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Foundation model

* Versatility: wide range of downstream tasks

* Transfer learning: learn general representation of data. Task-specificis
limited

* Efficiency: computational efficiency of fine-tuning models

e Generalization: “zero-shot” or “few-shot”

* Emergent abilities:
* basic arithmetic
* simple programming tasks
* summarization, translation, or question-answering.
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®,

Goals

* Building an interpretable fungi LLM to help Calico N
construct gene regulatory networks (GRN) in the future.
* Predicting ChlP-exo, histone marks, and RNA-Seq

* Does fine-tuning a pretrained LM outperform training a new model

from scratch under the exact model architecture?
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Why yeast? O

 Simple Eukaryotic Model 9

* Rapid Growth and Easy Culturing

* Genetic Manipulability
 Well-Characterized Genome

* Conserved Regulatory Mechanisms
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Part |

Fungl Language Model

* Q: To what evolutionary distance should we include in our LM?
* Q: What is the quality of the annotation? Coding vs non-coding regions

* Q: How repetitive are the genomes?



Why building a Fungi Language Model?

* Yeast genome is small. 12Mbps.

* Thousands of fungal genomes with high quality. No supervised

measurements

* Language model pre-training on all available genomes followed by

transfer learning to the smaller yeast genome.
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L ] Repeat regions
Data preprocessing Coding regions

Gene Locus 1 Gene Locus 2 Gene Locus 3

ll\ [ . | (_A_\
O o s [ s [
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L ] Repeat regions
Data preprocessing Coding regions

~ 7 genes per window
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L ] Repeat regions
Data preprocessing Coding regions
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~ 7 genes per window
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L ] Repeat regions
Data preprocessing Coding regions

O 5 =

B [ Training

/% repeat

threshold [ N o
e validation
(chrXl, chrXIll, chrXV)
Il ] Testing
(chrXIll, chrXIV, chrXVI)
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Q1: To what evolutionary

distance should we include In
our LM?

C
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Fungi diverged from other life

Selected Ge nomes for LM around 1.5 billion years ago
Same species, / Order level \ Kingdom level
Different strains
Dataset 1 Dataset 2 Dataset 3 Dataset 4
R64 » 80 strains » 165 » 1361
reference yeast of yeasts Saccharomycetales Fungus genomes
Q1: Diversity of strains? Q2: Diversity of species? Q3: Even more

diverse?

12
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Genome distance evaluation

R64 Reference Yeast

p 1!

Mummerplot

Introduction
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Q2: \What is the quality of the
annotation?
Coding vs non-coding regions?
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Genome annotation completeness evaluation

R64 Reference Yeast

BUSCO Assessment Results

B complete (C) and singlecopy (5) [J] complete (C) and duplicated (D)
Fragmented {F) B vissing )

BUSCO_GCA_DDD146045_2

=

20 40 &0 B0
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Conclusion:
~95% completeness
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Genome evaluation — coding / noncoding regions

R64 Reference Yeast
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Introduction
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Genome evaluation —

genes per window

R64 Reference Yeast Median: 9.0; Mean: 8. 98 80 strains of yeasts
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Histogram of Repeat Ratios
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Gene Locus 1 Gene Locus 2 Gene Locus 3

Q3: How repetitive are the

genomes?

7% repeat I 5 I I 0

threshold e
———>
———
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Genome evaluation — repeat regions

R64 Reference Yeast 7.39% repeat regions 80 strains of yeasts
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Repeats Detection

* RepeatModeler: Identifies de novo transposable element (TE) families.
* BuildDatabase

* RepeatModeler

* RepeatMasker: Screens DNA sequences for interspersed repeats and low

complexity DNA sequences using Dfam (or RepBase, 30K (%)) database.

* Dust: Masks low-compexity regions

18
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Repeats masking evaluation

Scatter Plot of Precision vs Recall for fungi_gtf Samples
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a 7% threshold removes
~10% of the sequences.

Data cleaning — repeats removal
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o o o W Training
ﬂ é Validation (chrXl, chrXlil, chrxV)
E Testing (chrXil, chrXIV, chrxVi)

Q4: How many homologous
segquences are there between
training and testing?

