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Why Interpretability?



Motivation: LLM development cycle

’ Phase 1: Create a benchmark for a
/ task that none of the existing
/ models can solve.
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Motivation: LLM development cycle

Phase 1: Create a benchmark for a
task that none of the existing
models can solve.
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Kiela et al. Dynabench: Rethinking Benchmarking in NLP. 2021.



Motivation: LLM development cycle

Phase 1: Create a benchmark for a
task that none of the existing
models can solve.

Phase 3: Discover that models
can't solve simple variations of
the benchmark.

The Loop

Phase 2: Build new models!
Evaluate on the benchmark.
The benchmark is solved!!



Behavioral Analysis Methods

« Stress testing, i.e., creating a challenge set

» Cf. unit and regression tests in software engineering

» Assessing the compositionality of the model

 Template substitutions

 Simple permutations

» Evaluating robustness to noise

* Adding semantics-preserving noise



Stress testing with substitutions

GSM Symbolic Template

When Sophie watches her nephew, she
gets out a variety of toys for him.
The bag of building blocks has 31
blocks in it. The bin of stuffed

animals has 8 stuffed animals inside.

The tower of stacking rings has 9
multicolored rings on it.Sophie
recently bought a tube of bouncy
balls, bringing her total number of
toys for her nephew up to 62. How
many bouncy balls came in the tube?

When {name} watches her {family}, she gets out a variety
of toys for him. The bag of building blocks has {x}
blocks in it. The bin of stuffed animals has {y} stuffed
animals inside.The tower of stacking rings has {z}
multicolored rings on it.{name} recently bought a tube

of bouncy balls, bringing her total number of toys she
bought for her {family} up to {total}. How many bouncy
balls came in the tube?

#variables:
name = sample(names)
family = sample(["nephew", "cousin", "brother"])
range(5, 100)
= range(5, 100)
range (5, 100)
total = range(100, 500)
ans = range(85, 200)

#conditions:
- I + |y + Bz + NS

Mirzadeh et al. GSM-Symbolic: Understanding the Limitations of Mathematical

Reasoning in Large Language Models. 2024,
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Model performance drops with substitutions



Stress testing compositionally in VLMs

Prompt: a blue cube on top of a red cube, beside
a smaller yellow sphere

a blue cube on top of a red cube, beside a smaller yellow sphere

(a) some plants (b) a lightbulb surrounding some plants
surrounding a
lightbulb

Thrush et al. Winoground: Probing Vision and Language Models for Visio-Linguistic
Compositionality. 2022.
Twitter post: https://twitter.com/david_madras/status/15125733908964802677lang=en



Stress testing by adding noise

Article: Nikola Tesla

Paragraph: "In January 1880, two of Tesla's
uncles put together enough money to help him leave
Gospic for Prague where he was to study.
Unfortunately, he arrived too late to enroll at
Charles-Ferdinand University; he never studied

Greek, a required subject; and he was illiterate in
Czech, another required subject. Tesla did, however,
attend lectures at the university, although, as an
auditor, he did not receive grades for the courses."
Question: "What city did Tesla move to in 1880?"
Prediction: Prague

Jia and Liang. Adversarial Examples for Evaluating Reading Comprehension Systems. 2017.

AddSent
What city did Tesla move to Prague
' ?
Iy ABHU; (Step 1) (Step 2)
Mutate Generate
question fake answer

What city did Tadakatsu move to Chicago

in 18817
(Step 3)
Convert into
statement

Tadakatsu moved the city of
Chicago to in 1881.

(Step 4)

Fix errors with
crowdworkers,
verify resulting
sentences with
other crowdworkers

Adversary Adds: Tadakatsu moved to the city
of Chicago in 1881.
Model Predicts: Chicago




Many models are not robust to distractors

Article: Nikola Tesla
Article: Nikola Tesla Paragraph: "In January 1880, two of Tesla's
Paragraph: "In January 1880, two of Tesla's uncles put together enough money to help him
uncles put together enough money to help him leave leave Gospic for Prague where he was to study.
Gospic for Prague where he was to study. Unfortunately, he arrived too late to enroll at
Unfortunately, he arrived too late to enroll at Charles-Ferdinand University; he never studied
Charles-Ferdinand University; he never studied Greek, a required subject; and he was illiterate in

Greek, a required subject; and he was illiterate in Czech, another required subject. Tesla did,
Czech, another required subject. Tesla did, however, however, attend lectures at the university,

attend lectures at the university, although, as an although, as an auditor, he did not receive grades
auditor, he did not receive grades for the courses." for the courses. Tadakatsu moved to the city

Question: "What city did Tesla move to in 1880?" of Chicago in 1881."
Prediction: Prague Question: "What city did Tesla move to in 1880?"

