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A Thought Experiment

* "Write a metaphor about time."

* 25 LLMSs, 50 responses each = 1,250 metaphors

* What would you expect?
* Diverse, creative metaphors... or something else?
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The Result: Mode Collapse

Write a metaphor involving time.
0.3 gpt-40-2024-11-20: Time is a river, endlessly flowing, carrying

moments like leaves that drift away, never to return.

Qwen2.5-72B-Instruct: Time is a river, flowing silently and
ceaselessly, carrying leaves from birth to oblivion, each one a
story, a life, a moment that once was.

® Qwen3-32B

® Qwen2-72B-Instruct 0.2
OLMo-2-1124-13B-Instruct

© qwen-max-2025-01-25
claude-3-5-sonnet-20241022

® Llama-3.1-70B-Instruct 0.1
gpt-40-mini-2024-07-18
Llama-3.1-Tulu-3-70B

® Llama-3.3-70B-Instruct

phi-4: Time is an invisible river, endlessly flowing, carrying
moments past like leaves caught in its current, each whispering
stories that dissolve into the vast ocean of eternity.

gpt-40-mini-2024-07-18: Time is a river, winding through the
landscape of our lives, carrying memories like fallen leaves,
some vibrant and golden, others brown and brittle, each
moment flowing past, never to be recaptured, yet shaping the

-
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Q
gemini-1.5-pro § 0.0 banks of who we are.
® phi-d © ° eE — -
= ral-8x7B-Instruct-v0.1: Time is a relentless river, flowing
DeepSeek-V3 au steadily forward, never pausing, never retreating, carrying us all
@ aya-expanse-32b S #| along in its current, whether we're ready or not. It's up to us to
@ Mistral-Large-Instruct-2411 E -0.11 °® swim.against the stream or let the current.take us where it will,
gemini-2.0-flash a but either way, we can never truly escape its flow.
. p— X
@ Mixtral-8x7B-Instruct-v0.1 S e ® e phi-4: Time is a silent weaver, meticulously threading moments
gpt-40-2024-11-20 5 into the tapestry of our lives, each stitch a memory, and each
@ Qwenl.5-110B-Chat W —0.24 (1Y} color a different phase, creating a masterpiece that tells the story
3 2.27b-it ‘ .| of who we were, are, and will become.
gemma-2-27b-i =
3
claude-3-sonnet-20240229 » Meta-Llama-3.1-405B-Instruct-Turbo: Time is a master weaver,
Qwen2.5-72B-Instruct 0.3 8 caref:lfy tll\readlin.g morven:f iﬂt: ahtapes‘lry of rr.\emories, e?ch
o g - . strand intricately intertwined with the next, creating a complex
Ll:"fla 2l 4015 InIStrL:;; EUJ:: < 'L and beautiful fabric that tells the story of our lives.
L c4al-command-r-plus-Us-.
claude-3-0pus-20240229 Llama-3.1-Tulu-3-70B: Time is the silent seulptor, chiseling
qwen-plus-2025-01-25 5 away at the clay of life with unseen hands. Each tick of the clock

is a tap of the chisel, reshaping us and our world in its steady,

T T T T T relentless rhythm. Time molds our ambitions into achievements,
-0.2 0.0 0.2 0.4 0.6 our dreams into reality, and our love into memories. ...
First Principal Component

Figure 1: Responses to the query “Write a metaphor about time” clustered by applying PCA to
reduce sentence embeddings to two dimensions. Each of the 25 models generates 50 responses using
top-p sampling (p = 0.9) and temperature = 1.0. Despite the diversity of model families and sizes,
the responses form just two primary clusters: a dominant cluster on the left centered on the metaphor
“time is a river,” and a smaller cluster on the right revolving around variations of “time is a weaver.”

* 1,250 responses cluster into TWO metaphors: "time is a river" and "time is a weaver"
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The "Artificial Hivemind” Effect

Intra-Model Repetition Inter-Model Homogeneity

« Same model repeats similar outputs  Different models converge on same ideas
* Even with high temperature + top-p * Cross-model similarity: 71%-82%

* 79% of queries: similarity > 0.8 * Sometimes verbatim phrase overlap
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Why Should We Care?

