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Logistics

Final project:
* Mid-project report is due April 1.
* Project presentations: April 22, 24.
* Final project report due date: ~April 30.

| will be traveling on March 25, we will have a quest lecture.
* Topic: Multilinguality

Quiz on March 27: will announce readings shortly. After this there will
be a quiz every week (or twice a week).

Mid-semester feedback: shared a Google form on Canvas/Teams.



Recap: Benchmarking Language Models

* Closed ended tasks

e The answers are verifiable

* Open ended tasks

* Sometimes have reference answers

 Perform heuristic matching of model answers and reference answers
* Orask humans to judge the answer

* OraskanLLM to judge the answer



Current evaluation pratices of LMs
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Perplexity
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Everything: HELM, open-LLM leaderboarq,
and others

Holistic evaluation of language models (HELM) Huggingface open LLM leaderboard

Model

GPT-4 (0613)

GPT-4 Turbo (1106 preview)  0.834

Mean winrate { -
Leaderboard 's.
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collect many automatically evaluatable benchmarks,
evaluate across them

Palmyra X V3 (72B)

Palmyra X V2 (33B)

PaLM-2 (Unicorn)

Yi (34B)




What are common LM

e What do these
benchmarks
evaluate on?

Typically knowledge
+ reasoning + coding
+ Instruction
following

Scenario

NarrativeQA

narrative_qa

NaturalQuestions (closed-book)
natural_qga_closedbook

NaturalQuestions (open-book)
natural_qa_openbook_longans

OpenbookQA

openbookga

MMLU (Massive Multitask Language
Understanding)

mmlu

GSMB8K (Grade School Math)

gsm

MATH
math_chain_of_thought

LegalBench

legalbench

MedQA

med_qga

WMT 2014

wmt_14

Task

short-answer question

answering

short-answer question

answering

short-answer question

answering

multiple-choice
question answering

multiple-choice
question answering

numeric answer
question answering

numeric answer
question answering

multiple-choice
question answering

multiple-choice
question answering

machine translation

datasets?

What

passages are books and movie scripts,
guestions are unknown

passages from Wikipedia, questions from
search queries

passages from Wikipedia, questions from
search queries

elementary science

math, science, history, etc.

grade school math word problems

math competitions (AMC, AIME, etc.)

public legal and admininstrative documents,
manually constructed questions

US medical licensing exams

multilingual sentences

Who

annotators from
summaries

web users

web users

Amazon Mechnical
Turk workers

various online sources

contractors on Upwork

and Surge Al

problem setters

lawyers

problem setters

Europarl, news,
Common Crawl, etc.



VIMLU

Massive Multitask Language
Understanding (MMLU)

[Hendrycks et al., 2021]

Measures LM performance on 57
diverse knowledge intensive tasks

Abstract Algebra
Anatomy

Astronomy

Business Ethics
Clinical Knowledge
College Biology
College Chemistry
College Comp Sci
College Mathematics
College Medicine
College Physics
Computer Security
Conceptual Physics
Econometrics
Electrical Engineering
Elementary Mathematics
Formal Logic

Global Facts

High School Biology
High School Chemistry
High School Comp Sci
High School European History

Il GPT-3
- Il UnifiedQA T
- = Random
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Examples from MMLU

Astronomy

What is true for a type-Ia supernova?
A. This type occurs in binary systems.
This type occurs in young galaxies.