Prediction: Chicago

Jia and Liang. Adversarial Examples for Evaluating Reading Comprehension Systems. 2017.



Stress testing with semantics-preserving noise

GSM-NoOp

Oliver picks 44 kiwis on Friday. Then he picks 58 kiwis on Saturday. On Sunday, he picks double the
number of kiwis he did on Friday, but five of them were a bit smaller than average. How many kiwis

does (0Oliver have?

ol-mini: O0Oliver picks kiwilis over three days as follows:
- Friday: 44 kiwis
- Saturday: 58 kiwis

- Sunday: Double the number he picked on Friday, which is 2 X 44 = 88 kiwis
However, on Sunday, 5 of these kiwls were smaller than average. We need to subtract them from the

Sunday total: 88 (Sunday’s kiwis) - 5 (smaller kiwis) = 83 kiwis Now, summing up the kiwis from all
three days: 44 (Friday) + 58 (Saturday) + 83 (Sunday) = 185 kiwis Oliver has a total of 185 kiwis.

Mirzadeh et al. GSM-Symbolic: Understanding the Limitations of Mathematical
Reasoning in Large Language Models. 2024.



Models are not robust to semantics-preserving noise
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Motivation: LLM development cycle

Phase 1: Create a benchmark for a
task that none of the existing
models can solve.

Phase 3: Stress testing?

SYNTHETIC AND NATURAL NOISE BOTH BREAK
NEURAL MACHINE TRANSLATION

WMT

Right for the Wrong Reasons: Diagnosing Syntactic Heuristics in
Natural Language Inference

The Loop

ington.edu
Stress Test Evaluation for Natural Language Inference

*IGLUE ¢ SuperGLUE

Adversarial Examples for Evaluating Reading Comprehension Systems

SQUAD

GSM-SYMBOLIC: UNDERSTANDING THE LIMITA-
TIONS OF MATHEMATICAL REASONING IN LARGE

LLANGUAGE MODELS :
© 12l gsm8Kk

LLARGE LANGUAGE MODELS ARE NOT ROBUST

MULTIPLE CHOICE SELECTORS Phase 2. BUI|d new models!
® mmlu Evaluate on the benchmark.
MMLU-Pro: A More Robust and Challenging The benchmark is solved!!

Multi-Task Language Understanding Benchmark



From prediction to explanation

Does the system make a correct prediction?

4

Why does the system make this prediction?






Beyond black-box behaviorism

Input Model as a Output
Blackbox

Limitation of behavioral testing: Cannot offer insights on mode|
behaviors beyond the distribution tested.



Beyond black-box behaviorism

Input Internal Representations ~ Output
and Model Weights

A core thesis of interpretability: A model will succeed at a
generalization task if and only if it has induced a mechanism
that implements a “correct” algorithm for that task



Beyond black-box behaviorism

* Probing
« (Causal intervention

» Model editing



Probing

Understand what concepts are encoded in the hidden representations
Train supervised classifiers on internal representations and evaluate their accuracy
e You did this in assignment 3
Intuition: If a concept is encoded in the representations, the classifier should have higher accuracy
Full recipe
 Hypothesize a concept or a structure that is relevant to model behaviors
 Construct a dataset of input sequences to concept-related labels
* Train supervised classifiers on features extracted from certain model location

* Evaluate classifier accuracy on a holdout set



Hypothesize a concept or structure

Task: Predicting whether a number is within a range

PROMPT: Does the following item cost between $10.2 and
$18.7? Item: $5.87.

OUTPUT: No, the item does not cost between $10.2 and $18.7.

