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ABSTRACT

The “wisdom of crowds” phenomenon shows that aggregating in-
dependent estimates can yield more accurate predictions than indi-
vidual guesses. While crowd-sourcing is widely applied, using large
language models (LLMs) for collective estimation is largely unex-
plored. This work investigates how to best form an LLM “crowd” for
ambiguous vision-based estimation tasks. We explore two sources
of diversity: response diversity, from sampling at various tempera-
tures, and model diversity, from using different LLM architectures.
We evaluate these approaches on three vision-based datasets: hu-
man height-weight pairs, small objects with known weights, and
Amazon products with their prices. Our results show that aggre-
gating deterministic (temperature 0) outputs from a diverse set of
models is the most effective strategy, outperforming any single
model, as temperature-induced diversity provides no significant
benefit while increasing inference costs. The median aggregation
of deterministic responses from multiple models outperformed 68%
of individual guesses on average, with context providing a signif-
icant additional benefit for tasks where it is directly informative
(e.g., product titles for price estimation), demonstrating that model
diversity is the key to leveraging the wisdom of LLM crowds. By
establishing core principles for forming an effective LLM crowd,
this work provides a stepping stone for more complex, LLM-driven
social simulations.
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1 INTRODUCTION

A century after Galton’s famous demonstration of a crowd cor-
rectly guessing an ox’s weight, the “wisdom of crowds” continues
to inspire research in social science and machine learning [3, 18].
Large language models (LLMs) offer a modern take on this concept,
as instead of being fixed predictors, they generate varied outputs
through stochastic processes, each with its own biases, offering
different perspectives on a problem [20]. This response diversity
allows treating each model call as an independent agent, like an
individual in a crowd. Furthermore, our setting falls under what
Kameda et al. [8] classify as combined decisions within the broader
collective-intelligence taxonomy: each model produces an inde-
pendent estimate with no inter-model communication, and the
estimates are aggregated post-hoc. This is distinct from consensus
decisions, where agents interact before reaching a joint answer.

Modern LLMs can produce multiple outputs in one inference call
via sampling methods. These outputs represent diverse predictions,
each with a numerical estimate and token probabilities that reflect
the model’s internal uncertainty [20]. Aggregating outputs from dif-
ferent models, or generating multiple outputs from a single model
using various temperatures, lets us explore two distinct sources
of diversity. An ensemble of different models provides model di-
versity, where each agent has a unique architecture and training
background. Alternatively, sampling a single model repeatedly at
varying temperatures generates response diversity because of the
stochasticity in the sampling process.

The former is analogous to traditional machine learning ensem-
bles, where combining predictions from different models or samples
reduces individual errors and improves overall performance [6].
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However, unlike classical ensemble methods where base learners
are designed to be complementary [6], LLMs produce unstructured,
stochastic outputs, making it unclear how best to combine them.
Moreover, the relationship between individual sampling variability
and collective accuracy in generative language models remains
underexplored [9].

In this work, we ask: What is the most effective way to generate
and aggregate diverse outputs from LLMs to achieve higher predic-
tive accuracy? We address this by formalizing LLM aggregation
as a computational extension of crowd wisdom and comparing
model diversity versus response diversity. In this work, we find that
aggregating deterministic (temperature 0) outputs from a diverse
model ensemble generally yields comparable to superior estimates
compared to aggregating repeated samples at varied temperatures
from a single model. Both methods generally outperform stan-
dard sampling, including a single model deterministic sample. Both
model-diverse and response-diverse estimates sit along an error-
cost Pareto frontier, though response-diverse estimates rely on
specific conditions to be efficient.

As LLMs are increasingly used for tasks that require numeri-
cal judgment (e.g., cost estimation, forecasting, and assessment),
understanding how to best aggregate their output is of practical im-
portance. Our work suggests that combining outputs from different
models can yield superior numerical estimates. This ensemble ap-
proach may offer two potential advantages: it could reduce reliance
on computationally expensive large models by leveraging multiple
smaller models, and it may mitigate the systematic biases inherent
to any single LLM by combining complementary predictions. We
evaluated our approach on three vision-based estimation tasks us-
ing datasets for human height and weight, object mass from images,
and product prices from Amazon listings. These datasets allow us
to focus on predicting numerical values from images, sometimes
with additional context. Section 3.1 provides more details on our
datasets and methodology.

