Final HW review HW4

- HFEiR% Phoneme Recognition(7325)

Load the phoneme data and standardize. Design MLP
as probe. The inputs are the feature tensor in different
Hubert layers. The middle layers’ features have better
performance. i Fi %2 X J

- MFCC [EIJA ([ 13 4 MFCC hR35)

MLP now about dimension is 13. Use R"2 as metric.
FREEIT 1 Y WTIZZRFAERT MFCC fRR 73R . 3 6 5
i H b I B R AR R SRR D 7 P 2 RRAE

- Speaker Embedding Analysis (Clustering)

B — A BB IR TR AR [ AR AN LS i
SRR B IZAT t-SNE 5005, IEAEE] —4E UL cluster.
- Automatic Speech Recognition (ASR)

B N I Zscore 7 — M, I G AR X
charactertokenized, F il %k wav2cev #2 BX (hubert)
UL, ARG — dEB U R (G SR,
RJE LSTM, RJE&ME BB R w R .
CTCloss. HEFLI Bt CTC Decoder Jf| beam search & Jf:
HEEE ST FAFIEIER blank bRid.

- Text to Speech (TTS)

L SCAS N B AR A3 4, U DG P A R 7R A
(vocoder). HiNFFFIHLN:

[SOS,text_tokens, TASK_ID,speech_tokens]
NICAME L token 7B BNE, IHEHZR
transformer RG4S, JF HAE AR RS, —AHy
HITE & AL R BE B B SCAR M Z BTG & token {5 &
THELTIN A & token FIFLSEATEF token FI5E X )4
A (MG SCA) . HEFEIN [SOS, text_tokens, TASK_ID]
RJE A B E HAA K E0S. BRIEF
token- Vit UL AL -Mel #31 1% 15| -vocoder-wav. ¥ i :
wav-ASR-text, FI GT text Hi#% WER

# token,

HWS finetune for SQL generation

Zero shot: JRUATEALY text2SQL; Finetune: IIZ5EHT,
i) 8 A1 sQL #F 2 K ;. Question:[Q] \n\n SQL: [A]
<|endoftext| > H 7 % Fl-100 # 3 question #5743 loss
%F Prompt: T LU question, &I AT LN LA
Bl ¥4 AE BT 51 5. B T LU BENLE, (B2

T LU 2R

FEA I GREE ¥ I AL Ay ) e, HE TR ] R 5%
b yra e, JEPERFAT N AN prompt. S5
[ Z b sQL. PG str DLECAI AT 45 H B 1k
HW6 Image & Text Retrieval via CLIP

- CLIP image and text encoder 43 Jil &b ¥ B F F1SCAR,
SRJG embedding 1H—1k, TR ATLHIE HESER:.
RSA #E21: Speaker: CLIP 73U MR — 5K T SCAR
WA B AT softmax(FI4Ei) . Listener: & )5 %F
S Tl = e N O Sl R SR $i
softmax. #x/J& pragmatic listener 5 3| — /AL
N PRI TS IS RO AE 23 A1 5 A2 FE R AP A AR X
HIBTA L RIS 23 A

- Image Captioning

B 2 Il R s i A (viT), BRI — B
patch 4§ fif & it MLP %] i% 5 embedding 4 :

|

[Image_Embedding_1, . Image_Embedding_n,
<Start_Token>]. #RJ5 75 BfRig. IIZRIRHE, A
B 5% image embedding+BOS token+Grount Truth
Caption Token, teacher forcing H.I B H#ERY + loss A&
G

Knowledge syntax coreference lexical semantics

sentiment reasoning: what we learn from LM
COT R PRME: FETFI IR AL, REBRRIRE SR,
TongerCOT Ji # A5 7 14: BE T 47

Reward hacking — exploiting errors in the reward model to achieve high
estimated rewards

« E.g., longer outputs get higher reward, regardless of quality otherwise

Hallucination and miscalibration

« No examples of abstention to questions, so model will never know what it
“doesn’t know”

Off-policy reward model

« Our reward model isn’t trained on outputs the model is likely to produce
now, after finetuning a bit through RLHF

Generalization of preferences

« Can we learn when preferences are relevant or not? E.g., refusals to “kill a
linux process”

Literal listener uses denotational semantics to map each utterance
to the probability of all referents [[ ]]
Listener _ Lfr
PLiteral (T | .ZC) - H ]]
Zr’ €ER Tlr
Pragmatic speaker re-normalizes probabilities over utterances given
the literal listener’s interpretations Listener
PLiteral (7 | %)

Speaker
Pragmatic Listener
ZI’EX PLiteral (7’ ‘ T )
Pragmatic listener takes into account alternative utterances that the
speaker could have used to refer to a referent, but didn’t
Speaker
pPl‘dglndtlL(:’E ‘ 7‘)

