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Introduction



Roadmap Recap

Let’s review what we have learned so far. The core of the image generation Al
pipeline is the reverse diffusion process managed by the denoising scheduler.
The reverse diffusion process receives information from the text encoder and
passes the low-resolution latent image to the natural image decoder, which is
composed of a VAE. Then, the natural image decoder (composed of a VAE)
converts the low-resolution latent image into a natural image. This time, we will
explain the text encoder.
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Learning Outcomes

By the end of this lecture, students should be able to:

» Control the output image by prompt weighting, which processes the
output of the text encoder.
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Learning Outcomes

By the end of this lecture, students should be able to:

» Control the output image by prompt weighting, which processes the
output of the text encoder.

» Explain the objective function used to train the text encoders employed in
practical image generation Al.

» Mathematically describe the architecture of the text encoder used in
practical image generation Al and explain its characteristics.
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Preliminaries: Mathematical
Notations



Preliminaries: Notations |

+ Definitions:
« (LHS) := (RHS): Indicates that the left-hand side is defined by the right-hand
side. For example, a := b indicates that « is defined as b.
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Preliminaries: Notations |

* Definitions:
« (LHS) := (RHS): Indicates that the left-hand side is defined by the right-hand
side. For example, a := b indicates that « is defined as b.
* Set:
+ Sets are often denoted by uppercase calligraphic letters. Example: A.
» r € A: Indicates that the element x belongs to the set A.
* {}: The empty set.
* {a,b,c}: The set consisting of elements a, b, ¢ (set extension notation).
* {x € A| P(z)}: The set of elements in A for which the proposition P(z) is true
(set-builder notation).
|A|: The number of elements in set .4 (used only for finite sets in this lecture).
R: The set of all real numbers. R+, R, are defined similarly.
» Z: The set of all integers. Z+, Z>( are defined similarly.
o [1,k]z: For k € Z~o U {+o0}, if k < +o0, then {1,... k}; if k = +o0, then Z-.
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Preliminaries: Notations i

* Function:
e f:X — )Y denotes a mapping.
* y = f(x) denotes the output y € Y for an input = € X.
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Preliminaries: Notations i

* Function:
e f:X — )Y denotes a mapping.
* y = f(x) denotes the output y € Y for an input = € X.
 Vector:
» Vectors are denoted by bold italic lowercase letters. Example: v. v € R"™.
» The i-th component is written as v;:

+ Standard inner product:

demb
(u,v) = Z UV;. (2
i=1
6/52



Preliminaries: Notations Il

» Sequence:
* a:[l,n]; — Ais called a sequence of length n. If n < +00, a = (ay, ..., a,); if
n = +o00, a = (ay,as,...).

 The length is written as |a|.
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Preliminaries: Notations IV

» Matrix:

» Matrices are denoted by bold italic uppercase letters. Example: A € R"".
* Elements are denoted as a; ;:

ayir e ain
A=l e D 3)
Am, 1 T Am.n
« Transpose A" € R™™:
ar,i o Gm,1
At = . . (4)
arm Qm,n
» Transpose of a vector:
vl = {’Ul vn} . (5)
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Preliminaries: Notations V

« Tensor:

» Atensor as a multi-dimensional array is denoted by an underlined bold italic
uppercase letter A.
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What Does the Text Encoder
Receive, and What Information
Does It Pass On?




Overview of the Pipeline

thr, — TextEncEi]m : Y* — R4
[,
u—>  LatentGeng: (ﬁ Rdm> xU— 2
a=1
E
Dec,:Z2 —~1 — X

Figure 1: Recap of the three-component pipeline.
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General Theory i

First, let’s clarify the input and output of a text encoder in general terms.

The input to the text encoder is originally a single byte sequence corresponding to
the user’s input prompt. Let’s denote this as b. In reality, a tokenizer (represented
as the function Tokenizer below), often based on Byte Pair Encoding (BPE), is
used to convert each byte sequence into a token sequence t. This is then fed into
the neural network that constitutes the text encoder (hereafter TextEncoderNNg, ).
The output C' = TextEncoderNNg,., (¢) is a tensor that transforms the user’s input
prompt (or its corresponding token sequence) into a shape suitable for image
generation.
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General Theory ii

Then it is passed to the noise estimator that constitutes the reverse diffusion
process. Therefore, the size of the output tensor C' must be acceptable as input
by the noise estimator. If the noise estimator does not accept variable-sized
inputs, the output size must be adjusted accordingly.

