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Background

(a) A woman walking
visible from the back is
wearing a white shirt,
black pants and has a

Textual Query

green bag slung over her — : ’.
back and carrying a — ».
black object in her right
hand. 9
Person Image Galler
9 Y| Cross-modal
° model
(b) The pedestrian with ?/_\

long, dark hair carries a
backpack. She wears a
loose top, denim
bottoms, and sandals.

Retrieval results




Observation

A woman
wearing a
tight fitting,

low cut,
black dress

and a pair of
black high
heel dress
shoes.

Occlusion

A woman
wearing a
black shirt, a
pair of white
shorts and a
pair of dark
black shoes.

She looks
like she is
confident.
She looks

¥ like she
. works out

many days,

.. % andshe

could be tall.

Semantic
irrelevance

This man
has short
black hair
and he's
wearing a
white t shirt
khaki
colored
pants and
he's carrying
a black bag.

She is
wearing
dark shoes
and black
black

§  pants with

a gray
shirt. Her
hair is in a

§  ponytail.

There is no
photo
available.
It is blank.
All T see is
a white
screen.

Semantic
irrelevance

(d)

The examples on the CUHK-PEDES! dataset.

(e)

Noisy correspondences

[1] Person search with natural language description, CVPR 2017.
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"Overmuch Noisy correspondences
would cause model degradation.”



Motivation

CUHK-PEDES . ICFG-PEDES ug

RSTPReid

(e)

¢ Existing methods for TIRelD does not consider noisy correspondences.

B SSAN: Semantically self-aligned network for text-toimage part-aware person re-
identification.

m |VT: See finer, see more: Implicit modality alignment for text-based person retrieval.
m |RRA: Cross-modal implicit relation reasoning and aligning for text-to-image person

retrieval. (SOTA in 2023)
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Triplet Alignment Loss
(a) Cross-modal Embedding Model (b) Robust Similarity Learning

The overview of our. Robust Dual Embedding method (RDE).



Method

Dual Embedding Modules
BGE: EOS and CLS token representations

[te=d) TSE: Token selection embedding

> All local token representations

» TopK based on self-attention scores
» Transformation and aggregation
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i %E vl  =MaxPool(MLP(V,)+ FC(V))),
1 t =Maa:Pool(MLP(Tf) + FC(T:)),

tse

where M az Pool(-) is the max-pooling function, M LP(-)
is a multi-layer perceptron (MLP) layer, F'C(-) is a linear
layer, f/f = L2Norm(V’;), and T: = L2Norm(T?).
L2Norm(-) is the /2-normalization function to normalize
features.

vtse
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Method

Confident Consensus Division
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N  per-sample loss

UM, P) = {li};ily = {L(L;, Th)}

=1
GMM
P ={(L;, T3)|p(k = O|£;) < §,9(L;, T;) € P},
_______________________________________ Consensus
_ AN AT A process

Recalibration

1, if (IZ,Tz) < PC,

Rand({0,1}), if (I;,T;) € P*,



Method

Triplet Alignment Loss

Lra(Li, Ti) = [m — 83,(Ii) + Tlog()  aij exp(S(L;, Tj)/7)] ,

| Proof I To prove Equation (12), we first take the image-to-
| text direction as an example. For S(1;,T;) in Equation (12),
: we have that

S, Ty) = %fléi,]}i (8L, Ty))

] 1 =£12%c (Tlogexp(?(f iy~ )
= rlog T{flg% (exp (S(IL-,Tj))T))
‘ (13)
+ [m — S5, (Ti) + Tlog Z g exp(S(1;, T;) /7)) 4 gﬂog( exp(sui,:rj)/f))
J 1 ;eﬁ
< 7log(Y gy exp(S(L:, T;) /7)),
Lemma 1 TAL is the upper bound of TRL, i.e., =
Etrl(Iia Tz') — [ Sm( ) + S(Iu T )} >M0re robust [m — SE,(1 )+~rloa(qu,exp(su T)/m)], "

Z[m*SEt( ) ( )} :

+ [m = S5(T0) + S(Ii, To)] . < Lia(1i,T3), 3 No collapse

where T; € {T;|l;; = 0,¥j € {1,---,K}} is the hardest
negative text for I, and I; € 1Ll = 0,¥5 € {1,5#+ ; K}} (\/

is the hardest negative image for I;, respectively.

Similarly, in the text-to-image direction, we have that

K
= ST + 7108 el S(1; T/,
> [m— Sh(Ty) + S(I;, )] e

(15)
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| Thus, combining Equation (14) and Equation (15), we can
:_get Lot (1, Ty) < Ly (I, T;). This completes the proof.