* Hundreds of millions use LLMs for creative tasks

* If every model gives the same answers:
* Creative homogenization of human thought
* Loss of diverse perspectives in brainstorming
 Cultural flattening across languages/regions

* First large-scale systematic study of this phenomenon
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How Do We Study This
Systematically?



What's Missing in Existing Benchmarks?

Existing Benchmarks What's Needed

* Researcher-designed tasks * Real user queries

* Single task type * Diverse open-ended categories
* One model at a time * Cross-model comparison

* ~3 annotators per example * Dense annotations (25+)

No benchmark combines real user queries, cross-model evaluation, and dense
human annotation at scale

Gr Georgia
Tech



Prior Work: Three Research Threads

* Diversity Collapse in LMs
* RLHF + synthetic data training reduces output diversity

* Creativity & Divergent Thinking Evaluation
* Individual outputs score high; collective diversity is low

* Pluralistic Alignment
* Serve diverse preferences, not monolithic values

Gr Georgia
Tech



INFINITY-CHAT: 26K Real-World Queries

Human Annotations
31,250 total labels

25 annotators per example

Data Source

WildChat: real user-chatbot conversations
37,426 GPT-4 queries filtered to:

26,070 open-ended queries Absolute ratings (1-5 scale)

8,817 closed-ended queries Pairwise preference judgments

English, non-toxic, 15-200 chars 8x denser than HelpSteer3
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Taxonomy of Open-Ended Queries

* 6 top-level categories, 17 subcategories. Creative Content Generation dominates at 58%

2 INFINITY-CHAT: Real-World Open-Ended Queries with Diverse Responses

Generate a joke about electric vehicles. 58.0% Suggest a feature for a smartwatch
Write an 800-word essay on why 6 is afraid of 7. designed specifically for senior citizens.
Compose a short poem about the feeling of | am a graduate student in Marxist theory, and |
[Creative Content Generation watching a sunset. Brainstorm & Ideation want to write a thesis on Gorz. Can you help me
. think of some new ideas?
Create a short 1-paragraph story about a girl
running on a beach. She is Asian, 12 years old, Generate characters designs, for an RP story, that are
and the time of day is 4 in the afternoon. based on the following trope: “Evil-looking
characters who are actually morally good.”
Philosophical How do | understand what | want? 3.5%
Questions Can happiness truly be measured? Problem Give me a strategy to double the moneyin  19.3%
a month, starting with 1000 euros.
Abstract | | Isit impossible to know everything? 10.0%

LI Conceptual | Inhumans, is there a correlation between

\_Questions | | intelligence and compassion? Support Zara sneaker or a used Adidas sneaker?

{ Solving
{ Decision Choose the right decision: buy a new Z.Z%J

J

(Ambiguous | [ What are signs that show you were not 2.6%) Skill Help to use Microsoft Surface touchpad and 23.5%
Open g 9 y | o b
pen- . N B ; "
Endedness [T Everyday . loved enough as a child by your mom? e Development on-screen keyboard to run Dolphin Emulator for Wii.
Seeking

. Questions | | How can | live on $1,000 per month?
{Reoommend Give me a 3-day plan for Osaka with a flight 1 1.0%]

rAnaIyticaI & | [ What's the consequence of algorithm-  22.6% ations leaving on the 3rd day at 7pm.
I Interpretive — driven content for public discourse?
. Questions | | How does quantum computing redefine privacy? Conoel?t ]_[ What are the benefits of hardwaod floaring 23‘6%J
Explanation over other types?
(Specuhtiva & [ Create a short review of a future movie. 22.2%
LI Hypothetical | What would happen in the morning if gravity on Pers‘?nal What should I learn in software 4.1%
L Scenarios J L Earth doubled overnight? Advice development to be relevant in the future?
Communicati How to say a formal thank you for your 3.2% | Value-Laden | Why is equal pay for equal work not worth 2.3%
time in the subject line of an email? Alternative Questions imposing on an economy?

as if a man in an apocalyptic world. Questions Is there such a thing as a paradox of free speech?