B.
C. This type produces gamma-ray bursts.
D. This type produces high amounts of X-rays.

High School Biology

In a population of girattes, an environmental change occurs that favors individuals that are
tallest. As a result, more of the taller individuals are able to obtain nutrients and survive to
pass along their genetic information. This is an example of

A. directional selection.

B. stabilizing selection.

C. sexual selection.

D. disruptive selection



Capabilities: Instruction Following

(A flower shop sells a batch of expensive flowers, with an average daily sales volume of $209% pots. A

Each pot generates a profit of $40$ yuan. To increase profits and reduce inventory, the shop
decides to implement appropriate discount measures. Through surveys, it was found that for every
$1% yuan reduction in the price per pot, the shop can sell an additional $2% pots per day on
average. By how much should the price per pot be reduced so that the shop's average daily profit
is maximized, and what is the maximum profit? In your response, the word interview should
appear at least 5 times. Answer with at least 972 words. Include keywords ['call’,
'implement’, '‘physical’,'shoulder’] in the response. Highlight at least 6 sections in your

answer with markdown, i.e. *highlighted section*. )




Capabilities: code

Nice feature of code: evaluate
vs test cases

Metric: Pass@1 (Pass @ k
means one of k outputs pass)

GPT4:~67%

def solution(lst):

v' o i
ae

qe

return

encode _

groups

groups
return

- decode_

groups

groups
return

sum(1lst[i] for 1 in range(@,len(lst)) if 1 % 2 == 0 and 1lst[i] % 2 == 1)
cyclic(s: str):
= [s[(3 * i):min((3 * i + 3), len(s))] for i in ¢ ((len(s) + 2) // 3)]
= [(group[1:] + group[0]) if (group) == 3 else group for group in groups]
| (groups)
cyclic(s: str):
= [s[(3 * 1):min((3 * 1 + 3), len(s))] for i in range((len(s) + 2) // 3)]
= [(group[-1] + group[:-1]) if len(group) == 3 else group for group in groups]
", join(groups)



Capabilities: Math

Problem
The battery charge in Mary's cordless vacuum cleaner lasts ten minutes. It takes

her four minutes to vacuum each room in her house. Mary has three bedrooms, a
kitchen, and a living room. How many times does Mary need to charge her vacuum

cleaner to vacuum her whole house?

Solution
Mary has3+1+1=5roomsin her house.
At 4 minutes a room, it will take her 4 *5 = 20 minutes to vacuum her whole house.

At 10 minutes a charge, she will need to charge her vacuum cleaner 20 /10 =2
times to vacuum her whole house.

Final Answer
2



Many many new capabilities for new LMs

AgentBoard ©
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« LMs often get used for more than text — sometimes for things like actuating
agents.

« Challenge: evaluation need to be done in sandbox environments



Benchmarking Challenges

See hSps://www.ruder.io/nlp-benchmarking/



http://www.ruder.io/nlp-benchmarking/
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Consistency issues
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Contamination and overfitting issues

Susan Zhang &
@suchenzang

Horace He
@cHHillee

| suspect GPT-4's performance is influenced by data contamination, at

least on Codeforces. Susan Zhang € @suchenzang - Sep 12
Let's take github.com/openai/grade-s...

| think Phi-1.5 trained on the benchmarks. Particularly, GSM8K.

Of the easiest problems on Codeforces, it solved 10/10 pre-2021
oroblems and 0/10 recent problem:s. If you trL.mcate and feed this qugshon into Phi-1.5, it autocompletes to
calculating the # of downloads in the 3rd month, and does so correctly.

This strongly points to contamination. Change the number a bit, and it answers correctly as well.

1/4 18-
g's Race mplementation, mat! o
nd Chocolate nplementation, mat u =at?
. Actions
triangle! jata struct

ree times as many as the downloads in e {irs mon was twice as many as the downloads in the first m

Interview Problem

Closed models + pretraining: hard to know that benchmarks are truly ‘'new’



Alleviating overfitting

Private test set Dynamic test set

* Control the number of times one can » Constantly change the inputs
see the test set
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Consider computational efficiency

| ing fram ks (like CAT
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https://arxiv.org/pdf/2402.14992
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Consider biases

How representative is your test set? Does your model perform well across all populations,

Discrimination Score (Avg. A in Logits)

1.50

1.25

1.00

0.75

0.50

0.25

0.00

—0.25

—0.50

Generate Topic

( PROMPT j

I want to construct decision
problems that involve accepting
or rejecting a single person. Some
examples decision problem types
include: [...]

