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Abstract

Chromatin conformation capture technologies (Hi-C)
allow us to study the structure of the genome via 2D
contacts maps. Recent experimental protocols such as
Micro-C have increased the resolution to capture DNA
contacts to the nucleosome level. However, Micro-C is
expensive and only available for a few human cell-lines. In
this work we produce a super-resolution generative
adversarial neural network (GAN) architecture to enhance
low-resolution Hi-C maps to Micro-C resolution.

1. Introduction

Over the years, the resolution of Hi-C maps (Lieberman-
Aiden et al. 2009) has increased due to improvements in
protocols and sequencing technologies (Rao et al. 2014),
leading to high-resolution assays such as Micro-C
(Krietenstein et al. 2020; Hsieh et al. 2020). These higher-
resolution maps have led to the discovery of both,
previously theorized and de-novo genomic structures. Such
as Topological Associating Domains (TADs) (Dixon et al.
2012), point interactions (Lajoie, Dekker, and Kaplan
2015), stripes (Vian et al. 2018), enhancer-promoter
interactions (Ron et al. 2017), Z-loops (Branddo et al.
2021), etc.

It
GRCN38 | ARBESC Mcio-C

Figure 1: Micro-C shows defined features where Hi-C shows
noise. Hi-C on the left, Micro-C on the right. Maps binned at 2kb
resolution.

Hi-C and Micro-C maps are nearly identical, but when
zoomed in past the 5kb resolution, the signal to noise ratio
becomes higher in Micro-C maps. Features like stripes and
enhancer-promoter interactions are easier to visualize in
Micro-C maps, while they appear very noisy in Hi-C maps.
(Figure 1)

Enhancer-promoter interactions are important for gene
regulation and differentiation during development. For that
reason, all the Micro-C assays have been done in
embryonic cell-types only (Krietenstein et al. 2020; Hsieh
et al. 2020). This has limited the scope of studying
enhancer-promoter interactions of cell-types other than
embryonic cells, such as tissues or cancer cells. To address
this issue, in this study I built a super-resolution model
trained using GANSs that takes Hi-C maps as input and
outputs Micro-C maps.

Is worth mentioning that Hi-C and Micro-C can be binned
to any dimensionality. To stick to naming conventions
done in previous work (Hu and Ma 2021), we will refer to
resolution as the data quality and dimensionality to the
binning.

2. Related work

Previous work on this area has been done using Hi-C
maps generated from Rao et al. 2014. B inputting down
sampled low dimensional Hi-C maps as input and high
dimensional Hi-C maps as output. This has been done with
Convolutional Neural Networks (CNNs) (Zhang et al.
2018) and subsequent work on this area made use of
Residual Neural Networks (Resnets) on top of CNNs (T.
Liu and Wang 2019).

Recent work on this area has used GANs to achieve
super resolution (Q. Liu, Lv, and Jiang 2019; Hong et al.
2020; Highsmith and Cheng 2021; Hu and Ma 2021).
These approaches take low-dimensional Hi-C maps as
inputs to the generator, with the goal of producing
enhanced outputs trained using adversarial loss.
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HicGAN (Q. Liu, Lv, and Jiang 2019) uses an
architecture similar to SRGAN (Ledig et al. 2016) using
only adversarial loss (Goodfellow et al. 2014) to train.
DeepHiC (Hong et al. 2020) adds more losses to these
model by taking the generator outputs subject to a Mean
Square Error (MSE) with the high-dimensional Hi-C map.
As well as adding perceptual loss (Johnson, Alahi, and Fei-
Fei 2016) and a total variation (TV) loss (Mahendran and
Vedaldi 2016).

VEHICLE (Highsmith and Cheng 2021), uses
Variational Autoencoders (VAEs) on top of GANs to
enhance Hi-C maps. This model losses include adversarial
loss, MSE loss as well as variational loss with the VAE.
This framework computes an insulation score (Crane et al.
2015) of the generated Hi-C map, and then computes a
delta vector by taking the derivate of the score. This delta
vector is also computed for the target map and an L1 loss
is then computed with these two.

