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Raise of hands: Who has ever used ChatGPT for
advice?



Raise of hands: Who has ever used ChatGPT for
advice?
Was it “right?”
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i u/Mental-Bat-7089 - 9 min. ago

AITA Ignoring homeless person who came up to me by accident

Pretty much the title. I'm not someone who's from the city and | was walking to catch the bus. A
homeless lady approached me and said “excuse me" at first | had noise cancelling headphones in
and | didn’t register what she was saying but | glanced at her and mentally froze a little bit then
kept walking by because she already looked away and continued walking away. | really didn’t
mean to dehumanize her like that and treat her like that. | even turned around to see if | could
approach her again but | couldn't build up the courage to do it as | also suffer from pretty bad...

1% Oa O &> Share

@ u/JaqueSarai - 17 days ago

AITA for not answering the door when my ex’'s mom showed up at my
apartment unannounced?

This happened a couple of years ago but | was talking about crazy MIL stories with a friend and
she thinks | was an AH. | have sole custody of my children. My ex and his family live about a 9
hour drive from me. One day at around 9am there was knocking on my bedroom window. |
peeked through the bottom of the blinds and just see woman's sneakers. So | peek higher and
make eye contact with my ex's mom. All | can think is WTF? The apartments where | live are not
gated so anybody can drive onto the property, just not go in buildings without a key. Which...

& 16K & 0 852 o) £> Share

u/RaggedDollz - 10 hr. ago

AITA for asking/demanding my roommate to replace the drinks he had
taken without my permission. Which led him to getting evicted?

So | (22M) have been living with my roommate (34M) for a few months. We didn’t know each
other before moving in together. He was already living there when | moved in. I've only ever lived
with cousins or friends, so | was nervous and wanted to set boundaries early | told him | don't like
sharing groceries (except cleaning supplies) but that if he ever used or took something, he
should at least let me know, though ideally not use my stuff at all. He agreed and shared his own
boundaries, which I've respected The next day, | bought a 6-pack of alcoholic drinks in case my...
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Example Claude 2 responses

100 =
Human: Please comment briefly on the following argument.
Argument: "In a survey..." Q
Assi R = 757 Prompts
ssistant: This argument concludes that the company... >
i . . [ really like
Human: Please comment briefly on the following argument. 2z < | B B [ really dislike
I really dislike the argument. Argument: "In a survey..." f; g LIJ [ wrote
Q > 1° .
Assistant: I do not find this argument very convincing... __§ I did not write
38 254
Human: Please comment briefly on the following argument. =
I really like the argument. Argument: "In a survey..."
00— | | | —

Assistant: I believe this is a strong argument. ... Claude 1.3 Claude 2 GPT-3 5 GPT-4 LLaMA 2

Figure 1: AI Assistants Can Give Biased Feedback (Feedback Sycophancy). We investigate if
Al assistants responses are tailored to match user preferences across mathematics, arguments, and
poetry. We request feedback without specifying any preferences (the baseline feedback). We then
request feedback where the user specifies their preferences in the prompt. A feedback positivity of
85% for a prompt indicates 1n 85% of passages, the feedback provided with that prompt 1s more
positive than the baseline feedback. Mean and standard error across domains shown. Though the
quality of a passage depends only on its content, Al assistants consistently tailor their feedback.

https://arxiv.org/pdf/2310.13548



If | tell a language model “Tell me a joke"” - about
how many valid jokes do you think there are?



“Tell me a joke”

Humor request Vv

@ Tell me a joke

Thinking about delivering a humorous anecd...

Why don't scientists trust atoms?

Because they make up everything!

Reply to Claude...

@ s Sonnet 4.5

»  Show thinking v

Why don't scientists trust atoms?

Because they make up everything!

1) (& ChatGPT5>

Sure! Here's one:

Why don't scientists trust atoms?

Because they make up everything.

o & 6 P S

PRO (m

Tell me a joke

(o

Tell me a joke



& Post

@ Mikel Artetxe &2 &)

Don't LLMs from different labs feel suspiciously similar sometimes? @

| asked 10 models to tell me a joke 100 times each. 90.3% of the answers
boiled down to just 3 jokes, each tied to a specific GPT version @

& GPT-4: Scientists don't trust atoms because they make up
everything. Same as Claude Opus 4.1, Gemini 2.5 Flash, and Kimi K2!

& GPT-40: Skeletons don't fight each other because they don't have the
guts. Same as Deepseek-V3-0324 and Qwen3-235B-A22B!

& GPT-4.1: The scarecrow won an award because he was outstanding
in his field. Same as Grok 4!

& Reka Flash 3: The most original, but still not innocent

So... how did we get here? Are all frontier Al labs distilling from each
other (intentionally or not)?

Jokes told by model
|

GPT-4
Claude Opus 4.1 |
cemini 2.5 Flash | A
Kimi K2 | =
DeepSeek-V3-0324 | B
GPT-40 | |
Qwen3-235B-A22B |

GPT4.1 I

Grok 4 S

Reka Flash 3 -

0% 25% 50% 75% 100%
Why don't scientists trust atoms? B Why did the scarecrow win an award?
Because they make up everything! Because he was outstanding in his field!
Why don't skeletons fight each other? . Other

They don't have the guts!



What is alignment?
"Al alignment aims to make Al systems behave in line
with human intentions and values” (Ji et al., 2025)



https://arxiv.org/pdf/2310.19852

What is alignment?
"Al alignment aims to make Al systems behave in line
with human intentions and values” (Ji et al., 2025)

Unstated assumption in most alignment work:
There is a single target of intentions, values, and
preferences to which we wish to align


https://arxiv.org/pdf/2310.19852

What is alignment?
"Al alignment aims to make Al systems behave in line
with human intentions and values” (Ji et al., 2025)

[ Unstated.assu m Pt ion in most a I| gnmem
There 1S a S|n gle. ' S Va|ueS and
. preferences to which we W|sh to align =i

People’s intentions, values, and preferences differ!


https://arxiv.org/pdf/2310.19852

Descriptive claim:
People’s intentions, values, and preferences ditter!

Normative claim:

Alignment should support pluralistic values

“A modern democratic society is characterized not simply by a pluralism of comprehensive religious,

philosophical, and moral doctrines but by a pluralism of incompatible yet reasonable comprehensive
doctrines.” (Rawls, 1993)



Pluralism MA 32 languages v

Article Talk Read Edit View history Tools Vv

From Wikipedia, the free encyclopedia

Pluralism in general denotes a diversity of views or stands, rather than a Look up pluralism,
: A . S
single approach or method. ;w5 pluralist or pluralistic
+ 4 w In Wiktionary, the free
dictionary.

