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Tom tat (Abstract)

B&o c&o trinh bay qué trinh xay dung va so sanh 12 kién tric mang nd-ron sau cho bai toan phan
loai anh trén CIFAR-100 (100 I8p, 32x32 px, 50 000 anh). Toan bd mé hinh dugc huan luyén from
scratch — khéng dung pretrained weights — véi training loop tu viét bang PyTorch, chay trén
Apple MPS (M-series).

Két qua noi bat: CNN+Transformer Hybrid dat accuracy cao nhat (37.25%); SimpleCNN hiéu qua
nhat vé tham sé/accuracy (35.88%, 346.6K); GRU-row bat ngd canh tranh ngang CNN (36.57%);
SpatialToken ViT that bai hoan toan (13.10%) — minh ching truc quan tai sao ViT dling patches
thay vi pixels. Custom TransformerEncoder tu xay dat két qua tusng dudng PyTorch géc (34.56%

vs 31.92%), xac nhan hién thuc dung vé mat toan hoc.

12 37.25% 5 100

M& hinh Best Test Acc Phan bai tap S6 18p CIFAR

From Scratch



Khéng dung pretrained



1.1 CIFAR-100

Thudc tinh Gia tri

S6 18p 100 fine-grained (20 superclasses)
Kich thudc anh 32 x 32 pixels, 3 kénh RGB

Train / Val [ Test 45 000/5000/10 000

Anh mai 18p (train) 450 (val: 50, test: 100)

1.2 Tién x{f ly va Data Augmentation

# Normalize véi CIFAR-100 stats (KHONG dung ImageNet stats)
mean = [0.5071, 0.4867, 0.4408]
std = [0.2675, 0.2565, 0.2761]

# Train: augmentation

transforms.RandomCrop(32, padding=4) # dich chuyén anh *4px
transforms.RandomHorizontalFlip() # 14t ngang xac sudt 50%
transforms.Normalize(mean, std)

# Val/Test: chi normalize, khong augment

Tai sao khdng dung ImageNet stats? CIFAR-100 va ImageNet cé phan phdi mau rat khac nhau.
Dung sai stats lam dif liéu khéng dudc chuan hod ding cach, anh hudng dén toc dé hoi tu va két

qua cubi cling. Ludn tinh mean/std tir chinh t4p train.



2.Phan 1 — Xay dung 4 M6 hinh Phan loai

Tat ca md hinh nhan input [B, 3, 32, 32] vatrd vé logits [B, 100] .

2.1 Softmax Regression — M6 hinh tuyén tinh

[B,3,32,32] - Flatten - [B, 3072] - Linear(3072, 100) - [B, 100]

Tham sé Gia tri

Input features 3x32x32=3072

S6 tham s6 307 300 (307.3K)

Activation Khéng — softmax tinh trong CrossEntropyLoss
Han ché Chi hoc bién quyét dinh tuyén tinh

2.2 MLP — Mang fully-connected da I16p

Flatten - FC(3072-512)+BN+ReLU+Drop(0.3)

- FC(512-256)+BN+ReLU+Drop(0.3)
- FC(256-100)

2.3 SimpleCNN — Tich chap VGG-style

ConvBlockl: [Conv(3-32)+BN+ReLU]x2 + MaxPool(2) - [B, 32, 16, 16]
ConvBlock2: [Conv(32-64)+BN+ReLU]l%x2 + MaxPool(2) - [B, 64, 8, 8]
ConvBlock3: [Conv(64-128)+BN+ReLU]x2 + MaxPool(2)- [B,128, 4, 4]
AdaptiveAvgPool(1) - FC(128-256)+RelLU+Drop(0.3) - FC(256-100)

2.4 SimpleViT — Vision Transformer

Patch Embed: Conv2d(3,128,k=4,s=4) - [B,128,8,8] - flatten - [B,64,128]

CLS prepend - [B,65,128] | PosEmbed(learnable) [1,65,128]




TransformerEncoder: 4 layers, d=128, nhead=4, ffn=512, Pre-LN

Head: LN - CLS[:,0] - Linear(128,100)

(4 Taisao patch_size=4 khdng phai 16? ViT-B/16 goc dung patch 16x16 cho anh 224x224 > 196
patches. VGi 32x32: patch 16x16 - chi 4 patches — qua it. Patch 4x4 - 64 patches — du thong
tin khong gian.