In practical applications, multiple prompts are input. For example, if there are a
positive prompt b™ and a negative prompt b, they are tokenized into t+ and ¢~
respectively, and both C" = TextEncoderNNg,.. (t7) and

C~ = TextEncoderNNg, (™) are passed to the noise estimator of the reverse
diffusion process.
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In the Case of Stable Diffusion 1.5

Example (Input/Output Dimensions in Stable Diffusion 1.5)

In text, let Lo be the input token length and d.x be the embedding dimension.
In the CLIP ViT-L/14 Text Encoder of Stable Diffusion 1.5, the input length is
fixed at L;,. = 77, and the embedding dimension is also fixed at d.;x, = 768.

Therefore,
Input: t € {1,2,...,V}7, Output: C € R77*768, (6)

Here, V = 49408 is the vocabulary size. The specific values in the Hugging Face
CLIPTextModel implementation are Embedding (49408, 768),
position_embedding (77, 768), 12 Transformer layers, and the shape of the
final output 1ast_hidden_state is (batch, 77, 768)".

'The Diffusers/Transformers CLIPTextModel implementation conforms to
https://huggingface.co/openai/clip-vit-large-patchi4 and returns last_hidden_state and
pooler_output. See the CLIP documentation in Transformers at 13/52
https://huggingface.co/docs/transformers/en/model_doc/clip.



https://huggingface.co/openai/clip-vit-large-patch14
https://huggingface.co/docs/transformers/en/model_doc/clip

Overview of Fixed-Length Conversion in SD1.5

Remark (Overview of Fixed-Length Conversion in SD1.5)

In practical Stable Diffusion (Diffusers), padding/truncation to a fixed length

L =77 is performed during tokenization. In the CLIP tokenizer settings, the
PAD (padding) token is set to be identical to the EOS token. Furthermore, the
attention mask is a binary sequence with 1 for non-PAD tokens and 0 for PAD
tokens. Below, we rigorously define the fixed-length normalization function
LengthNormalization("”) and the attention mask generation function MaskPAD that

masks PADs.
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Length Normalization and PAD Mask

Definition (Length Normalization Function LengthNormalization(""))

Let the content tokens (excluding special tokens) obtained from the input string
be s = (s1,...,sm), and abbreviate BOS (begin-of-sentence), EOS
(end-of-sentence), and PAD (padding) as BOS, EOS, PAD respectively. Define
the preprocessed sequence t as t := (BOS, si,..., s, EOS) (addition of
BOS/EOS). At this time, LengthNormalization!™ is defined as follows:

(t1,...,t0, PAD, ... ,PAD) if £ = [t| < 77,
N——
t= 77—( items (7)
(t1,..., trg, EOS) if [¢] > 77.
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Intuition of Length Normalization

That is, if the length is insufficient, it is right-padded with PAD (=EQS); if the length
is excessive, the first 76 items are retained, and the last token is forcibly truncated
to EOS.
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PAD Mask Generation Function

Definition (PAD Mask Generation Function MaskPAD (attention mask for

PAD))
For the normalized sequence t = (t1, ..., t77) from equation (??), the function
MaskPAD : {1,...,V}™" — {0,1}77, (8)
a = MaskPAD(t) 9)

that generates the attention mask a < {0,1}"" is defined as

1 E [1,77]2, (10)

a; =

1 ift; # PAD,
0 ift; = PAD,

a is used for masking the key side in the self-attention mechanism used
downstream. 17/52



Controlling the Final Output Image
Using Prompt Weighting



The text encoder outputs a tensor, which is passed to the noise estimator that
constitutes the reverse diffusion process. Prompt weighting is a technique that
processes this tensor between the text encoder and the noise estimator, reflecting

user intentions that cannot be fully expressed in the natural language input to the
text encoder.
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Prompt Weighting Syntax in Automatic1111

Example (Prompt weighting Syntax in Automatic1111)

Intuition for beginners: Emphasizing a part of the text makes the visual
elements related to that word more likely to appear strongly. Conversely,
de-emphasizing makes them less likely to appear. The typical syntax in
Automatic1111 is as follows?.

+ Parentheses: (word) emphasizes by 1.1 times, multiplication is applied for
nesting (e.g., ((word)) is ~ 1.12).