C
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Training

Validation
(chrXl, chrXIll, chrXV)

Testing
(chrXIll, chrXIV, chrXVI)
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Training

Validation
(chrXl, chrXIll, chrXV)

Testing
(chrXIll, chrXIV, chrXVI)

Detect homologous sequence using DNA sequence aligher

21
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Homology sequence removal

 Nucmer:

* minimum length of maximal exact matches (MEMs) (20) MEMs shorter than this

length will be ignored.

* Aclusterisagroup of MEMs that are close to each other and are used to build the

alignment (65) Smaller clusters will be ignored

* Minimap2: minimap2 -x asm20

e -asmb5/asm10/asm20: - asm-to-ref mapping, for ~0.1/1/5% sequence divergence

22
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Train - Test

Train - Validation

test_chrXl_chrXlll_chrXV / valid_chrXll_chrXIV_chrXVI / train remaining chromosomes

Homology sequence removal evaluation

Query (test) Coverage (%)

Query (valid) Coverage (%)
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165 Saccharomycetales
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Homology sequence removal evaluation (minimap2

Train - Test Train - Validation
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Train - Test

Train - Validation

test_chrXl_chrXlll_chrXV / valid_chrXll_chrXIV_chrXVI / train remaining chromosomes

Homology sequence removal evaluation

Query (test) Coverage (%)

Query (valid) Coverage (%)
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minimap

Homology sequence removal evaluation (
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Removal Ratio by Species and Chromosome
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Final sequence for training / testing / validation

Before cleaning

After cleaning

réed

Train
Test

Validation :

Train
Test

Validation :

Introduction

80 strains
1440 Train 108960
608 Test 608
576 Validation : 576
|-597 (-41.4%) | |-40447 (-37.1%) |
843 Train 68513
507 Test 507
488 Validation : 488
Supervised model

Train
Test

Validation :

Train
Test

Validation :

165 Saccharomycetales

404608
608

576

| -65442 (-16.2%) |

339166
507
488
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Fungi Language Model

Architecture

Introduction Self-supervised LM

Supervised model Fine-tuning LM



Different model architecture we’ve tried

* Dilated convolutional neural network (small) Total params: 320,708 (1.22 MB)

* Dilated convolutional neural network (large) Total params: 3,642,116 (13.89 MB)

* Transformer-based unet (small) Total params: 13,665,828 (52.13 MB)
* Transformer-based unet (large) Total params: 71,790,564 (273.86 MB)
(@) _ 1 |

Masked language I = =13 D logP(wi/w\n,)

1eEM,

modeling loss

where:

L\ M, represents masked version of x

M, represents set of masked token positions in x

28
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16384bp 16384 * 4 Masked language modeling loss

— L S M [ S A |8 .0 0

Encoding: (4 +1 + C |1 .0 7
species_num) ?|ICITICIT|A|?|C|G|?|G|TIA|T|A|C G I S ”
T [0 K 2

Reverse complementary

1bpres|||||||||||||||||-|/€|>\L||||||||||||||||| 1bp res

16bp res IJ } |:I 16bp res
32bp res IIIIIIII|"L I ‘Ll"""" 32bp res

64bp res 64bp res
128bpres Transform 128bpres
er Blocks
(11x)
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Self-supervised Fungi LM

Language Model Results

Introduction Self-supervised LM

Supervised model Fine-tuning LM



Validation Loss

Training Loss

Model comparison

réd

Validation Losses

10.0 ~== LM Conv small (valid); loss = 8.8270 (8.8213)
=== LM Conv big (valid); loss = 8.9289 (8.9236)
9.8 4 ~ == LM U-Net small (valid); loss = 8.9725 (8.9652)
: === LM U-Net big (valid); loss = 8.9815 (8.9737)
9.6 4
1)
i
9.4}
|
A
9.2 14\ i
\ll-‘\\ !’
N
9.07 FERta..”
*-::-::5
eol T
20000 40000 60000 80000 100000 120000 140000 160000
# Training Batches
Training Losses
—— LM Conv small
9.6 —— LM Conv big
9.4 - —— LM U-Net small
A —— LM U-Net big
9.2 1
9.0 -
8.8
8.6 -
8.4
8.2 1

