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Chapter 1: BERT

Pre-training of Deep Bidirectional Transformers for
Language Understanding

[1] Devlin, J., Chang, M.-W,, Lee, K., & Toutanova, K. (2018). BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding.
[2] Sudharsan Ravichandiran. (2021). Getting Started with Google BERT. Packt Publishing.
[3] https://medium.com/@shaikhrayyan123/a-comprehensive-guide-to-understanding-bert-from-beginners-to-advanced-2379699e2b51
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Introduction: What is BERT?



BERT

e BERT is the unimodal, pretrained model for the purpose of
interpreting human languages.

Although it is not multimodal, it can be extended to have an embedded
image vector to its inputs. Ex) VisualBERT

« The main purpose of the BERT is to understand natural language
(NLU). So, it can be varied wherever the language process is needed.



BERT vs Traditio

nal Model

BERT is context sensitive, while the traditional model like Word2Vec

doesn't.
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Those two words are textually the same but has different meaning
because of the context.



How does BERT works?

« BERT is basically powered by the Transformer architecture.

Output
Probabilities

?

| Softmax |

¥
| Linear | A

§ [
Encoder Add &INorm
Block R Feed
4 - Forward
| ?
Encoder Adfd & Norm
|

Block Multi-Head

\ A
? Attention
Encoder 7y

Block

é Positional Encoding Encoder Block

Input
Embedding

i

Inputs

BERT
(Encoder-only)



Recall: Transformer

 The Transformer architecture, a state-of-the-art model, includes both
an encoder and a decoder.
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Apply BERT to an NLP Use-Case

« You can apply BERT in any cases that needs natural language
processing.

BERT

Knowledge Transfer
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Matrix of the form: {0,1}

W1r1W1'2"'W1'768‘ 0: Not a fake news

1: Fake news

Wk,1Wk,2""*Wk,768
Fake News Detection using BERT

« The loss functions might be chosen appropriately based on the
Structure of the

« You may fix the parameters of the Base Model so the pre-trained
BERT is unchanged. But it is recommended not to do it.



Configurations of BERT

« There are several models based on the # of parameters.
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BERT's Preprocessing



Tokenization

« BERT uses WordPiece tokenization
Original Text WordPiece Tokens

“ChatGPT is fascinating.” — [ e " "1 “is”, “fascinating”, “."]

This helps handle tricky words and ensures that
BERT doesn't get lost in unfamiliar words.

» Also, there are some special tokens:

“[SEP]": stands for separation
“ICLS]”: stands for classification

With Special Tokens
"[CLS]", “Chat”, "##G", "##PT", “is”, “fascinating”, ", “[SEP]"]

« Note that the [CLS] token is added only at the beginning of the first
sentence, while the [SEP] token is added at the end of every
sentence.



Other Embeddings
« BERT uses Position Embedding & Segment Embeddings

Input [CLS] | my dog is ‘ cute ’ [SEP] he ‘ likes ’( play ’ ##ingw [SEP]

Token

Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Eh EIikes Eplay EMing E[SEP]
-+ -+ b =+ = + -+ += = -+ =

Segment

Embeddings EA EA EA I'=‘A EA EA EB EB EB EB EB
L =+ + + -+ =+ + =+ = -+ =+

Position

Embeddings Eo El E2 E3 E4 ES E6 E7 E8 E9 Elo

« Segment Embedding: To check if the token contains in the first
sentence or the second sentence. (E, or E})

« Position Embedding: Add the position information.

« After the embedding, the size of the input vectoris fixed to B X L X
768 where L < 512 and B is the batch size.



BERT's Training Strategies



Language modeling

« We can categorize language modeling into two aspects:
— Auto-regressive language modeling
— Auto-encoding language modeling

» Auto-regressive  Auto-encoding
— Unidirectional — Bidirectional
Paris is gbeautifut—toveParis Parisis g beautiful __. | love Paris
forward
prediction backward
prediction

« BERT is auto-encoding language model.



Masked Language Model (MLM)

 During the training of BERT, 15% of the words are masked.
« BERT learns to predict the correct word for the masked position.

it, they, you, ...

[CLS] How does [l\/IALK] works [SEP]
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Masked Language Model (MLM)



Masked Language Model (MLM)
« When BERT is fine-tuned, the [MASK] token will not used at all.