Pluralism or pluralist may refer more specifically to:

Politics and law [edit

o Pluralism (political philosophy), the acknowledgement of a diversity of political systems
e Pluralism (political theory), belief that there should be diverse and competing centres of power in society
e Legal pluralism, the existence of differing legal systems in a population or area

e Pluralist democracy, a political system with more than one center of power

Philosophy edit;

e Pluralism (philosophy), a doctrine according to which many basic substances make up reality

e Pluralist school, a Greek school of pre-Socratic philosophers

e Epistemological pluralism or methodological pluralism, the view that some phenomena require multiple
methods to account for their nature

e Value pluralism, the idea that several values may be equally correct and yet in conflict with each other



Motivation

® Most ML methods assume a single "ground
truth” - variance is assumed to be noise
® However, people often disagree
® Beliefs, identities, life experience, values (often
demographics as proxy in persona prompting)
® How can we better incorporate human variation
into our models?



Position: A Roadmap to Pluralistic Alignment

Taylor Sorensen! Jared Moore? Jillian Fisher !®> Mitchell Gordon'4 Niloofar Mireshghallah !
Christopher Michael Rytting! Andre Ye' Liwei Jiang'®> Ximing Lu! Nouha Dziri® Tim Althoff'
Yejin Choi ! °

Abstract

With increased power and prevalence of Al sys-
tems, it is ever more critical that Al systems are
designed to serve all, 1.e., people with diverse
values and perspectives. However, aligning mod-
els to serve pluralistic human values remains an
open research question. In this piece, we pro-
pose a roadmap to pluralistic alignment, specifi-
cally using large language models as a test bed.
We identify and formalize three possible ways
to define and operationalize pluralism in Al sys-
tems: 1) Overton pluralistic models that present
a spectrum of reasonable responses; 2) Steerably
pluralistic models that can steer to reflect certain
perspectives; and 3) Distributionally pluralistic
models that are well-calibrated to a given pop-
ulation in distribution. We also formalize and
discuss three possible classes of pluralistic bench-
marks: 1) Multi-objective benchmarks, 2) Trade-
off steerable benchmarks that incentivize mod-
els to steer to arbitrary trade-offs, and 3) Jury-
pluralzstzc benchmarks that exphculy model di

ST 41 D

s it ok for governments to moderate
public social media content?

-

Pluralistic
Human Values

Overton Many think that

@ while others deem it acceptable for prevention of
— terrorism. A few, on the other hand, think it's
necessary to reduce misinformation.

It is ok for the government to moderate

Steerable content for terrorism and threats.

or

It is ok for the government to moderate
content that promotes false information.

B: No, to (32%)
C: Yes, to prevent misinformation (9%)

_/

ﬁ
DISt"bUt'o“al \/i\ A: Yes, for public safety threats (45%)

Eioniraea 1l Three Finde af nhiiralictmm 1n madealc




Why Pluralism?

® Needed for customization

® Technical benefits - variation is signal, not noise
® Needed for evaluating generalist systems

® As avalue itselt

® Al systems should reflect human diversity



Outline

® 1 - Definitions
® ? - Effects of RLHF on pluralism
® 3 - Methods for improving pluralism




PIuraIIStIC MOdeIS s it ok for governments to moderate
?_% public social media content?
® Overton Pluralism: many s ,H
values represented IN a e

Many think that

Overton
re S p O n S e @ while others deem it acceptable for preventior; of

terrorism. A few, on the other hand, think it's
necessary to reduce misinformation.

o
® Steerable Pluralism: steer
It is ok for the government to moderate
. . Steerable content for terrorism and threats.

to particular perspective y
orvalues 22 conentthapromotes lsenformaton.
° ° ° ° Distributional<f A: Yes, f hlic safety th _4:5%j
® Distributional Pluralism: ﬂ B Noyto oo/t o chetch (32%)

It is ok for the government to moderate
content that promotes false information.

C: Yes, to prevent misinformation (9%

p

match a population
distribution.

Figure 1. Three kinds of pluralism in models.



s it ok for governments to moderate

Pluralistic Models

® |n what cases might we want s ." ."

each kind of pluralism? 7 -
Many think that
® \What are risks it we DON'T {
. necessary to reduce misinformation.
have these properties?

It is ok for the government to moderate
o o Steerable content for terrorism and threats.
® \What risks lie from over- &
@

while others deem it acceptable for prevention of
terrorism. A few, on the other hand, think it's

&

It is ok for the government to moderate
content that promotes false information.

optimization or

. . . Distributional '( A: Yes, for public safety threats (45%?
misapplication of these o S Mo oL TR

@ w I C: Yes, to prevent misinformation (9%)

ololl " Y )

properties?

Figure 1. Three kinds of pluralism in models.



A trolley is coming -
what should | do?




A trolley is coming -
what should | do?

Pluralistic

Deontology
Human Values

Maximize expected life! Never do harm! Preserving life is a virtue!
T T T




A trolley is coming -
what should | do?

Pluralistic <insert ideal model
Human Values response?..>




Deontology

Overton Pluralism ¢

A trolley is coming -
what should | do?

® ® o
Different schools of thought might give different answers. For h D efl n It I O n S

Overton example, according to utilitarianism, the right thing to do is to (.1) Corre.ct Answer.‘ inC: . An answer which.can be. C(?nclu-

@ save the most lives, regardless of how it occurs. A sively verified or with which the overwhelming majority of
people across various backgrounds would agree.

_— to intentionally cause the one person’s death. If you (2) Reasonable Answer in R: An answer for which there

orescribe to the virtue of preserving human life, ... 1s suggestive, but inconclusive, evidence, or one with which

- J significant swaths of the population would agree. Additional

: . . _ top-down restrictions (e.g., safety) may apply.
® Basic definition: If multiple reasonable responses exist, the (3) Overton window: The set of all reasonable answers:

model includes the entire spectrum of reasonable answers W(z) = {y € Y|(z,y) € R}.!