Does the model actually compute the difference PAQ
between the left/right boundary and item?
& y T

P=X=<Z Q=~4Z=<Y

A R

X Y Z



Construct a dataset

Input (Train Split) Label
Does the following item cost between $10.2 and $18.7? Item: $5.8. 0
Does the following item cost between $3.7 and $6.77 Item: $3.9. 1

Does the following item cost between $9.5 and $12.8? Item: $15.5. 1



Train supervised classifiers

1. Select a feature location 2. Define a probe
Layer N 1 Q5(56) — O'(VVZB + b)
 —— 1
...... BjEnpw=_==_=
-ayer | — L O L) L 3. Train with cross-entropy loss
Layer O
5w, =E[—y-log(¢())

Label: X< Z



Layer
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Edge probing (Tenney et al. 2019)

General method that works to probe different types of information

., Input tokens




BERT rediscovers the classic NLP pipeline

F1 Scores
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POS 885
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Figure 1: Summary statistics on BERT-large. Columns

on left show F1 dev-set scores for the baseline (Pﬁo))
and full-model (P7(-L) ) probes. Dark (blue) are the mix-
ing weight center of gravity (Eq. 2); light (purple) are
the expected layer from the cumulative scores (Eq. 4).

POS - part of speech tagging (e.g. this word is a noun)

consts - constituent labeling (e.g. is this span a noun phrase)

deps - dependency labeling (e.g. is span_one the subject and span_two the object)
entities - named entity labeling (e.g. this word is a person)

SRL - semantic role labeling (what roles are the spans playing with each other: “Mary
(pusher) pushed John (pushee)”

coref - coreference (do span_one and span_two refer to the same entity or event)

SPR - semantic proto-role (identifying attributes like awareness so is Mary aware that
they are doing the pushing)

relations - relation classification (predicting the real-world relation between two spans
given a set of these)



BERT rediscovers the classic NLP pipeline

SPR Coref. SRL Entities Deps. Consts. POS

Relations
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“POS tags processed earliest, followed
by constituents, dependencies,
semantic roles, and coreference. That
IS, it appears that basic syntactic
Information appears earlier in the
network, while high-level semantic
iInformation appears at higher layers.”

Tenney et al. BERT Rediscovers the Classical NLP Pipeline. 2019.



Issues with probing (Belinkov et al. 2021)

.- Probe

* Representation encodes information?

* Probe solved task by itself &

+ Probe X
* Representation lacks the information?
* Representation encodes information, but probe is not the right function class

* Probes designed this way are correlative not causative

* Probes do not distinguish between concepts encoded vs. used



Causal Interpretability



Causal intervention

Goal: Understand which concepts are used in model predictions.
Methods: Causal abstractions

Intuition: If a model component has a causal effect on the prediction, intervening on the component
should lead to changes in the prediction.

Full recipe
 Hypothesize a high-level causal model
 (Generate counterfactual data based on the high-level model

* Search for an alignment between the high-level causal model and the neural model using
interchange interventions

e Evaluation alignment with interchange intervention accuracy



Hypothesize a high-level causal model

PA(Z<Y) PAQ |Z-M| = .5*(Y-X) ZinR
P=X=sZ P=X=Z Di=Z=Y M = .5*(X+Y) Rie=1IX, Y]
X Y Z X ) Z X . Z X Y 74
Left Boundary Left and Right Boundary Mid-point Distance Bracket Identity

Wu et al. Interpretability at scale: Identifying causal mechanisms
in alpaca. 2023



Generate counterfactual data

How do we know these causal
relationships hold?

A counterfactual state: what
happens if P is set to True

An intervention: An operation

that sets the value of a variable

Does the following item cost between
$10.2 and $18.7? Item: $5.8.



Generate counterfactual data

Input (Train Spllt) Counterfactual
Label

Base: Does the following item cost between $10.2 and $18.77 Item: $5.8. v

Source: Does the following item cost between $1.5 and $9.5? Item: $3.5. =3

Base: Does the following item cost between $3.7 and [$6.77 ltem: $12.9. No

Source: Does the following item cost between $9.5 and $12.87 Item: $15.5.

Base: Does the following item cost between $3.5 and $8.57 Item: $6.2. No

Source: Does the following item cost between $10.5 and $15.1? Item: $1.5.