3.Phan 2 — Training Loop & Két qua Phan 1+2

3.1 Training Loop tu viét

def train_one_epoch(model, loader, optimizer, criterion, device):

model.train()

for x, y in loader:
X, Yy = Xx.to(device), y.to(device)
optimizer.zero_grad()
logits = model(x)
loss = criterion(logits, vy)
loss.backward()

. Xod gradient ci
Forward pass

. CrossEntropylLoss

. Backpropagation

nn.utils.clip_grad_norm_(model.parameters(), 1.0) . Gradient clipping

optimizer.step()

# 6. Cap nhat tham sb

# Optimizer: AdamW(weight_decay=1e-4) + CosineAnnealingLR

3.2 Hyperparameters

Epochs Optimizer

M6 hinh

SoftmaxRegression 0.1 256
MLP Te-3 128
SimpleCNN 1e-3 128
SimpleViT 3e-4 128

3.3 Training Curves — Ti'ng mo hinh

SoftmaxRegression — Loss o SoftmaxRegression — Accuracy
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Hinh 1b. MLP — Loss & Accuracy qua 50 epochs



SimpleCNN — Loss

SimpleCNN — Accuracy
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Hinh 1c. SimpleCNN — Loss & Accuracy qua 50 epochs

PHAN TiCH TRAINING CURVES
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Hinh 1d. SimpleViT — Loss & Accuracy qua 100 epochs

 Softmax (Hinh 1a): Val accuracy dao ddng quanh 8% va khéng cai thién sau vai epoch dau —

training loss cling gidm rat cham. Day |a dau hiéu ctia underfitting: md hinh tuyén tinh khéng du

capacity dé hoc boundary phi tuyén cta 100 18p.

e MLP (Hinh 1b): Val accuracy tidng déu dén ~epoch 30 rdi plateau. Khoang céch train/val accuracy

nhé - it overfitting. Tuy nhién val accuracy duing & 20.7% vi Flatten pha v3 spatial structure.

» SimpleCNN (Hinh 1c): Budng cong hoc dep nhat — val accuracy tang lién tuc, hdi tu 6n dinh tai

~36%. Khoang cach train/val nhd - BatchNorm + Dropout diéu hoa tt. Loss giam smooth nhd

CosineAnnealing.

o SimpleViT (Hinh 1d): Hoi tu cham hon CNN (can 100 epochs). Val accuracy van tdng nhe & cudi >

ViT chua b3o hoa, can thém epochs. Pay 13 dic diém cla Transformer: can nhiéu data + epochs

han CNN.

3.4 So sanh két qua Phan 1+2



Test Accuracy — Phan 1 & 2 (CIFAR-100)

SimpleCNN 35.9%
SimpleViT A 24.5%
MLP - 20.6%
SoftmaxRegression - 7.9%
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Hinh 2. So sénh Test Accuracy cla 4 mé hinh Phan 1+2. SimpleCNN dan dau véi 35.88%, gap hon 4x so vdi Softmax

Regression.

Ghi chu

Val Acc F1-macro Params

M6 hinh Test Acc
SoftmaxRegression 7.94%
MLP 20.63%
SimpleViT 24.47%
SimpleCNN 35.88%

8.34% 6.09% 307.3K Underfitting — tuyén tinh
20.68% 18.31% 1.7M Mat spatial structure
25.54% 22.35% 821.0K Can nhiéu data hon
36.38% 34.48% 346.6K Hiéu qua nhat

PHAN TiCH KHOA HOC — PHAN 142

¢ SimpleCNN (35.88%) vugt MLP (20.63%) du it params hdn (346.6K vs 1.7M): Ching minh

inductive bias — tich chap cuc bd phlu hdp véi cau tric 2D ctia &nh. MLP cé nhiéu tham sé hon

nhung moi két ndi x{r ly pixel ddc 1ap, khéng tan dung dudc théng tin khéng gian 1an can.

o SimpleViT (24.47%) kém SimpleCNN: Vision Transformer ly thuyét manh han, nhung khéng cé
spatial inductive bias — phai hoc moi thf ti data. V&i chi 45K mau train (450/18p), ViT chua du data
dé hoc dudc céac pattern khéng gian tét nhu CNN.