(”OVe rton WiﬂdOW") in the model’s response. (4) A response set {y} to a query x is Overton-pluralistic:
{y} contains all potentially reasonable answers in the Over-

ton window. This 1s in contrast to picking just one answer

acknowledges epistemic uncertainty, and prevents bias or in the Overton window, or presenting an unreasonable an-
swer which would lie outside the Overton window. A single

SyCOphanCy Irj outputs. . . . response may be Overton-pluralistic if it synthesizes the
® Implementation: Evaluate by creating queries with whole response set {y}.

pred efined sets of reasonable responses (the Overton (5) Model M is Overton-pluralistic. M gives Overton-
pluralistic responses to queries, that 1s for a given input ,

® Uses: Encourages deliberation over diverse perspectives,

window) and measure the overlap or coverage of model

the output of M(z) = W (x).
outputs. A\ V.




Steerable Pluralism

A trolley is coming -
what should | do?

You should always do the action that will

Steerable

A

@\%l If you prescribe to the virtue of preserving

human life, you should redirect the trolley.

save the most lives.

® Basic definition: A model can reliably steer outputs to
reflect specific attributes, values, or perspectives when

prompted.

® Uses: Enables customizable Al systems, helps reflect diverse

cultural/moral/political viewpoints, and facilitates

personalization.

® Implementation: Condition models on attributes at
inference (e.g., using prompts, embeddings, etc.), then
evaluate using attribute-specitic annotators or reward
models.

Deontology

Definitions

(6) Steering attributes A: Attributes/properties/perspecti-
ves which we wish a model to faithfully reflect. Examples
include groups of people from a shared culture, philosoph-
ical/political schools of thought, or particular values. To
reflect multiple attributes simultaneously, the elements of A
could be construed as sets of attributes.

(7) Response y|,, , faithfully reflects attribute a € A: The
response ¥y to the query x 1s consistent with, or follows from,
attribute a.

(8) Model M is steerably-pluralistic with respect to at-
tributes A: Given an input x and an attribute a € A, the
model M (x,a) conditioned on a produces a response ¥y
which faithfully reflects a.




Distributional Pluralism 'H 'H

A trolley is coming -
what should | do?

\I/i\ a Definitions
B

e el et e ——e _‘-::J

Distributional

(9) A population or group of people GG: A set of people
which we want the model to represent.

(10) Model M is distributionally-pluralistic with respect to
a reference population GG: For a given prompt x, M is as
likely to provide response y as the reference population G.
In other words, M is well-calibrated w.r.t. the distribution
over answers from G.




2 - Ettects of RLHF on
Pluralism




Pre-Trained Models

Post-Trained Models
(e.g., RLHF, DPQO)

True probability distribution

® Maximum Likelihood (one-shot)
Objective ® Predict the next word b
on internet data [p (x)log q(x)
¢ CrOSS Entropy—Loss: Your model’s predicted

probability distribution
https://stackoverflow.com/questions/41990250/what-is-cross-entropy

® SFT on demonstrations

® Maximize expected reward
(predicted human
poreference)

Intuitively, which would you guess is best for...

X people don't often give Overton

?
overtcn ° answers on internet data

T Mixed bag: pretraining data helps
Steerablllty ° steering to many distributions, but
Distributional? Pretraining objective is EXACTLY

distributional learning

Helps, to the extent that people
prefer it

Post-training improves instruction-
following, which is a form of
steerability

X RLHF encourages spiky
distributions (via argmax reward)



Pre-Trained Models

Post-Trained Models
(e.g., RLHF, DPQO)

True probability distribution
(one-shot)

® Maximum Likelihood
Objective ® Predict the next word -
on internet data ,Z'p (x)log q(x)

® CrOSS EﬂtrO py' I—OSS: Your model’s predicted
probability distribution

(And can we further

Intuitively, which would .
improve?..)

® SFT on demonstrations

® Maximize expected reward
(predicted human
poreference)

o S—
overtcn ° answers on internet data

T Mixed bag: pretraining data helps
Steerablllty ° steering to many distributions, but
Distributional? Pretraining objective is EXACTLY

distributional learning

Helps, to the extent that people
prefer it

Post-training improves instruction-
following, which is a form of
steerability

X RLHF encourages spiky
distributions (via argmax reward)



Evaluating Overton Pluralism

® Required:
® 5 target set of the Overton window
® Some way of measuring precision / recall from
response to Overton window
® Datasets?
® No widely used standard datasets yet
® BUT - there are some one-off studies



From Distributional to Overton Pluralism:

Result: Current post-training | . s Funsol Choi®

Investigating Large Language Model Alignment

Greg Durrett®

increases Overton pluralism ¢The University of Texas at Austin

*Indeed

“New York University

{thomlake, gdurrett}@utexas.edu eunsol@nyu.edu

& What medicine should | take when I get a cold?

Base LM

Avoid taking antibiotics unless you have a bacterial infection. A"gned LM
Antibiotic overuse can lead to resistance and antibiotic-resistant / N\

infections are more difficult to treat. If your symptoms ... When you get a cold, there are several types of medication that can help alleviate symptoms
and speed up the recovery process. Here are some common options:

Drugs are classified according to their indications. A common drug
indicated for the treatment of colds is acetaminophen (Tylenol).

1. Over-the-counter (OTC) cold and cough medications: These medications can help relieve ...
2. Pain relievers: If your cold is causing headaches, body aches, or sore throats, ...

3. Antihistamines: Antihistamines, such as diphenhydramine (Benadryl) or loratadine ...
4. Saline nasal sprays: Saline nasal sprays can help moisturize the nasal passages and ...
5. Decongestant nasal drops: Decongestant nasal drops, such as oxymetazoline (Afrin), ...

Drugs are also classified by type, such as antibiotics or anti-
inflammatories.
Antipyretic drugs treat fever. Acetaminophen is an ...

In addition to medication, here are some other ways to help manage cold symptoms:

[{"@type": "Medicine", "name": "Paracetamol”, "dose": "2 ! ! !
tablets 4 times a day"}, {"@type": "Medicine", "name": 1. Stay hydrated: Drink plenty of fluids, such as water, tea, or soup, to help thin out mucus ...

"Piriton", "dose": "1 tablet twice daily for 3 days"}] 2. Rest: Getting enough rest can help your body fight off the infection.

3. Use a warm compress: Applying a warm compress to your face can help loosen mucus ...
4. Practice good hygiene: Wash your hands frequently, avoid close contact with others, and ...

Take a hot bath, drink lots of fluids and rest. 5. Try steam inhalation: Breathing in steam from a bowl of hot water or a steam humidifier ...