: n Styl
Alternative on Styles Pe -
Styles [ Writing l Write a play scriptin the style of Dilbert 39.5%} TSPECVES | (Controversial|_| Different views on discipleship 2.5%
Genres

Figure 2: A taxonomy of real-world open-ended queries that invite diverse model responses that
are mined from in-the-wild user-chatbot interactions, categorized into 6 top-level and 17 fine-grained )
subcategories, along with their occurrence percentages. Gr Georgia
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How Bad Is the Hivemind, Really?
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Methodology: Measuring Mode Collapse

* Setup:
* 100 queries, 70+ LMs (25 in main paper), 50 responses each
« Sampling: top-p = 0.9, temperature = 1.0
* In total: 100*25*50 = 125,000
* Measurement:
* Sentence embeddings (text-embedding-3-small)
* Pairwise cosine similarity;
* Baseline: 0.1-0.2 (The similarity of responses from two random pick questions)
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Intra-Model Repetition

* 79% of queries: within-model similarity > 0.8 (baseline: 0.1-0.2)
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Figure 4: The heatmap shows degree of repetition in responses to open-ended queries generated
by the same LMs. For each model, we generate 50 responses per query across 100 open-ended
queries from INFINITY-CHAT100. We then compute the average pairwise sentence embedding
similarities for each query’s response pool and measure the percentage of queries falling into the
similarity ranges indicated on the y-axis. Under the sampling parameters (top-p = 0.9, temperature
= 1.0), the average pairwise similarity among responses to the same prompt typically exceeds 0.8.
As a baseline, randomly paired responses from the global pool 100% fall within the 0.1-0.2 range.
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Can Decoding Strategies Fix This?

Min-p Decoding

(An advanced decoding strategy)
* top-p=1.0, min-p=0.1, temp=2.0

* 81% pairs still > 0.7

* 61% still exceed 0.8

Standard Sampling
* top-p=0.9, temp=1.0

* 79% queries: similarity > 0.8

* In higher temp (2.0), response
would become incoherent

 Decoding alone is insufficient
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Inter-Model Homogeneity

gpt-40-2024-11-20

) oSt * Cross-model similarity: 71%-82%.

¥ : What did the peanut say when it was chasing another peanut? I'm gonna cashew!

3 : What did the peanut say when it was chasing somecne? I'm gonna cashew! D ee pSee k_V3 & qwe n _ m aX . O ] 82 ,

Q: Create a description with 2-3 sentences for an iPhone case collection that is a

DeepSeek-V3 & GPT-40: 0.81

@' 1 Elevate your iPhone with our sleek, slim-fitted case collection
that combines minimalist design with bold, eye-catching patterns.
Crafted for style and protection, these cases offer a lightweight
feel without compromising on durability. Perfect for those who
want to make a statement while keeping their device safe.

gpt-40-mini-2024-07-18
claude-3-5-sonnet-20241022

claude-3-sonnet-20240229

claude-3-0pus-20240229

Llama-3.3-708-Instruct
Llama-3.1-708-Instruct
Llama-3.1-4058-Instruct-Turbo
gemma-2-27b-it

gemini-2.0-flash @ 1 Elevate your iPhone with our slim-fitted case collection,
ini-2.0-

designed to combine sleek protection with bold, eye-
gemini-1.5-pro L designs e Q: Create a description with 2-3 sentences for an iPhone case collection that is a
enhance your device's style while keeping it lightweight : = . :
qwen-max-2025-01-25 and easy to handle. Make a statement without slim-fitted case with bold designs. (sim = .961)
compromising on functionality or comfort!

qwen-plus-2025-01-25

Q:G f ial A 4 o 5
Qwen3-328 s e s Sdde] (W : Elevate your iPhone with our sleek, slim-fitted case collection
Quen2.5-728-nstruct ity sndeelb helpe ez =101 that combines minimalist design with bold, eye-catching patterns.

& : Empower Your Journey:
Unlock Success, Build Wealth,

Crafted for style and protection, these cases offer a lightweight
feel without compromising on durability. Perfect for those who

Qwen2-72B-Instruct

Qwen1.5-1108-Chat Transform Yourself.
Mistral-Large-Instruct-2411 \% : Empower Your want to make a statement while keeping their device safe.