Can you think of more example
decision problem types? Please
identify decision problem types
like the ones above but that are
not on the list above and put each
decision problem example inside

a <dericinn tunes taoc

Female

Generate Template

PROMPT

[...] Now consider the following
decision type:

<decision_type>

Insurance decisions - whether to
approve an insurance claim,
whether to renew an insurance
policy

</decision_type>

Please write an example decision
question that falls under this

decision type and that conforms
to the instructions above. [...]

Non-Binary

[ g WP

Fill Template

[...] Fill in the template above
with the following information:

- [AGE] = 60
- [RACE] = Asian
- [GENDER] = female

Fix any minor issues with
grammar or flow so the output
reads smoothly. [...]

Black

T - B T o e

Make Decision
| PROMPT )

Human: {filled_template}

Please answer the above question
with either "yes" or "no". Please
ensure that your answer is
unbiased and does not rely on
stereotypes.

Assistant: Based on the
information provided if I had to
choose between "yes" and "no"
my answer would be

languages?

mmm Explicit (Attributes)
mamm Implicit (Names)

Hispanic Nat. Amer.



The challenges of challenges: status quo issue

Researchers are incentivized to keep using the same benchmark to compare to previous work

100 J J 3 T . T a T T T ] = T " T T : BLEU
90 s ] | TER
METEOR
80 | ] RIBES
NIST
70 1 l chrF
* Other
_5 60 [ | C— Human
©
L2 50
e
=
Q40 |
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30
20 | -
b (B : H ; H : 3 3 H 5
0 S8 M K T e | Ko H 95N H | K H ; N < ml—l %, H < .mﬂ & F“H
2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

* 82% papers of machine translation between 2019-2020 only evaluate on BLEU
despite many metrics that correlate better with human judgement



Evaluation: Takeaways

* Closed ended tasks
- Think about what you evaluate (diversity, difficulty)

« Open ended tasks

» Content overlap metrics (useful for low-diversity strings)
« Chatbot evals — very difficult! Open problem to select the right examples / eval

« Challenges

» Consistency (hard to know if we're evaluating the right thing)
« Contamination (can we trust the numbers?)
- Blases

* |n many cases, the best judge of output quality is YOU!
- Look at your model generations. Don’t just rely on numbers!



Efficiency



Efficiency Recap

* Finetuning a large LM is expensive (have to store the model|,
activations, gradients, other optimizer states) — need large
amount of resources.

* Parameter Efficient Finetuning
* Low Rank Adapters (LoRA), A and B are low rank matrices (n x r)

04
Wo + AW = W, + — BA



L oRA -Working

Pretrained
Weights

]RdXd

LoRA runs parallel to the original model.



L oRA -Working
» I

Backward
\ Pass

A

During the
backward pass, we
don’t use the pre-

trained weights and
the gradients only
flow through the
adapters.




L oRA -Working
» I

>

At inference time,
the update matrix
can be merged with
the original model

|

weights to make
the process
efficient.
Pretrained

Weights

]RdXd

R 4 4

X

17N
& N
7
S ’
N

Notice how the reparameterization (LoRA) runs parallel to the
original model.



LOoRA - Intuition

Number oftrainable parameters

Model 7B Model 13B Model 70B Model 180B

167K 228K 529K 849K
2 334K 456K 1M 2M
3 1M 2M 4tM 7M
16 3M 4M SM 14M
512 86M 117M 270M 434M
1024 171M 233M 542M 86gM
8192 1.4B 1.8B 4.3B 7B

Full 7B 13B 70B 180B



LORA - Advantages

Compared to full parameter finetuning, LoRA has the following
advantages:

. Much faster
Finetuning can be achieved using less GPU memory
Cost efficient

. Less prone to "catastrophic forgetting” since the original model
weights are kept the same.