Experiments

Datasets
The CHUK-PEDES, ICFGPEDES, and RSTPReid datasets

Evaluation Protocols
Rank-K metrics (K=1,5,10) and the mean Average Precision (mAP)
and mean Inverse Negative Penalty (mINP)

Baselines

Non-robust baselines: SSAN, IVT, IRRA (SOTA in 2023)
Strong baselines: DECLItIand CLIP-C

Evaluation:

Results with and without synthetic NCs on all three datasets
We randomly shuffle the text descriptions to inject NCs into the training data

[1] Qin Y, Peng D, Peng X, et al. Deep evidential learning with noisy correspondence for cross-modal retrieval, ACMMM 2022.



Experiments

Comparison with baselines

CUHK-PEDES ICFG-PEDES RSTPReid
Noise Methods R-1 R-5 R-10 mAP mINP | R-1 R-5 R-10 mAP mINP | R-1 R-5 R-10 mAP mINP
SSAN  Best | 61.37 80.15 86.73 - - 5423 72.63 79.53 - - 43.50 67.80 77.15 - -
IVT Best | 65.59 83.11 89.21 - - 56.04 73.60 80.22 - - 46.70 70.00 78.80 - -
0% | CFine Best | 69.57 8593 O9l.15 - - 60.83 76.55 82.42 - - 50.55 72.50 81.60 - -
IRRA Best | 73.38 89.93 9371 66.13 50.24 | 63.46 80.25 85.82 38.06 7.93 | 60.20 81.30 88.20 47.17 25.28
RDE Best | 75.94 90.14 94.12 67.56 51.44 | 67.68 82.47 87.36 40.06 7.87 | 6535 83.95 89.90 50.88 28.08
SSAN Best | 46.52 6836 7742 4249 28.13 | 40.57 6258 71.53 2093 222 | 3510 60.00 7145 2890 12.08
Last | 45776 67.98 76.28 40.05 24.12 | 40.28 62.68 71.53 2098 225 | 3345 58.15 69.60 2646 10.08
IVT Best | 58.59 7851 85.61 57.19 4578 | 50.21 69.14 76.18 34.72 8.77 | 43.65 66.50 75770 37.22 2047
Last | 57.67 78.04 85.02 56.17 4442 | 48770 67.42 75.06 3444 925 | 3795 6335 7375 3424 19.67
IRRA Best | 69.74 87.09 9220 6228 4584 | 60.76 7826 84.01 3587 6.80 | 58.75 8190 8825 4638 24.78
20% Last | 69.44 87.09 92.04 62.16 45.70 | 60.58 78.14 8420 3592 691 | 5400 77.15 8555 4320 22.53
CLIP-C Best | 66.41 85.15 90.89 59.36 43.02 | 55.25 74.76 81.32 31.09 494 | 5445 77.80 86.70 4258 21.38
Last | 66.10 86.01 91.02 59.77 43.57 | 55.17 74.58 81.46 31.12 497 | 5320 7625 8540 4195 21.95
DECL Best | 70.29 87.04 9193 62.84 4654 | 6195 7836 83.88 36.08 625 | 61.75 80.70 86.90 47.70 26.07
Last | 70.08 87.20 92.14 62.86 46.63 | 61.95 78.36 83.88 36.08 6.25 | 60.85 8045 86.65 4734 25.86
RDE Best | 74.46 89.42 93.63 66.13 49.66 | 66.54 81.70 86.70 39.08 7.55 | 6445 83.50 90.00 49.78 27.43
Last | 74.53 89.23 93.55 66.13 49.63 | 66.51 81.70 86.71 39.09 7.56 | 63.85 83.85 8945 50.27 27.75
SSAN Best | 1343 3174 4189 14.12 691 | 1883 37.70 4743 9.83 1.01 | 19.40 3925 5095 1595 6.13
Last | 11.31 28.07 3790 1057 3.46 | 17.06 37.18 4785 658 039 | 1410 3395 4655 11.88 4.04
IVT Best | 5049 71.82 79.81 48.85 36.60 | 43.03 6148 69.56 28.86 6.11 | 39.70 63.80 7395 3435 18.56
Last | 42.02 65.04 73.72 4049 27.89 | 36.57 54.83 6291 2430 508 | 2855 52.05 6270 26.82 13.97
IRRA Best | 62.41 8223 8840 5552 3848 | 5253 7199 7941 29.05 443 |56.65 7840 86.55 4241 21.05
50% Last | 42.79 6431 7258 36.76 21.11 | 39.22 60.52 69.26 1944 198 | 31.15 5540 6545 2396 9.67
CLIP-C Best | 64.02 83.66 89.38 57.33 4090 | 51.60 71.89 7931 28.76 433 | 5345 76.80 8550 4143 21.17
Last | 63.97 83.74 89.54 57.35 40.88 | 51.49 7199 7932 28.77 437 | 5235 76.35 85.25 40.64 2045
DECL Best | 6522 8372 89.28 57.94 4139 | 57.50 75.09 81.24 32.64 5.27 | 56.75 80.55 87.65 44.53 23.61
Last | 65.09 83.58 89.26 57.89 4135 | 5749 75.10 8123 3263 526 | 5500 8050 8650 43.81 23.31
RDE Best | 71.33 8741 91.81 63.50 4736 | 63.76 79.53 8491 3738 6.80 | 62.85 83.20 89.15 47.67 23.97
Last | 71.25 87.39 91.76 63.59 47.50 | 63.76 79.53 8491 3738 6.80 | 62.85 83.20 89.15 47.67 23.96