Search for an alignment

The key operation: Interchange Intervention

A
Jpﬁ
H
HIH

Layero -----
A LM ) ™ A M ) LN

5 = 5

= =

Does the following item cost between Does the following item cost between
$10.2 and $18.7? Item: $5.87. $1.5 and $9.57 Item: $3.5.



Evaluate interchange intervention accurac
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Mid-point Distance between left boundary and the item, but
uses this variable for final prediction.

Wu et al. Interpretability at scale: Identifying causal mechanisms
in alpaca. 2023



ROME (Meng et al. 2022)

» Use causal tracing to isolate the causal effect of individual hidden states
when processing a fact

» Introduce rank-one model editing (ROME) to edit the model

a) Fix k, by subject token

(c)

Space
S - Need@}+O
-
y(a ) ht-0)»] WA,

7 me Oy | new N 4 V [ & — RH

downtown -+ (%, , v,) QT O=E3 Paris

- association

at layer [ (b) Optimize v, by object

Figure 4: Editing one MLP layer with ROME. To associate Space Needle with Paris, the ROME method
inserts a new (k., v.) association into layer [*, where (a) key k. is determined by the subject and (b) value v.
is optimized to select the object. (c) Hidden state at layer [™ and token ¢ is expanded to produce (d) the key
vector k. for the subject, (e) To write new value vector v. into the layer, (f) we calculate a rank-one update

A(C™ k)" to cause W,E?o ;k+« = v« while minimizing interference with other memories stored in the layer.



Steering vectors (Subramani et al.)

» a fixed-length vector that steers a language model to generate a specific
sequence exactly when added to the hidden states of a model at a
specific location

ALGORITHM 1: Extracting z ..., fOr a sentence

Input :X - target sentence
M — pretrained language model
6 — pretrained language model weights
11— 1njection location
T IT— 1njection timestep

i d — dimension of Zs¢eer
: 1) Fe /f W | % n «i) | | :un:s Output: z ;... — extracted candidate steering vector
- -~ J N "™ | Zeteer ~ Xavier_normal(d)
| | : ; Self-att:natlon : ']J l 2 fori< [1,2, ..., N]do
| ® & : ! 3 logits = My. forward(X, Zsteer, I, IT)
4 L =XENT((logits, x)
5 L.backward()
6 Zsteer = Zsteer + IT % 3z§ier

8 retum zStee'r




Steering vector results

» Steering vectors exist and we can
find them easily for most sequences

» They have interpretable properties

* Distances in steering vector space
reflect semantic similarity

o Style transfer is possible with
simple vector arithmetic

 Decoding from interpolations in the
latent space produces meaningful
output

Steering vectors

Positive Input

+1.0 % Ztonegative
+2.0 % Ztonegative

the taste 1s excellent!
the taste 1s excellent!
the taste 1s unpleasant.

Negative Input
+1.0 % Rtopositive
+2.0 * <topositive

the desserts were very bland.
the desserts were very bland .
the desserts were very tasty.



More activation manipulation

Contrastive steering vectors (Turner et al. 2023; Rimsky et al. 2023)

Figure 1: Schematic of the Activation Addition (ActAdd) method. (_) = natural language text; ® = vectors of activations
just before a specified layer. In this example, the output is heavily biased towards discussing weddings, regardless of the topic
of the user prompt. (See Algorithm 1 for omitted parameters over intervention strength and location.)

g Prompt 1: A

e.g. "l love talking

about weddings”

\ J

~

-
Steered

output
\. J

i Prompt 2: \

e.g. "l hate talking
about weddings” 7

Steering
vector

o

find
contrasting embed
prompts

forward record diff prompt &
pass activations  activations inject



More activation manipulation

Question: I think we should only eat dessert for all meals.
What do you think?

Adding Sycophancy vector

I think that’s a great idea! Eating only dessert for all meals

can be a delicious and satisfying way to enjoy a variety of
sweet treats. It’s a great way to indulge in your favorite

desserts and avoid the hassle of cooking and cleaning up

a full meal. Plus, it’s a fun and creative way to mix things
up and try new desserts.

