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1 Objective

There has been a sharp increase in the number of people using social media recently. Because of
this, there has been an increase in the amount of content posted online. Manual moderation of con-
tent online is extremely difficult. To overcome this barrier, many automated moderation techniques
have been designed. These techniques work with a singular modality (like text, audio, images, etc.)
but suffer in a multi-modal environment where one modality complements one or more modalities
implying subtle hate/aggressive speech. To address this problem, various unimodal, as well as mul-
timodal approaches have been proposed. In general vision, only models perform worse than natural
language models; with this study, we aim to address this by using novel, unimodal self-supervised
techniques and further studying the scope of their expansion to make them fully multimodal. These
multimodal self-supervised techniques are able to match the accuracy of fully supervised multi-
modally finetuned models.

2 Dataset

The 2020 hateful meme dataset Kiela et al. [2020] has confounding examples, i.e., counter-intuitive
examples based on text or visual features alone. This makes learning from a single modality im-
possible. Furthermore, even within the purview of multimodal approaches, this is exceptionally
challenging as vision and language embeddings extracted from two images may be the same. Still,
the downstream labels for the two images would be different. Hence Embedding collapse is an issue.

For the hateful meme challenge dataset we have 8500 images in the training set and a further 2000
images in the testing set. We perform an 80/20 split to get the validation set on the training set. Each
entry in the dataset has an image, label, and extracted caption.

3 Approach

3.1 Unimodal and Multimodal Learning

For our approach, we pretrained unimodal and multimodal self-supervised techniques on the training
set for 100 epochs. Once trained, we then perform end-to-end finetuning on the self-supervised
models. We conducted these experiments over five different seed values to account for variability.

3.2 Graph Neural Network

The second approach that we explored was using GNNs (Graph neural networks). Here, we tried
to generate subgraphs for each meme using the image and textual features. Since we want to cre-
ate dependence between two different kinds of data, i.e., image and text, we try to associate text
embedding with image features. Once we have generated this initial subgraph, we pass this into
our GNN model, namely GCN Kipf and Welling [2016], Sage, and GAT Veličković et al. [2017].
Our intuition is that this graph will learn the dependence between the multimodal data and help us
identify whether the meme is hateful.
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Figure 1: (Top) We show CASS, R represents ResNet-50, a CNN and T in the other box represents
the Transformer used (ViT Base/Base-16); X is the input image, which becomes X’ after applying
augmentations. Note that CASS applies only one set of augmentations to create X’. X’ is then
passed through both the arms to compute similairy loss. This is different from DINO, that passes
different augmentation of the same image through networks with the same architecture but different
parameters. The output of the teacher network is centred on a mean computed over a batch. Another
key difference is that in CASS, loss is computed over logits meanwhile in DINO it is computed over
softmax output.

4 Implementation

For unimodal pre-training, we used CASS Singh et al. [2022] and DINO Caron et al. [2021]. We
trained these techniques only on images. Then, during the fine-tuning process, we concatenated text
embedding with the image embedding before finally passing through a classifier to perform down-
stream classification. We expanded upon this by making CASS fully multimodal during the pre-
training task. We use ResNet-50 He et al. [2016] and Vision Transformer Dosovitskiy et al. [2020]
for obtaining the image embeddings. Similarly, to obtain the text embeddings we use DistilBERT
Sanh et al. [2019].

For GNNs, we will use Image and Text Encoder to get the relevant features. We use ResNet-50
pretrained on COCO Dataset for our image encoder and Distilbert pretrained from hugging face.
Finally, we use Mask-RCNN He et al. [2017] along with an Image encoder to generate feature
embeddings depicting entities in the image. Similarly, we also pass the text through Tokenizer
and then through Distilbert to get textual embedding. A graph is constructed by joining the image
feature embeddings to textual embedding and the original image. This subgraph will be passed into
larger Graph neural networks to get us co-dependent embedding. This newly generated embedding
can then be passed through Linear layers and sigmoid function to get us a classification of the
Multimodal data.
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Figure 2: In this figure we show CASS, adopted for multimodal pretraining using DistillBERT and
CASS. In this we take an input and apply minimal augmentations for image (resize and channel
normalization), and tokenzie the text using DistillBERT tokenizer. We then pass this augmented
image and tokenized through a combination of vision and text encoder as shown above. The ouputs
of from the two are then combined in an emnedding adder, before calculating counteractive loss
during pretraining.