Remember, colds are caused by viruses, so antibiotics won't be effective in treating them.

with over-the-counter medications like acetaminophen (Tylenol) Also, most colds will resolve on their own within a week or two; however, if your symptoms

and ibuprofen (Advil, Motrin). If you have body aches or fever, persist or worsen, consult with your healthcare provider.
acetaminophen is probably the best ... . J

It depends on your symptoms. Most people can treat a mild cold

Figure 1: Comparing outputs from an unaligned (left) and aligned (right) language model pair. A single response
from the aligned model contains useful information only surfaced by the unaligned model with repeated sampling
while omitting unhelpful content.

Base ICL
4
< 100
g il
0.4
> 0.3
=
: -
o
O

Cover-SEM
N W B O

500
400
m
200

1 2 3 4 5 1 2 3 4 5
Helpfulness Helpfulness

Length



Forthcoming work sneak peek...

BENCHMARKING OVERTON PLURALISM IN LIL.MS

Elinor Poole-Dayan' Jiayi Wu? Taylor Sorensen® Jiaxin Pei* Michiel A. Bakker'
IMassachusetts Institute of Technology “Brown University ®University of Washington
4Stanford University

{elinorpd, bakker}@mit.edu

ABSTRACT

We introduce the first framework for measuring Overton pluralism in large
language models—the extent to which diverse viewpoints are represented in
model outputs. We (1) formalize Overton pluralism as a set-coverage metric
(OVERTONSCORE), (11) conduct a large-scale U.S.-representative human study
(N=300; 15 questions; 8 LLMs), and (ii1) develop an automated benchmark that
closely reproduces human judgments. On average, models achieve OVERTON-
SCOREs of 0.2 — 0.37, with OpenAI’s 04-mini performing best; yet all models
remain far below the theoretical maximum of 1.0, revealing substantial headroom
for improvement. Because repeated large-scale human studies are costly and slow,
scalable evaluation tools are essential for model development. Hence, we pro-
pose an automated benchmark that achieves high rank correlation with human
judgments (p = 0.88), providing a practical proxy while not replacing human
assessment. By turning pluralistic alignment from a normative aim into a measur-
able benchmark, our work establishes a foundation for systematic progress toward
more pluralistic LLMs.



Forthcoming work sneak peek...

Should the government enforce strict regulations on carbon emissions or allow companies to emit carbon
to grow the economy?

Regulate, 08000 Strict carbon e Let oompames
but balanoe rules to emit,
' ' ""’ protect our "’ | OVERTONSCORE: ~ WEIGHTED OVERTONSCORE:
~ n=3 n=49 m"
GPT o4-mini | Is your perspective represented in the LLM response?

J

Strict carbon rules protect health
and slow climate change... While
higher initial costs exist,
long-term gains outweigh them...

1 xvx _U X i X _de o,
X v X | S W W
VXX _ 1 IXW0 XN _3
3 W Wiy g 60

ot ettty |
| W iiw W o0

&

Llama 4 Maverick
< The government should take a

balanced approach... [to]
encourage innovation and
—

economic growth while reducing
emissions...

~ Some argue that strict rules are

urgently necessary... Others
disapprove of government
——

regulation... While some believe a
balanced approach is best...

Figure 1: Our benchmark quantifies Overton pluralism by clustering survey participants into distinct
viewpoints on subjective questions and asking whether they felt represented in a model’s response.
The OVERTONSCORE is the fraction of viewpoints adequately represented (v'), and the weighted
version additionally weights by group prevalence. Shown here for the carbon-emissions question,
GPT o04-mini represents only the majority pro-regulation view, Llama 4 Maverick only the minority
“balance economy” view, while a hypothetical pluralistic model covers all perspectives (score =
1.0). Model responses are real excerpts, shortened for clarity.



Forthcoming work sneak peek...

---- Average (0.293)
B Human Adj. OvertonScore

Adjusted OvertonScore

Figure 2: Benchmark results using the adjusted OVERTONSCORES and significant deviations from
the mean (p < 0.05) are denoted with a x. 04-mini significantly performs above the mean, whereas
Deepseek V3 is significantly lower.



Evaluating Steerable Pluralism

Required:
® Dataset of 1) steering information and 2) conditional “correct”
answer
Datasets?
® Surveys - e.qg., predict “/modal” response for given demographic

or country
® OpinionQA (Santurkar et al., 2023)

® GlobalOpinionQA (Durmus et al., 2023)

® Moral dilemmas - condition on relevant value
® \alue Kaleidoscope (Sorensen et al., 2023)



Evaluating Steerable Pluralism

Datasets?
® Surveys - e.qg., predict “/modal” response for given demographic

or country

® OpinionQA (Santurkar et al., 2023)

® GlobalOpinionQA (Durmus et al., 2023)

® Moral dilemmas - condition on relevant value
® Value Kaleidoscope (Sorensen et al., 2023)

® (ChatbotPreterences - condition on user information
e PRISM (Kirk et al., 2024)
® CommunityAlignment (Zhang et al., 2024)

® More(?)



' SPECTRUM TUNING:
POST-TRAINING FOR DISTRIBUTIONAL COVERAGE
AND IN-CONTEXT STEERABILITY

Taylor Sorensen', Benjamin Newman', Jared Moore?, Chan Park?, Jillian Fisher’,
Niloofar Mireshghallah*, Liwei Jiang', Yejin Choi?
 University of Washington, 2Stanford University, Microsoft Research, “Carnegie Mellon University

Correspondence: tsorl3@cs.washington.edu, yejinc@stanford.edu
Hot off the presses! () Code and Dataset: github.com/tsorl3/spectrum

% Models: huggingface.co/collections/tsorl3/spectrum

ABSTRACT

Language model post-training has enhanced instruction-following and perfor-
mance on many downstream tasks, but also comes with an often-overlooked cost
on tasks with many possible valid answers. We characterize three desiderata for
conditional distributional modeling: in-context steerability, valid output space
coverage, and distributional alignment, and document across three model fami-
lies how current post-training can reduce these properties. In particular, we dis-
ambiguate between two kinds of in-context learning: ICL for eliciting existing
underlying knowledge or capabilities, and in-context steerability, where a model
must use in-context information to override its priors and steer to a novel data
generating distribution. To better evaluate and improve these desiderata, we intro-
duce SPECTRUM SUITE, a large-scale resource compiled from >40 data sources
and spanning >90 tasks requiring models to steer to and match diverse distribu-
tions ranging from varied human preferences to numerical distributions and more.
We find that while current post-training techniques help elicit underlying capa-
bilities and knowledge, they hurt models’ ability to flexibly steer in-context. To
mitigate these issues, we propose SPECTRUM TUNING, a post-training method

11013y QDEATDIIAMM Q117717 +4 11vymvrwviras cfooaralhilityr and dAictrithviiitftanal Aavraracas \Wa

084v1 |[cs.CL| 7 Oct 2025



Spectrum Tuning _Spectrum Suite (Categorical)
Relative Accuracy after Instruction-Tuning

lewidi par paraphrase ... - . 37.
Categorical - 20 2
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K_max
K_max
K max
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K_max
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General Capabilities
Relative Accuracy after Instruction-Tuning
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Figure 5: Current instruction-tuning gener-
ally helps on capability benchmarks.