20000 40000 60000 80000 100000 120000 140000 160000

# Training Batches

Introduction

80 strains

Validation Losses

9.4 1 —=- LM Conv small (valid); loss = 8.7960 (8.7936)
—== LM Conv big (valid); loss = 8.8552 (8.8444)
9.3 A » —==- LM U-Net small (valid); loss = 8.8472 (8.8390)
“ ==~ LM U-Net big (valid); loss = 8.8948 (8.8825)
B 9.24n)
g R
[FT
S 9.1 A,
© Y "‘
° R \
= UG J
§ 9.0 4 NN \ 7
\\\\\\‘\ ’[
T N
8.9 1 §:\\:\~;::s' :/
8.8 1 e R T
20000 40000 60000 80000 100000 120000 140000 160000
# Training Batches
Training Losses
9.8 —— LM Conv small
——— LM Conv big
9.6 —— LM U-Net small
—— LM U-Net big
& 9 4 4
&9
()]
c
€ 9.21
1]
=
9.0 A
8.8

Self-supervised LM

20000 40000 60000 80000 100000 120000 140000 160000
# Training Batches

165 Saccharomycetales

Validation Losses

964 1 === LM Conv small (valid); loss = 8.8649 (8.8526)
Il"wl —== LM Conv big (valid); loss = 8.7777 (8.7627)
o === LM U-Net small (valid); loss = 8.7766 (8.7555)
9.4 - ",’ \I \ === LM U-Net big (valid); loss = 8.7340 (8.7086)
2 &; [
o |} \
- 1 \
c \
2 9.2 1 Q‘ \‘\‘\
£
g \Q\C"\
4 RSk WL
9.0 DRI
NN
A :::""‘--—u-______ _ :' ____________
sg4{  TTT== ‘::-:_.:s%::;~—_==-=:-a
20000 40000 60000 80000 100000 120000 140000 160000
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Training Losses
1175 —— LM Conv small
——— LM Conv big
11.50 - LM U-Net small
11.25 —— LM U-Net big
A
3 11.00
-
21075
£
@©
= 10.50
10.25
10.00
9.75

Supervised model

20000 40000 60000 80000 100000 120000 140000 160000
# Training Batches
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Validation Loss

Dataset comparison

Validation Losses

g
(@)
1

©

N
1

-~

LM R64 U-Net small (valid); loss = 8.9725 (8.9652)
—-== LM R64 U-Net big (valid); loss = 8.9815 (8.9737)

LM strains U-Net small (valid); loss = 8.8472 (8.8390)
——=- LM strains U-Net big (valid); loss = 8.8948 (8.8825)

LM saccharomycetales U-Net small (valid); loss = 8.7766 (8.7555)
—-—- LM saccharomycetales U-Net big (valid); loss = 8.7340 (8.7086)

a \
9.2\ W\
\ \ \ /
v N/
\ \ »\
9.0 A RESLEN // By ’
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Introduction

# Training Batches

Self-supervised LM
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Validation Loss

Different resolutions of input to transformer blocks

128bpres
32bp res

Validation Losses

—-—- LM saccharomycetales U-Net small ( 32 res) (valid); loss = 8.7724 (8.7609)

9.4 4
\ LM saccharomycetales U-Net big ( 32 res) (valid); loss = 8.7598 (8.7382)
l“ —-== LM saccharomycetales U-Net small (128 res) (valid); loss = 8.7658 (8.7586)
9.3 -l|| LM saccharomycetales U-Net big (128 res) (valid); loss = 8.7391 (8.7243)
|
tl
\i
9.2 l‘\h Al
- A
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N
\\ \\
9.1 AN el
- 'h\\\\\
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N N
9.0 1 SN
Y
W N
\\‘\\
8.9 - 3N
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i
= |

Both resolutions reach
the similar loss
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Fungi LM Language Model C

Motif inference

Introduction Self-supervised LM
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Constructing PWM from Fungi LM

Predicting 15 % masked regions for
each iteration

Testing - 0000000

(chrXIl, chrXIV, chrXVI)

- ® 0O >

33
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PolyA tracks Upstream 512bp

YLRO57W; chrXIl:255305-257855 (+)