« F1-macro thap hon accuracy: Vi 100 I8p khong can bang (450 train/I&p), mdt s6 18p khé (visual

similarity cao) cé recall thap - kéo F1-macro xudng. Khoang cach F1 vs Acc 18n & Softmax (7.94%

vs 6.09%) cho thdy mé hinh tap trung vao vai I8p dé.



¢ Val = Test accuracy: Khoang cach nho (<1%) xac nhan khdng cé data leakage va split strategy
(45/5/10k) 1a hgp ly.



4.Phan 3 — Custom TransformerEncoder tif dau

4.1 Yéu cau va rang budc hién thuc

Hién thuc TransformerEncoder chidung: nn.Linear , nn.LayerNorm , torch.einsum, F.softmax . Khéng dugc

dung nn.MultiheadAttention , nn.TransformerEncoderLayer , hay nn.TransformerEncoder .

4.2 Custom Multi-Head Self-Attention

CustomMultiHeadAttention(nn.Module):

Buéc 1: Linear projection

= W_q(x).reshape(B, T, H, d_h).transpose(1,2) # [B, H, T, d_h]
W_k(x).reshape(B, T, H, d_h).transpose(1,2) # [B, H, T, d_h]
W_v(x).reshape(B, T, H, d_h).transpose(1,2) # [B, H, T, d_hl]

Buéc 2: Scaled dot-product attention

# 'bhid,bhjd->bhij': query[i] dot key[j] cho moi (batch, head)
scores = torch.einsum('bhid,bhjd->bhij"', Q, K) / sqrt(d_h) # [B,H,T,T]
attn F.softmax(scores, dim=-1) # [B,H,T,T]

# Budc 3: Aggregate values

# 'bhij,bhjd—>bhid': téng c6d trong sé theo i

out = torch.einsum('bhij,bhjd->bhid', attn, V) # [B,H,T,d _hl
return W_o(out.reshape(B, T, d_model))

+ Ky hiéu einsum: b =batch, h =head, i =query pos, j =key pos, d =d_head. Phép tinh
bhid,bhjd-bhij |4 dot-product song song trén tat ca batch va head cung luc — hiéu qua hon vong
for.

4.3 Pre-LN vs Post-LN

Variant Cong thurc Gradient stability Can warmup?

Post-LN (paper goc 2017) x = LN(x + Attn(x)) Kém hon (gradient 18n lic dau) Cé

Pre-LN (dung & day) X = x + Attn(LN(x)) On dinh hon Khoéng bat budc



4.4 Training curves — Phan 3

SimpleViT (PyTorch) vs CustomViT (Tu Xay)
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Hinh 3. Training curves cua SimpleViT (PyTorch) va CustomViT (tu xdy) — cting c8u hinh, cling s6 epochs. Hai dudng
curve cd dang tuang tu xac nhan hién thuc Custom encoder la dung.

Test Accuracy — Phan 3

CustomViT (Tu xay) 34.6%

SimpleViT (PyTorch) 31.9%
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Test Acc (%)

Hinh 4. So sénh Test Accuracy Phan 3. CustomViT (34.56%) vugt PyTorch ViT (31.92%) — chénh léch ~2.6% do khdi
tao ngau nhién, khéng phai 16i hién thuc.