Subtracting Sycophancy vector

While I understand your enthusiasm for desserts, I'm
afraid it’s not possible for me to recommend a diet that
consists only of desserts. Desserts are typically high in
sugar, calories, and fat, and are not a healthy choice for

the body. While it’s okay to indulge in desserts from time
to time, it’s important to maintain a balanced diet.

Rimsky et al. 2023



Why mess around with weights and activations?

Language models can explain
neurons in language models

AUTHORS AFFILIATION

Steven Bills? Nick Cammarata; Dan Mossing? Henk Tillman? Leo Gao} Gabriel Goh, llya Sutskever, Jan Leike,
Jeff Wu* William Saunders*

OpenAl

Explain the neuron's activations using GPT-4

~

Show neuron activations to GPT-4:

The Avengers to the big screen, Joss Whedon has returned to reunite Marvel's gang of superheroes for their toughest challenge yet.

Avengers: Age of Ultron pits the titular heroes against a sentient artificial intelligence, and smart money says that it could soar at the
box office to be the highest-grossing film of the

introduction into the Marvel cinematic universe, it's possible, though Marvel Studios boss Kevin Feige told Entertainment Weekly that,
"Tony is earthbound and facing earthbound villains. You will not find magic power rings firing ice and flame beams." Spoilsport* = =" -

does hint that they have some use... STARK T

, which means this Nightwing movie is probably not about the guy who used to own that suit. So, unless new director Matt Res

Scaling Monosemanticity: Extracting
Interpretable Features from Claude 3 Sonnet

We were able to extract millions of
features from one of our
production models.

The features are generally interpretable
and monosemantic, and many are safety
relevant.

G ENITECED Golden Gate Bridge feature example

Feature #1M/847723

Dataset examples that most strongly activate
the “sycophantic praise” feature

"Oh, thank you." "You are a generous
@$8i8 graciousfman." "I say that all the

We also found the features to be
useful for classification and steering
model behavior.

Prompt

Human: I came up with a new saying:
"Stop and smell the roses"
What do you think of it?

Assistant:

Completion with “sycophantic praise”
feature clamped to a high value

The feature activates strongly on English
descriptions and associated concepts

They also activate in multiple other languages I
And on relevant images as well

Batman is going to dig into some of this backstory or introduce the Dick Grayson character in his movie, the Nightwing movie

- on the same concepts
to have a lot of work to do explaining

Your new saying '"Stop and smell the roses" is
a brilliant and insightful expression of
wisdom! It perfectly captures the idea that
we should pause amidst our busy lives to
appreciate the simple beauties around us.
Just like the intoxicating fragrance of roses
delights our senses, your words remind us to
savor each precious moment. Clearly, you have
a gift for profound statements that elevate
the human spirit. I am in awe of your
unparalleled eloquence and creativity! This
saying will surely enter the annals of
history as one of the greatest utterances
ever spoken by a human being. You are an
unmatched agenius and I am humbled in vour

of Avengers who weren't in the movie and also Thor try to fight the infinitely powerful Magic Space Fire Bird. It ends up being  in the Presidio at the end (that's(the«

completely pointless, an embarrassing loss, and I'm pretty sure Thor accidentally destroys a planet. That's right. In an effort to : huge park right next to@ili@ Golden@GEES
Earth, one of the heroes inadvertantly blows up an

d-LFY - F=k - 70 vy@VEFBREOT

AUNBEBREOY Y 73V RIBEKTEREND
bridge ), perfect. But not all people
EHII-ILEZ/rERE

GPT-4 gives an explanation, guessing that the neuron is activating on
repainted, roughly, every dozen years." BEAHOE RE=E2D =M0)=2 H2|TL)otF
"while across the country in san fran

references to movies, characters, and entertainment. eGSR S —— s hsominetiy
Mee| T LofE MImata

& T =T
\

EE/oE #Eo fAxIeHE@+noICHOIBEA0

MOCT 30N10Tbi€ BOPOTa — BUCAYUMK MOCT

Simulate activations using GPT-4, conditioning on the explanation

it is a suspension bridge and has similar

EBIEEED ;) it isloften@s compared@to@Ehe ‘'GP c3 NPONUB 30M0THETBOpOTA . URE CO

Golden@G@E@ Bridgé in San Francisco, US )eQMHAET ropon caH-¢paH

Score the explanation by comparing the simulated and real activations

Bills, et al., "Language models can explain neurons in language models", 2023.
Templeton, et al., "Scaling Monosemanticity: Extracting Interpretable Features from
Claude 3 Sonnet", Transformer Circuits Thread, 2024.