Speak:
2R PPragmatic(® | )

(@lm) =

Listener
pPragmauc @ I &) =

Matching problem: Dynamic Warping
“I want to go to

N campus”
Feature Acoustic - Language
extraction modeling oKicO) modeling
Ll
[m|mim]

“go to”

Non End-to-End End-to-End
Hard alignment
HMM-based

(Classical) Qe

HMM-based
(Classical)

Attention-
based
Soft alignment
4= (g, o] [r=1...7)
How many % " o 4,20, Ya,=1

“e” s aligned? Attention-based approach
is based on the soft
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HMM, CTC, and RNN-
2, = “e” Transducer are based on
the hard alignment

We can represent a path
as a sequence variable 5=
This is called a hard alignment= (;, e

T . 1 ]

<he i & L - Must start at the first <b> or s

1

2. Must end at the last <b>or e

3. All characters can be repeated

4. <b> can be skipped except when
it is inserted between repeated

character
. “s”,”<b>","e”: we can skip
<b>
.« “e”","<b>","e”: we cannot
skip <b>

+ Alternative alignment paths
+ W= .yt Hlength label sequence o
+ 0=(o. ... o Flength input sequen .
~

+ Similar to CTC, consider all possible paths in the right-
relis

" Start et bottom come, e, <> (start o sentence)

Ry Sem——
+ 1 output token (i does not consume th nput
frame, unlike CTC)!

- inooutputc) B R 5 T 6@

©)> 2=0,s,0,0,'¢, ¢\ 0,0), [,
o/, o) etc.ifr=sand s~
2 many to one mapping (we can just

< rze
+ Consider all possible paths including the case that it
allows the output of the token -

CTC, RNN-transducer, and HMM are represented by a similar
function form, i.e., Z Hf(t)
ZorS t

All possible alignments are constrained by each method
The most difficult issue in speech recognition: the input and output
lengths are different

+ We need some alignments
The soft alignment case

« We use an attention-based neural network (this will be introduced later).
The hard alignment cases

* We explicitly introduce an alignment path z.

« We can use it for CTC, RNN-transducer, and HMM-based approach

Self-su: Contrastive,Predictive,Generative
fr(ernsct) = exp (Z;I;»kwkct)

InfoNCE maximizes the mutual Lx=—E |log M
information between the input X Zz,ex fr (‘rj‘y Cr,)_
signal and the learned latent

variables C.

Strategies for sampling i i
negative and positive examples & < 2

determine the nature of i ; }'/ i i
/\/r\//\//m/)«\ /

representations, e.g., whether
ns | @

they are good for ASR or z 43
[ -,wy wan-. mm. ——

o

Speaker ID.

CPC(up) wav2vec(down)

R —
= o

e The goal is to maximize DLﬂ
the similarity between the
learned contextual L?J
representation and the 1 1
. s Transformer ‘
quantized input features
L= —log ("XI’(""””(CL:QI,)/T) ! @/%lj[{}] ’ @i—l
Laq, expleimi(er, §)/x) CNN Encoder ‘
TN I

Contrastive(above two) Predictive(Hu)
o Small codebook sizes, e.g. 100,
o The loss is only applied over w

masked regions. Exliea e E 6 G |

/AUBERT S
Ln8:X,M,Y) = 3 logp(ye | X,) ;
ient fsd g g @ i

i

o The learned latent features c. — Y
be quantized for another it 1

learning iteration.

How to model a multimodal conditional distribution p(x|y)?
« Autoregressive, GAN, VAE, Flow, Diffusion Model, etc
* Since L1/L2 can be applied to mel-spectrogram, while cannot be
directly applied to waveform
« Advanced generative models are developed faster in vocoder,,
than in acoustic model, but finally acoustic models catch up ©

Generative models for acoustic moderooodﬁﬁ .i

« Text to speech mapping p(x|y) is multimodal, since one text
can correspond to multiple speech variations
* Acoustic model, phoneme-spectrogram
mapping: duratlon/pltch/energy/formant
* Vocoder, spectrogram-waveform mapping: phase
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# image_encoder - ResNet or Vision Transformer

# text_encoder - CBOW or Text Transformer
#I[n, h, w, c] - minibatch of aligned images
# T[n, 1] - minibatch of aligned texts
I # W.i[d_i, d_e] - learned proj of image to embed
LANE 2NN 2 #W_t[d_t, d_e] - learned proj of text to embed
T [ TZJ T ™ || # t - learned temperature parameter
— # extract feature represer\tatlons of each modality
bl | um | v |y 1Ty |If = inage_encoder(I) #[n, d_i]
- T_f = text_encoder(T) tl[r\ d_t]
bl o | [nn |ur Wy
| &l # joint multimodal embedding [n, d_e]
, I Ie = 12_normalize(np.dot(I_f, W.i), axis=1)
P " ™ B 3780 12T normauzefnp.dot(r_f, Wt), axis=1)

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

b i | T T ety T

# symmetric loss function

cross_entropy_loss(logits, labels, axis=8)
loss_t = cross_entropy_loss(logits, labels, axis=1)

loss = (loss_i + loss_t)/2

Language Response X, , . .