Figure 3: (Top) GCN is based on an efficient variant of convolutional neural networks which operate
directly on graphs. Idea comes from getting a localized first-order approximation of spectral graph
convolutions. (Bottom) Unlike other GNN, GraphSAGE Hamilton et al. [2017] provides inductive
framework to efficiently generate node embeddings for unseen data.

5 Challenges

A major challenge with the Hateful meme dataset is the confounding samples, i.e two memes can
have the same image but with different captions, and thereby different labels. Similarly, two memes
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can have different images with the same text and hence have different downstream labels. This
makes mapping the samples in a latent space extremely difficult. To mitigate this problem we de-
veloped multimodal solutions i.e instead of using only one modality we included embedding inputs
from the two involved modalities i.e text and image. Furthermore, we have used experimented with
graph neural networks (GNN), as they have amazing scene and relationship representation capabil-
ities. We present our results in Table Another limiting factor is the relatively poor performance of
vision-only methods as compared to text-only methods.
Lastly, in the case of Graph Neural network, we are facing trouble building a global heterogenous
GNN which would better take into account the multimodal nature of our challenge.

Also, since each meme within the dataset is transformed into a subgraph, the scale of data explodes
tremendously which limits our batch size and in turn our training speed.

6 Experimentation Results

In Figure 2 we describe and compare the architecture of CASS and DINO.

Modality Model AUROC Accuracy
ResNet-50 224 (Supervised) 0.5157±0.081 0.5175±0.044
ResNet-50 224 (CASS) 0.5398±0.091 0.5455±0.031

Unimodal ResNet-50 224 (DINO) 0.5129±0.009 0.5267±0.055
ResNet-50 384 (Supervised) 0.5116±0.076 0.511±0.016
ResNet-50 384 (CASS) 0.5405±0.045 0.5445±0.015
ResNet-50 384 (DINO) 0.532±0.033 0.543±0.056

Multimodal ResNet-50 - 384 (CASS) 0.501±0.078 0.551±0.023

Table 1: In this table we compare the performance of unimodally and Multimodally trained CASS
and unimodally trained DINO and supervised ResNet-50. We observed that CASS trained Resnet-50
for input size 384, performs the best on the primary metric of comparison, but overall multimodally
trained CASS ResNet-50.

Modality Model AUROC Accuracy
VitB16 - 224 (Supervised) 0.51293±0.043 0.5235±0.065
VitB16 - 224 (DINO) 0.513±0.077 0.5195±0.014
VitB16 - 224 (CASS) 0.5196±0.051 0.5545±0.01

Unimodal VitB16 - 384 (Supervised) 0.5±0.022 0.545±0.087
VitB16 - 384 (DINO) 0.5002±0.011 0.624±0.071
VitB16 - 384 (CASS) 0.53386±0.009 0.59±0.017

Multimodal VitB16 - 384 (CASS) 0.5±0.078 0.625±0.032

Table 2: In this table we compare the performance of unimodally and Multimodally trained CASS
and unimodally trained DINO and supervised ViT/Base16. We observed a sinmilar trend as in Table
1, results for input image 384 were considerably better than that for 224. CASS trained models
perform generally better than other models show considerable increase in performance over DINO
and supervised training.

GNNs Encoder AUROC Accuracy
GCN Resnet50 + Distilbert 0.514 0.547
SAGE Resnet50 + Distilbert 0.481 0.625
GAT Resnet50 + Distilbert 0.541 0.499

Table 3: In this table we compare the performance of various GNN namely GCN, GraphSage and
GAT. With the limited scope in GNN experiment, we are not seeing any significant performance
improvement here.
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7 High Performance Optimization

For High Performance Optimization, we took our best performing model on multimodality -
Multimodal Cross Architecture Self-Supervised Learning model and tried to profile and optimize it.