Journey: Unlock
Success, Build
Wealth, Transform
Yourself.

Mixtral-8x7B-Instruct-v0.1

@ : Elevate your iPhone with our slim-fitted case collection,
designed to combine sleek protection with bold, eye-
catching designs. Crafted for a perfect fit, these cases
enhance your device's style while keeping it lightweight
and easy to handle. Make a statement without
compromising on functionality or comfort!

OLMo-2-1124-13B-Instruct

Llama-3.1-Tulu-3-708
cdai-command-r-plus-08-2024

aya-expanse-32b

DeepSeek-V3
phi-4
uﬁ’n?..ﬁ‘i&%m@&mh&q?&& o :i‘Q}a*Fx‘.ﬁe 0“':‘? 6"{, aﬁw'be‘v'ééé@ gy :*r'@ @wbnp?;‘? s
ST M A R AP 1“1”&B°Q>%>~,§¢€¢b> S
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Ry & & AP f@’*' & W &SSP s"& &
& -""‘pib‘ﬁfffv ' & & & R
Qae‘o"‘bc O’f & \ye?’?r \*‘}sn "'&&Gf’ ao\’f
Figure 6: Average pairwise sentence embedding similarities between responses from different models
reveal substantial semantic overlap across model outputs. Qualitative examples further illustrate Georgla
that different models often produce strikingly similar responses to fully open-ended queries, TECh1
including extended verbatim spans, underscoring the extent of repetition across models in open-ended 5

generation tasks. All responses are generated using top-p = 0.9 and temperature = 1.0.



Verbatim Overlaps Across Models

* Q: "Write a pun about peanut” * Q: "iPhone case description”

* GPT-40: "I'm gonna cashew!"

* Claude: "I'm gonna cashew!" bold, eye-catching..."

GPT-40: "Elevate your iPhone...

* Same joke, different companies bold, eye-catching..."

DeepSeek: "Elevate your iPhone...
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How Indistinguishable Are the Models?

* Top-50 similar responses: ~8 different source models
* Models more similar to each other than to themselves

* The Hivemind is real: convergence within and across families

# Unique Source Models for N Closest
Responses of Each Open-Ended Query

50 - — .
il S B =" i If diverse — X should be 1
g 40 IR oo (all top responses from same model)
§ 281 poe st ot ofiin] enew-+—
2 30- R —— N _
25 | e Reality: X = 8 at N—5p |
820{  wsfsimdeni (responses from 8 different models are mixed together)
Z 154  estfadadee—
o 1 o — Models are nearly indistinguishable

# Unique Source Models

Figure 8: The avg.# of unique source models
among the top-/N most similar responses to
each open-ended query across 25 LMs.
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Can Models Evaluate Open-Ended
Responses?

We often use multi-models to evaluate a response (LAAJ), is this a
good choice?
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Humans Genuinely Disagree on Quality

Query: Write a fear-of-missing-out title including "You've Never 25%
— Seen Anything Like This!" 20%
™~ q f
. 20% A _ | Response 1: Experience the Ultimate Adventure: You've Never 15% _
[ T | Seen Anything Like This! 10%
$ Response 2: You Won't Believe What Everyone's Talking About: 59 '
o You've Never Seen Anything Like This! H=1226 o%
~ 15% A Query: Write a movie title, and write a *literal* opposite of that it. %
a Response 1: Movie Title: The Shawshank Redemption. Literal
$ Opposite: The Shawshank Imprisonment
o Response 2: The movie title is "A League of Their Own." The literal | 10%
oF 10% - opposite of "A League of Their Own" would be "A Disintegration
C of Yours Alone." H=2928| g
]
> Query: Help me draft a paragraph as an expert consultant 0%
g explaining TOEFL vs IELTS for international students.
— 5% Response 1: Academic and General Training. It features a broader | 409
= range of English accents and includes a face-to-face speaking
-4 interview, which some students may find more personal. ... 20%
Respense 2: When considering options for English language 0%
0% - | proficiency tests, international students often face the decision NN g
0.7 1.3 1.8 2.3 between the Test of English as a Foreign Language (TOEFL) and T 9 H ?
. . ' . the International English Language Testing System (IELTS). Both e &£ £ 2 5
Human Score Entropy exams are widely recognized ... H=1.02 E E ﬂg §

Figure 7: The left histogram shows the distribution of Shannon entropy across the 25 human
annotations for each (Query, Response 1, Response 2) triplet, where annotators judge which
response is better. Given open-ended queries, multiple high-quality responses are possible, often
leading to disagreement among annotators and, on average, high entropy. With 25 annotations,
label distributions can vary widely across triplets. The middle panel presents example triplets from
different entropy regions, and the right bar plots show their corresponding label distributions.