YLR438W; chrXIl:1012500-1013775 (+)  PolyA tracks

YLRO56W; chrXIl:253860-254958 (+)

e PRI Y ! & § " sef s £ I ot ena 8 LYY XTI WY Y W Kﬁp.ﬂkw'n.i..z.&.AJ_ljﬁML Ul L ] ”I"n ”l’ ittt ttopal ol . Ao obbuss it

YLR134W; chrXll:410722-412414 (+)

st ot atoon TN Bt it e el e ke s AT S bt i RS PP BTSSR PUUURTY SO S bt il vy 4 Mmesr

Initiator (Inr)

sduad] A thossobutest oot ob orsthy Whibvenste ond b L Lo ts
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YLRO15W; chrXII:175226-176744(+)
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Downstream 512bp
YLRO57W; chrXI1l:255305-257855 (+)

PO l'yA traC k: it ‘l‘;\'all.'t!h-‘ﬁs"aluhui AT N eun Iy 17 I‘ b ‘. 's' I ...4?.‘. ! A I s B IJ - [[ L]‘ LLA JM .., it II' :] i 4"11' 5 l‘"&: ﬂ.‘ —' Mg :i. : M‘AmvJJUJL;JCHJEIlLJ.J! JJIMHA

YLR438W; chrXl1l:1012500-1013775 (+)

!I'&w‘,ﬁ,,r,ﬁgﬁg‘ig.v Lo .Mlam o 3 b ot A bt oop bbbl n B oot b it 0t s S b it e L. 1 ."-., II! Moo, B e 0 b s bt o 8 st eed R R S R L R

... JOMaz da Silva et al., (2024).
Nucleotide dependency
analysis of DNA language
models reveals genomic

| fn'onal fe?gnents. bioRxiv
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Fungi LM: Summary

Fungi language model: The Saccharomycetales order is a good evolutionary distance, offering good

species diversity.

Orthologous gene annotations are 95% complete.

Coding regions make up 50% - 75% of the genome (72.46% in r64). Down-weighting is important!

A window size of 16,384 captures approximately 5-10 genes (9 in r64).

Repetitive regions account for ~2% - 15% of the genome (7.39% in r64). Down-weighting is important!
Homologous sequence removal between train-test/validation is crucial (40% / 60% / 16%)
Transformer-based U-Net architecture overfits in r64 but generalizes best in Saccharomycetales.

Self-supervised learning is able to capture cis-regulatory motifs (preliminary results)

Introduction Self-supervised LM
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Part Il

Supervised ChiP-exo, histone marks, RNA-Seqg

prediction

Linder, J., Srivastava, D., Yuan, H., Agarwal, V., & Kelley, D. R. (2023).
Predicting RNA-seq coverage from DNA sequence as a unifying model
of gene regulation. Biorxiv, 2023-08.




Label data introduction & ()
preprocessing




ChiP-exo + Histone Marks

ChlP-exo provides high res view of DNA
binding

Dataset includes 800 ChlP-exo
experiments:

Epigenetic regulators, DNA replication,
centromeres, subtelomeres, transposons,
RNA polymerase I/I/1I

161 matched TF ChlP-exo from IDEA 1.0

Histone Mods MNase-ChlP-seq

Rossi, Matthew et al. Nature. 2021.

Introduction

TFlIID-dominated SAGA-dominated

Self-supervised LM

a
All features in this study
I (11,112)
, I I
Transcribed Non-transcribed Other
(7,741) (295) (3,076)
I Not analysed
| | [ I |
Pol | Pol Il Pol Il Centromere Replication X-element
(2) (7.467) (272) (16) (253) (25)
Ceoding Non-coding
(6,121) (1,346)
TR | | | | l | tRNA-proximal (135)
©57) No PIC (251)
UNB TFO
(2,474) |[(1,783) CUTs (447)
o e eee escesecse PIC ig.rr: Eﬁg;

occupancy g (94)

Replication

Supervised model

Pol Il

Elongation
and chromatin
regulation

Promoter
regulation

PIC
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e CI engineered strain pGAL(G/Z)EV-0RFA
]

e Genome-scale perturbation dynamics 3 Expression change from steady state
estradiol inducer

after estradiol added

propagate signals across regulatory | /

networks  —

5 10%15 30 45
minutes

.x’k./iﬂ
(0]

e Measuring dynamics allows events to

be ordered 1

e Aggregating dynamics across many o_'o
time-courses enables disambiguation o

of cause > effect relationships

38
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RNA-Seq

* IDEA (the Induction Dynamics gene Expression Atlas)

