Evaluating Agents
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Slide credits: Shuyan Zhou, Li Fei-Fei, Jia Deng, Larry Zitnick, Tatsunori Hashimoto, others



| Announcements

e HW2 due today

o You have a few more late days to complete

e Projects
o Due Friday
o If you don’t have an assigned group on Canvas to submit, let us know
o All info now in the Canvas Assignment
o In-class activity Thursday to help you double-check before you submit




| Any Questions




I We have a VLM Agent
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http://www.youtube.com/watch?v=e6xUKhhG9cs

I We have a VLM Agent

Input:
text/images Output: text
(usually)
~
state reward How good is it?
- Is it better than other Al on
St = Agents?
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COMS 6998 Datasets in
Machine Learning

Kenneth Marino

My first special topics class




| Datasets/Evaluations often overlooked

* Datasets are often overshadowed by models and B _ g
methods ' hE T
® Often the most influential driver of progress in Machine Mimn 7 §

Learning, Computer Vision and NLP.

* Overview the important topics in datasets
* Dataset analysis
* Collection
* Evaluation
* Dataset bias
* Ethics

® Cover the most influential datasets




I What does an evaluation do?

e Let's us compare different models
e Measure/drive progress in a field
e Understand behaviors/limitations




I Good case study: ImageNet




IM5WGE

Where have we been? Where are we going?

Li Fei-Fei & Jia Deng

)
% Sta.nfqrd ") Google Cloud Platform UNIVERSITY OF MICHIGAN
University

https://image-net.org/static_files/files/imagenet_ilsvrc2017_v1.0.pdf



While Others Targeted Detail...

‘ LabelMe " Lotus Hill

Per-Object Regions and Labels Hand-Traced Parse Trees
Russell et al, 2005 Yao et al, 2007




...They Targeted Scale

SUN, 131K

[Xiao et al. ‘10]

LabelMe, 37K

[Russell et al. "07] I M .R G E N ET | 5M

PASCAL VOC, 30K [Deng et al. '09]

[Everingham et al. ’06-"12]

Caltech1o1, 9K

[Fei-Fei, Fergus, Perona, ‘03]




: An Emphasis on Community
and Achievement

IMGE

Large Scale Visual Recognition
Challenge (ILSVRC 2010-2017)




I ImageNet Evaluation

a ) [Output class}

Classifier —» “Car’

- /

Metric: Accuracy
Does predicted class match

ground truth label?




Participation and Performance
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Participation and Performance

0.28 0.66
J—

0.23

2010 2011 2012 2013 2014 2015 2016

Number of Classification Average Precision

Entries Errors (top-5) For Obiect Detection



ImageNet becomes a
benchmark

Outcomes

Breakthroughs in
object recognition

Machine learning
advances and changes
dramatically



I What if measure of success less clear?




I What if measure of success less clear?

Describe everything that is in this image



| Case Study: Image Captioning
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Common Objects in Context

160,000 images
5 captions per image

A man checking out a parked black scooter.

A person standing near a small motorcycle on a city street.

A man in a white shirt is looking at a three wheeled motorcycle.
A man looks down at two low riding motor bikes.

A guy staring at a weird looking bike.

Slide credit: Larry Zitnick



I Evaluation:
Content overlap metrics

Ref: They walked to the grocery store .

N

Gen: The woman went to the hardware store .

* Compute a score that indicates the lexical similarity between generated and
text

* Fast and efficient and widely used
e N-gram overlap metrics (e.g., BLEU, ROUGE, METEOR, CIDEr, etc.)




I Timeline

August,

120,000 images x 5 captions per image =
600,000 captions




| The Great Freak Out

Auqgust,
20? October

. o

| can’t believe it
works!!!