* 18,750 absolute + 12,500 pairwise
labels (25 annotators each)

* High Shannon entropy: genuine
disagreement, not noise

* Pluralistic preference: different
people value different things

Open-ended tasks have no single ‘correct’ preference — disagreement is the norm
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Models Fail Where It Matters Most

(a) Similar-Quality Subset for Absolute Rating

LM Perplexities

Reward Model Scores

LM Judge Scores

2 04

o
w

Spearman's Correlation Coeff.
o o
- N

o
o

0.361
0.350 g 341 0.336 p.331 0.322

0.262

All 30 25 20 15 10 05

n=750 745 739 731 718 695 598

(b) Disagreed Subset for Absolute Rating

o
IS

o
w

-0.2

Spearman's Correlation Coeff. (p)

0.2 4

0.1

0.0 4

-0.1 4

LM Perplexities

0.330
0321 4 308 -
: 0.275

0.244

0.213

All 30 25 20 15 10 05

750

Reward Model Scores

745 739 731 718 695 598

0.322

All
750

0.309 g 799

0.279
0.256

30 25 20 15

LM Judge Scores

0.227

1.0

0.176

0.5
745 739 731 718 €95 598

# More similar subset

71-361

I 053 045 045
Emm i

- .
-.030-.027

-.108

226 22&
171 .175

II025

0?3

018

.295 251

108
073

All 16 14 12 10 8 6 4 2
n=750 123 105 90 75 63 45 30 17

All 16 14 12 10 8 6 4
750 123 105 90 75 63 45 30

T
2
17

T
All
750

16 14 12 10 8

6 4

T
2

123 105 90 75 63 45 30 17

----------------------- » More disagreed subset

Figure 10: We compute Spearman’s correlation coefficients between human-annotated and model-
generated absolute rating scores, including LM perplexity scores, reward model scalar outputs, and
LM judge scalar ratings. Correlations are calculated for the full set, as well as two groups of subsets:
(a) responses with similar human-rated quality, and (b) responses with high human disagreement.
The results show that correlations are notably lower in these two subsets, indicating weaker alignment
between model scores and human judgments in cases of subtle or contested quality differences.

3 columns = 3 evaluation methods
* LM Perplexity | Reward Models | LM Judges

Row (a): similar-quality subset

* — Bars drop as quality gap narrows

Row (b): high-disagreement subset

* — Correlation drops to 0 or negative

96 LMs, 6 reward models, 4 LM judges

All automated evaluation methods fail on the subjective cases
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Our Interpretation: A Possible Feedback
Loop

* Paper leaves root causes as open questions.

* Our synthesis:
* Reward models trained on majority preference
* Models optimized toward single "best" response
* Generation diversity decreases
* Future (synthetic) training data more homogeneous
* Cycle repeats may require new training approaches
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Limitations & Open Questions

Cosine similarity as sole metric Root cause unknown:

English-only queries Pretraining data overlap?

100-query main experiment subset RLHF convergence?

Embeddings miss narrative diversity Synthetic data contamination?
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Broader Societal Implications

* For individuals:
* Al brainstorming may yield narrower ideas than expected

* For society:
* Risk of cultural homogenization at global scale

* For Al research:
* Diversity needed as first-class metric alongside helpfulness
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Key Takeaways

1. The Artificial Hivemind is real and measurable
* Models converge within and across families

2. Decoding tricks alone cannot fix it
* Min-p, high temperature are insufficient

3. Evaluation poorly calibrated for open-ended tasks
« Reward models fail where preferences are pluralistic

4. We need new training-level approaches
 Pluralistic alignment and diversity-aware evaluation
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