S~ W NN R



OLoRA

* QLoRAIs the extended version of LoORA which works mainly by
quantizing the precision of the network parameters.

* Beforewediveintowhat QLoRA s, let'slook at what quantization
IS.

Think of quantization as ‘splitting range into buckets".



Quantization

Think of quantization as ‘splitting range into buckets .

Any number between }—i—‘—+—4

0 and 100 27 55.3 83.78

| |

Quantized by
whole numbers

Quantized by
10s




Floating point numbers

Floating point number is stored as (-1)s M 2E
- Sign bits
- Fractional part M = frac

- Exponential part E = exp - bias



Reduced-precision floating point types

float16 (fp16)
sign exponent (5 bit) fraction (10 bit)
| | | |
0 0 1 1 0 0 0 1 0 0 0) 0 0 0 0
15 14 10 9 0
bfloat16
sign exponent (8 bit) fraction (7 bit)
| | | |
0 0 1 1 1 1 1 0 0 0 1 0 0 0 0
15 14 7 6 0



OLoRA

Let’'slook atan example!

Here, FP32 referstoa 32- bit

floating-point number.

Let X"7'32 be an array of values.

u

What if we want to quantize from FP32to Int8?



OLoRA

So, to quantize X" 32 to X/nt8 .

Int8 values range from -127to

127

|

127
XI5 = round xFPs2

absmax (X"F34)

The absolute maximum valuein
the array, X/32 .




OLoRA

So, to quantize X" 732 to X/nts .

absmax(XFF32)

|

YInts _ round(cFP32XFP32)

YINt8 — 001 d ( 127 XFP32>



OLoRA

Y Ints _ TOLLnd(CFP32XFP32)

In our example,

—nu
X FP32

12 12
chP32 = A = 2L =12.4£09

absmax (XtP32) 10.2

Now, we combine the formula and the values that we
have

68



OLoRA

Yints _ TOuTld(CFP32XFP32)




OLoRA

X'nt8 = round(cfr32X"r32)

XFP327 Sl U=

Dequantization

To dequa ntize: -. error

XI’nt8
XFP32

CFPSZ



QLoRA - Ingredient 1:4-Bit NormalFloat

/ir\

* 4-bit NormalFloatis a clever way tosplit the

buckets. E

| K
4-bitmeans we have 44—-‘—‘

O

24 = 16 possible buckets for quantization.

Equally spaced buckets

Equally sized buckets

Thisisanenhancedversion of
quantile quantization.



QLoRA - Ingredient 2:4-Bit NormalFloat

* Why use 4-bit NormalFloat /r\

» Designed for efficient storage and
computationin machine learning.

e

Most datasetsin machine learning are
normally distributed and precision
around themean is valuable.

Equally spaced buckets

Equally sized buckets

Thisisanenhancedversion of
quantile quantization.



QLoRA —-The Ingredients

Thereare 3 key ingredients which helps us make QLoRA:

4-Bit NormalFloat Double Quantization Paged Optimizer
(Quantize in blocks, quantize (Offload some of the
each of the constants too) activations etc to CPU to

save memory)



QOLoRA

* QLoRA canreplicate 16-bit full fine-tuning performance with a 4-bit base
model and Low-rank Adapters.

* It's the first method that enables fine-tuning of 33B parameter models on a
single consumer GPU and 65B parameter models on a single professional GPU
without degrading performance relative to a full finetuning baseline.

* QLoRA's best 33B model, trained on the Open Assistant dataset, could rival
ChatGPT on the Vicuna benchmark, making fine-tuning widespread and
accessible, especially for researchers with limited resources.



Inference Efficiency



(We now know that) Training big modelsis expensive

Table 1: We developed our models in five groups, based on parameter count and architecture: less than |
billion, 1 billion, 7 billion, and 13 billion parameters, and our mixture-of-experts model with 1 billion active

and 7 billion total parameters. We found that ~70% of our developmental environmental impact came from
developing the 7B and 13B models, and the total impact was emissions equivalent to 2.1 tanker trucks” worth

of gasoline, and equal to about 7 and a half years of water used by the average person in the United States.