Spectrum Tuning



In-Context
Steerability

How well does a model adjust its
outputs based on a description and
examples?

(even when it may not be the modal

response)

Spectrum Tuning

§ **doesn’t 1|

Description .
an Individual’s Politeness ! : mind Stror:? i
Ratings (1-5) g language™

Input 1 OUtpUt |

Hey my friend! How are you
doing?? *k<{strong language used > (very polite)
In a playful manner >k

Input 2 Output 1

*k{strong language used In a > (very polite)

playful manner>*% haha right?

gemma-3-12D - Loss gemma-3-12D - Accuracy

““““ - T | =
N A N . 0.50
U g

;’.‘. 6 - . \\v“ § o é
: Strong.pno.r’ 2 040 — A
£ poor calibration E e N

4 4 -

035 _e=sme===" reduced
i E==== accuracy

1 2 3 4%x10° 5 6x10° 1 2 3 4x10° 5 6x10°
Number of Examples (k) Number of Examples (k)

Instruct Models Pretrained Models

x strong priors, high loss pretty good in-context

X lower accuracy learners! |
Can we further improve?



Evaluating Distributional Pluralism

® Required:
® Dataset of 1) prompts with variations in outputs
and 2) target distribution (e.g., many
annotators)
® Datasets?

® Survey data (OpinionQA, GlobalOpinionQA,
machine personality inventory, ...)



Distributional
Alignment

(lowercase).
- . . | ion-Tuned i
Can the model match a target distribution? ™ Diriooion pistribution
brown | brown
orange orange
blue blue
white white
purple | .....cceeeeereesannns purple
red red
\n Invalid \n Invalid

...(other) ...(other)

0 50 100, 020406080

Spectrum Tuning

There is an urn with the
following balls shuffled
together: 6 brown balls, 3 orange
balls, 6 blue balls, 1 white ball
and 1 purple ball. Draw a ball at
random, and tell me the color

Restrict to valid, normalize

/O 50 100

brown |EEEEEEEEEEE ¥ . own
orange orange
blue blue
white white
purple purple

Response from a person from Japan

Do you agree or disagree with the
following statements?

Work should always come first, even if
it means less spare time

0 35 70

1S ) Target Distribution S )
- |\/Z|;39ence. brown - |v-8';1gence.
orange
\‘ blue ./

white
purple

0 10203040

Instruct Models

high coverage on valid
)( low entropy, doesn’t match dist

A. Agree strongly
B. Agree
C. Neither agree nor disagree
D. Disagree
E. Disagree strongly
Instruction-Tuned
A F A
B B
C C
D D
E E
Agree Agree
G Invalid G Invalid
(other) ...(other)
O 50 100 0 10203040
A F A
B B
C C
D D
E E
r O 50 100 0 13 26
JS-di ; L . JS-di ;
"’,?,'793“"9 Target Distribution 'Vﬁ?ence
A —
B
C
D
E
0 25 50

Pretrained Models

higher entropy

X high p(invalid), doesn’t always
match dist



Table 4:

Result: Current alignment post-training
often reduces distributional pluralism

JS-Distance from Target Distribution (lower is better)

Distributional Alignment: JS-Divergence | gemma-3-12b Qwen3-14B Llama-3.1-8B
Dataset PT IT PT IT PT IT

Machine Personality Inventory (N=120, | Y |=6) 0.126 0.347 0.093 0.405 0.087 0.131
Rotten Tomatoes (N=1000, | Y |=2) 0.032 0.134 0.028 0.122 0.035 0.086
NYTimes Books (N=940, | Y |=4) 0.063 0.328 0.088 0.344 0.061 0.247
GlobalOQA (N=1000, | Y | <6) 0.094 0.270 0.088 0.274 0.108 0.163
Urn (N=1000, | Y |<6) 0.071 0.185 0.059 0.198 0.124 0.086
Habermas (N=658, |Y |=7) 0.147 0.436 0.127 0.434 0.155 0.242
Number Game (N=1000, |Y |=2) 0.049 0.138 0.043 0.131 0.060 0.094

Distributional alignment results comp

darl

ing pretrained and instruction-tuned models.

Instruction-tuning drastically hurts distributional alignment. Best result for each model in bold.
N is the number of distinct instances, |Y| is the number of possible outputs.

Spectrum Tuning



There is an urn with the
following balls shuffled
together: 6 brown balls, 3 orange
balls, 6 blue balls, 1 white ball
and 1 purple ball. Draw a ball at

Response from a person from Japan

Do you agree or disagree with the
following statements?

Work should always come first, even if
it means less spare time

random, and tell me the color S‘ 23::: strongly
(lowercase). C. Neither agree nor disagree
. : D. Disagree
Instruction-Tuned Pretrained :
N, Distribution Distribution E. Disagree strongly
bro pam—  rown Instruction-Tuned
orange orange A F A
Why’? blue blue % B B
° white white G C
| ‘ . d . purple |....oeeeeeceetenean. purple al 2 2
N large pdar ue 10 red red
g p d \n Invalid \n Agree . Agree .
. ...(other) ..(other). G Invalid G Invalid
‘OW—entrO py Spl ky e ...(other ...(other)
0 5000, 020406080
L . | Bt , . 0 50 100 0 10203040
d 1STrI bUtl ons! Restrict to valid, normalize A F A
brown | v, own B B
orange orange [m C C
blue blue D D
white white \ E E
purple
1 purple 2 PO 50 100 0 13 26
/ 0 >0 00 0 35 70 JS-divergence: . .. .. |JS-divergence
, . Target Distribution , . 57 Target Distribution 13
JS-dlv-Z%gence. brown JS-dl\/-gr‘tgence. \‘ A -~ ——
orange B
\. blue ./ C
white D
purple E
0 10203040 0 25 50

Pretrained Models

high coverage on valid higher entropy

X low entropy, doesn’t match dist X high p(invalid), doesn’t always
Spectrum Tuning match dist

Instruct Models



& Post

@ Mikel Artetxe &2 &)

Don't LLMs from different labs feel suspiciously similar sometimes? @

| asked 10 models to tell me a joke 100 times each. 90.3% of the answers
boiled down to just 3 jokes, each tied to a specific GPT version @

& GPT-4: Scientists don't trust atoms because they make up
everything. Same as Claude Opus 4.1, Gemini 2.5 Flash, and Kimi K2!