EnHIC (Hu and Ma 2021) unlike previous methods,
performs a rank-1 matrix transformation of the low-
resolution Hi-C matrix as input of the network by using
TensorFlow’s space to depth function. This network takes
the output of the network and performs several down
samplings of these to an MSE loss with the down sample
of the real data. The discriminator takes as input the several
down samples of the data to perform adversarial loss. This
model performed better than DeepHiC (Hong et al. 2020)
using the scores evaluated with GenomeDISCO (Ursu et
al. 2018).

All these methods only make use of Hi-C data and not
Micro-C. They train low-dimensional to high-dimensional
Hi-C maps. Or get low-resolution by down sampling the
data by averaging the bins. Our goal on the other hand is to
map low-resolution Hi-C to high-resolution Micro-C, not
necessarily increasing the dimensionality of the data, but
improving the features seen.

3. Methods

The base model I used for this project was the one from
DeepHiC (Hong et al. 2020). This trains a GAN by making
use of MSE, perceptual loss, TV loss and Adversarial loss.
The generator model G and discriminator model D are the
same as in DeepHiC. The discriminator was modified to
output a linear function rather than a probability. This was
to be compatible with Pytorch’s BCEWithLogitsLoss
(Paszke et al. 2017) to be called by the BCE (Binary Cross
Entropy) function.

This model uses the swish activation instead of typical
ReLUs. The swish activation is defined the following way:

#*****

swish(x) = x + sigmoid(x)
The generator uses 5 residual convolutional blocks with
inputs with the same dimension as the output. Each residual
block is defined the following way:

resblock (input, ¢;,):
x = Conv2D(cip, Cin, 3, padding = 'same’) (input)
x = BatchNorm2D (x)
x = swish(x)
x = Conv2D(cip, Cin, 3, padding = 'same’)(x)
x = BatchNorm2D (x)

return x + input

And the generator is defined the following way:
G (input):
x = Conv2D(1,64,9,padding =" same")(input)
emb = swish(x)
x = resblock(emb, 64)
x = resblock(x, 64)
x = resblock(x, 64)
x = resblock(x, 64)
x = resblock(x, 64)
x = Conv2D (64,64, 3,padding = 'same’)(x)
x = BatchNorm2D (x)
x = swish(x)
x = Conv2D(64,1,9,padding =" same')(x + emb)

tanh(x) + 1

return
2

The discriminator D(x) uses a convolutional architecture
similar to VGG16 with swish activations instead of ReLUs
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and a linear scalar output after adaptive average pooling.
Both generator and discriminator are fully

convolutional, and in theory can work with inputs and

outputs of any size, in our case our model takes in (1, 200,

200) inputs and generates (1, 200, 200) dimensional
outputs.

The hyper parameters of this model were left the same
as the starter code, the main difference is the replacement
of the mean of logits loss with a BCE loss. The generator
G takes Hi-C matrix X, outputting a matrix P to be as close
as microC matrix Y. With the goal of fooling discriminator
D, training is performed the following way for every
training step:

Train the discriminator

We first generate Micro-C maps
P =G(X)

Then pass both generated and real Micro-C maps to the
discriminator.

Outgare = D(P)
Outyeq = D(Y)
Use BCE loss for both discriminator outputs.
Dipss = BCElOSS(Outfake, Zeros) + BCE;)5s(Outypq;, 0nES)
Update discriminator weights using the Adam optimizer.
Dyeignts = Adam_step (Dyeines, VDjoss)
Train the generator

Calculate mean square error of the generated and real
micro-C.

1
MSE},55(P,Y) = M Z(Pi - Yl)z
i

We then apply perceptual loss. This is done by passing both
generated and real data through a pretrained VGG16 model
while freezing its weights. Then calculate mean-square
error to the output of the models.

PPLyyss(P,Y) = MSE;,5s(VGG(P),VGG(Y))

Add BCE loss and TV loss to our mean-square and

#*****

perceptual loss to get the total generative loss.