Language Model f¢

QQQ QQQ

Xv Image X Language Instruction

Projection W

Vision Encoder



« Predict acoustic features from linguistic features

Text | Linguistic [ Acoustic | Acoustic ocod Speech
Text Anal SiS features [ Mode| eatures V Bt
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Speech

spectrogram
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Cozyvoice2 (Du et al., 2024)
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Preliminary: generative vs. discriminative models

« Generative model: parameterizes a joint distribution over random
variables X and Y

« Discriminative model: parameterizes a conditional distribution of
target Y given observation X

Classification: X = instance features, Y = instance class

Training objective: maximize joint likelihood of training
data (maximum likelihood estimation)

ZlogP( Q) z( )>
1]

i (logP( (‘)) + Z log P (xy) | y;i))

j=1

First-token POS tag
Emission probabilities
Transition probabilities
Probability of stopping

|
+ 3 logP (yf“ | y}‘ll) +1log P (smp e ‘))
=1

training data transition probabilities

they can  they fish N v |smop
N \Y N Y N 1 3 1
v 1 1 3
start probabilities
pc P (Y5 | yi-1)
o (yl N \Z STOP
N 3 075
N 02 | 06 | 62
v 1 0.25
\4 0.2 0.2 0.6

v1(§) =log P(x1 | §) +log P()
vi(§) ={og P(#: | §) + max (log P(§ | Gorev) + Vi1 (¥prev)
e

o The best tag sequence has the score:
jmax (log P(STOP | §in) + log P(an | §in) + - - -+ log P(z1 | §1) + log P(31))

log P(Z,7
To compute mgx o8 (IU)

v =P keep track of this over time

for i =1 ... [z] to reconstruct the
for ¥ in P maximum-probability
ir i == 1: N " sequence
v (g) = log P(x1 | §) +log P () arg max log P(Z,7)

else: Yy

vi(§) =log Pz | §) + max (log P(§ | fprev) + vi-1(Fprev))
e

return U\EHl(STDP)

Likelihood: given a sequence of observations, how likely is

that sequence according to the HMM? -
Easy — just compute using our decomposition of P(x, y)
Decoding: given a sequence of observations, what’s the

most likely sequence of hidden states?
Easy — use Viterbi
Learning: given a sequence of observations and the set of

possible states, what are the HMM parameters that
maximize the probability of the sequence?
Easy — compute using counts.indatd ..... re.. o wceciecca

a e REPS

ay(s) = pi(s)p(zy | 5)
i(5) = > aica(8)pu(s | 8 )pelai | 5)

s'eS

To compute p(T):

for s in states:
if i == 1:
alpha[l, s = pi(s)p(x1 | )
else:
for s’ in states:
alphali, s] += alphali-1, s"]1pe(s|s)pe(mi|s)

return sum([alphal|Z|, s] for s in states])

Base case: 5\5\(5) =1

Recurrence relation:ﬁi(s) = Z [Jt(é‘ | S()Ile(% \ 5)51+1(S/)
s’eS
Termination: p(Z) = Zm(s)pe(m | $)B1(s)
ses

initialize Py(s|s’) and Pe(z | )
until convergence, iterate over examples ZT:
E-step: assuming probabilities are correct,
compute pseudocounts
compute & and for T using current probs
compute temporary counts

() = — i(s)Bi(s)
W) = i)
e Pe(s, 8")pe (@i | s)ai(s)Biya(s)
61(57 s ) =

Yies Lwes Dil8, 8 )Pe(2: | 5)ai(8)Bir1(5)

M-step: assuming counts are correct,
recompute probabilities

|Z| s
Z—;(J) pele]s) =
iz Gi(s, s

One popular pre-LLM approach

E.g., Skip-Gram, GloVe — just
download and initialize your I
favorite model with these i _i I
embeddings L.

i

.. the movie was ...

o4
|

Not pretrained

pretrained
(word embeddings)

Then train the model for your
target task

In self-refinement, we iteratively:

e Generate: map from task description to answer/solution, possibly
given existing critique of past answers/solutions

o Verify: map from task description and a proposed answer/solution
to some type of feedback

Low-resource languages or dialects (e.g., African American
English)

Non-written languages (e.g., American Sign Language)
Language from people who aren'’t on the web (e.g., older adults)

Data that is increasingly getting excluded from scraping, for better
or worse

Decoder-only
Probability of each word depends only on the
previous tokens generated so far
p(yi) o< f (Y1, - -, yi-1))
Better at language modeling when we train for longer, increase
our dataset size, and increase the model size

Scaling laws tell us what test loss to expect given the amount of
compute, data, and parameters.