* Brackets: [word] de-emphasizes by 0.9 times (can be nested).

+ Explicit weight: (word:1.5) specifies 1.5 times.

Expected effect: For example, in (cinematic lighting:1.4), soft focus,
features related to cinematic lighting are supplied more strongly to the
cross-attention, making the lighting expression more likely to be emphasized. 19/52
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https://github.com/AUTOMATIC1111/stable-diffusion-webui

Diffusers and Compel

Remark

In diffusers, the above Prompt weighting syntax can also be used by employing
the Compel library?.

3Compel: https://github.com/damian0815/compel. Diffusers:
https://github.com/huggingface/diffusers.
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https://github.com/damian0815/compel
https://github.com/huggingface/diffusers

Text Encoder Class and I/O Correspondence

Definition (Text Encoder Class (Input/Output Size Correspondence))

A text encoder that takes a token sequence t < {1,2, ...,V }}tk as input and
outputs a context sequence C € Rlcx*detx js defined as

TextEncodergg’ELmk’ Letax, detx) {12, ..., V}Ltok —y REetxXdetx (11)
The CLIP ViT-L/14 of Stable Diffusion 1.5 has Liox = Letx = 77, detx = 768,

V = 49408 (see Example 1).
Example (SD1.5 Text Encoder is Included in Definition 5)

In Definition 5, setting (V, Lok, Letx, detx) = (49408, 77,77, 768) and letting O1x, be
all learnable parameters of CLIP ViT-L/14, the 1ast_hidden_state of the
CLIPTextModel in implementation provides C € R77x768,
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General Definition of Prompt Weighting

Definition (General Prompt Weighting (Action on Token Subsets))

Let the text encoder output be C = [c;...; ¢/ | € REenxdex The index set

[1, Lex]7 is partitioned into a family of disjoint subsets S = {S,..., Sk} (i.e.,
Sk C 1, Letx|z, Si N S; = 0, Ule Sk = [1, Letx)z). For each subset Sy, a mapping
Yy : Rdetx — Réetx s given (classes such as continuous maps or linear maps are
assumed, but not required). At this time, the weighting operation PW ,, , s is
defined as

C = PWyy, ) 5(C) € REexdenx, (12)
C; = Qj)k(cz) ifi € Sk (13)

Equations (12)—(13) mean that for each token position i, the mapping

associated with the subset Sj, it belongs to is applied to the component vector c;.
22/52



Functionalization of Syntax; Compel Correspondence

Example (Mapping ;. for Parentheses, Brackets, and Explicit Weights)

Suppose a parser extracts a family of subsets S = {S1,..., Sk} for text
fragments (spans) and a scalar r;, > 0 for each Sy from the user prompt. At this
time, if we define the mapping 1, : Rétx — Réex gg

Yp(x) =rrx (14)

then, according to Definition 7, a weight of r;, times is applied to the embedding
¢; at the corresponding token position i € Si. The correspondence between
Automatic1111-style syntax and r;, is as follows:

(span) ~ r, = A (\ = 1.1default; \**" for nesting count), (15)

(span: 1) ~ 1rp =71 (r>1). (16)
23/52



Compel syntax

Example (Compel syntax)
In Compel, the syntax is as follows.

spant+ ~ r, = A (A = 1.1 default; A\*"** for nesting count), (17)

(span)r ~ rg=r (r>1). (1

In Compel, this r, is expanded as per-token weights and applied to the
embedding tensor in the form of equation (14)%.

*One example of the application path: per_token_weights are constructed in
get_token_ids_and_expand_weights Of embeddings_provider.py, and reflected in the
embeddings in get_embeddings_for_weighted_prompt_fragments
(https://github.com/damian0815/compel/blob/main/src/compel/embeddings_provider.py).
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https://github.com/damian0815/compel/blob/main/src/compel/embeddings_provider.py

Down-weighting is more complicated

Remark

In Compel’s current implementation, down-weighting can be achieved with the
following syntax:

span- (19)
(span)r (0<r<1). (20)

Here, (some phrase: 0.9) is equivalentto [some phrase]. Interestingly, unlike
up-weighting, the implementation of down-weighting is not composed of scalar
multiplication of parts of the output, but is designed to use linear combinations
with another context output using attention masks, and in this case, it does
not stay within the scope of just processing the output (as it depends on things
other than the original context output)®.