Mo hinh Encoder Test Acc Val Acc F1-macro Params

SimpleViT (PyTorch) nn.TransformerEncoder 31.92% 33.00% 30.39% 821.0K

CustomViT (Ty xay) Custom einsum 34.56% 35.80% 33.11% 819.4K

PHAN TiCH KHOA HOC — PHAN 3

e Hai dudng training curve c6 hinh dang tuong tu (Hinh 3): Téc dd hoc, diém b3o hoa, va pattern
cUa train/val curve gan giéng nhau — bang chifng manh rang Custom MHA hoat déng ding cd ché
toan hoc nhu PyTorch MHA.

e CustomViT cao hon PyTorch ViT (+2.64%): V&i chi 2 1an chay (khéng ensemble/seed averaging),
khoang chénh I&ch nay hoan toan nam trong bién d6 ngau nhién do khdi tao weights khac nhau.
Khong thé két luan custom t6t han — chi két luan ching tuong duong.

e Ca hai déu vugt SimpleViT & Phan 1 (24.47%): Phan 3 train thém nhiéu epochs hon - x&c nhan
ViT can nhiéu epochs dé hoi tu. Day & diém khac biét c&n ban gitra ViT va CNN: CNN hdi tu nhanh
han trong 50 epochs, ViT can nhiéu hdn.

¢ Sb6 params gan nhau (819.4K vs 821.0K): Sai khac nhoé do custom impl cé thé bd qua mét so bias

term. V& mat kién tric & hoan toan tuong dudng.



5.Phan 4 — Kién tric Tokenization Pa dang

5.1 Ba cach biéu dién anh thanh tokens

Kién truc Cach tao tokens Token dim Attention cost
CNN+Transformer Hybrid CNN features (8x8 spatial) 64 128 0(64?) =4 096
ChannelToken ViT 64 channels sau Conv1x1 64 128 0(64% =4 096
SpatialToken ViT 32x32 = 1024 raw pixels 1024 64 0(10242) =1048 576

5.2 Kién truc chi tiét
4A — CNN+Transformer Hybrid

[B,3,32,32] Conv(3-32)+Pool - [B,32,16,16]
Conv(32-64)+Pool - [B,64,8,8]
reshape [B,64,64] - FC(64-128) - [B,64,128] # 64 CNN tokens
CLS + PosEmbed - 2xTransformerLayer(d=128,h=4)
CLS[:,0] - FC(128,100)

4B — SpatialToken ViT

[B,3,32,32] - reshape [B,1024,3] - FC(3,64) - [B,1024,64] # 1024 pixel tokens!
- PosEmbed - 2xTransformerLayer(d=64,h=4)
- GlobalAvgPool - FC(64,100)

# Van dé: attention matrix [B,H,1024,1024] = ~512MB véi batch=32

4C — ChannelToken ViT

[B,3,32,32] Conv1x1(3-64)+BN+ReLU - [B,64,32,32]
reshape [B,64,1024] - FC(1024,128) - [B,64,128] # 64 channel tokens

PosEmbed - 2xTransformerLayer(d=128,h=4)
GlobalAvgPool - FC(128,100)




5.3 Training curves — Phan 4

So sanh 3 kién tric tokenization (Phan 4)
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Hinh 5. Training curves cua 3 kién tric Phan 4. CNNTransformer héi tu tét va én dinh. SpatialToken ViT va
ChannelToken ViT bi plateau sém & muc rat thap — dau hiéu token quality kém.
Test Accuracy — Phan 4
CNNTransformerHybrid 37.2%
ChannelTokenViT A 17.6%
SpatialTokenViT - 13.1%
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Hinh 6. So sénh Test Accuracy Phén 4. Khodng céch rat I6n giita CNN+Transformer (37.25%) va hai mé hinh con lai

chi’ng minh tdm quan trong cla chat lugng token.