— Mismatch between pre-training & fine-tuning.

e« 80-10-10% rule:

80% 10% 10%
Use [MASK] Use random word No change
|_V

Paris is a beautiful [MASK]. | love Paris l

Paris is a beautiful love. | love Paris

Paris is a beautiful city. | love Paris



Masked Language Model (MLM)

« Dynamic Masking: Different masking positions on each epoch.
— Static Masking: Same masking positions on each epoch. (Original BERT)

« Whole-Word/Span Masking

Basic Masking playing — play + ##ing —|play|+ [MASK]
L

Might be affected
+ [MASK]

Whole-Word  playing — play + ##ing —

Masking
Span Masking: More general version. Mask the whole phrase.

« Embedding Weight Tying

— Share parameters between "Input Token Embedding Layer" & "Output Softmax

Layer”
_
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Masked Language Model (MLM)

e How to predict the [MASK] token?
* Feed the representation of the masked token Rypask] into a
feedforward network with a softmax activation

Paris is a beautiful [MASK]. | love Paris

'
BERT

'
RicLs] Rparis Ris Ra Rpeautiful R[MASK] R[SEP] RI Rlove RParis R[SEP]
b

feed forward
+ softmax

v
Words Prob.

City 0.9
Paris 0.07
Beautiful 0.02

* Inthe initial step, the model will not generate the appropriate probability distribution.
« After a series of iterations, with backpropagation, it will.



Next Sentence Prediction (NSP)

« Given two sentences, predict whether the two sentences are
connected in the original content.

{True, False}
BERT
Prof. Sangwoo Mo is from POSTECH. He is very intelligent.

Next Sentence Prediction (NSP)

« Since this one is provided in the BERT paper, future research found
that NSP didn't contribute to model performance. (Topic-shift)



Next Sentence Prediction (NSP)

« How to classify if the two sentences are “isNext"? — Use [CLS]
— The [CLS] token basically holds the aggregate representation of all the tokens.

Prof. Sangwoo Mo is from POSTECH. He is very intelligent.

|
BERT
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notNext 0.07




Train Specifications

« BooksCorpus (800M) + English Wikipedia (2,500M) to train.

50%
— Sentence B 1

W Sentence B H

Step for MLM Masking

WordPiece Tokenization—

BERT

Data preparation for training BERT

« 256 sequences per batches of total 1,000,000 steps.
« Adam optimizer with warm-up step set to 10,000.
« 0.1 dropout applied to every layers.



Train Specifications
 Length Scheduling

— Initial step — Use short length sentences(L = 128)
— Later step — Change the input sentenceslength L = 512

Length 128 Length 512
! . !
BERT BERT
Learn the basic language Increase the model
pattern efficiently performance

* Fine-tuning Guide
— Use small learning rate
— Useonly 2 ~ 4 epochs to prevent overfitting



Train Specifications

« GELU(Gaussian Error Linear Unit) for activation function.

GELU(x) = x®(x)

Here, ®(x) is the standard Gaussian cumulative distribution function.

4

-4

2
GELU(x) =~ 0.5x (1 + tanh <\]; (x + O.O44715x3)>)




Fine-tuning BERT

« The BERT paper outlines four methods for fine-tuning.

« One of these involves sharing (or freezing) the core BERT parameters
and only modifying the structure of the output layer.

Class Label Class Label
| |
I I
C Sentence 1 [SEP] Sentence 2 C Sentence
BERT BERT
[CLS] Sentence 1 [SEP] Sentence 2 [CLY] Sentence
[CLS] Sentence 1 [SEP] Sentence 2 [CLS] Sentence

Sentence Pair Classification

Single Sentence Classification



Fine-tuning BERT

« Sentence Pair Classification

— Given two sentences, classify the relation of the two sentences

Sentence 1 Sentence 2 L

—— Second input

(T) Natural Language Inference
(2) Semantic Textual Similar|ty
(3) Duplicate Question Detection

 Single Sentence Classification
— Given one sentence, classify that sentence

Sentence
Class

(1) Sentiment Analysis
(2) News Category Classification
(3) Spam Detection

Class



Fine-tuning BERT

» Freeze the encoder’'s weights, design an additional Fully Connected

Word Taggings
|

Layer.
Start/End Span
I
C Question [SEP] Paragraph
BERT
[CLS] Question [SEP] Paragraph
[CLS] Question [SEP] Paragraph

Question Answering Task

I
C Sentence
BERT
[CLS] Sentence
[CLS] Sentence

Single Sentence Tagging

 |n actual fine-tuning, it's more common not to completely freeze the
BERT weights. Instead, the entire model is fine-tuned using a very
small learning rate.