5Changelog "1.0.0 - new downweighting algorithm": https://pypi.org/project/compel/.
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Text Encoders in Practical
Applications (Stable Diffusion 1.5’s
CLIP ViT-L/14 Text Encoder)



Terminology Note

Remark

CLIP (Contrastive Language-Image Pre-training) is a learning method, and
ViT-L/14 is an architecture. CLIP is a learning paradigm that encompasses
multiple architectures such as ResNet/ViT [2,1].
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Overview via Diagram

27/52
Fiaure 2: The neural network architecture of the CLIP ViT-L/14 text encoder in Stable



Rigorous Sub-layer Definitions i

Below, we use function names corresponding to library class names, denote
learnable parameters in parentheses, and explicitly indicate hyperparameters
in superscript parentheses. We will also state the sizes of all vectors, matrices,
and tensors, including inputs, outputs, and intermediate variables.
Attention-related functions are defined to accept attention masks (The
Transformers implementation applies attention_mask and

= _ iaIIy)G.
®In the Hugging Face Transformers CLIP implementation (modeling_clip.py),
causal_attention_mask and attention_mask are combined and used in the text-side attention.
Reference: https://huggingface.co/transformers/v4.8.0/_modules/transformers/models/
clip/modeling_clip.html, latest documentation:
https://huggingface.co/docs/transformers/en/model_doc/clip. For an application example
using PyTorch’s SDPA (scaled_dot_product_attention), see
https://huggingface.co/microsoft/LLM2CLIP-0penai-B-16/blob/main/modeling_clip.py.

28/52


https://huggingface.co/transformers/v4.8.0/_modules/transformers/models/clip/modeling_clip.html
https://huggingface.co/transformers/v4.8.0/_modules/transformers/models/clip/modeling_clip.html
https://huggingface.co/docs/transformers/en/model_doc/clip
https://huggingface.co/microsoft/LLM2CLIP-Openai-B-16/blob/main/modeling_clip.py

Embedding

Definition (Embedding)

Hyperparameters are vocabulary size V € Z~, and embedding dimension
d € Z~¢. The learnable parameters are

Ormp = (E € RVX*9). (21)
Taking a token sequence t € {1,...,V}¥ of length L € Z~ as input,
(Vd)

Embedding)"® : {1,...,V}X = RL*? Embedding)"? (¢) = X e REX4 (22)
eEmb ®Emb

where X,.=FE;. (1<i<L). (23)
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Layer Normalization

Definition (LayerNorm (Layer Normalization))

For an input X € RE*4, the learnable parameters are
Oy = (v €R?, B eRY). (24)
The mean and variance at each positioni € {1,...,L} are
d 1 d

and the output Y’ = LayerNormg_(X) € RE*“ is defined as

&M—‘

Xii— W . .
Y;J:’deiu"i‘/@j (1§1§L71§j§d) (26)

oZ+e



QuickGELU and Softmax

Definition (QuickGELUActivation (QuickGELU Activation))

For an element v € R,

. 1
QuickGELU(u) = uo(1.702u), o(x) = = (27)
Definition (Softmax(” (Softmax; Axis Specification))
For a tensor (matrix) A € R™*", specifying axis i € {1,2},
Apq)

Softmax(4)) = — “PMpd) g (28)

( i > p=1exp(Ap q)

(Softmax?(A4)) = exp(Apg) cR (29)

P ZZ/=1 exp (Ap,q’)
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CLIPAttention

Definition (CLIPAttention (Self-Attention; Mask-Compatible))

Takes input X € R4 and attention mask M < {0, 1}7*L. Hyperparameters
are number of heads h € Z-( and dimension per head d;, € Z~ (d = hdy).
The learnable parameters are

OAttn = ({Wg) € R W%) € R ng) c Rdth}?:lv Wo e R(hdh)xd)
(30)
Foreach head 7 € {1,...,h},

Q(f) _ XWg) c RLth, K(f) _ XW%) c RLth, V(E) _ XW%f) c RLth7

O (K ONT
S — M e REXL, (32)
Vdn 32152



CLIPAttention (continued)

Definition (CLIPAttention (continued))
Define mask application as

_ SO it =1,
(S(Z))Z — %, 2] (33)

" —oo f M;; =0,

(where —oo implies the limit operation in softmax), and
A = Softmax(8'7) V(O € REXd (34)
CLIPAttentiony ™) (X, M) = [AD | ... | AW|W, e R, (35)