M6 hinh Tokenization Seq Len Test Acc Val Acc F1-macro Params

CNN+Transformer CNN features 64 37.25% 38.90% 35.87% 446.1K
ChannelToken ViT C channels 64 17.56% 18.18% 15.29% 549.5K
SpatialToken ViT HxW pixels 1024 13.10% 13.12% 9.86% 172.4K

PHAN TiCH KHOA HOC — PHAN 4

o CNN+Transformer dat 37.25% — cao nhat toan bai: CNN backbone (2 ConvBlocks) khéng chi
giam spatial size tUr 32x32->8x8 ma con hoc cdc dac trung c6 y nghia (edges, textures) trugc khi
dua vao Transformer. Méi trong 64 tokens |a mdt hoc dudc dic trung phic tap, khéng phai raw
pixel. Transformer sau dé hoc quan hé toan cuc gilta cac dac trung nay.

o SpatialToken ViT that bai hoan toan (13.10%): Mai pixel token chi cé 3 gia tri RGB - thdng tin
qua thé. Transformer phai cung Idc vira hoc dac trung cuc bd vira hoc quan hé toan cuc tur 1024
tokens — quéa kho. Pay chinh xac la ly do ViT goc (Dosovitskiy 2021) dung patches thay vi pixels.
Mot patch 4x4 co 48 features, phong phu han 16x so vGi 3 RGB.

e ChannelToken ViT (17.56%) kém mac du cung 64 tokens: Conv1x1 chi hoc linear combination
cla 3 channels dau vao dé tao 64 channels. Day khéng phai la dic trung spatial cé ¥ nghta — chi 13
weight matrix. Can CNN backbone siu han dé tao ra channel tokens chat lugng cao.

K&t luan: Token quality > Token quantity: SpatialToken cé 1024 tokens (16x nhiéu han) nhung

kém CNN+Transformer v&i 64 CNN tokens. Chifng minh rang chat lugng thdng tin mbi token quan
trong hon sé lugng tokens.

e Val = Test cho SpatialToken (13.10% vs 13.12%): Khéng c6 overfitting — mo6 hinh underfitting
nghiém trong, khdng hoc dudc. Loss khéng gidm dang ké sudt qua trinh train (Hinh 5).



6.Phan 5 — LSTM/GRU cho Phan loai Anh

6.1 Cach biéu dién anh thanh chudi

Anh 2D dudc "doc" theo nhiéu chiéu dé tao chudi input cho RNN:

T (seq len) D (input size) 0 t3 Thoéng tin moi budc
Row-wise 32 96 = 32x3 M®di hang pixels Toan b6 hang ngang
Col-wise 32 96 = 32x3 Mbi cot pixels Toan b cbt doc
Patch4 64 = 8x8 48 = 4x4x3 64 patches 4x4 Mot patch nho
Patch8 16 = 4x4 192 = 8x8x3 16 patches 8x8 Mot patch 16n

6.2 Kién triuc ImageLSTM / ImageGRU

input: [B, T, input_size] # T x D tuy theo seq_mode
-» Bidirectional LSTM/GRU(hidden=256, num_layers=2, dropout=0.3)
# Tao 2 ludng: forward (doc hang 0-31) + backward (doc hang 31-0)
-» concat(h_n[-2], h_n[-11) # [B, 5121 (forward + backward final state)
- Dropout(0.3)

-» Linear(512, 100)

LSTM GRU
Gates 4: forget (f), input (i), output (o), cell (g) 2: reset (r), update (z)
Cell state C6 (c_t — long-term memory) Khoéng (chi h_t)
Params/layer 4 x (D+H) x H + 4H 3 x (D+H) x H + 3H
To6c d6 huan luyén Cham hon ~25% Nhanh han
Phu hgp Chudi rat dai (>1000 steps) Chudi vira (<100 steps)

6.3 Training curves — Phan 5



LSTM/GRU x Sequence Mode (Phan 5)
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Hinh 7. Training curves cta 4 cdu hinh LSTM/GRU. GRU (c3 row va patch4) héi tu nhanh hon va dat val accuracy cao
hon LSTM déng ké. LSTM-patch4 hdi tu chdm nhat — nhiéu params nhat nhung két qua té nhat trong nhém.