Surowiecki [18] defines several criteria for crowd wisdom. In
Section 3.1, we discuss these criteria and how our experiments are
designed to meet them. We used several vision-enabled LLMs, in-
cluding Qwen2 Vision Language 72B Instruct and Llama 3.2 Vision
11B (from the Together API'), and GPT-40-mini?. To investigate
response diversity, we varied the temperature across five settings
(0.2, 0.4, 0.6, 0.8, and 1.0) in our initial experiments, treating each
API call as an independent agent. This mirrors the conditions of
Galton’s experiment. By combining these independent guesses, we
aimed to find the best strategy for a collective prediction that is
more accurate than any single response.

On average, the aggregate outperforms 68% of individual re-
sponses, with context providing additional benefit for tasks where
it is directly informative (e.g., product titles for price estimation).
We also explore different aggregation methods and the impact of
additional context, discussing their relative performance and impli-
cations.

https://docs.together.ai/docs/vision-overview
Zhttps://openai.com/index/gpt-4o-mini-advancing-cost-efficient- intelligence/
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2 RELATED WORK

The combination of independent numerical estimates improving
prediction accuracy is a widely recognized principle in social sci-
ence and machine learning. In the early 20th century, Galton’s ox-
weight guessing experiment [3] showed that the median of diverse
estimates approximates the true value. This “wisdom of crowds”
effect [18] depends on diverse and independent estimates, which
help cancel out errors. Simoiu et al. [16] found that the median
outperforms 65% of individual guesses, confirming the effect in
humans.

This concept has influenced ensemble methods in machine learn-
ing. Techniques like bagging [1] and boosting [2] combine multiple
models to reduce variance and prevent overfitting, often improv-
ing accuracy. In computer vision, deep ensembles (e.g., averaging
predictions from several deep residual networks) have achieved
state-of-the-art performance [7].

Similarly, in NLP, aggregating outputs from various language
models improves results. Recent research on large language models
(LLMs) shows that some reasoning abilities emerge only in suffi-
ciently large models [20]. Self-consistency decoding [19] combines
multiple outputs to improve reliability and accuracy, suggesting
that ensemble methods can reveal latent capabilities. Lau et al. [9]
and Guo et al. [5] explore how varying prompts elicits diverse rea-
soning outputs. Lau et al. [9] vary prompt wording to examine
problems from different angles, while Guo et al. [5] use multiple
prompts to reduce issues like reasoning hallucinations. Both stud-
ies show that careful prompt design enhances the ensemble effect,
leading to more reliable predictions. In a setting without ground
truth, Mousavi Davoudi et al. [11] show that agreement among
diverse LLMs can signal the reliability of outputs and the quality of
generated questions.

Pratt et al. [13] ask whether forecasting strategies can improve
LLM decision-making. This research aligns with agent-based mod-
els by Gao et al. [4], where LLMs act as autonomous agents in
simulations. Models simulating human behavior, such as in Park
et al. [12], show that artificial agents can mimic social dynamics.
Li et al. [10] examine if LLMs can understand others’ beliefs to
encourage collaboration, while Shi et al. [15] propose that agent
interactions can reduce reasoning errors.

Schoenegger et al. [14] compare LLM ensemble forecasts with ag-
gregated human predictions in a forecasting tournament. They used
an ensemble of twelve LLMs for binary predictions on 31 questions,
comparing the result to 925 human forecasters over three months.
Their analysis shows aggregated LLM predictions outperform a no-
information benchmark and are statistically indistinguishable from
human forecasts (within medium-effect-size equivalence bounds).
They also show forecasting accuracy improves when models see
the median human prediction, but simply averaging human and ma-
chine outputs is best. While their work focuses on binary forecasts,
which are a useful benchmark for the wisdom-of-the-crowd effect,
our study extends this paradigm to continuous estimation tasks
using vision-enabled LLMs. Numerical guesses, like weight or cost,
have more direct real-world applicability than binary predictions.
By aggregating continuous outputs from LLMs at different temper-
atures, our approach attempts to utilize prediction variability for
more accurate and robust estimates.


https://docs.together.ai/docs/vision-overview
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This work aligns with the findings of Schoenegger et al. [14] by
demonstrating that ensemble methods are also effective for com-
plex tasks with visual input and continuous-valued outputs. While
ensemble learning, prompt diversity, and agent-based modeling are
often studied independently, our approach combines all three, treat-
ing LLM configurations as heterogeneous agents whose collective
output can be systematically combined.