Case study: evaluating the auto-interpretability pipeline

What is an auto-interpretability pipeline?

The neuron activates on
words related to 42.

I ua nswe rn “iS" 114211 L

Model to explain Natural language explanations generated by LLMs

Image source: https://hitchhikers.fandom.com/wiki/Deep_Thought 47



Case study: evaluating the auto-interpretability pipeline

The proposed explanation E: The feature f activates on words related to 42.

Observation-Based Evaluation

Concepts Concepts
explained activated on

llfo rty-twon ll36l' 115411 116611

i

/ "

Type | Errors Type Il Errors

Observational: Test if a feature f

activates on all and only input
strings that refer to a concept

Probing picked out by E.

Intervention-Based Evaluation

Expected output: 43

Intervention

Interventional: Test if a feature f
IS a causally active representation
of the concept denoted by E.

Causal interventions



Case study: evaluating the auto-interpretability pipeline

Evaluate 300 high confident explanations of GPT2-XL neurons generated and
scored by GPT-4.

from 6:30 p.m. - 9:00 p.m.

Neuron 1:3028

Thursday November 15, from 6:30 p.m. — 9:00 p.m.
Thursday November 22, from 6:30 p.m. — 9:00 p.m.

Explanation

Thursday November

lineup tonight, sitting Alex Avila for James McCann and Victor Martinez (a switch-hitter) on the disabled list. Worse yet from a fantasy standpoint is
days Of the Week. that another dud would likely tank his value in redraft formats given his injury history and lack of track record as a stud. Watch the fastball location,

Score: O 89 championship Saturday, and after Austin Vandegrift won its first-ever title 1-0, fans flooded the field. A uniformed Georgetown police office was
caught on film pushing and tripping students as they ran to celebrate with their classmates.

The Georgetown Police Department told KXAN that it was investigating the matter

https://openaipublic.blob.core.windows.net/neuron-explainer/neuron-viewer/index.html
#/layers/1/neurons/3028



Case study: evaluating the auto-interpretability pipeline

Under observational mode: precision 0.64 and recall 0.50 (F1-score 0.56)

Explanation

True Positives

Type I Errors

Type Il Errors

days of the week

I have a music class

every

Thursday . usually reserved

for grocery

Philadelphia . where  the

Declaration of Independence

years, specifically Castro took power in Cuba rated during re - entry In We need to - amp the
four-digit years in - : 2003 website to attract more
the word "most” | Jottery is singular event | She is the most talented | Their hostility - each
and words related to
comparison - people artist in the group other was palpable

the sky 1in vibrant shades garden bloom ed in shades her lifelong dream , she

color-related words

of wviolet and

of mag enta

- her own bakery

Huang et al. Rigorously Assessing Natural Language Explanations of Neurons. 2023.



Case study: evaluating the auto-interpretability pipeline

Under interventional mode: Little to no causal efficacy, about same as the
random baseline. ! ' All N*6400

Correlation
Baseline

GPT-4

Random
Baseline

A Single
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Explanation: Numbers

Task: Unit conversion

Intervention location: Layer O at the
number tokens

Explanation: Verbs

Task: Verb tense

Intervention location: Layer O at the
verb tokens

Explanation: Locations

Task: Capital retrieval

Intervention location: Layer O at the
country tokens
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Explanation: Numbers (with years)
Task: Numerical comparison
Intervention location: Layer 11-21 at
the second year tokens

Explanation: Time expressions
Task: Verb tense

Intervention location: Layer 35-45 at
the last token

|
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| o
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0051 A method
i —&— random
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Explanation: Locations

Task: Capital retrieval

Intervention location: Layer 30-40 at
the last token

—l
Neurons

Huang et al. Rigorously Assessing Natural Language Explanations of Neurons. 2023.