Gross = MSE555(P,Y) + 1073 BCE ;555 (Outsqpe, ones)
4+ 6 x 1073PPL,, (P, Y)
+ 2 X 1078TV,y55(P)

Update the generator weights by using the Adam optimizer

Gweights = Adam_step (Gweihtsr VGloss)

Adding extra losses such as the delta vector loss used in
VEHICLE was considered, since it relies on insulation
scores which are relevant for TAD boundary detection
(Crane et al. 2015). But since our goal is to enhance noisy
and small features like peaks from Micro-C. The relative
position of TADs is not of much help since these exist at a
bigger genomic scale.

4. Methods

For this project | downloaded data in mcool format from
the 4DN Nucleome Project (Dekker et al. 2017). This
included Micro-C and Hi-C mcools from the H1 and HFF
embryonic cell-lines from the Dekker lab (Akgol Oksuz et
al. 2021).

One major issue of this data is that not the entire genome
is mapped due to experimental biases and unmappable
regions of the genome. To generate quality regions, I built
a quality control package to generate genomic regions of
100 kilobases binned at a 5kb resolutions to keep regions
that have at least 80% non-zero-sum rows. To handle
genomic interval operations and string formatting in the
quality control, 1 made use of the Bioframe package
(Open2C et al. 2022).

This step generates ~10,000 regions. Training and
validation were done using the H1 cell-line, but the testing
step was done using the HFF cell-line.

To interface the genomic regions with Pytorch, | built a
custom Pytorch Dataset, that takes genomic regions in the
UCSC string format as input and fetch both the contact
matrices from Hi-C input and Micro-C output mcools by
using the Cooler package (Abdennur and Mirny 2020).

The dataset class contains matrices of 200 x 200 that
represent 1 megabase binned at 5-kilobase resolution. |
chose 1 megabase since that is the region size in which one
can visualize TADs (Dixon et al. 2012; Rao et al. 2014),

350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399



400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449

CVPR CVPR 2022 Submission ***** CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE. CVPR

#*****

Hi-C ma
100 P

0 50 150 200 0

Log(Hi-C
© og( lmomap)

#*****

Normalized L%g(Hi-C mag)
150 200 0 50 10 15| 200

100

150

200 200

08

06

04

02

0.00

Figure 2: Normalization of Hi-C and Micro-C maps.

00

Normalization ensures visibility of off-diagonal features and keeping the range from 0 to 1.

which are the square patterns near the diagonal of the
matrix. In order to avoid noise from genomic and
experimental biases, instead of raw contact counts, | used
the corrected counts from iterative correction (Imakaev et
al. 2012).

Each matrix was normalized with the following steps:

1. Turn all NaN values to zero probability.

2. Replace all zeros with the smallest non-zero
value.

3. Take the log of the matrix

4. Subtract the minimum log value and divide by
log(max)-log(min)

Since Hi-C maps have an exponential decay of contact
probability, this step ensures that distal structures are
considered, as well as to ensure the matrices are on the 0 to
1 range (Figure 2).

5. Experiments

For this project | used the same hyperparameters as
DeepHi-C. I initially used full codebase but ended up
getting maps that did not look like Hi-C, either all high or
all low values. | decided to replace the adversarial loss
and training scheme with the one we used in CS231n’s
GAN assignment. | also trained the model using a batch
size of 16 since that was the maximum it would allow me
before the GPU ran out of memory.

These last settings worked and started to get realistic
Micro-C maps after few iterations in one epoch (Figure
3). Then trained the model for about 20 epochs. Is worth
mentioning that at this stage, the model was evaluated
visually only, by evaluating its quality with the test set. |
also experimented with higher values of adversarial loss,
tv loss and perception loss with the already trained model.

Figure 3: Generated Micro-C maps after few iterations

These experiments led to artifacts such as the diagonal of
the matrix being wider than it should be.

6. Results

Once the model was trained on the H1 dataset, |
proceeded to evaluate the model with the training set as
well as the HFF cell type Hi-C and Micro-C which serve
as our test set.