The next section describes our experimental methodology for
simulating this ensemble behavior and evaluating its predictive
accuracy across different datasets.

3 METHODOLOGY

3.1 Experimental Setup

3.1.1
domly sampling 100 items from each with a fixed seed (42) for re-
producibility. First, from Kaggle’s “Height-Weight Images” dataset 3,
we used photos of people with their known weight (Ibs) and height
(feet, inches). Second, from the Image2Mass dataset [17], we used
photos of small objects with their weight (Ibs, converted to grams)
and dimensions (inches). Third, from an Amazon Canada listings
dataset by Asaniczka?, we used product images and their prices
(CAD). These domains were chosen to span a range of perceptual
difficulty, output distribution, and semantic context. Estimating
human body weight from appearance is a socially grounded, con-
tinuous task with high visual ambiguity as inferring object mass
from images requires physical intuition about material and geome-
try. Furthermore, predicting product prices from Amazon listings
introduces semantic and market-driven variability less tied to direct
visual cues. While this selection is not exhaustive, it allows us to
investigate whether crowd-aggregation benefits generalize across
meaningfully distinct vision-based estimation tasks.

Datasets and Data Selection. We used three datasets, ran-

3.1.2  Models and Configuration. We used three vision-language
models (using the available model versions in June 2025):

e via OpenAl API: GPT-40-mini
o via Together API: Qwen2-VL-72B-Instruct and Llama-3.2-
11B-Vision-Instruct-Turbo

3.1.3  Prompts Used. Table 1 provides the exact prompts used in
our experiments.

3.1.4 Experimental Parameters. For the initial two datasets, we
tested five temperature settings for each of the three models: 0.2,
0.4, 0.6, 0.8, and 1.0. Each configuration was repeated 15 times per
image, resulting in 225 total API calls per image (3 models X 5
temperatures X 15 repetitions). Based on our finding that temper-
ature adds more noise than signal (see Section 4), our Amazon
Price experiments used only temperature 0. For this dataset, each
model was queried once per image. All other parameters were held
constant: max_tokens=10 and top_p=1.0.

3.1.5 Task Definition and Wisdom of Crowds Criteria. The task was
to estimate a numerical value (weight or price) from an image.

Shttps://www.kaggle.com/datasets/virenbr11/height-weight-images
“https://www.kaggle.com/datasets/asaniczka/amazon-canada-products-2023-2- 1m-
products
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Table 1: Prompt templates used for each dataset and context
condition. Variables in brackets were replaced with actual
values during experiments.

Dataset Without Context With Context
Height-Weight “Based solely on the “Based on the image
image, give your and the additional
best numeric information that
estimate of the this person is
weight (in lbs) of [HEIGHT] tall, give
the person. Output your best numeric
only the number and estimate of their
nothing else.” weight (in 1lbs).
Output only the
number and nothing
else.”
Image2Mass “Based solely on the “Based on the image

Amazon Price

image, give your
best numeric
estimate of the
weight (in grams) of
the object. Output
only the number and
nothing else.”

“Based solely on the
image, give your
best numeric
estimate of the
price (in CAD) of
the product. Output
only the number and
nothing else.”

and knowing that the
object has
dimensions
[DIMENSIONS] inches,
give your best
numeric estimate of
the weight (in
grams) of the object.
Output only the
number and nothing
else.”

“Based on the image
and the product
title '[TITLE]’,
give your best
numeric estimate of
its price (in CAD).
Output only the
number and nothing
else.”

The “wisdom of crowds” relies on several criteria for a group to
produce accurate collective judgments. As identified by Surowiecki

[18], these are:

(1) Diversity: Each individual contributes unique insights. This
variance in opinion helps to counterbalance errors and biases,
improving collective accuracy.