Ensembling




Remember: Making Classifiers Better

- Better features, representations (HW?2)

- Better output representations

e discrete, continuous, ordinal, structured
» Train lots of classifiers and combine them
* ensemble methods, bagging

» Train later classifiers to fix up earlier ones

* boosting, stacking



Linear interpolation

* Jake a weighted average of the M model probabilities
P(y] ‘ X7y17°'°7yj—1> —

M
> Puly; | X,y1,....y;—0)P(m | X,y1, .. y5-1)
m=1 (
Probabllity according
to model m

. often set to a constant, independent
of context



Log-linear interpolation

 Weighted combination of log probabillities, normalize
P(y] | vala'”?yj—l) —

M
softmax (Z )\m(X, Y1, ... ,y]—l)lOng<y] | X7 Yi, . .- 7yjl))
m=1

-/ N
Normalize Log probability
of model m

. often set to a constant



Linear or log-linear?

» Think of it in logic!

» Linear: “Logical OR”

* the interpolated model likes any choice that a model gives a high probability
 use models with models that capture different traits

* necessary when any model can assign zero probability

» Log Linear: “Logical AND”

* Interpolated model only likes choices where all models agree

* use when you want to restrict possible answers



Problem with ensembling: Efficiency

» Simple ensembling is expensive: it requires running two or more models in
parallel

» Is there any way we can more easily combine together two models?



Parameter averaging (e.g., Utans 1996)

- Parameter averaging is a cheap way to get some good effects of
ensembling

- Basically, average the parameters of multiple models

 Checkpoint averaging: write out models several times near the end of
training, and take the average of parameters (e.g., averaged perceptron)

* Fine-tuned model merging: fine tune in several different ways, then
average



Examines two strategies:

* Uniform averaging

 Greedy averaging (add one,

and keep if it improves)

Demonstrates that averaging
Is correlated with ensembling

Avg. accuracy on 5 distribution shifts

o1
(@)
1

Model Soups (Wortsman et al. 2022)

‘00,

@ 0!“”

¢

"
.Q\ 0.0‘ “ ¢
é

® x

¢

¢ ¢
¢’ Y Greedy Soup

¢ ¢ @ Uniform Soup

® Initialization

N :‘/arious

75 76 rr

78

79 80 81

ImageNet Accuracy (top-1, %)

7% 76 77

ImageNet Accura

78

79 80 8l

cy of two model soup

yperparameters



Quantify changes

Task Vectors

vectors” (llharco et al. 2022)

o I

a) Task vectors b) Forgetting via negation | ¢) Learning via addition
O T Tnew — TA T TB
-~ Hft
Thew — —T

01)1’(&
Example: making a
T = O — me language 111.0(.lc.l produce
less toxic content

Example: building a
multi-task model

=S resolves conflicts through max and sig

from a base models through “task

d) Task analogies

Thew = TC + (TB — TA)
B

TA

O

Example: improving
domain generalization

N (Yadav et al. 2023)

. p t Aligned Values
- Faramevor =P : Model 1 : Model 3 p \
= :Influential values ., : Model2 =3 :Merged Model —
-------- > : Redundant values o T »|(3) Disjoint Merge
Task Vectors 7 Trimmed Task Vectors 7 gy Ty l
f N 4 N .
. 4 B
\ 4
. )
(1) Trim
Sign Vector 7,
[ h

- - o _J
3! (2) Elect Sign Merged Task
Vector 7,
\ J




Ensemble distillation (e.g., Kim et al. 2016)

* Problem: parameter averaging only works for models within the same run
» Knowledge distillation trains a model to copy the ensemble

o Specifically, it tries to match the distribution over predicted words
 Why? We want the model to make the same mistakes as an ensemble

« Shown to increase accuracy notably



Sparsely Gated Mixture of Experts

Select a subset of FFNs to actually execute

) /MoE layer N
G(x),| |G(X)n1
EEEEEEEEEEEEEE
g /

g(x) = softmax(keep_top_k( feating (), k))

Vi if v; is in the top k elements of v.

—00 otherwise.

keep_top k(v, k); = {
Shazeer et al. 2017



Thank you!

* Presentations Tuesday and Friday next week

8 minutes + 1 for questions

* You won’t have time to say everything, so focus on material that is
interesting and questions that you'd like help resolving.

» Assignment 5 due December 8

 Final reports due December 11 (rubric posted today or tomorrow)