Test Accuracy — Phan 5 (LSTM/GRU)

GRU-row 36.6%
GRU-patch4 35.6%
LSTM-row A 29.4%
LSTM-patch4 A 27.7%
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Hinh 8. So sénh Test Accuracy Phan 5. GRU (c3 2 configs) vugt hdn LSTM. GRU-row dat 36.57% — gan béng
SimpleCNN!

Val Acc F1-macro Params




GRU-row Row-wise 32 96 36.57% 36.44% 35.68% 1.8M

GRU-patch4 Patch 4x4 64 48 35.64% 35.76% 34.99% 1.7M
LSTM-row Row-wise 32 96 29.36% 29.62% 28.34% 2.4M
LSTM-patch4 Patch 4x4 64 48 27.73% 27.78% 26.41% 2.3M

PHAN TiCH KHOA HOC — PHAN 5

e GRU vudt LSTM dang ké (+7.2% v&i row, +7.9% véi patch4): Day la phat hién khéng truc quan.
LSTM c6 nhiéu params va cd ché phtic tap han, nhung lai t& hon. Gidi thich: chudi anh CIFAR ngan
(T=32 hodc T=64) khéng can long-term memory clia LSTM. GRU it params han - it overfitting hon
- train hiéu qua han trong cung 30 epochs. Khoang cach train/val ctia LSTM I6n han GRU (Hinh 7),
xac nhan LSTM bi overfitting.

e GRU-row (36.57%) canh tranh ngang SimpleCNN (35.88%): Bat ngd I6n nhat clia bai tap. Véi
dr liéu anh, RNN khéng phai lua chon tu nhién, nhung GRU bidirectional doc nh theo hang van
capture dudc mdt phan dic trung khdng gian. Tuy nhién diéu nay khéng cé nghia 14 GRU t6t hon
CNN — GRU can nhiéu params hon (1.8M vs 346.6K) dé dat két qua tusng ducng.

» Row-wise tot hdn Patch4-wise cho ca LSTM va GRU: Mdi "step" row-wise thdy toan bd hang
ngang (D=96) — nhiéu théng tin khéng gian han. Patch4 chia anh thanh 64 patches nhé (D=48) —
moi patch chifa it context han. Tuy nhién su khac biét nhd (~1%) cho thay hai cach biéu dién tuong
dudng nhau & muc nay.

« Bidirectional gitip gi? Doc anh theo ca 2 chiéu (trdi>phai va phai->trai) gitp mdi pixel "biét"
context clia ca 2 phia. Tuy nhién van chi capture dudc théng tin 1D (hang hodc cdt), khdng phai 2D

— day |4 han ché cét 18i ctia RNN véi anh.



7. Grand Summary — So sanh Tat ca M6 hinh

7.1 Bang xép hang toan bd

Md hinh a Kién truc Test Acc  F1-macro Acc/Param

o CNN+Transformer .

9 Hybrid 4 Hybrid 37.25% 35.87% 446.1K 83.5%/M
é GRU-row 5 RNN 36.57% 35.68% 1.8M 20.3%/M
6  SimpleCNN 1 CNN 35.88%  34.48% 346.6K 23'5%/ M
4 GRU-patch4 5 RNN 35.64% 34.99% 1.7M 21.0%/M
5 CustomViT (Tu xay) & Transformer 34.56% 33. 1% 819.4K 42.2%(M
6 SimpleViT (PyTorch) 3 Transformer 31.92% 30.39% 821.0K 38.9%/M
7 LSTM-row 5 RNN 29.36% 28.34% 2.4M 12.2%IM
8 LSTM-patch4 5 RNN 27.73% 26.41% 2.3M 12.1%/M
9 SimpleViT (Phan 1) 1 Transformer 24.47% 22.35% 821.0K 29.8%/M
10 MLP 1 FC 20.63% 18.31% 1.7M 12.1%/M
" ChannelToken ViT 4 Transformer 17.56% 15.29% 549.5K 32.0%/M
12 SpatialToken ViT 4 Transformer 13.10% 9.86% 172.4K 76.0%/M
13 SoftmaxRegression 1 Linear 7.94% 6.09% 307.3K 25.8%/M

% Acc/Param = Test Accuracy / (Params in millions) — do Iung hiéu qua sif dung tham sé. SimpleCNN dat hiéu qua cao

nhat trong cdc md hinh hoc dudgc t6t.