(2) Independence: Judgments must be independent. Uncorre-
lated errors tend to cancel out when aggregated, making the
collective estimate more accurate.

(3) Decentralization: Decision-making should be decentral-
ized, allowing individuals to use their own knowledge.

(4) Aggregation Mechanism: A mechanism is needed to ag-
gregate individual judgments into a collective decision, from
simple averaging to more complex weighted combinations.

These conditions allow for a robust and accurate collective deci-

sion that can exceed individual capabilities [18], mirroring princi-
ples of decentralized social systems.

3.1.6  Experimental Design. To meet these criteria, we experimented
with different LLMs in various settings (Figure 1). This allowed us to


https://www.kaggle.com/datasets/virenbr11/height-weight-images
https://www.kaggle.com/datasets/asaniczka/amazon-canada-products-2023-2-1m-products
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Figure 1: Architecture of the initial LLM ensemble used for
the Height-Weight and Image2Mass datasets. The Amazon
Price experiments followed a simpler approach.

compare two primary sources of diversity: model diversity, from
using an ensemble of different models, and response diversity,
from generating multiple outputs from a single model at various
temperatures. Temperature controls output randomness (lower is
more deterministic). This will allow us to compare whether a crowd
of diverse models is wiser than a crowd of diverse responses from a
single model. We treated each API call as an independent agent with
no shared context or communication between calls, in an attempt
to mimic collecting diverse, independent, and decentralized guesses
from a crowd. In Section 3.2, we consider different aggregation
methods to satisfy the fourth criterion.

We hypothesize that different LLM architectures may provide
meaningful diversity due to their distinct training procedures, archi-
tectures, and data compositions. The three models we selected (GPT-
40-mini from OpenAl, Qwen2-VL-72B from Alibaba, and Llama-
3.2-11B from Meta) were developed by different organizations with
varying model sizes (11B to 72B parameters), training objectives,
and likely different training data distributions. These architectural
and training differences could lead to systematically different bi-
ases in estimation tasks, as suggested by the empirical patterns in
Figure 2. While these models may share some common training
data from public sources, their distinct processing architectures
and training methodologies likely result in different internal rep-
resentations and systematic biases. Our empirical results suggest
that these models exhibit complementary error patterns that tend
to cancel when aggregated, supporting the diversity assumption
for our specific task domain.

Finally, we aggregated the outputs to see if the collective estimate
could outperform individual predictions. Comparing these aggre-
gates to the ground truth allowed us to assess the collective and
predictive potential of LLM ensembles. Human crowds often use
context to improve their predictions. We simulated this by giving
LLMs extra context, hypothesizing it would improve accuracy. For
the Height-Weight and Image2Mass datasets, we provided context
by including the person’s height or the object’s dimensions in the
prompts. We then compared predictions with and without context
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to assess their impact. For the Amazon Prices dataset, we gave the
product title in the prompt.

3.2 Aggregation and Weighting Methods

We combined independent outputs from multiple LLM calls for a
robust aggregate estimate. We considered two main unweighted
aggregation methods:

(1) Mean: The arithmetic mean x = % Y., xi (sensitive to out-

liers).

(2) Median: The median, the middle value of sorted predictions

(robust to outliers).

We also explored weighting predictions by token-level confi-
dence (log-probabilities), but our initial analysis showed no signifi-
cant benefit over unweighted methods. We therefore focus on the
mean and median in our main analysis. All aggregation methods
are blind to the ground truth, combining only the LLM outputs.

3.3 Ranking

We assess performance using a ranking mechanism similar to
Simoiu et al. [16]. For each image, we rank the aggregate’s pre-
diction error among the individual prediction errors from the same
experimental condition (i.e., same context setting). This rank per-
centile shows the fraction of individual predictions the aggregate
outperforms (a lower percentile means fewer individual predictions
were better). For statistical significance, we use a one-sided paired
t-test on the rank percentiles for each image.

3.4 Mathematical Model

Consider an entity E with a d-dimensional attribute vector 6 € RY,
A digital image of it, P(E), is shown independently to m LLM agents
at temperature T = 0.

