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S1 Datasets Details

S1.1 WebVisionlk

It contains 2.4M web images collected from Google and Flickr, which share the same 1k category
names with ImageNetlk [[1]. For each example, we use all available description, title, and tag in
its metadata for raw text preparation. Besides, we follow [2, 3] to use the subset of WebVision—
Google500 for ablation studies in consideration of lower GPU resource and time consumption without
losing generalization. It contains 0.48M images from Google with randomly chosen 500 categories.
The testing set of ImageNetlk and its subset ImageNet500 are involved as well for evaluation.

S1.2 NUS-WIDE (Web)

It contains 0.26M web images from Flickr with 5k unique user tags. Each example is manually
annotated with multiple labels within 81 concepts that are filtered out of the Sk tags. It also provides
weak labels (an official web version) by checking if each of the 81 category name appears in user tags
of every example. Almost 50% of the web labels are wrong and 50% of the true labels are missing in
tags [4]. Since tags contain phrases without delimiters, we split phrases based on unigram frequencies
[S] for raw text preparation. We follow [3] to train models with weakly-labeled training set (a.k.a.,
NUS-WIDE Web) and validate them on the clean testing set.

S2 Mathmatical Notations

In this section, we present the description of all math notations in the manuscript (see Table [ST).

S3 Implementation and Training Details

S3.1 General Settings

In consideration of performance and efficiency, we adopt ResNet-50 [6] and MiniLM-L6 [7] as image
and text encoders by default. The training settings are listed in Table In general, we refer to [8]]
for: batch size is 256; optimizer is SGD; learning rate linearly rises with 10 warm-up epochs and
decays by cosine schedule. Specifically, although the benefit of an increased batch size (e.g., 1024)
has been validated [3l 9]], we follow the standard batch size setting of 256 on WebVisionlk for two
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Table S1: List of symbols.

Symbol Description
Xj a web image indexed with i
tj textual metadata associated with X;
Vi web label associated with X;
Yi ground-truth label associated with X;
N the total number of images in a web dataset
C the total number of categories
D a web dataset
e parameters of image encoder
c parameters of classifier
F(e; ¢) adeep model with image encoder and classifier
dy dimension of the visual features
Vi visual features of X; extracted by image encoder, V; 2 R
de dimension of the textual embeddings
Sj textual embeddings of t; extracted by text encoder, S; 2 IR%:
t¢ category definition of the c-th class
s¢ textual embeddings of t¢ extracted by text encoder, s¢ 2 IR%
pi predictions on Vvj from classifier, p; 2 IRC, Pick) denotes its K-th element
dp dimension of the visual embeddings
Z; low-dimensional embeddings of Vj after projection, z; 2 IR%
Vi reconstructed visual features from zj, vj 2 IR
di predictions on z;j from auxiliary classifier, q; 2 IRC
Q the size of dictionary, namely the length of queue
k number of nearest neighbors (NN) in k-NN and Kk-reciprocal-NN
\Y vertices, nodes
E edges
G graph, G = fV; Eg
A adjacency matrix
N (Xi;k)  Kk-NN sets of X;j
R(Xi; k) k-reciprocal-NN sets of X;
d(vi;vj)  distance between Vj and Vj
d (vi;Vvj) refined distance between Vj and V;j
Vy, Vi k-reciprocal feature encoding the distance between Vvj and vj
S concatenated textual embeddings, S = (S1;S2; 55N ); S 2 RN %
In identity matrix
A adjacency matrix A with self-connection Iy
Dii degree matrix of A
S denoised S after smoothing
5 denoised S; after smoothing
K top-K selected examples with visual-semantic alignment
K the K-th smallest distance d (8j; s®) in the c-th class
Dg top-K set of the c-th class
Dk sets of top-K examples from all classes
2¢ unnormalized visual prototype of the c-th class
z° normalized visual prototype of the c-th class
temperature coefficient
weight between self-prediction and prototype-instance similarity
Oj fused, comprehensive output for label correction, 0; 2 IRC
ri prototype-instance similarity, rj 2 IRC, li(k) denotes its k-th element
threshold for label correction
mp momentum coefficient
b; collective bootstrapping target on Zz;
Wij weight of contribution from Z% in the dictionary for bj
bts weight for collective bootstrapping loss
pri weight for projection and reconstruction losses
pro weight for prototypical contrastive loss
mns

weight for instance contrastive loss
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Table S2: List of hyper-parameters for training settings.

Settings WebVision1k/Google500 NUS-WIDE
Optimizer SGD

Optimizer momentum 0.9

Optimizer weight decay 1 10 4

Batch size 256

Step1 pre-training scheduler Cosine decay with linear warm-up
Stepl pre-training warm-up epochs 5/10 10
Stepl pre-training learning rate 1 101 2 103
Step1 pre-training epochs with encoders frozen 0

Stepl pre-training epochs in total 120 100
Step2 training scheduler Cosine decay with linear warm-up
Step2 training warm-up epochs 5/10 10
Step2 training learning rate 1 101 2 10 3
Step2 training epochs with encoders frozen 5/10 10
Step2 training epochs in total 60/120 100
Step3 fine-tuning scheduler Cosine decay

Step3 fine-tuning warm-up epochs 0

Step3 fine-tuning learning rate 1 10 4 2 10 %
Step3 fine-tuning epochs with encoders frozen 15/20 20
Step3 fine-tuning epochs in total 15/20 20

Image encoder (by default)
Text encoder (by default)

ResNet-50 [6]]
MiniLM-L6 [7]]

pri 1
pro 1
Ins 1
bts 0.1
mp 0.999
dp 128
0.1
0.5
top-K 50
Q 8192 2048
0.6 0.9
k-NN/K-reciprocal-NN 5 10

reasons: 1) comparability with most of the previous methods; 2) limited computing resources with 8
GPUs (a mini-batch size of 32 on each GPU for a batch size of 256 in total).