Fine-tuning BERT

« Question Answering Task
— Given a guestion and a context, find the answer from the given context.

Question — Given context
Paragraph

A

Answer

 Single Sentence Tagging
— Given one sentence, tag each words

Sentence Tag 3 Tag 4 Tag N

(1) Named Entity Recognition
(2) Part-of-Speech Tagging(POS)



Common Challenges and Some Mitigations



Bi-directional vs Left-to-Right

 In the paper, the bidirectional model BERT beat the unidirectional
model GPT in performance.
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« But, researchers today want to study GPT, not BERT.
— Massively scaled decoder models exhibit "'emergent abilities”, which represent
the current frontier of Al research.

— GPT's ability to perform new tasks with zero or few examples (few-shot
learning) makes it a far more flexible and general-purpose platform than

task-specific models like BERT.



Dealing with Long Texts

« BERT has a maximum token limit for input, and long texts can get
cut off.

« Mitigation:

May loose valuable information

Y Y

Split the text into manageable chunks.

* Need to carefully manage the context between these chunks to
ensure meaningful results.



Resource Intensive Computation

« BERT models, especially the larger ones, can be computationally
demanding.

« Mitigation:
’ 4 Fproj — f’ Worad 2 e
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mixed-precision training in DeepSeek V3

* Deep learning models store and process parameters in the FP32
format.

« Mixed-precision training switches a significant portion of this to be
processed using FP16.



Domain Adaptation

« BERT might not perform optimally in certain domains.

 Mitigation: Fine-tune BERT on domain-specific data.

— By exposing it to text from the target domain, BERT will learn to
understand the nuances and terminology specific to that field.



Recent Developments and Variants



ALBERT

 ALBERT stands for “A Lite version of BERT".

« Designed to be efficient, using parameter-sharing techniques to
reduce memory consumption.

1. Factorized Embedding Parameterization
2. Cross-Layer Parameter Sharing

3. Sentence Order Prediction (SOP)

} parameter optimization



Sentence Order Prediction (SOP)

« Given two sentences, predict whether the given sentence pair is
swapped or not.

{Swapped, NotSwapped}

T

BERT

! !

Prof. Sangwoo Mo is from POSTECH. He is very intelligent.

Sentence Order Prediction (SOP)

* In NSP. the model can easily distinguish negative examples by
noticing the shift in topic between the two segments.

« SOP addresses this limitation by controlling for the topic.



Other BERT-family
* RoBERTa: Beyond BERT's Basics

— BERT's clever sibling. It's trained with a more thorough recipe, involving larger
batches, more data, and more training steps.

— This enhanced training regimen results in even better language understanding
and performance across various tasks.

 DistilBERT: Compact Yet Knowledgeable
— Distilled version of BERT. It's trained to mimic BERT's behavior but with fewer
parameters.
— This makes DistilBERT lighter and faster while still retaining a good portion of
BERT's performance.

« ELECTRA: Efficiently Learning from BERT

— Introduces an interesting twist to training. Instead of predicting masked words,
ELECTRA trains by detecting whether a replaced word is real or artificially
generated.

— This efficient method makes ELECTRA a promising approach for training large
models without the full computational cost.

« VisualBERT: Multimodal embeddings by feeding [text, image] into
the BERT.



Practice: Implementing a Tiny-Headed BERT



A Tiny-Headed BERT

 |n this context, we will use the HuggingFace Transformers library to
build a "toy head" for BERT and perform sentiment analysis.