It works!!! \

This is
awesomel!!l




| The Reckoning

August, 2014 October April, 2015
® @ @
CIDEr-D I Meteor ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4

MSRE! 0.912 0.247 0.519 0.695 0.526 0.391 0.291

Berkeley LRCN' 0.869 0.242 0.517 0.702 0.528 0.384 0.277
» Human®! 0.854 0.252 0.484 0.663 0.469 0.321 0.217

Google!? 0.834 0.236 0.498 0.673 0.493 0.362 0.272

m-RNN (Baidu/ UCLA)®)  0.819 0.229 0.504 0.685 0.512 0.376 0.279

MLBL!H! 0.74 0.219 0.499 0.666 0.498 0.362 0.26

NeuralTalk'®! 0.674 0.21 0.475 0.65 0.464 0.321 0.224

Tsinghua Bigeye!”! 0.673 0.207 0.49 0.671 0.494 0.35 0.241




| The Enlightening

August, 2014  October April June, 2015
® @ ® @

How do humans rate the captions?




| Evaluation

Automatic Metric

Hiuman ludsement
D



| Evaluation

Automatic Metric

Hiuman ludsement
D



| Evaluation

Automatic Metric

Hiuman ludsement
D



| Goodhart’s Law

GOODHART'S LD\

WHEN A MEASURE BECOMES N TRARGET,
T CENSES To BE A GOOD MEASURE.

|F YOUu NUMBER OF WEGHT OF
MEASVURE NALS MBDE- NBILS MADE
PEOPLE ON..

THEN YOU (0005 OF AFEW GiANT,

MIGAT GET TINY N&iILSE HEBNY NALS




| Goodhart’s Law

DOGBERT'S TECH SUPPORT

e < —

MY AVERAGE
CALL TIME 1S5

HEY, IT
WORK ...

SHUT UP
AND
REBOOT.

SHUT UP
AND HANG
uP.

www.dilbert.com scoltadame@aol.com

8_5'-1 59 % 1999 United Fuature Syndicate, Inc.




I What does an evaluation do?

e Let's us compare different models
e Measure/drive progress in a field
e Understand behaviors/limitations




I What we want in an agent evaluation

It accurately tracks what humans care about

Measures broad abilities of agent models capabilities
Automatic - Can be done without additional human effort
Reproducible - Consistently produces same outcome
Ranks models - better models do better than worse ones




I What we want in an agent evaluation

It accurately tracks what humans care about
Measures broad abilities of agent models capabilities

Automatic - Can be done without add*
Reproducible - Consistently produce
Ranks models - better models do be

(ol ol

is kind of
Impossible

Doing all of these |

\V FJ




| Option 1

e It accurately tracks what humans care about
e Measures broad abilities of agent models capabilities

w e Canbed ot o T e
= el —C stent I
e Ranks models - better models do better than worse ones
O I
Just get humans
to evaluate it

\ )




Clever ways of getting humans to eval

Agent Arena

Welcome to the LLM Agent Arena. Here, you can pit two agents against each other based on a goal you provide. You can also head to your profile to save prompts for agents
and visit the Prompt Hub to see prompts used by other users along with their ratings. Ensure your API keys are configured in your profile for optimal performance.

Summarize for me a fascinating article @ Upload

Search Example Stock Example Financial Data Example Research Example Automation Example -

Agent 1 Agent 2

Share Result



I Option 2 - Proxy/Automatic

e |t accurately tracks what humans care about

M rond-abilitiea et o ik

e Automatic - Can be done without additional human effort
e Reproducible - Consistently produces same outcome
e Ranks models - better models do better than worse ones

4 » O
Extremely task specific

May only be doable in some envs
Very difficult to get right

\
D




I Atari: Use the final reward . )
Does atari score capture

everything we care about?

/
Input:
text/images Output: text
(usually)

reward

action
A



http://www.youtube.com/watch?v=e6xUKhhG9cs

I Option 3 - LLM/Agent as judge

e |t accurately tracks what humans care about

e Measures broad abilities of agent models capabilities

e Automatic - Can be done without additional human effort
E eible—Consistent I

e Ranks models - better models do better than worse ones




= R
I I M a s J u d e Question: If the FED buys bonds in the secondary market
(A) the money supply will increase. (B) the money supply will decrease. (C) the money supply will not be
affected. (D) the discount rate would be affected. Output the answer only.