IDEA_2_0525

IDEA_2_0420

IDEA_1

group

MSN2

GRE1

RPNS

TOS4

[ g/l

TPO2

| 06L

L OEL
L 0L
L STL
L SCTL
L OTL
L 511
L Sl
L 0l

PRX1

L 061
L 091
L Svl

(52Tl

IDEA2.0 05/25/21

IDEA2.0 04/20/21

IDEAL.0

timepoint

A0
&
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Supervised model architecture ()




One-hot
encoding

1bp res

16384bp

—|

—

CHiP-exo
Histone marks
RNA-Seq

Coverage Tacks

(1128)
(20)
(1340)

16bp res

32bp res

64bp res

128bpres

Introduction

=

16bp res

Self-supervised LM

Transfor
mer

Blocks
(8x)

Supervised model

32bp res

64bp res

128bpres
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Basenji Model Training

e Divide genome into 8 folds.
e Train 8 models with distinct

validation and test folds.

A A"P Ragler

Koty May foc Pate A e

Introduction Self-supervised LM

FoldoO:

chrXIV:

chrX:
chrXl:
chrlll:

Fold1:
chrXl:
chrV:
chrV:

chrXIll:

chrVl:

Fold2:
chrll:
chrViIl:
chrlV:

Fold3:

chrXVI:

chrlV:
chrVl:

chrVIll:

chriX:

Fold4:

chrlV:
chrXIl:
chrll:
chrlll:

Fold5:
chrVIl:
chrX:
chrl:
chrl:
chrXIl:

Fold6:

chrXIll:

chrXIl:
chrXV:

Fold7:

chrVIll:
chrXVI:

chrilX:

chrXIV:

743 seq, 1406020 nt (0.1244)
0-628758
0-436307
440246-666816
0-114385

736 seq, 1433427 nt (0.1268)
0-440129
0-151987
152104-576874
0-268031
0-148510

806 seq, 1521492 nt (0.1346)
238323-813184
0-496920
0-449711

755 seq, 1408276 nt (0.1246)
0-555957
449821-990877
48627-270161
0-105586
355745-439888

732 seq, 1444997 nt (0.1278)

990877-1531933
614562-1078177
0-238207
114501-316620

742 seq, 1284157 nt (0.1136)
497038-1090940
436425-745751
0-151465
151582-230218
0-150828

785 seq, 1446481 nt (0.1280)
268149-924431
150947-614562
0-326584

733 seq, 1360020 nt (0.1203)
105703-562643
55607 3-948066
0-355629
628875-784333

Supervised model

41
Fine-tuning LM



Part Il]

Fine-tuning Fungi Language Model

Q: Does fine-tuning a pretrained LM outperform training a

new model from scratch under the exact model architecture?



Supervised Fungi model VS ()

Fine-tuning Language Model




16384bp

Q0>

16384 * 4

A B
.8 0 0
K 0 7
A 9 1
0 1 2

1bp res 1bp res

16bp res LT LTI |'I } Ll e 16bp res

32bp res 32bpres

64bp res 64bp res
128bpres e 128bpres

er Blocks
(8x)
42
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16384bp

1bp res |||||||||||||||||-|

CHiP-exo (1128)
Histone marks (20)
RNA-Seq (1340)
Coverage Tacks

1(5bpres||||||||||||||'I } Ll""""""' 16bp res

32bp res

64bp res

128bpres

Introduction

32bp res

Self-supervised LM

Transform
er Blocks
(8x)

64bp res

128bpres

42
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Supervised Fine-tuning LM

A|ICITI|ICITIA|ICICIG|IGIG|T|IA|TIA|C AIC|ITIC|ITIAICICIG|IG|IG|T|IA|T|AIC
Input 16,384 * 4 16,384 * (4 +1 +165)
A |1 A
C |o » C
G lo G
T Jo T

Masked encoding
~

Species encoding <

(r64 : 109)

N

¥
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Fine-tuning vs Training from Scratch (16 bp resolution)