Ipip install transformers datasets accelerate

import torch

from datasets import load_dataset

from transformers import (
AutoTokenizer,
AutoModelForSequenceClassification,
TrainingArguments,
Trainer

)

import numpy as np

from sklearn.metrics import accuracy_score, fl_score

https://colab.research.google.com/drive/1xBfiG8JtEu3vKIU/Pgl 1G-sj11d3_MEo




A Tiny-Headed BERT

* Preprocessing

import csv
import re

def preprocess_text_simple(text):
normalized_text = re.sub(r',{2,}', ',', text)
normalized_text = re.sub(r'\.{4,}', ' ', normalized_text)
normalized_text = re.sub(r' {2,}', ', normalized_text)
return normalized_text.stripQ

¢ Uze MY o2 AN Preprocess using regular expression
input_filename = 'ratings_train.txt'
output_filename = 'output_simple_processed.csv'

# IIYE 0 ©MEZ| T csvE NME
try:
with open(input_filename, 'r', encoding="utf-8') as infile, \
open(output_filename, 'w', encoding="'utf-8', newline="") as outfile:

tsv_reader
csv_writer

csv.reader(infile, delimiter="\t")
csv.writer(outfile)

# od A2
header = next(tsv_reader)
csv_writer.writerow(['document', 'label'])

print("EX2| AIE™)
for row in tsv_reader:
original_text = row[1]
processed_text = preprocess_text_simple(original_text)
csv_writer.writerow([processed_text, row[2]])
print("OIHY Xz| 2=2")



A Tiny-Headed BERT
« Load Datasets. Select 5000 of them. (Speed Issue)

loaded_dataset = load_dataset('"csv", data_files="data.csv", split="train")
sampled_dataset = loaded_dataset.select(range(5000))

dataset = sampled_dataset.train_test_split(test_size=0.2)

train/eval set separation

train_dataset = dataset["train"]
eval_dataset = dataset["test"]

» Select pretrained BERT.

mode1_name = "klue/bert-base”
tokenizer = AutoTokenizer.from_pretrained(model_name)

# num_labels=2 (2™/EH)E O|F BF &= FI}

model =

AutoModelForsSequencecClassification. from_pretrained(model_name, num_labels=2)

Use [CLS] token. Single layer with size 768.




A Tiny-Headed BERT

« Dataset Tokenization

def tokenize_function(examples):
texts = [str(text) for text in examples["document™]]
return tokenizer(texts, padding="max_length", truncation=True)

train_dataset = train_dataset.map(tokenize_function, batched=True)
eval_dataset = eval_dataset.map(tokenize_function, batched=True)



A Tiny-Headed BERT

« Set a training hyperparameters.

def compute_metrics(p):
preds = np.argmax(p.predictions, axis=1)
return {
"accuracy": accuracy_score(p.label_ids, preds),
"f1": fl_score(p.label_ids, preds, average="weighted"),

training_args = TrainingArguments(
output_dir="./results_korean",
num_train_epochs=2, # O|Z £E Z0A W=Z2A HAEGSH|
per_device_train_batch_size=16,
per_device_eval_batch_size=16,

lTogging_dir="./logs_korean", [defau It parameters]

Togging_steps=10, |eal’ﬂiﬂg_rate=5e-5 (000005)
eval_strategy="epoch" We]ght_decayzo
) _ny: n
e Ir_scheduler_type="linear
model=mode1, warmup_steps=0

args=training_args,
train_dataset=train_dataset,
eval_dataset=eval_dataset,
compute_metrics=compute_metrics,



A Tiny-Headed BERT

« Training

trainer.train()

[500/500 13:19,

Epoch 2/2]

Training Validation

Accurac F1
Loss Loss y

Epoch

1 0.354200 0.327351 0.866000 0.865847
2 0.228000 0.375380 0.878000 0.877919

TrainOutput(global step=500,

training loss=0.29513129317760467, metrics=
{'train_runtime': 800.6326,
"train_samples_per_second': 9.992,
"train_steps_per _second': ©.625, 'total flos':
2104888442880000.0, 'train_loss':
©.29513129317760467, ‘epoch': 2.8})




A Tiny-Headed BERT

» Test the results.

text = "0| Feol HIRS ¢7[Ho| HY CHESHHR. SHA !
inputs = tokenizer(text, return_tensors="pt")

if torch.cuda.is_available():

inputs = {k: v.to(model.device) for k, v in inputs.items()}

with torch.no_grad(Q):
outputs = model (**inputs)

Togits = outputs.logits
predicted_class_id = torch.argmax(logits, dim=-1).1item()

# NSMC GIO|E{Ale] go|=: 0 (RH), 1 (33)

labels = ["§3&", "33"]

print(f"gs HAE: '"{text}'")

print(f"0|= Z3}: {labels[predicted_class_id]}")