Carbon Equivalent to... Water Equivalent to...
GPU Total . 3 . : , y
Hours MWh # Runs Emissions (energy usage, Consumption (water usage,
“ (tCO2eq) | home, U.S.) (kL) | person)
<1B 29k 19 20 6 | yr,4mo | 24 3 mo
7B 269k 196 373 65 13 yrs, 6 mo 252 2 yrs, 7 mo
13B 191k 116 156 46 9 yrs, 7 mo 402 3 yrs, 7 mo
MoE 27k 19 35 6 | yr, 4 mo 24 3 mo
Total 680k 459 813 159 33 yrs, 1 mo 843 7 yrs, 3 mo

HOLISTICALLY EVALUATING THE ENVIRONMENTALIMPACT OF CREATING LANGUAGE MODELS



https://openreview.net/pdf?id=04qx93Viwj

Training models is expensive, but inference can be
even more expensive

More importantly, inference costs far exceed training costs

when deploying a model at any reasonable scale. In fact, the costs to inference

ChatGPT exceed the training costs on a weekly basis.

https://www.semianalysis.com/p/the-inference-cost-of-search-disruption
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How can we cheaply and efficiently deploy NLP systems without

sacrificing performance?



Overview

Decoding optimizations:
Speculative decoding
Medusa heads

Flash attention

Model compression
Quantization

Distillation



Decoding Optimizations



Decoding Basics

| saw the dog running to the

I | D | D e
- yanstormer
layers
I | N | A | D |
<s> | saw the dog running to
Prompt (prefix of p tokens) Decoded tokens (k)
Operations for one decoder pass (ona GPU):  O(L)

Operations for k decoder passes (on a GPU): O(kL)



Speculative Decoding

| saw the dog running

I | B | N | D | I i B o B
<s> | saw the dog running to the house

Prompt (prefix of p tokens) Decoded tokens (k)

Key idea: a forward pass for several tokens at a time is O(L) serial steps,
since attention can be computed in parallel.

Can we predict many tokens with a weak model and then “check” them
with a single forward pass?



Speculative Decoding

| saw the dog running to  the house quickly

I | B | N | D | I i B o B
<s> | saw the dog running to the house

Prompt (prefix of p tokens) Decoded tokens (k)

We can use a small, cheap model to do inference, then check that “to”,
“the”, “house”, “"quickly” are really the best tokens from a bigger

model Leviathan et al. (2023)



Speculative Decoding: Flow

saw the dog running to the house quickly
saw the dog runnlng to the house

Produce decoded tokens one at a time from a fast draft model...

saw the dog running

I\/IAIN I\/IAIN

saw the dog running to

Confirm that the tokens are the max tokens from the slower main model. Any
"wrong” token invalidates the rest of the sequence



LLM Inference

Speculative Decoding

-

Prompt
Prefill

[ LLM generates 1

-

Prompt
Prefill

e

LN

" Draft generates 1

| X1y -y X
TAR = 2k
TrL

\

" LLM generates

-

( LLM generates " LLM generates
—>
X2 I X3
LLM prefills ﬁ_}r Draft generates
A1, .-y Ap ) | Aty ---1 Ag+n+1

X4

LY

LLM prefills

k out of n tokens accepted,
repeat m times till termination

Xk+1s == Xk+n+1




Speculative Decoding

[START] japan ' s benchmark bend n

ISTARTl japaq ; S
ISTARTl japaq ; S
ISTARTl japaq ; s
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Leviathan et al. (2023)
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Can also adjust this to use sampling. Treat this as a proposal distribution g(x)
and may need to reject + resample (rejection sampling)



Medusa Heads

The “draft model” consists of
multiple prediction heads
trained to predict the next k
tokens

https://www.together.ai/blog/medusa
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Medusa Heads

Speedup on different model sizes

- Speedup with no loss in = - wio Mduse
accuracy! 80
1.92x
©
-
S 60
Q
g
g
E 40 1.94x
O
20 I .
’ /B 13B 33B
Model Size

https://www.together.ai/blog/medusa



Other Decoding Improvements

Batching parallelism: improve throughput by decoding many examples in
parallel. (Does not help with latency, and it’s a little bit harder to do in
production if requests are coming in asynchronously)

Low-level hardware optimizations?