7.2 Phan tich theo nhom kién tric

CNN-BASED (346K - 446K PARAMS)



o SimpleCNN: hiéu qua tham s6 tot nhat (103.5%/M) — inductive bias pht hdp véi anh
e CNN+Transformer: cai thién thém 1.37% bang cach thém global attention — chi phi +99.5K params

o Ké&t luan: CNNs van I Iua chon tét nhat cho dnh nhé (32x32) train from scratch

TRANSFORMER-BASED (172K — 821K PARAMS)

CustomViT = PyTorch ViT: x4c nhan hién thuc Custom encoder dung vé toan hoc

ViT Phan 1 vs Phan 3 (24.47% vs 31.92%): chi khac nhau & sé epochs - ViT can train dai hon

SpatialToken ViT: that bai hoan toan - raw pixel tokens qua thd

Két luan: ViT can (1) pre-training hodc (2) rat nhiéu data dé thdng CNN from scratch

RNN-BASED (1.7M - 2.4M PARAMS)
e GRU vudt LSTM +7%: it params han = it overfitting hon véi chudi ngan (T=32-64)
e GRU-row (36.57%) gan bang SimpleCNN (35.88%) nhung can 5x nhiéu params hdn

o K&t luan: RNN khéng pht hgp tu’ nhién véi anh — cd thé hoc dugc nhung kém hiéu qué params

LINEAR/FC-BASED (307K - 1.7M PARAMS)

e Softmax (7.94%): chifng minh r& rang gi6i han clia mé hinh tuyén tinh véi 100 16p
e MLP (20.63%) v6i 1.7M params thua SimpleCNN v&i 346.6K: spatial structure rat quan trong

e K&t luan: Fully-connected layers khéng phti hop vdi dif liéu cé cau tric khéng gian



8.Két luan

8.1 Bai hoc khoa hoc chinh

1. Inductive bias phu hdp quan trong han model size: SimpleCNN (346.6K) vugt MLP (1.7M), LSTM (2.4M) —

CNN dudc thiét ké véi tich chdp cuc bd phu hdp cau trdc 2D cla anh.

2. ViT can data 16n dé hoi tu tot: V&i 45K mau, ViT from scratch dat 24-34% trong khi CNN dat 36-37%. ViT
thuc su vugt CNN khi dugc pretrain trén ImageNet-21K (14M anh).

3. Hybrid thang tat ca: CNN+Transformer két hgp dugc inductive bias cuc bd (CNN) va kha nang hoc global
dependencies (Transformer) — tdt nhat ca hai thé gidi.

4. Token quality quyét dinh hiéu ndng Transformer: SpatialToken ViT (1024 raw pixel tokens, 13.10%) thua xa
CNN+Transformer (64 CNN feature tokens, 37.25%). 16x nhiéu tokens nhung két qua té hon 2.8x.

5. Custom Transformer = PyTorch Transformer: Hai dudng training curve gan gidng nhau, accuracy tudng
duong — xac nhan hiéu ding cd ché Multi-Head Self-Attention.

6. GRU = LSTM cho chudi ngan: LSTM uu thé 3 T>1000, v&i T=32-64, GRU it overfitting han va hoc hiéu qua

haon. Khoang cach ~7% la dang ké.

8.2 Hudng cai thién tiép theo

e Data augmentation manh hon: CutMix, MixUp, RandAugment - cé thé cai thién 5-10%

e LR warmup cho ViT: Linear warmup 10 epochs truéc CosineAnnealing = ViT &n dinh hon giai doan dau
e Deeper CNN backbone: ResNet-like residual connections - target >50% vGi CNN

e Pre-trained token extractor: Diing CLIP/DINO features > LSTM/ViT cé token chat lugng cao han nhiéu

e Label smoothing (¢=0.1): Regularize CrossEntropyLoss cho bai toan 100 I8p
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