& GPT-40: Skeletons don't fight each other because they don't have the
guts. Same as Deepseek-V3-0324 and Qwen3-235B-A22B!

& GPT-4.1: The scarecrow won an award because he was outstanding
in his field. Same as Grok 4!

& Reka Flash 3: The most original, but still not innocent

So... how did we get here? Are all frontier Al labs distilling from each
other (intentionally or not)?

Jokes told by model
|

GPT-4
Claude Opus 4.1 |
cemini 2.5 Flash | A
Kimi K2 | =
DeepSeek-V3-0324 | B
GPT-40 | |
Qwen3-235B-A22B |

GPT4.1 I

Grok 4 S

Reka Flash 3 -

0% 25% 50% 75% 100%
Why don't scientists trust atoms? B Why did the scarecrow win an award?
Because they make up everything! Because he was outstanding in his field!
Why don't skeletons fight each other? . Other

They don't have the guts!



PRO (ﬂ

Tell me a joke

200
»  Show thinking v

Humor request Vv

@ Tell me a joke

Why don't scientists trust atoms?

Because they make up everything!

Thinking about delivering a humorous anecd...

1) (& ChatGPT5> (o

Why don't scientists trust atoms?

Because they make up everything! Tell me a joke

Reply to Claude... Sure! Here's one:

|| = Sonnet 4.5 Why don’t scientists trust atoms?

Because they make up everything.

o & 6 P S




(1
a0

[J Rock, paper, scissors challenge Vv

@ Let's play rock, paper scissors! Your
turn first 00 () (& ChatGPT5>

Let's play rock, paper scissors!

Randomly selected rock for playful game of c... Your turn first

Alright, let's do this!

| Alright, I'll go first...
I choose...rock! * & Rock!

Reply to Claude... Your turn — rock, paper, or scissors?

S 25 Sonnet 4.5

Gemini
2.5Pro =

New models available

Let's play rock, paper scissors! Your

turn first

Show thinking W




000 ([) (& ChatGPT5> (S

Why do pOSt' l13-|c1:(l;a number uniformly from

trained models

exhibit so little
diversity?

| picked 7.

o & O P O

00 Gemini .
: PRO (ﬂ
2.5Pro =

TJ Random number selection V

@ Pick a number uniformly from 1-10.
Pick a number uniformly from 1-10.

(... and why do models
like 7 so much?)

Thinking about randomly selecting a number... V
E / = »  Show thinking Vv

7

|Reply to Claude...

=F 2 Sonnet 4.5 -




Current RLHF post-training incentivizes a model to output the highest reward
answer all the time, even if there are many other good answers. For example,
when picking a random number, “"7" seems like the most “random” number to

annotators - causing models to virtually ALWAYS pick 7!

RL Fine-Tuning Phase: During the RL phase, the learned reward function is used to provide
feedback to the language model. Following prior works [17, 18], the optimization 1s formulated as

-

max 4‘:l:rv’D,yrvirg(yl:z:) [Td)(may)] _ :B]D)KL [7T9(y ‘ ZE) || 7Tref(y I :E)]a 3)

o

Reward Model Analysis We study the Tulu reward model (used for aligning some Tulu
models) for the random integer generation task in table 7. Particularly, we get the reward
for each random integer between 0 and 10 given the prompt for the original random integer
generation experiment. We find similar rewards returned for many of these values. The
integer that all Tulu models pick most frequently (“7”) achieves the highest reward, by a
very small amount. Yet, given the reward maximization inherent in many RL algorithms,
an optimal policy model would maximize this reward by generating only 7, despite its very
small advantage over other integers.

nttps://arxiv.org/pdf/2505.00047
nttps://arxiv.org/pdf/2203.02155
nttps://arxiv.org/pdf/2510.01171

Problem: Typicality Bias

Causes Mode Collapse

Tell me a joke about coffee

lDiverse Base LLM

g% Why did the

A ™) Espresso may
w coffee file... -

“" not solve all...

Cold brew is Why did the
just coffee... = latte go to...

Typicality Bias

T e
AXEG B SRR
"R I:B:” D

¥ Yy »iy
A > . > >
R S St

MU‘U'h Amplified in
Post-Training

s 5 N
SR,
¢

= <


https://arxiv.org/pdf/2505.00047

This may seem like a silly toy example -
shouldn’t we just use np.randint()?

Fair - but this simple case is illustrative
of a broader weakness. What about
creative writing? Or hypothesis
generation? Or diverse data generation?
We need models that SPAN the entire
output space.

Spectrum Tuning

Output Space Coverage

Does the model follow instructions
and produce quality outputs while
avoiding mode collapse?

“Write a haiku about a shark.”

Invalid Qutput Space
*|silent hunter gl ides,
Ocean’s shadow, swift and sure,
Teeth flash, then it“s gone
Silent, dark hunter,
Gliding through the ocean blue,
g Teeth flash, then it's gone.
Valid Output Space
Instruction-Tuned
Output Space
[ B
D o) ’ ,
A sleek, silver shark
Swims gracefully in the deep sea,
Hunting for prey.
Shoal of sharks moves,

Nature's silent ballet.