Validation Losses

= = supervised 16bp unet big f0c0 (valid); loss = 27.1389 (27.0946)
I~ == ity — = supervised 16bp unet big f1c0 (valid); loss = 27.2156 (27.1461)
_ \\ = = supervised 16bp unet big f2c0 (valid); loss = 21.3880 (21.3216)
32 1 "\\ \\ = = supervised 16bp unet big f3c0 (valid); loss = 22.3028 (22.2175)
\\ \\ = = supervised 16bp unet big f4c0 (valid); loss = 24.9767 (24.8778)
== == \\ o = = supervised 16bp unet big f5c0 (valid); loss = 25.4824 (25.3507)
“’\\\ \\\\\ supervised 16bp unet big f6c0 (valid); loss = 22.0502 (21.9841)
\Q\ \\\\ = = supervised 16bp unet big f7c0 (valid); loss = 23.5928 (23.4970)
A ~ \\ Fine-tuned LM 16bp unet big f0c0 (valid); loss = 25.8804 (25.8370)
30 A NN ~
\\\ \\\\\ Fine-tuned LM 16bp unet big f1c0 (valid); loss = 25.9723 (25.9049)
AN RN Fine-tuned LM 16bp unet big f2c0 (valid); loss = 20.3451 (20.3153)
AN S
\\ \\ *::\ Fine-tuned LM 16bp unet big f3c0 (valid); loss = 20.9475 (20.9285)
AFAEN TS Fine-tuned LM 16bp unet big f4c0 (valid); loss = 23.8470 (23.8168)
N ~ -
-
28 \\ \\ e — Fine-tuned LM 16bp unet big f5¢0 (valid); loss = 24.1303 (24.1008)
4 ~ Ty Ty i id): =
- H . .
%) N\ \\ =S —_—— Fine-tuned LM 16bp unet big f6c0 (valid); loss = 21.2125 (21.1887)
8 Mo S Te===-"TtZs Fine-tuned LM 16bp unet big f7c0 (valid); loss = 22.4292 (22.4001)
— ~ e emssS o=
~
C - ——— ~ -
o o~ B
— ~ ~
+— ~ ~ T~
M \~.., \'ﬁ ‘-.""'-.
.-E 26_ o SN "-.._..‘ --—-_,________
= == ot '-\\\ -......__________"_ ————— -..__._.._..._____________________
> N\_\. \S\ —_-.—___________.___—_
B SR S e ———— —_————— -
‘\\ W iy
~ ‘-\-. e
~ . "'--—_______
~ e e e
24 . S . \55 - T e ————
-~ ~ o ——— e — e (——
~ ~
.\\\ . .“."-"'-...
s\\ -_____________
~ao - ! ‘—““-‘*—-———*——--v—r_!L_
-."'-:.___ = - s N e e e e ——— -
22 A s ———
20 A
T T T T T T
2000 4000 6000 8000 10000 12000
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Fine-tuning vs Training from Scratch (4 bp resolution)

Validation Losses

10.0 A

9.5 1

9.0 A

8.5 1

Validation Loss

8.0

7.5 1

7.0 A

supervised 4bp unet small f0c0 (valid); loss = 9.3424 (9.2979)
supervised 4bp unet small f1c0 (valid); loss = 9.1779 (9.1696)
supervised 4bp unet small f2c0 (valid); loss = 7.1013 (7.0967)
supervised 4bp unet small f3c0 (valid); loss = 7.3983 (7.3838)
supervised 4bp unet small f4c0 (valid); loss = 8.4808 (8.4597)
supervised 4bp unet small f5c0 (valid); loss = 8.6157 (8.5944)
supervised 4bp unet small f6c0 (valid); loss = 7.3647 (7.3584)
supervised 4bp unet small f7¢0 (valid); loss = 7.7952 (7.7711)
Fine-tuned LM 4bp unet small fOcO (valid); loss = 8.5539 (8.5332)
Fine-tuned LM 4bp unet small f1c0 (valid); loss = 8.5456 (8.5235)
Fine-tuned LM 4bp unet small f2c0 (valid); loss = 6.6707 (6.6624)
Fine-tuned LM 4bp unet small f3c0 (valid); loss = 6.8598 (6.8532)
Fine-tuned LM 4bp unet small f4c0 (valid); loss = 7.9576 (7.9531)
Fine-tuned LM 4bp unet small f5¢0 (valid); loss = 8.0580 (8.0476)
Fine-tuned LM 4bp unet small f6c0 (valid); loss = 6.9446 (6.9396)
Fine-tuned LM 4bp unet small f7c0 (valid); loss = 7.3381 (7.3345)