Each agent A; produces an estimate

0:=fi(P(E) =0+e, i=1....m, (1)
where ¢; denotes the idiosyncratic error of agent i.
We then form a coordinate-wise median aggregation:
éj =median{élj,é2j,...,émj}, j=1,...,d. (2)

This median aggregation can be formally characterized as a
Fréchet mean®, which generalizes the concept of centrality in metric
spaces by minimizing the sum of distances to observed points.
Specifically, for each coordinate j using the Euclidean distance
metric, the median is the solution to:

n A
lx — 0351
1

®)

0 j = arg min

xeR i=
The choice of distance metric and aggregation function is critical in
determining the aggregation behavior. For continuous real-valued
outputs using the Euclidean distance metric d(x, y) = |x — y|, differ-
ent aggregation methods correspond to different powers « in the
objective function }}77; d(x, éi 7)%: the median minimizes the sum of
distances (@ = 1), while the arithmetic mean minimizes the sum of
squared distances (« = 2). For discrete categorical outputs, majority
voting can be viewed as a Fréchet mean using the discrete metric
(0-1 loss), where d(x,y) = 0 if x = y and d(x,y) = 1 otherwise.

Shttps://en.wikipedia.org/wiki/Frechet_mean


https://en.wikipedia.org/wiki/Frechet_mean

Research Paper Track

Model Groups == Ground Truth
700 Quen2

E@Iﬂlgééé‘é?.;

“ % ¢ % o N % © % o N8 % ° = o Median

Estimated Value (Ibs)

Mean  Weighted Mean
Aggregation Method

Figure 2: An example from the Height-Weight dataset show-
ing different model biases. Qwen-2 and GPT-40-mini tend to
underestimate weight, while Llama-3.2 overestimates. The
median of the estimates is closer to the true value than any
single model’s.

Median is a More Robust Aggregation Method than Mean

L

‘Aggregation Method
Median

Average Rank Perceniie (Lower is Better)

Dataset and Condition

Figure 3: Median vs. Mean aggregation performance. The
median consistently achieves a lower (better) average rank
percentile, confirming its robustness.

The robustness of the median ( = 1) to outliers makes it particu-
larly suitable for aggregating LLM predictions, where individual
estimates may occasionally be far from the true value.

We assume each f; is a distinct world model (due to different
architectures, data, and biases), so their error vectors ¢; have zero
median and are weakly correlated (Cov(e;, ;) ~ 0 for i # j). This
assumption best applies when aggregating across diverse model
architectures, which our results show is most effective.

4 RESULTS AND DISCUSSION

Our findings show that: 1) median aggregation is more effective
than the mean; 2) aggregates are better than individuals; 3) model
diversity enables robustness; 4) model diversity is efficient; and 5)
context benefit is task-dependent. We will now go over each of
these statements.

Median aggregation is more effective than the mean. Our
first analysis confirmed that the median is superior to the mean
for aggregation. Estimation tasks are prone to outliers, causing the
mean to perform poorly as an aggregation method. Our experiments
(3) show that the median’s rank percentile was significantly lower
(better) than the mean’s across all datasets and conditions (p < 0.001
for all testable comparisons). We therefore focus on median-based
approaches.
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Figure 4: Cost-MRE Pareto frontier plot. Relative cost vs.
mean relative error (MRE) for different estimates. The red
dashed line represents the Pareto frontier. Model diversity
drives the main MRE improvement; single-model temp-0
and response-diversity points are close.

Aggregates are better than individuals. To test for a “wise”
crowd, we checked if our best method’s rank percentile (‘Median
- All Models - Temp 0°) was significantly below 0.5 (the expected
rank of an average individual). A one-sample t-test confirms this
with high confidence (p < 0.0001) across all conditions. Table 2 and
Figure 6 summarize this result. This confirms that the aggregate
is not just better than a few noisy individuals but is statistically
superior to the typical individual guess, which shows a wisdom
of the crowd effect. On average, our method outperforms 68% of
individual responses.