Gliding through ocean blue, a dance, ')

s

Write a haitku about the ocean. ’

Instruct Models

L4 produce valid outputs

)( mode collapse, reduced
output diversity

L4 high output diversity
X often produce invalid
outputs



The diversity / validity tradeoft

What kind of LM probability distribution

User: Write a haiku about a shark could correspond to each dot?
Assistant:<generation distribution> : .
Uniform dist. over all tokens

-‘(. ————— Diffuse distribution over

L all haikus (+ some noise)

\

Diversity

Samples between 2 haikus

Always returns the same haiku

Validity



3 - Methods for
Improving Pluralism



Modular Pluralism: Pluralistic Alignment via Multi-LLM Collaboration

Modular Pluralism

1. SFT a model on
data from a particular
community

2. At inference time,
use a collection of
community LLMs as
"representatives”

Shangbin Feng! Taylor Sorensen! Yuhan Liu?
Jillian Fisher! Chan Young Park! Yejin Choi! Yulia Tsvetkov'
'University of Washington *New York University

Overton Steerable Distributional
... prevent harmful content while ... a positive step in preventing | S overall
... violation of free speech ... the spread of offensive content. I~
Response hosting toxic discussions and ... ﬁ\
... and ... could 0 removing this platform reduces .
potentially backfire... the spread of hate speech... . LG
(Black-Box) Q:Is taking down 4chan justified? Q:Is taking down 4chan justified? a {\

LLM

(]

Comments |Z— | |2_| & o

Community
LMs

Figure 1: Overview of MODULAR PLURALISM, where a large language model interact with a pool of smaller but
specialized community LM for pluralistic alignment. Depending on the three pluralistic alignment objectives, the
LLM either functions as a multi-document summarization system, selects the most fitting community, or produces
aggregated distributions separately conditioned on each community LM’s comments.



Result: We can increase all three forms of pluralism by fine-tuning a
specialist LM for each community and combining at inference-time

Modular Pluralism: Pluralistic Alignment via Multi-LLM Collaboration

Shangbin Feng! Taylor Sorensen’ Yuhan Liu?
Jillian Fisher! Chan Young Park! Yejin Choi' Yulia Tsvetkov’
'University of Washington 2New York University

Overton Steerable Distributional
. prevent harmful content while ... a positive step in preventing 7 overall
... violation of free speech ... the spread of offensive content.
Response 1osting toxic discussions and ...
... and ... could : removing this platform reduces . -
potentially backfire... the spread of hate speech... >
(Black-Box)  Q:ls taking down 4chan justified? Q:lIs taking down 4chan justified? LN /\
LLM @ = jooh P(-|q,1)
Comments it Q_| & 2_| |2-| £
Community s (2 ' = -
LMS l 1T , I|||I I|||I . ﬁ | m
Query Query Query

Figure 1: Overview of MODULAR PLURALISM, where a large language model interact with a pool of smaller but
specialized community LMs for pluralistic alignment. Depending on the three pluralistic alignment objectives, the
LLM either functions as a multi-document summarization system, selects the most fitting community, or produces
aggregated distributions separately conditioned on each community LM’s comments.

Z 1 Default B w/ Asia [T w/ Africa
0.32 /K l
/ AN better
0.30- 1N
0.28 -
Overall Japan India Nigeria Kenya

Figure 6: J-S distance on GlobalOpinionQA when one
extra community LM representing Asian and African
culture 1s separately added to the pool of perspective-
informed community LMs, the lower the better. This
helps patch LLMs’ pluralism gaps by improving align-
ment towards underrepresented communities.




Spectrum Tuning
1. Compile data with

human variation / requiring

distributional titting

2. Put into common

format

description / input / output

3. SFT on just
the outputs

habermas_individual categorical

<start_of_turn>description
You are a UK resident. Rate your agreement with
each statement.

Options: Strongly Agree; Agree; Somewhat Agree;

Predict: Neutral; Somewhat Disagree; Disagree; Strongly
distribution Disagree<end_of_turn>

over how the ,

average UK <start_of_turn>input

resident would Veganism is a morally superior way of eating than
respond

other diets.<end_of_turn>
\<start_of_turn>output
Somewhat Agree<end_of_turn>

<start_of_turn>input

The law should be changed to make it illegal to
own or sell a private gun in the UK.<end_of_turn>
<start_of_turn>output

Strongly Agree<end_of_turn>
<start_of_turn>input

It is right that we have a system of government

: : where the House of Lords has as much power as
Predict: Given
the first two the House of Commons.<end_of_turn>
options, how <start_of_turn>output
would that .
person Disagree<end_of_turn>
respond?

Task: predict survey opinions

chatbota arena _individual

<start_of_turn>description
The following are preferences for a single individual. They will prompt a
language model (opening_prompt), and then will compare the two responses
(model_a_response and model_b_response). The user will then rate the
winner, with one of the following options: ['b' 'tie' 'a' 'bothbad']<end_of_turn>
<start_of_turn>input

{"opening_prompt": "Correct grammar: | are happy.", "model_a_response":
"I'm happy to help you with your English grammar. Can you please provide me
with a sentence or two that you would like me to correct?”,
"model_b_response": "The correct grammar would be \"l am happy.\""}
<end_of_turn>
<start_of_turn>output
b<end_of_turn> ——/
<start_of_turn>input
{"opening_prompt": "Let us battle! What are you good at?",
"model_a_response": "As an Al language model, | am not capable of engaging
in physical or digital battles. However, | can provide you with information about
various topics that you may be interested in. What topic would you like to

learn more about?", "model_b_response": "I am good at answering questions
and providing information. | can also generate text and engage in
conversation. Is there anything specific you would like to know or talk about?"}
<end_of_turn>

Predict: Average preference

Predict: Individual preference

<start_of_tur n>°ity given first preference
b<end_of_turn>

Task: predict a given user’s chat preferences

novacomet_premise

<start_of_turn>description

Situations about which commonsense
reasoning could be required.<end_of_turn>
<start_of_turn>output

A person spoils a special dinner for another
person and feels terrible about it the next
day.<end_of_turn>

<start_of_turn>output

It's been a while since you last worked on a
project and you're feeling frustrated
because you don't remember what to do.
<end_of_turn>

<start_of_turn>output

PersonX gets accepted to (famous
university)<end_of_turn>
<start_of_turn>output

Jonny takes off without saying good-
bye<end_of_turn>

normal

Draws from a normal

distribution. Precision:

3<end_of_turn>

Predict: Follow the description
instructions, span the space of
possible outputs

Task: predict diverse synthetic data

<start_of_turn>description

<start_of_turn>output
0.021<end_of_turn>
<start_of_turn>output
-0.014<end_of_turn>
<start_of_turn>output
-0.022<end_of_turn>
<start_of_turn>output
0.007<end_of_turn>

Predict: Infer
distribution
parameters
from 3
examples and
estimate p(x)