Introduction

6000 8000
# Training Batches

2000 4000

Self-supervised LM

Supervised model

10000 12000
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Validation Loss

Validation Losses

—— supervised 16bp U-Net small FO (valid); loss = 28.6248 (28.4843)
—— supervised 16bp U-Net small F1 (valid); loss = 28.2678 (28.2117)
—— supervised 16bp U-Net small F2 (valid); loss = 22.0851 (22.0750)
— supervised 16bp U-Net small F3 (valid); loss = 23.1358 (23.0719)
—— supervised 16bp U-Net small F4 (valid); loss = 25.8020 (25.6840)
—— supervised 16bp U-Net small F5 (valid); loss = 26.6529 (26.5296)
supervised 16bp U-Net small F6 (valid); loss = 23.0085 (22.9141)
—— supervised 16bp U-Net small F7 (valid); loss = 24.3076 (24.2682)
----- Fine-tuned LM 16bp U-Net small FO (valid); loss = 25.9486 (25.9145)
Fine-tuned LM 16bp U-Net small F1 (valid); loss = 26.2580 (26.1771)
----- Fine-tuned LM 16bp U-Net small F2 (valid); loss = 20.4224 (20.3980)
----- Fine-tuned LM 16bp U-Net small F3 (valid); loss = 21.0006 (20.9930)
---- Fine-tuned LM 16bp U-Net small F4 (valid); loss = 23.9728 (23.9450)
----- Fine-tuned LM 16bp U-Net small F5 (valid); loss = 24.3522 (24.2979)
Fine-tuned LM 16bp U-Net small F6 (valid); loss = 21.3005 (21.2772)
----- Fine-tuned LM 16bp U-Net small F7 (valid); loss = 22.5353 (22.5008)

N
(=]
1

——- supervised 16bp U-Net big FO (valid); loss = 27.1389 (27.0946)
supervised 16bp U-Net big F1 (valid); loss = 27.2156 (27.1461)
supervised 16bp U-Net big F2 (valid); loss = 21.3880 (21.3216)

—=- supervised 16bp U-Net big F3 (valid); loss = 22.3028 (22.2175)
supervised 16bp U-Net big F4 (valid); loss = 24.9767 (24.8778)
supervised 16bp U-Net big F5 (valid); loss = 25.4824 (25.3507)
supervised 16bp U-Net big F6 (valid); loss = 22.0502 (21.9841)

——- supervised 16bp U-Net big F7 (valid); loss = 23.5928 (23.4970)
Fine-tuned LM 16bp U-Net big FO (valid); loss = 25.7919 (25.7356)
Fine-tuned LM 16bp U-Net big F1 (valid); loss = 25.8828 (25.8564)
Fine-tuned LM 16bp U-Net big F2 (valid); loss = 20.2898 (20.2702)
Fine-tuned LM 16bp U-Net big F3 (valid); loss = 20.9088 (20.9180)
Fine-tuned LM 16bp U-Net big F4 (valid); loss = 23.8441 (23.8013)
Fine-tuned LM 16bp U-Net big F5 (valid); loss = 24.1333 (24.0781)
Fine-tuned LM 16bp U-Net big F6 (valid); loss = 21.2041 (21.1740)

—-- Fine-tuned LM 16bp U-Net big F7 (valid); loss = 22.4327 (22.4049)

2000 4000 6000 8000 10000 12000
# Training Batches 46
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RNA-Seq track visualization ()
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Track level prediction ()
evaluation
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CHiP-exo
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Pearson Correlation (Pearsonr)
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RNA-Seq tracks alone VS
RNA-Seq + Histone Marks + ()

CHIiP-exo tracks
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Project Conclusion

1. Built the first fungi language model. The Saccharomycetales
order is a good evolutionary distance, offering good species

diversity. Processing 1361 fungus genomes.

2. Under the exact model architecture, pretrained LM weights &
fine-tuning can outperform training a model from scratch.

* Loss / gene level Pearson R/ gene level R?
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