(In the Transformers implementation, M is passed as a combination of
causal_attention_mask and attention_mask, and applied internally with SDPA

or an equivalent additive mask”.) BEED
”An example of mask composition in CLIP attention:



https://huggingface.co/microsoft/LLM2CLIP-Openai-B-16/blob/main/modeling_clip.py

CLIPMLP

Definition (CLIPMLP (Per-Position MLP))

For input X € RL*4, the intermediate dimension d,,,;, € Z~¢ is a hyperparameter,
and the learnable parameters are

OwvLp = (W1 € Rddelp’ b, € Rdmlp’ W, e RdmIPXd, by € Rd). (36)
H, = XW,+1.b] € RE>dmn, (37)
= QuickGELU(H ;) € RE*dmip, (38)

cLIPMLPY mlp)( X) = Hy;W; +1.b] € RE¥. (39)
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CLIPEncoderLayer

Definition (CLIPEncoderLayer (Encoder Layer; Mask-Compatible))
The learnable parameters are
OrL = (OLN1, Oattn, OLN2, OMLp)- (40)

For input X € RE*4 and attention mask M < {0, 1} %L,

U = LayerNormg_ (X) € RE*4, (41)
H = CLIPAttention ™) (U, M) € R**?, (42)
Y =X+HecRN v= LayerNormg, ., (Y') € RExd, (43)
Z = CL|PMLP$§§}(V) € R¥*4 CLIPEncoderLayerg (X, M) =Y + Z € RM*
(44)

35/52

(In Transformers, the corresponding layer CLIPEncoderLayer accepts


https://huggingface.co/transformers/v4.11.3/_modules/transformers/models/clip/modeling_clip.html
https://huggingface.co/transformers/v4.11.3/_modules/transformers/models/clip/modeling_clip.html

CLIPEncoder

Definition (CLIPEncoder (Encoder Stack; Mask-Compatible))

The number of layers N € Z~ is a hyperparameter, and the learnable
parameters are
Omne = (047,..., 04, Orx). (45)

For input X € RE*4 and attention mask M < {0, 1}%*L,

Hy= X e R, (46)
H, = CLIPEncoderLayer@(Egg(Hg,l, M) eR>? (1=1,...,N),
(47)
CLIPEncoderg\Qnc (X, M) = LayerNormg,_ . (HN) € REx4, (48)

(CLIPTextTransformer passes attention_mask to the encoder®.)
9CLIP text transformer forward arguments: 36/52
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https://huggingface.co/docs/transformers/en/model_doc/clip

CLIPTextEmbeddings

Definition (CLIPTextEmbeddings (Token + Position Embedding Sum))

Uses learnable parameters for token embedding O = (Eox € RV*%) and
learnable parameters for position embedding Op,s = (Epos € RE*9).

T = Embeddingg/;ii(t) e Rix4, (49)
P = Embeddings.? ([0,1,...,L — 1]) € R®*?, (50)
CLIPTextEmbeddingsy %0 (t) = T + P € REX4. (51)
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CLIP ViT-L/14 Text Encoder i

The hyperparameters are

(V,L,d, h,dp, N,dy1,) = (49408, 77, 768, 12, 64, 12, 3072) (where d = hdj,)
(52)
The set of all learnable parameters is

O1E = (O1ok; Opos, OEnc) (53)
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CLIP ViT-L/14 Text Encoder ii

Forinputt € {1,...,V}¥ and PAD mask sequence a = MaskPAD(t) (Definition 3),

X, = CLIPTextEmbeddingsy % (t) € REX4,

(54)

Ceausal = [1{j§i}]fj:1 € {0,1}2%L (Lower-triangular causal r
(55)

M poq = |:CLj:|i[:j:1 € {0,1}%*F  (Column replication of PAD mr
(56)

M = Ccausal © Mpad € {0 1}LXL ( )
X = CLIPEncodery)) (Xo, M) € RE*4, (58)
(59)

(Vthdh,Ndmlp)( ) 59

CLIPTextModel = Xy € Ri*e,
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Overview

That is, M, which combines the causal mask and the PAD mask (attention
mask for padding), is passed to the self-attention in each layer. The Hugging
Face implementation CLIPTextModel also accepts an attention_mask argument
and applies it internally by combining it with the causal_attention_mask'C. In
Stable Diffusion, C = X y is supplied to the U-Net’s cross-attention.