» Non-robust baselines suffer from
remarkable performance degradation
or poor performance as the noise rate
increases.

» Compared with strong baselines, RDE
also shows obvious advantages.

» On the datasets without synthetic NC,

our RDE outperforms all baselines by a
large margin. (SOTA)

View R@1 v| by Date v | for All models v

RaSa
IRRA

RDE: 75.940

TIPCE  TextRelD SRCF

AXM-Net

HGAN NAFS

Jul'20 Jan'21 Jul'21 Jan '22 Jul'22 Jan'23 Jul'23

Paperswithcode



Experiments

Ablation Study

No. S® St CCD Loss | R-1 R-5 R-10 mAP mINP No. S §* CCD Loss | R-1 R-5 R-10 mAP mINP
#1 v v TAL |71.33 87.41 91.81 63.50 47.36 #l v v VY TAL |64.99 83.15 89.52 57.84 41.07
# v v v TRL | 640 16.08 22.14 6.53 2.51 #2 v v Y TRL | 2.18 6.45 1048 2.65 0.83
#H o W v TRL-S | 67.38 85.35 90.64 60.04 43.60 #3 v v v TRL-S|51.62 74.53 82.21 46.15 30.12
#4 v v SDM | 69.33 8699 91.68 61.99 4534 #4 v v v SDM |58.32 79.03 85.79 51.27 34.00
#5 v v TAL |70.70 86.60 91.16 62.67 46.19 #5 v TAL |63.56 82.59 88.84 56.69 39.71
# v v TAL |69.07 86.09 91.13 61.69 45.40 #6 Vv v TAL [61.70 81.61 87.95 55.11 38.34
# v v TAL |63.11 81.04 87.22 55.42 38.68 ¥ v v TAL |41.03 62.62 71.99 37.29 23.54
50% NCs 80% NCs

» RDE achieves the best performance by using both BGE and TSE for joint
inference, which demonstrates that these two modules are complementary and
effective. #1 vs. #5,6

> RDE benefits from CCD, which can enhance the robustness and alleviate the
overfitting effect caused by NC. #1 vs. #7

» Our TAL outperforms the widely-used Triplet Ranking Loss (TRL) and SDM loss
(proposed in IRRA), which demonstrates the superior stability and robustness of
our TAL against NC. #1 vs #2,3,4



Experiments

Parametric Analysis
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» Too large or too small m will lead to suboptimal performance. We choose m = 0.1 in all
our experiments.

» Too small 7 will cause training failure, while the increasing T will gradually decrease the
separability (hardness) of positive and negative pairs for suboptimal performance.

» A small R will cause too much information loss and poor embedding representations,
while too large will focus on too many meaningless features. 0.3~0.5.



Conclusion

> We reveal and study a novel challenging problem of noisy correspondence
(NC) problem in TIReID, which violates the common assumption of existing
methods that image-text data is perfectly aligned.

» We propose a robust method, i.e., Robust Dual Embeddin (RDE), to
effectively handle the revealed NC problem and achieve superior
performance.

»  Confident Consensus Division
>  Triplet Alignment Loss

» Extensive experiments on three public image-text person benchmarks
demonstrate the robustness and superiority of our method. Our method
achieves the best performance both with and without synthetic NC on all
three datasets. GitHub: https://github.com/QinYang79/RDE
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