One conclusion: we can reliably improve performance if we
keep scaling up (data, model size, time for training)

Another conclusion: we can experiment with smaller
models, and trends will probably generalize to larger
models

T —
0123456788910112
(b) china today blacked out a cnn interview that was ...

Intermediate representations
of BERT at different layers

W
contain sufficient information e
to perform well on NLP tasks, W ose
Wlt‘h(.)ut any task-specific —ed
training! i W AsouTe
2 Asco

[2, 4) "blacked” - [ 1, 2) "today" [l | Omer

01234567809101112

Main idea: format input to the model as if it were generic web
text data.

Prompt Template used:

oaking <title>

BEW DELHI - 1 <article>
TLIOR,

We retur the modefs generation from the filed out template.

Prompt: Template Used:

The dog chased a squirrel at the park. = JES AL <examplel_en> = <examplel_zh>

I was late for class. = f RS/ T <example2_en> = <example2_zh>

The hippopotamus ate my homework. = <query_en> =

1. Pretraining documents
are conditioned on a
latent concept (e.g.,
biographical text)

Albert Einstein was a German theoretical physicist, widely
_, acknowledged to be one of the greatest physicists of alltime.
Einstein is best known for developing the theory of relativity, but

healso....
oot 5) Ouputly)  oeimier
2. Create independent -
Albert Einstein was
examples from a shared /' ke iz § W0
concept. If we focus on full
names, wiki bios tend to ——»  Mahatma Gandhi was. Indian  \n
relate them to nationalities.
\ brilliant?
P 2
Marie Curie was Eroxhs

3. into a prompt and p . Language model (LM) implicitly

(s).
the unnatural

Albert Einstein was German \n Mahatma Gandhi was Indian \n Marie Curie was ~ —— . —  Ppolish

Main idea: “prime” model to generate step-
by-step solution to input problem

COT; Structured Prompting

Main idea: prompt LMs to “call” tools, e.g., by interleaving
language output with calls to a calculator:

Goal during training: find a prompt that maximizes some
reward (e.g., accuracy) over the training dataset

arg max ]E R(y ~ LLM(pz))
peVt

Optimize:

argmax [ LLM(y | [p; #(x)])
pER? (z,y)eD

At inference time, always prepend embedding p to inputs

Modify the network directly by injecting
additional into
cells

Initialize the adapter as an identity
function

Finetune only the adapter parameters,
keeping everything else frozen

« Pretty fast to train (especially compared
to full fine-tuning)

But adding layers makes the model
larger, and inference slower

We can express the new value agV’ = W + AW
« In DiffPruning: we'd just learn ATV directly
« Can we learn even fewer parameters?

At the beginning of

AW = BA finetuning, initialize:
B e RxT B0
AeRrk A~ N(0,0%)

Low-rank: 7 < min(d, k) (so that ATV behaves as
identity function)

Main principle: use lower-precision representations of
network parameters during inference

Reduces the space required to store the model during
inference

+ Remove lowest-magnitude weights (set values to 0)
+ Re-rain network (freezing removed weights)
+ Herate between pruning and re-traning

>

Activations at input to each layer will be increasingly out-
£\ v OF-distribution!

Instead: train model to expect quantized inputs at each

Oneshotpruning + Forward pass: quantize

erse proning. + Backward pass: don't quantize

Main idea: just train a new network (possibly from
scratch) on task-specific data sampled from a much larger
model

No need for access to larger model’s weights or output
probabilities, just its outputs

Basic premise: adjust language model probabilities to be
conditioned on inputs generated in a more human-friendly
interface

o Independently sample candidate responses from the
instruction-tuned model

e Ask an annotator to rank the set of candidates

o Train a model to predict the scalar quality of independent

candidates, using the principle that if some response A is
ranked higher than response B, it’s higher quality

¢ Fine-tune the instruction-tuned model via reinforcement
learning (RL), with rewards assigned by this auxiliary model

« First, convert preference data to training data for this
model:
z, (G1, .., IN) Dpret = {(@, §uw 1)}
r(Gi) > (Jiv1) 7(Jw) > ()
e Then optimize r to give higher scores to winning
completions vs. losing completions:

L9 = —%E(m@w,gwippm) log(o(r(x, Guw: 0) — r(x, §1;0)))
2

Objective to maximize:

m(§ | ;0)
g ~ (- Ui Ewq9) |8 Blo (~—
G ~ (- | @, < 0) (@.9) ( o ——"
5 = 7(@, §; Oreward) Reward KL divergence with
maximization  instruction-tuned model
HE2€Dprotrain 108 7 (a5 0) Base LM objective

€T~ Dpro!npts