. . Assistant A: Assistant B:
See StUdent presentatlon thIS Week The Federal Reserve buys (A) the money supply will increase.
bonds in the secondary

market to increase the

money supply.

Follow-up Question: How does it affect my daily life? Give 3 examples.

Assistant A: Assistant B:

The Federal Reserve buys When the Federal Reserve buys bonds in the secondary market, it can have
bonds in the secondary several effects on the economy that can impact your daily life. Here are
market to increase the three examples:

money supply. This

affects your daily life 1. Interest rates: The Federal Reserve's actions in the bond market can
by: influence interest rates, which in turn can affect the cost of borrowing
1. Increasing the money money. For example, if the Federal Reserve buys bonds and drives up demand
supply. for them, interest rates on things like mortgages, car loans, and credit
2. Increasing the money cards may go up, making it more expensive to borrow money.

supply and lowering the 2. Inflation: When the money supply increases, it can lead to inflation,
discount rate. which is the general rise in prices of goods and services. This can impact
3. Increasing the money your daily life by making it more expensive to buy things like groceries,
supply and lowering the gas, and other necessities.

discount rate and 3. Employment: The Federal Reserve's actions in the bond market can also
increasing the money have an impact on employment. For example, if the Federal Reserve's
supply. actions lead to economic growth and increased demand for goods and

services, it can create more job opportunities and boost employment.
GPT-4 Judgment:

Assistant A provided an incorrect response to the user's question about how the Federal Reserve
buying bonds in the secondary market affects daily life. The answer given is repetitive and lacks
clear examples of how the action impacts daily life.

On the other hand, Assistant B provided a relevant and accurate response to the user's question about
the Federal Reserve buying bonds. The answer includes three clear examples of how the action impacts
daily life, such as interest rates, inflation, and employment.

Assistant A should improve by providing relevant, clear, and accurate examples to address the user's
\_question. Assistant B's response is more helpful, relevant, and detailed. )




I Extension: Agent as Judge

Realistic Long-Horizon Tasks

(O

Z
My budget is $200-$600 and I need a bed frame, a
desk, a chair, a floor lamp, and a two-door

wardrobe from IKEA. Make sure all the furniture

in the shopping list is white.

& Time-Varying
& Multi-Source

Agent-as-a-Judge Evaluation

Diverse Domains
Lifestyle & Leisure (26%) gcience

Citation-Backed Answers

N
Agentic Search

Below is a selection of five IKEA furniture
items that together come to about $334:

- Bed Frame: white, Twin-$99.00 [1]

- Desk: black, 28%x19%"-$59.99 [2]

=] &

& Research (18%)
Career & Education (8%)

UL CEENE

Travel & Transport (7%)

Misc. (19%) # Answer Correctness

& Source Attribution

Y —
Task
p

Answer
Webpages
n m B Judge Agent
H ]
a :

L -~ ) \

0 Total price within range?

Partial Completion: 0.4

Task completed correctly? p 5
e : 3 Evaluation Result: Failure

° Desk check pass?

Q From IKEA? °White?

Q Price information correct?

Mind2Web 2: Evaluating Agentic Search with Agent-as-a-Judge




I Other evaluation problems

Data leakage - are your tasks already in the training set?
Agent tasks are complicated difficult

Agent tasks are often ambiguous

Agents can often find “shortcuts” in evaluations

|s accuracy the right measure (cost? partial completion?)




I As you think about your projects

Need to think about evaluation

What is important to measure for your system?
What evaluation can you do in a short time
You probably have to compromise somewhere




I Any Questions

v
———
-

®

—

Questions




I Now for the presentations!