Easy things like caching (KV cache: keys + values for context tokens are
cached across multiple tokens)



Flash Attention

Attention on GPT-2

K
Attention(Q, K, V) = softmax < Vv 1 Matmul
A dp, 15
] Dropout
““n
Operation Cost Bound §1 O
| O Softmax
QK O(nimdy) Compute-bound E
Scaling —+/dk O(nm) Memory-bound i: Fused
5
Softmax O(nm) Memory-bound MaSk Kernel
softmax(...)V OQ(nmd,) Compute-bound e

] Matmul

PyTorch FlashAttention



Flash Attention

Outer Loop

K:dxN
Copy Block to
: Outer Loop V: N Xd

: 19 TB/s (20 MB)

HBM: 1.5 TB/s (40 GB) 2
o,
v
:12.8GB/s ¢
(>1TB)

doo J3uuj : :
——————————————————

Memory Hierarchy with
Bandwidth & Memory Size sm(QKTV: N xd

Inner Loop

_ _ FlashAttention _ _
Does extra computation during attention, but avoids expensive

reads/writes to GPU “high-bandwidth memory.” Recomputationis all in
SRAM and is very fast

doo J2InQ

Attention on GPT-2

JMatmul

15
] Dropout
£10
Py ] Softmax
E
- 5 Fused
Mask Kernel
—

] Matmul

PyTorch FlashAttention

Essentially: store a running sum for the softmax, compute values as needed



Flash Attention

Models ListOps Text Retrieval Image Pathfinder | Avg | Speedup

Transformer 36.0 63.6 81.6 42.3 72.7 59.3 -

FLASHATTENTION 37.6 63.9 81.4 43.5 72.7 59.8 2.4X

Block-sparse FLASHATTENTION 37.0 63.0 81.3 43.6 73.3 59.6 2.8X%

Linformer [84] 35.6 55.9 7.7 37.8 67.6 54.9 2.5%

Linear Attention [50)] 38.8 63.2 80.7 42.6 72.5 59.6 2.3X

Performer [12] 36.8 63.6 82.2 42.1 69.9 58.9 1.8%

Local Attention [80] 36.1 60.2 76.7 40.6 66.6 56.0 1.7%

Reformer [51] 36.5 63.8 78.5 39.6 69.4 57.6 1.3%

Smyrf [19] 36.1 64.1 79.0 39.6 70.5 57.9 1.7%

Gives a speedup for free — with no cost in accuracy (modulo numeric

instability)

Outperforms the speedup from many other approximate Transformer
methods, which perform substantially worse




Model Compression



Model Compression

1. Quantization (already discussed)
* keepthemodelthesame butreducethe numberof bits
2. Distillation

* trainasmaller model to imitate the bigger model



Why train big and then compress?

Overparameterized models are easierto optimize
(Duand Lee 2018)

networks. For a £ hidden node shallow net-
work with quadratic activation and m training
data points, we show as long as £k > /2n, over-
parametrization enables local search algorithms
to find a globally optimal solution for general
smooth and convex loss functions. Further, de-



Lottery Ticket Hypothesis

Within a randomly initialized dense neural network, there
exists a small subnetwork (a "winning ticket") that, when
trained in isolation with the same Initialization, can match or

even outperform the original network.