Model diversity enables robustness. Figure 2 qualitatively
reinforces the hypothesis that aggregation can cancel biases found
in individual models to achieve a superior estimate. As shown
in Figure 5, the “All Models” median aggregate provides a robust
estimate across all datasets and conditions. While individual models
occasionally achieve lower error, no single model is consistently
best across all tasks. The ensemble provides a reliable strategy that
does not require identifying the best model in advance.

Model diversity is efficient. Figure 4 shows the resulting Pareto
frontier of relative cost vs. mean relative error (MRE). Single-model
temp-0 and response-diverse points are close together: adding
temperature-induced diversity to one model yields only marginal
MRE gains at a higher cost. The dominant gain comes from model
diversity. The full 3-model median (temp-0 or hybrid) reaches the
best MRE on the frontier. Hollow points represent a naive approach
to response-diverse sampling where the image is passed in 75 sepa-
rate API calls, whereas the filled points represent loading the image
a single time, then repeatedly sampling to generate different esti-
mates. Taking the cost of GPT-40-mini as a baseline of 1 unit cost,

we determined the relative costs through API pricing at the time of
implementation. It is notable that without the more efficient imple-
mentation of response-diversity, these samples do not lie along the
Pareto frontier at all.

Context benefit is task-dependent. To test whether context
improves aggregate accuracy, we compared the mean relative error
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(I7—yl/ly) of the aggregate (Median of all models, Temp 0) with and
without context using a paired t-test. Context significantly reduced
the aggregate’s mean relative error for the Amazon Price dataset
(from 88% to 45%, p = 0.025), where the product title is highly
informative. However, context did not yield a statistically significant
improvement for height-weight (p = 0.13) or image2mass (p = 0.15).
We hypothesize that this difference arises because the product title
resolves the primary source of uncertainty for price estimation,
namely the identity of the product, which the image alone cannot
reliably convey. In contrast, for height-weight and image2mass,
the provided context (height or dimensions) addresses secondary
factors such as scale, while the dominant sources of uncertainty
(body composition or material density) remain unresolved. This
suggests that supplementary context could be most valuable when
it covers the dominant source of estimation uncertainty.

Dataset Without Context With Context
Height-Weight 0.342 0.312
Image2Mass 0.314 0.353
Amazon Price 0.311 0.286
Average 0.322 0.317

Table 2: Average rank percentile of the best aggregate method
(Median of All Models, Temp 0), ranked against individual
predictions from the same experimental condition. In all
conditions, the aggregate significantly outperforms the ex-
pected rank of an average individual (0.5), with p < 0.0001 for
a one-sample t-test.

5 LIMITATIONS AND FUTURE WORK

Our study has several limitations that suggest directions for future
research. First, our analysis uses three datasets with small sample
sizes (100 instances each). Larger, more diverse datasets are needed
to generalize our conclusions. Second, our experiments only cover
estimating weight and price. As Simoiu et al. [16] noted, crowd
performance varies by task. More broadly, all three of our datasets
involve vision-based numeric estimation from images. While we
deliberately selected domains that differ in perceptual difficulty
and data distribution, any generalization beyond computer-vision
scenarios remains speculative. However, our mathematical aggrega-
tion framework (Section 3.4) is domain-agnostic in principle, which
motivates future work on non-visual and mixed-modality estima-
tion tasks, as well as forecasting or subjective judgments. Third, we
lack a direct comparison to a human baseline for these visual tasks,
which would provide valuable context. Fourth, our study is limited
to three LLM architectures. While these models demonstrate com-
plementary biases that improve aggregate performance, including
additional diverse architectures could further enhance accuracy and
provide more robust estimates. The optimal ensemble size and the
marginal benefit of adding models remain open questions for future
investigation. Fifth, while our approach suggests potential compu-
tational advantages by using ensembles of smaller models rather
than single large models, we have not conducted a comprehensive
analysis of the computational trade-offs in terms of FLOPs, latency,
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memory requirements, and overall resource consumption. A more
thorough study is needed to quantify whether model ensembles
are indeed more efficient than larger individual models for specific
deployment scenarios. Finally, while our goal is to improve esti-
mation reliability, any method that enhances automated numeric
judgment at scale can be misused. Our work does not involve train-
ing new models and operates solely on inference-time aggregation
of existing API outputs, but responsible application, nonetheless,
requires domain-specific oversight.