Initially, we looked at profiling our model on CUDA using torch’s autograd profiler to get a
better understanding of the computational complexity - FLOPs and identifying the bottleneck
operations. Here’s the output of the profiler:

Two key points to notice here on the operations sorted by cuda time:

Figure 4: Torch Autograd Profiler on Multimodal CASS

1. Convolution Operations (highlighted in red) take the majority of the time spent on the forward
operation: 80.43%
2. The arithmetic complexity / total number of FLOPs is higher for linear layers (highlighted in
blue, likely arising from transformer’s attention mechanisms) and FLOPs for Convolution Operation
only accounts for 16.44% of the total number of floating point operations.

Below are the results of different runs of MultiModal CASS Model on different configurations of
NYU HPC.

Num
GPUs

Type
GPU DataParallel cuDNN

Benchmarking
GPU Core
Utilization

GPU Mem
Utilization

Per Epoch Time
(After Warmup)

1 RTX8000 No No 97% 63% 8 min 51 secs
1 RTX8000 Yes Yes 83% 54% 8 min 50 secs
4 RTX8000 Yes Yes 44.31% 15.64% 5 min 4.8 secs

Table 4: nvidia-smi profile and time counters for model on varying number of GPUs

We deploy strong scaling on our problem statement and notice speedup and scaling efficiency as
follows:

speedup = tserial/tparallel = 1.74
scaling-efficiency = tserial/(tparallel ∗ p) = 43.47%

To address the low GPU Core Utilization and Memory Utilization, we employed large batch size
(32 as opposed to 4 before) and increased the num workers (14 as opposed to 4 before) to reduce
the idle time for GPU and bump up the memory utilization. The speedup increased to 3.05 and the
scaling efficiency bumped to 76.32% between the serial and parallel implementations.
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Num
GPUs

Type
GPU DataParallel cuDNN

Benchmarking
GPU Core
Utilization

GPU Mem
Utilization

Per Epoch Time
(After Warmup)

1 RTX8000 Yes Yes 95.01% 58.31% 6 min 46 secs
4 RTX8000 Yes Yes 76.43% 42.13% 2 min 13 secs

Table 5: Performance Improvement with larger batch size and increased num workers

Another small experiment we did is to compare the Tesla V100 GPU node vs Quadro RTX 8000 on
single GPU performance.

Quadro RTX8000 Tesla V100
CUDA Cores 4608 5120
Tensor Cores 576 640
Memory 48GB 32GB
GPU Core Utilization 95.01% 95.42%
GPU Mem Utilization 58.31% 46.29%
Per Epoch Time (after Warmup) 6 min 46 secs 5 min 37 secs

Table 6: Performance contrast between RTX8000 and V100 1-GPU implementations

Training Time
Graph Convolution Network 5 hour 48min
Graph Attention Network 6 hour 29min
GraphSage 5 hour 46min

Table 7: Total time comparison for Graph Networks training on RTX8000 with Core Utilization at
87.76% and Memory Utilization at 62.93%

Surprisingly, even though RTX8000 has 48GB memory vs V100 has 32GB memory, the memory
utilization in case of Tesla V100 is lesser. This can be seen in all our experiments.

8 Conclusions

In table 8, we summarize our best performing models. We observed that the use of self-supervised
pretraining allows models to learn helpful language and image based priors that then helps them to
perform better on downstream classification tasks. Furthermore, we also compared the performance
of traditional architectures with GNNs.

Modality Model AUROC Accuracy
Unimodal ResNet-50 (CASS) 0.5405±0.045 0.5445±0.015

Vit/Base-16 (CASS) 0.53386±0.009 0.59±0.017
Multimodal ResNet-50 (CASS) 0.501±0.078 0.551±0.023

Vit/Base-16
(CASS) 0.5±0.078 0.625±0.032

Multimodal GNN GCN 0.514 0.547
GAT 0.564 0.499
SAGE 0.481 0.625

Table 8: In the above table we summarize our best performaing models, based on performance
metrics described by the challenge on the test set.
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