comparison results of mAP (%) between QI-IRA and IRA. Here the bold indicates the best value.

BordaCount (Aslam and Montague 2001), Dowdall (Reilly
2002), Median (Fagin, Kumar, and Sivakumar 2003), RRF
(Cormack, Clarke, and Buettcher 2009), iRANK (Wei, Li,
and Liu 2010), Mean (Burges et al. 2011), HPA (Fu-
jita, Kobayashi, and Okumura 2020), PostNDCG (Fujita,
Kobayashi, and Okumura 2020), ER, CG and DIBRA (Akri-
tidis et al. 2022). The results on six re-ID datasets are shown
in Table 1.

In the Table 1, at K = 1, QI-IRA performs best in mAP
criterion on three of six datasets. At K = 2, QI-IRA ranks
the first position in the majority of cases. The possible rea-
son why QI-IRA is not the best in mAP on DukeMTMC-
relD is that there are more items in the basic rankings on
DukeMTMC-relD, which limits the performance improve-
ment when K x T is small. Still, on this dataset, QI-IRA
ranks the first in Rank@1 and the third in mAP at K = 2.

Comparison with Interactive RA Method

We compare QI-IRA with the interactive method IRA. IRA
uses the positive feedback information from interaction to
adjust weights, and its strategy consists of two types: ranking
position based (IRAR) and score standard deviation based
(IRAg). To ensure fairness, we test multiple combinations
of various feedback samples and interaction rounds.

Table 2 shows the comparative results of mAP between
QI-IRA and IRA on six re-ID datasets. It can be seen that:
(1) QI-IRA outperforms IRAR on all datasets under the
same experimental setup. In particular, at K =5 and T' =
3, the mAP of both methods has been better than 96.90%
on DukeMTMC-VideoRelD, where QI-IRA has mAP =
99.36%, still an improvement of 2.15% over that of IRAR.
(2) In the vast majority of cases, the mAP of QI-IRA is
higher than that of IRAg. When K =5 and 7" = 3, the mAP
of QI-IRA is 2.98% higher than that of IRAg on CUHKO03
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Figure 4: Comparison results between QI-IRA and fully-supervised methods.

Train Test Avg.

Method mAP (min) Int. | Agg. )

(s) | (ms)

CSRA 84.40 | 209.63 | 0.00 | 3.24 | 8.98
LambdaMART | 84.47 | 190.08 | 0.00 | 3.02 | 8.15
LambdaRank 83.04 | 162.06 | 0.00 | 1.49 | 6.95
RankNet 85.78 | 148.30 | 0.00 | 6.08 | 6.36
IRAR(1,1) 82.62 0.00 3.00 | 1.14 | 3.00
IRAs(1,1) 84.42 0.00 3.00 | 0.79 | 3.00
QI-IRA(1,1) 84.41 0.00 3.00 | 0.71 | 3.00

Table 3: Average time cost of QI-IRA, IRA and fully-
supervised methods on CUHKO3 (detected).

(detected). (3) QI-IRA demonstrates the superiority and ro-
bustness in varying datasets. The performance of IRA is con-
strained due to heuristic rules for fusion weights’ update. On
the contrary, QI-IRA puts forward a new and robust strategy
guided by quantum theory, making more effective use of the
small amount of feedback information.

Comparison with Fully-Supervised RA Methods

We conduct comparison experiments for QI-IRA and
four fully-supervised RA methods (CSRA, LambdaMART,
LambdaRank and RankNet).

Figure 4 shows mAP results of QI-IRA and fully-
supervised methods. On six re-ID datasets, the perfor-
mance of QI-IRA initial rankings doesn’t exceed that
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Figure 5: Sensitivity curves for parameter y at K =T = 1.

of the best fully-supervised method. QI-IRA outper-
forms all fully-supervised methods at K = 1 with only
two rounds of interaction on Market1501, MARS, and
DukeMTMC-VideoRelD, with four rounds of interaction
on DukeMTMC-reID and CUHKO3 (labeled), and with five
rounds of interaction on CUHKO3 (detected). Moreover, as
the number of feedback samples per round or interaction
rounds increases, the performance of QI-IRA grows signifi-
cantly on these datasets.
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Top-10 Aggregated Results
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Figure 6: Visualized examples of the Top-10 aggregated results at X' = 1 on the DukeMTMC-relD dataset. Images with green

bounding boxes indicate galleries that match the query.

Comparison on the Time Cost

Low time cost is a unique advantage of interactive methods
over fully-supervised methods. For fully-supervised meth-
ods, time costs include training time and aggregating time.
For QI-IRA and IRA, time costs consist of interacting time
and aggregating time. Estimating a 3-second average inter-
acting time per gallery, the total interacting time can be cal-
culated by K x T'. Because the performance of QI-IRA
varies discretely with K x T', we compare the time cost of
methods when their performance is similar in mAP.

Table 3 shows the average time cost per query of QI-IRA,
IRA and fully-supervised methods on CUHKO3 (detected).
It’s obvious that the average time cost required for QI-IRA is
lower than that of fully-supervised methods. Compared with
them, QI-IRA can start RA process and obtain results more
quickly in practical applications. In addition, compared with
IRA, QI-IRA approximates or even exceeds the performance
of IRA with less time cost, reflecting that QI-IRA can utilize
feedback information more effectively.

Parameter Sensitivity Analysis

The parameter + is the fusion factor for the weight of the new
round when fusing the weights calculated from two adjacent
interaction rounds. Figure 5 shows its sensitivity curves on
six re-ID datasets at K’ x T" =1 as an example. The y curves
remain stable between 0.5 and 0.9, indicating little impact
on aggregation performance. Overall, to be on the safe side,
we set y to 0.7 as the default in QI-IRA implementation.

Qualitative Result

Several visualized examples of changes in Top-10 samples
between the initial ranking and the aggregated ranking at
K =1 on the DukeMTMC-relD dataset after one round of
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feedback are shown in Figure 6. After one interaction, more
Top-10 samples match the query, fewer samples remain un-
matched, and the rank positions of unmatched samples shift
back significantly. This illustrates the effectiveness of fusion
weight adjustment strategy of QI-IRA.

Conclusion

Inspired by quantum theory, we propose an interactive rank-
ing aggregation (QI-IRA) method, which addresses the lim-
itations of existing RA methods. Our method interprets
and models the generation and aggregation of multiple ba-
sic rankings, presents a robust strategy for learning fusion
weights through interaction. Extensive comparative experi-
ments show the consistent superiority of QI-IRA over ex-
isting RA methods. RA is a fundamental technology used
in many fields. In the future we will apply QI-IRA to more
applications through research and improvement.
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