The first things to check were the following questions:
- Isit producing peaks present in Micro-C and not
Hi-C?
- Do the generated maps in the test set look
reasonable?
- Are false positive peaks present in the generated
set and not in Micro-C?
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- Are the predictions on the test set real? or just an
artifact of the trainset at the same genomic
region?

The model successfully gets to predict reasonable Micro-
C maps for both cell-types at the same genomic region. It
is also able to capture peaks present in Micro-C that are
disturbed or not visible by noise in Hi-C for both cell-

types.

Another possibility is that the model might give false
positives, for example, put a peak in every corner. And
since structure at the same genomic region is similar, it
might be using the same peaks learned from H1 and
adding them to HFF.

In figure 5, we get to see two noisy signals in H1 Hi-C,
one becomes a peak, the other one does not. But they both
become peaks in the testing set, agreeing with the real

H1

Hi-C Micro-C Jredicted Micro-c
0 2 @ @ ® 100 20 140 0w @ @ @ 100 120 40 o 2 ® @ 100 120 140
0

w no peak|

@0 peak

Micro-C Predisted Micro.C
2 4 6@ 8@ 100 120 40 ) & 8 100 120 140
e A o e

e

nolsy
signal

|
-
|

Figure 5: Noisy signal in Hi-C becomes peak in testing but not training.
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Figure 4: Hi-C, Micro-C and predicted Micro-C at the same genomic region for H1 and HFF. Model predicts peaks present in Micro-C with high detail.

Micro-C peaks. This example shows that both structures,
even though in the same genomic position, follow
different rules. This does not fully discard the idea of
false positives happening. However, it gives insight of the
model learning some rules to whether put peaks in a
corner or not, depending on the structural context.

Despite the model being able to generate realistic maps,
by using Nearest Neighbors, the nearest neighbor is not
always the target matrix. Achieving 57 % accuracy on
training and 51% accuracy on testing.

7. Discussion

Even though we got a bad accuracy by using KNNs,
this does not necessarily mean much since a lot of the
data is very similar to each other, being different only by
few tiny features in many cases. In the landscape of
computer vision, these tiny differences might not matter
much, but they are relevant biologically.

Since we care mainly about the peaks that appear on
Micro-C, further work needs to be done to be able to
benchmark these peaks and corroborate that a model is
learning the right thing. For example, being able to
perform peak finding and build an accuracy based on
peak 2D position and strength.

Despite low KNN accuracy, almost all the predicted
Micro-C maps look nearly identical to their target micro-C
map.
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8. Conclusion and Future Work

To this day, this is the first model to ever turn Hi-C to
Micro-C data. All the super-resolution models in this field
only care about increasing the resolution of the data. In
our case, we care about both the resolution and the rich
structural features seen in Micro-C, such as peaks and
stripes, that are hidden by experimental noise in Hi-C
maps.

Potential applications of this model include, using it to
denoise and extract structural features from older datasets.
Another is to use it to cross-validate existing
background/bias models in this field.

The generator built, could also be used by other deep
learning models such as Akita (Fudenberg, Kelley, and
Pollard 2020), that use genomic sequence as input and
predict Hi-C as output. Or models such as CAESAR
(Feng et al. 2022) that use epigenetic signals as input, to
predict Hi-C and Micro-C maps. This could further
improve the prediction from genomic signals and strength
our knowledge of sequence to 3D structure relationship.

A new method with higher resolution of sub kilobase
scale Hi-C (Aljahani et al. 2022) got published while
doing this project. The next step would be taking Micro-C
or Hi-C as input and predict these new sub kilobase maps.

Something | would implement if | had more time,
would be getting importance scores per peaks. As seen in
Figure 5, seems like the model adds peaks in a non-
random way. It would be interesting to see which parts of
the input are important for a peak to be there or not.
Given that these maps are a representation of the 3D
structure, it might be possible that peaks might be
influenced by other distal structural elements.

9. Contributions & Acknowledgements

For this project, | used the Pytorch generator and
discriminator built by:
https://github.com/omegahh/DeepHiC

I also made use and modified the GAN training function
from the Pytorch GAN assignment.
https://cs231n.github.io/assignments2022/assignment3/
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