We empirically set PJ =1, Po=1 1Is=1 bts=01 mp = 0:999, d, = 128, = 0:1,
= 0:5, and K = 50 by default. Their optimal values require meticulous fine-tuning of each
hyper-parameter, which is beyond consideration of the present study.

Data augmentation (random cropping, resacling, and horizontal flipping) is applied on the inputs to
the query encoder while stronger augmentation, including color jittering and blurring [10]), is added
on those to the key encoder.

Experiments are conducted on a CentOS 7 workstation with an Intel 8255C CPU, 377 GB Mem,
and 8 NVIDIA V100 GPUs. The training of CAPro on WebVisionlk, Google500, and NUS-WIDE
respectively costs about ten days, three days, and one day under the environment mentioned above.

S3.2 WebVisionlk-only Implementation

We refer to 8] for Q = 8192 and = 0:6. The learning rate is 0.1 and the number of epochs is 120.
Given the complexity of graph construction, we use K = 5 for both text denoising and matching.



S3.3 NUS-WIDE (Web)-only Implementation

In view of the dataset scale, we set Q = 2048 with a learning rate of 2 10 3 and a total of 100
epochs. k = 10 is chosen since user tags are noiser and sparser in NUS-WIDE.

To support multi-label learning, it is necessary, but not yet enough, to simply replace the softmax-based
cross-entropy losses with sigmoid-based binary cross-entropy losses. The premise of prototypical
contrastive learning does not hold true anymore because one instance can be simultaneously engaged
in formation of multiple clusters, which violates the exclusivity inherited in softmax activation.
Our experiments demonstrate that, only by projecting V; into compact subspaces specific to each
class, can we properly learn the decision boundary to continue prototypical learning. Technically,
we set C additional fully-connected (FC) layers after the projector to respectively map z; into
Zic 2 IR%: ¢ = 1:2::::C. For the c-th class, both positive and negative prototypes z°*; z¢
are shaped accordingly for the contrast against 2;.c. Such operation can be viewed as magnifying
class-indicative contents via recombination of the shared embedding z;. Another minor modification
is required on noise removal, where the output Oj.¢ is fused independently for the c-th class for binary
separation. Considering the overwhelming negative instances, we set = 0:9 to avoid deviation by
majorities in label rectification. Discussion on the hyper-parameter ~can be found in Sec.[S4.2]

S3.4 Training Steps

CAPro adopts a three-step training pipeline. It employs a pre-training step to learn common visual
patterns from the original web dataset D. Then, the training starts with instance-prototype and
instance-wise contrastive learning, collective bootstrapping, and on-line noise removal. Finally, given
the trained model, off-line noise removal is performed on D for data cleaning and we fine-tune the
classifier alone with the cleaned dataset.

Stepl pre-training We perform visual pre-training on ResNet-50 with cross-entropy and projection-
reconstruction losses. At this time, we only use original web labels to train the model to learn common
visual description, which lays foundation for the subsequent prototype initialization in step2. Note
that the pre-trained model is also the vanilla method in our experiments.

Step2 training All components are initialized with the pre-trained parameters in stepl. As shown
in Table[S2] we keep the encoders frozen with warm-up epochs. This helps stabilize training to avoid
the prototypical embeddings, which are initialized at the beginning by averaging top-K semantically-
correct examples, being perturbed drastically. In this step, we re-train the model with all losses. Apart
from classification, we perform instance-wise and instance-prototype contrastive learning, collective
bootstrapping, noise removal, and prototype update.

Step3 fine-tuning We follow MoPro [8]] to perform noise removal on the training dataset D. The
trained model in step2 is used to correct labels or discard OOD examples with our control flow. Then,
we keep encoders frozen and fine-tune the classifier alone with the cleaned set for better performance.
Note that such fine-tuned model is exactly the CAPro in experiments.

We also prepare Algo.|S1|to explicitly explain the entire training process.

S4 Ablation Study

S4.1 Effect of Text Enhancement

Figs.[ST|and [S2] present additional qualitative comparison for selecting instances with potentially-
correct semantics. For WebVision, noiser categories are chosen to validate the effectiveness of text
enhancement by smoothing and reranking. We can observe that due to the problem of polysemy,
a majority of the retrieved images are irrelevant to the correct semantics and simple k-NN-based
smoothing in [3]] can hardly handle such situation. In contrast, our text enhancement helps pinpoint,
not perfect but comparatively reliable, web instances that share similar semantics (e.g., metalwork
in Nail). Besides, we also sample three categories from the noiser NUS-WIDE to double-check the
effectiveness of text enhancement. For example, in the category of airport, direct matching of user tag
embeddings to the textual prototype returns a few close-up images of warcrafts, which has nothing to
do with Airport. On the contrary, our text enhancement helps to select the truly matched instances.
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