19CLIP text model API: https://huggingface.co/docs/transformers/en/model_doc/clip.
Implementation example: https://huggingface.co/transformers/v4.8.0/_modules/
transformers/models/clip/modeling_clip.html.
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https://huggingface.co/transformers/v4.8.0/_modules/transformers/models/clip/modeling_clip.html

Mask Visualizations
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Origin of Fixed Length

Remark

The fixed length L = 77 is stipulated by the position embedding Embedding (¥
(Equation (50)) and the tensor shaping based on it. This design is different from
relative position embeddings or rotational position embeddings (RoPE), and this
is the direct origin of the fixed token length in SD1.5 [2].
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Training the CLIP Text Encoder



On Training Code Availability

Remark

Since the actual training source code used for the CLIP ViT-L/14 in Stable
Diffusion 1.5 does not seem to be publicly available, we will explain based on
open_clip (mlfoundations/open_clip) here'’.

""OpenCLIP repository: https://github.com/mlfoundations/open_clip.
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CLIP Architecture and Objective Function i

Consider text sequences and image sequences of batch size N, (t;, I,)Y ;.

- Text Encoder TextEncoderg., : {1,2,...,V} — R
+ Image Encoder ImageEncoderg . : Xing — R? (ViT/ResNet etc. [1]).
» Temperature 7 > 0 (often made learnable in implementations).

For each sample pair (¢;, I,),

TextEncoderg,, (¢;) ImageEncodery . (I;)

- ;= R<.
|| TextEncoderg..,, t:)|l2’ v HImageEncoderGIE (L) ]2 < (&0

Uu;
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CLIP Architecture and Objective Function ii

The similarity matrix S € RV*V is

Sij = M (61)

T

The cross-entropy losses for text—image and image—text are

N

1 exp(Si;)
[/Textﬁhnage - N Zz; ( log Zj\[:1 exp(Sij) )a (62)
N
1 exp(S”')
EIma e—Text — 7 - IOg N .~ (63)
) v ( e exp<sm>
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CLIP Architecture and Objective Function iii

and the symmetric loss

ECLIP (OTEa OIEa 7_) = (EText—ﬂmage + EImage—)Text) (64)

N =

is minimized.
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Similarity matrix

Similarity matrix S = [(u;, v;)/7] ifj:l (Ideal state)

ALy . Large (Match; i = j)
uy
Small (Mismatch; i # 7)

U2
us (us,v1)(us,v2)

T T
Uy (ua,v1)(ua,v2)

T T

Jj (image)
V1 V2 v3 vy

Figure 3: Visualization of the ideal similarity matrix.
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Intuition of CLIP

Remark

Equation (64) applies pressure to make the inner product (cosine similarity) of
the corresponding pair (i,¢) larger than others. The temperature 7 controls the
sharpness of the softmax, and as 7 | 0, it approaches harder discrimination [2].
The OpenCLIP implementation conforms to this formulation'2.

2The OpenCLIP loss implementation is included in the training code at
https://github.com/mlfoundations/open_clip.
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Summary and Next Time



Correspondence with Learning Outcomes

» Control via prompt weighting: We formalized the weight action on token
groups with Definition 7, and explained the correspondence with practical
Automatic1111/Compel syntax in Examples 19-8 and Remark 3.
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Correspondence with Learning Outcomes

» Control via prompt weighting: We formalized the weight action on token
groups with Definition 7, and explained the correspondence with practical
Automatic1111/Compel syntax in Examples 19-8 and Remark 3.

» Explanation of objective function: We specified CLIP’s symmetric
contrastive learning loss in Definition ?? and supplemented the intuition in
Remark 7 (see [2]).
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Correspondence with Learning Outcomes

» Control via prompt weighting: We formalized the weight action on token
groups with Definition 7, and explained the correspondence with practical
Automatic1111/Compel syntax in Examples 19-8 and Remark 3.

» Explanation of objective function: We specified CLIP’s symmetric
contrastive learning loss in Definition ?? and supplemented the intuition in
Remark 7 (see [2]).

+ Mathematical description of architecture: We rigorously defined as
functions all layers of the CLIP ViT-L/14 Text Encoder in Definitions 10-2??,
and stated the origin of the fixed length in Remark 5 (see [2,1]).
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From next time, we will describe the learning (parameter update) of neural
networks.
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