Iy JT
>

O

| St B <

Aolg0l e Ui

kol
N
ol

JH I

E.
.
s O

2 O

0

2. S oA ZHR!




& &et 0lcdh

https://blog.google/products/search/search-language-understanding-bert/
22 22 BERTIIEEGID US. AR ACINHA O E s=06tH MHelg

Applying BERT models to Search

Last year, we introduced and open-sourced a neural network-based technique for natural language
processing (NLP) pre-training called Bidirectional Encoder Representations from Transformers, or as
we call it--BERT, for short. This technology enables anyone to train their own state-of-the-art
question answering system.

https://hugagingface.co/docs/transformers/main/en/model doc/modernbert
ModernBERT: 20243 12& 182 (il LI= BERTS| Jf Fut



https://blog.google/products/search/search-language-understanding-bert/
https://huggingface.co/docs/transformers/main/en/model_doc/modernbert
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Chapter 2: CLIP

Contrastive Language-Image Pre-training

[1] Alec Radford et al. (20217). Learning Transferable Visual Models From Natural Language Supervision.
[2] Alex Krizhevsky et al. (2012). ImageNet Classification with Deep Convolutional Neural Networks.




Contents of CLIP

 Introduction: What is CLIP? And Why CLIP?
« (Contrastive Learning

« Model Architecture

 Utilizing CLIP

« Limitations of CLIP

» Practice: Semantic Image Search with CLIP
* Where can we use CLIP?

e Summary



Introduction: What is CLIP? And Why CLIP?



Traditional Model: ImageNet

Al Vision dataset

ImageNet Classification with Deep Convolutional Neural Networks
(2012)

Labeled 14B dataset (high resolution, 22M Classes)
Constructed for CNN

-> 1. Too expensive 2. Don't know anything except the 22M classes
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Revolution of BERT

« BERT from NLP using Transformer
Google

« BERT uses self supervised learning B RT

'If BERT could master language using just vast amounts of
unlabeled text, could we master the visual world using vast
amounts of unlabeled images?”

Problem!

* In NLP, we can make problems like fill in the blank’. But we can't
make ‘blanks’ in images.



Natural Language Supervision

« BERT only looks at text

» CLIP looks at both images and text together, and learn the
relationship between them

« CLIP teaches itself from hundreds of millions of (image, text) pairs
on the internet

* |Image:

« Text: Professor Mo volunteers to distribute briquettes



CLIP

« Learning Transferable Visual Models From Natural Language
Supervision (2023, OpenAl)

« Contrastive learning model (Not generative model)

By training text encoders and image encoders using data from the
Internet, they can guess what an unknown image is.

« Used 400B-sized dataset created by himself

(1) Contrastive pre-training (2) Create dataset classifier from label text

Text

e
; A photo of Text
aaaaaa pup Ehcoder J i l l l Sect Encoder
| — T T, | T; Ty A
—>» l] ll'Tl [|'T2 11"1’3 IllTN 5 s
(3) Use for zero-shot prediction v v v v
——» I LTy | Ty | ;T I TN T, T, T; Ty
Image I LTy | T, [ 13T
3 371 < Bl 313 3°IN Image & = T
Encoder g I LTy | Ty | T I T
Encoder —>» h 1711 | 1112 s 1IN
| BT |1 T, T [Ty | L [ F4/pHoko fou




Contrastive Learning



Contrastive Learning

« Method that model learns what is similar to each other and what is

different.

« CLIP used cosine similarity and cross entropy loss for the loss

function
 Not new! |dea from InfoNCE

(1) Contrastive pre-training

Pepper the Toxt
aussie pup Encoder l l l l
T | P
—>» I ll'TI.]l"I.Z I,'T3 I Ty
> b I T, 12““112"1‘3 v | 2TN
Image || I ;T | 1Ty 5 I,
Encoior > I3 3T [ I3Ty | I3 3TN

# extract feature representations of each modality
I_f = image_encoder(I) #[n, d_i]

T_f = text_encoder(T) #[n, d_t]

# joint multimodal embedding [n, d_e]

I_e = 12_normalize(np.dot(I_f, W_i), axis=1)

T_e = 12_normalize(np.dot(T_f, W_t), axis=1)