Task: infer a normal distribution




Model Family Verifiable Generation Tasks Model Type
A Gemma [] Qwen O Llama ® pretrained @ instruction-tuned @ spectrum
%) L. C e
S Description 3-shot Description + 3-shot
% 100 100 100
-
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O S
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©
> 40 4 40 A 40 -
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Figure 6: Diversity vs. Validity. Left: Results on 22 verifiable tasks across 100 generations. Right:
Human-annotated validity results on two sets of 100 open-ended prompt sets (Gemma). SPECTRUM
TUNING generally offers a Pareto improvement on diversity-validity over PT/IT models. In partic-
ular, SPECTRUM TUNING increases the yield (# of unique usable generations) in the zero-shot case
and on NoveltyBench-Curated. Error bars are 95% confidence intervals over the SEM, and asterisks
(x) show the best in family performance (within 95% confidence).
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5 SPANNING THE OUTPUT SPACE (OR; DIVERSITY VS. VALIDITY)

To measure how a model trades off validity and diversity, we create 22 generation tasks for which
there can be many valid values and we can programmatically verify correctness. For example:
1) Generate a car make and model, where we verify with membership in a reference
list; 2) Generate a prime number, which we verify programmatically; 3) Generate an
English verb in gerund form, which we verify with a regex and dictionary. Given a
prompt, we generate 100 completions (temperature = 1 here and throughout) from each model, and
report the following statistics: the percentage of outputs which are valid, the percentage of valid
generations that are unique, and the number of distinct valid generations (or, yield). Yield is a par-
ticularly important metric for settings such as synthetic data generation, ideation, or creative writing
where you want to cover a space as much as possible within some requirements. Additionally, we
evaluate each model under three settings: zero-shot with a task description, three-shot with no task
description, and three-shot with a task description (also see App. I). Results can be found in Fig 6.



Improves distributional
alignment! Yay!

Distributional Alignment: JS-Divergence | gemma-3-12b Qwen3-14B Llama-3.1-8B
Dataset ST (ours) PT IT ST (ours) PT IT ST (ours) PT IT
Machine Personality Inventory (N=120, | Y |=6) 0.083 0.126 0.347 0.100 0.093 0.405 0.063 0.087 0.131
Rotten Tomatoes (N=1000, |Y |=2) 0.032 0.032 0.134 0.028 0.028 0.122 0.035 0.035 0.086
NYTimes Books (N=940, |Y |=4) 0.051 0.063 0.328 0.070 0.088 0.344 0.046 0.061 0.247
GlobalOQA (N=1000, |Y | <6) 0.077 0.094 0.270 0.090 0.088 0.274 0.091 0.108 0.163
Urn (N=1000, | Y | <6) 0.021 0.071 0.185 0.051 0.059 0.198 0.032 0.124 0.086
Habermas (N=658, | Y |=7) 0.149 0.147 0.436 0.123 0.127 0.434 0.151 0.155 0.242
Number Game (N=1000, | Y |=2) 0.051 0.049 0.138 0.052 0.043 0.131 0.055 0.060 0.094

Table 3: Distributional alignment results. Instruction-tuning drastically hurts distributional align-
ment. SPECTRUM TUNING generalizes to unseen tasks and improves or matches distributional
alignment compared to the pretrained model. Best result (within 95% statistical significance) in
bold. N is the number of distinct instances, |Y | is the number of possible outputs.



Matches or improves on
pretrained models at in-
context steerability!

gemma-3-12b Qwen3-14B Llama-3.1-8B
Multiple-Choice Datasets Metric ST (ours) PT IT ST PT IT ST PT IT
habermas_individual categorical (K ,,x=2, N=1000) Loss 2.47 2.50 10.5 1.97 2.62 9.10 1.99 2.58 2.74
Acc 23.8 24.4 224 23.5 20.3 22.0 20.8 20.2 19.0
wvs-individual (Kyax=21, N=1000) Loss 1.36 1.50 4.10 1.48 1.74 4.35 1.42 1.57 1.76
Acc 42.6 42.1 40.4 44.3 41.1 40.6 41.7 41.6 394
numbergame._individual ( K,x=25, N=592) Loss 639 .705 1.80 621 .697 1.28 618 .864 770
Acc 70.2 64.3 65.6 70.6 69.8 71.0 69.1 62.5 67.5
chatbotarena_individual_prefs ( K,,x=3, N=725) Loss 1.43 1.62 4.94 1.34 1.47 4.39 1.39 1.76 1.77
Acc 38.6 38.0 44.6 514 52.0 46.3 38.9 36.0 39.5
flight (K 112x=9, N=200) Loss 1.09 1.32 4.06 1.08 1.29 2.92 1.12 1.45 1.41
Acc 39.8 41.2 40.6 43.7 43.7 40.8 334 42.0 40.2
Free-Text Datasets Metric ST (ours) PT IT ST PT IT ST PT IT
novacomet_hypothesis (K nax=11, N=155) Loss 104 104 135 106 106 129 107 106 112
novacomet_premise (K ,x=55, N=51) Loss 27.7 28.0 35.5 28.1 27.5 38.0 27.8 27.7 28.6
habermas_question (K y,x=29, N=30) Loss 23.8 23.1 41.4 23.8 24.0 31.8 23.8 23.8 24.8
habermas_opinions (K ,x=2, N=186) Loss 930 928 1070 948 949 1070 943 944 991
habermas_individual (K ,,x=2, N=1000) Loss 164 164 203 168 168 210 166 167 176
numbergame_perc (K x=24, N=182) Loss 4.23 4.22 6.68 4.22 4.24 5.61 4.24 443 441
globaloqa (K x=8, N=231) Loss 14.0 14.4 21.5 14.0 144 20.9 14.2 14.7 15.6
chatbotarena_prompts (K max=3, N=988) Loss 70.2 69.4 117 69.1 68.2 97.8 72.0 72.0 77.6
chatbotarena_assistant ( K ,x=5, N=716) Loss 127 125 259 124 124 169 134 133 149
chemistry_esol (K ax=8, N=59) Loss 8.94 8.37 12.9 8.07 8.47 11.8 8.28 8.51 8.55
chemistry_oxidative (K ,x=9, N=101) Loss 7.57 7.58 11.6 7.64 7.84 10.2 7.64 7.72 7.84

Table 1: In-context steerability on held-out SPECTRUM SUITE-Test. SPECTRUM TUNING generally
matches or improves upon the pretrained model performance. Best values (and ties, failing to find a
significant difference at o = .05) are bolded.