In future work, we will investigate how sampling parameters
(e.g., top-p, top-k) affect output diversity and aggregate accuracy.
We also aim to use token-level distributions (entropy, perplexity)
for more refined aggregation weighting. Additionally, we plan to
explore adaptive weighting schemes that account for each model’s
systematic biases and task-specific performance patterns, poten-
tially improving aggregate accuracy by assigning higher weights
to models that demonstrate lower bias for particular estimation
domains. We will also explore dynamic multi-agent interactions
where agents adjust predictions based on cues and peer outputs,
simulating social learning. This would allow for modeling of influ-
ence and belief propagation as in human social networks, enabling
large-scale experiments on collective intelligence. Such simulations
could systematically test variables like communication topology
and information cascades at a scale and with a level of control that
is infeasible in human studies. We also plan to use a Fermi-inspired
estimation® strategy, using chain-of-thought prompting to make
LLMs decompose complex tasks into components (e.g., material,
dimensions). Estimating and combining these components may
enhance final prediction accuracy.

Finally, a promising direction is extending our mathematical
framework beyond numerical outputs to a general-purpose aggre-
gation system for diverse output types. Our current work focuses on
aggregating scalar predictions using median aggregation. However,
many practical applications require aggregating structured outputs
such as probability distributions and rankings, which necessitate
mapping these outputs to appropriate mathematical spaces with
suitable distance metrics. Aggregating probability distributions is
motivated by the observation that simply selecting the most proba-
ble outcome from each model discards valuable information about
what each model thinks regarding alternative choices. Aggregating
full distributions could improve decision-making in classification
tasks and scenarios where models express varying degrees of con-
fidence across multiple options. For rankings, we aim to develop
methods for aggregating ordered preferences when each model
produces a ranked list of items, which has applications in tasks
where models propose multiple solutions with implicit or explicit
priority orderings. The overarching goal is to establish a unified
Fréchet mean-based aggregation framework applicable across mul-
tiple domains, enabling wisdom-of-crowds benefits for any task
where diverse model outputs can be meaningfully combined.

6 CONCLUSION

Our work shows that “wisdom of the crowds” principles apply to
LLM ensembles for vision-based estimation tasks. We find that the

®https://en.wikipedia.org/wiki/Fermi_problem
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Figure 5: Diversity strategies. Median aggregation performance across model groups and strategies. Aggregating “All Models”
(leftmost) performs well, and Temperature 0 (blue) is comparable to All Temperatures (orange), with no statistically significant
difference between them. This plot shows results for the two datasets where temperature was varied; the Amazon Price dataset,
which only used Temperature 0, is omitted as it does not have an “All Temps” condition to compare against.

Wisdom of the Crowd: Aggregate Performance vs. The Average Individual

Condition.
Without Context

= With Context

-~ Average Individual Rank (0.5)

Average Rank Percentile (Lower is Better)

Amazon Price Height Weight Image2Mass

Figure 6: The aggregate is wiser than the average individ-
ual. Performance of our best method (Median of All Models,
Temp 0). Bars show the average rank percentile (95% CI). The
dashed line at 0.5 is the expected rank of an average individ-
ual. The aggregate is significantly better in all cases.

source of diversity is critical, as our results demonstrate that aggre-
gating deterministic (temperature 0) outputs from diverse models
(model diversity) is a more robust and cost-effective strategy than
generating multiple outputs from a single model using tempera-
ture sampling (response diversity). This is supported by two of
our main findings: 1) the multi-model aggregate provides robust
performance across all tasks, without requiring identification of
the best individual model in advance, and 2) temperature-induced
diversity provided no significant improvement while increasing in-
ference costs. Therefore, the most practical strategy is a committee
of diverse “expert” models, each giving its most confident estimate.
This approach may also reduce dependence on computationally
expensive large models and mitigates the systematic biases inher-
ent to any single LLM by leveraging complementary error patterns
across models. By grounding our approach in the Fréchet mean

framework, we lay the groundwork for developing general-purpose
aggregation methods that could extend beyond numerical predic-

tions to diverse applications including classification, ranking, and
decision support across multiple domains.
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