# scaled pairwise cosine similarities [n, n]
logits = np.dot(I_e, T_e.T) * np.exp(t)

# symmetric loss function
labels = np.arange(n)

loss_i = cross_entropy_loss(logits, labels, axis=0)
loss_t = cross_entropy_loss(logits, labels, axis=1)
loss = (loss_i + loss_t)/2

A-B

|, | T, lN'TZAIN'TSA ﬂ Simjlarity:cos(f)) — ]|A||||B’ H = —Zp(x)log p(x)

Cosine similarity

Cross Entropy Loss



Model Architecture



Image Encoder

Linear probe average over Kornblith et al.'s 12 datasets

e ResNetVSViT->ViTwas ~
3 times more effective

Average Score (%)

Linear probe average over all 27 datasets

L/14@336px
* 85

®
o

Average Score (%)

~
v

704

MoCo-v2®

ViT Recall!

« Theimage is partitioned into
small patches, processed via
Patch and Position
Embeddings, and then fed
into the Transformer.

10°
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10! 102
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Vision Transformer (ViT)

— Instagram-pretrained

160 10! 162
Forward-pass GFLOPs/image

—— ViT (ImageNet-21k)
—— BiT-M
—— BiT-S

ResNet

Transformer Encoder

Transformer Encoder

!
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Extra learnable
[class] embedding

[ Linear Projection of Flattened Patches
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Embedded
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Text Encoder

e Transformer

e CLIP used the architecture introduced in the GPT2

paper, which is “decoder only”
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Utilizing CLIP



/ero-Shot Prediction

1.

Get all class you want to classify and use a prompt template like "A
photo of a {object}." to make each class name a sentence

By inputting the completed sentences into the Text Encoder,
vectors(T1, Tz, Ts,..., Tn) are generated

An image to be classified is input into Image Encoder to extract a
vector(l)

Calculate the cosine similarity of vectors and output it in the form of
a probability distribution using the softmax function.

(2) Create dataset classifier from label text

——
e el
Ve = "n : __ el

Z eXp (a i) (8) Use for zero-shot prediction
i=1




Image Database Indexing

1.

Pass all images through the Image Encoder to extract individual
image vectors and prepare these images in searchable database

The user enters text, such as “Professor Mo teaching students’, text
passes through the Text Encoder and generate a text vector

Compare the text vector with the numerous image vectors and
calculate a cosine similarity score

Sort the images by highest score and display them as search
results
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Limitations of CLIP



Limitations of CLIP
« Gap with SOTA(state of the art)

— Theresearchers estimate that reaching SOTA level would require 1,000 times more
computing resources.

« Shows poor performance on certain types of tasks

— Fine-grained classification(flower's varieties, car models,...), abstract or systematic
tasks(counting the number of objects in an image)

shutterstock.com - 2579501267



Limitations of CLIP

« Still vulnerable to data that is completely out of the training data
distribution
— For example, CLIP can't classify MNIST data (especially few shot)
o Still unable to solve the problem of low data efficiency in deep

learning

— It means DL has to learn many datas, but actually human don't need much data
as DL
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Practice: Semantic Image Search with CLIP



Let's run CLIP code ~

lip.ipynb
O © clipipyn

MY 4% HI| Mo HElY E7 E8U

+ HAE D BE A + | DriveE A}

Semantic image search with OpenAl's CLIP

Demo of OpenAl's CLIP:

o built with transformers from § Hugging Face
» based on 25,000 images from Unsplash and 7,685 images from the Movie Database (TMDB)
» inspired by Unsplash Image Search by Vladimir Haltakov and Alph, The Sacred River by Travis Hoppe

— Click on the circled arrow and wait for up to 1 minute
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Where can we use CLIP?



Guiding Image Generation

« CLIP can evaluate performance for models that convert text into
images, such as DALL-E 2 and Stable Diffusion.

Clustering with Image Similarity

« CLIP can search or group images based on semantic similarity,
without text. — Go start a business!

Content Moderation

« CLIP can identify harmful content using zero-shot classification
capabilities. — Go start a business!

Examples of Industrial Use

« Example) FashionCLIP - A model specialized in the fashion industry
that requires zero-shot classification, with a good understanding of
specific styles, materials, patterns, and brands.



Summary



Summary of CLIP
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Any Questions?