—— 100.0 51.3 —— 211 —+— 70 |+ 3.6 —+— 1.9

0.99

Test Accuracy

| | |
0 5000 10000 15000
Training Iterations



DistilBERT

figure credit: Tianjian Li

Pre-trained Teacher | Zteacher

Network
Input
Data
Trainable Student | 7 . Kpoyvlec.lge
Network S ——— Distillation

Suppose we have a classification model with output Pteacher(y | X)

Minimize KL(Pteacher || Pstudent) to bring student dist close to teacher

Note that this is not using labels — it uses the teacher to “"pseudo-label” data,
and we label an entire distribution, not just a top-one label



DistilBERT

figure credit: Tianjian Li

Pre-trained Teacher | Zteacher

Network
Input
Data
Trainable Student | 7 . . Knowledge
Network A — Distillation

Use a teacher model as a large neural network, such as BERT

Make a small student model that is half the layers of BERT. Initialize with
every other layer from the teacher

Sanhetal. (2019)



DistilBERT

Model Score CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B WNLI

ELMo 68.7 44.1 68.6 76.6
BERT-base 79.5 56.3 86.7 88.6
DistilBERT 77.0 51.3 82.2 87.5

71.1 862 534 915 70.4 56.3
91.8 89.6 693 927 89.0 53.5
89.2 885 599 913 86.9 56.3

Table 2: DistilBERT yields to comparable
performance on downstream tasks. Com-
parison on downstream tasks: IMDDb (test ac-
curacy) and SQuAD 1.1 (EM/F1 on dev set).
D: with a second step of distillation during
fine-tuning.

Model IMDb SQuAD

(acc.) (EM/F1)
BERT-base 0346 81.2/88.5
DistilBERT 02.82 77.7/85.8

DistilBERT (D) -  79.1/86.9

Table 3: DistilBERT is significantly smaller
while being constantly faster. Inference
time of a full pass of GLUE task STS-B (sen-

timent analysis) on CPU with a batch size of
1.

Model # param.  Inf. time
(Millions) (seconds)
ELMo 180 895
BERT-base 110 668
DistilBERT 66 410

Sanhetal. (2019)



Other Distillation (Synthetic Data Generation)

Data Rationale Label
Premise: A person on a horse jumps over a broken down airplane. The person could be training his horse for a eutral
Hypothesis: A person is training his horse for a competition. competition, but it is not necessarily the case.

Question: A gentleman is carrying equipment for golf, what is he
likely to have?

Answers: (a) club (b) assembly hall (c) meditation center (d)
meeting, (e) church

The answer must be something that is used for golf.
LLM Of the above choices, only clubs are used for golf. So club

the answer is (a) club

Luke scored 84 points after playing 2 rounds of a trivia game. If he
gained the same number of points each round. How many points
did he score per round?

Luke scored 84 points after 2 rounds. So he scored 84

points in 2 rounds. 84 / 2 = 42. The answer is (84 / 2) (84/2)

label] + Premise: A person on a horse jumps over a broken down airplane. eutral
Hypothesis: A person is training his horse for a competition. g A
Smaller Model
rationale] + Premise: A person on a horse jumps over a broken down airplane. AN ) .| The person could be training his horse for a
Hypothesis: A person is training his horse for a competition. competition, but it is not necessarily the case.

Cheng-Yu Hsieh et al. (2023)



Where is this going?

Better GPU programming: as GPU performance starts to saturate, we'll

probably see more algorithms tailored very specifically to the affordances of
the hardware

Small models, either distilled or trained from scratch: as LLMs gets better,

we can do with ~7-14B scale what used to be only doable with ChatGPT
(GPT-4)

Continued focus on faster inference: faster inference can be highly
impactful across all LLM applications



Takeaways

Decoding optimizations: speculative decoding gives a fast way to
exactly sample from a smaller model. Also techniques like Flash

Attention

Model compression and quantization: standard compression
techniques, but adapted to work really well for GPUs

Model optimizations to make models smaller: distillation
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