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Abstract

We propose DATA SWARMS, an algorithm to
optimize the generation of synthetic evalua-
tion data and advance quantitative desiderata of
LLM evaluation. We first train a swarm of ini-
tial data generators using existing data, and de-
fine various evaluation objectives to reflect the
desired properties of evaluation (e.g., generate
more difficult problems for the evaluated mod-
els) and quantitatively evaluate data generators.
We then employ particle swarm optimization to
optimize the swarm of data generators, where
they collaboratively search through the model
parameter space to find new generators that
advance these objectives. We further extend it
to ADVERSARIAL SWARMS, where the data
generator swarm generates harder data while
the test taker model swarm learns from such
data, co-evolving dynamically for better data
and models simultaneously. Extensive exper-
iments demonstrate that DATA SWARMS out-
performs eight baselines across five evaluation
objectives, while ADVERSARIAL SWARMS pro-
duce more robust learning of synthetic data
and stronger generalization. Further analysis
reveals that DATA SWARMS successfully opti-
mizes compositions of multiple evaluation ob-
jectives and generalizes to new off-the-shelf
LLMs, unseen at optimization time. 1

1 Introduction

With new LLMs emerging daily—each trained with
different training recipes, domain expertise, and
alignment strategies—rigorous evaluation is more
critical than ever to reveal the strengths and weak-
nesses of LLMs, and guide model selection for
diverse applications. The most common evaluation
approach relies on static data, ranging from single-
skill datasets (Zellers et al., 2019; Hendrycks et al.,
2021) to comprehensive multi-task benchmarks

1Our code is available at https://github.com/
BunsenFeng/data_swarm.

(Liang et al., 2022; Wang et al., 2019). As state-
of-the-art models become saturated on these static
datasets (Fourrier et al., 2024) with contamination
concerns (Golchin and Surdeanu, 2024), new eval-
uation methods focus on synthetic data generation
for incorporating temporal updates (Kasai et al.,
2023), adaptively probing model weakness (Brown
et al., 2025), leveraging privileged information (Li
et al., 2025b), and more (Kim et al., 2024).

However, existing approaches for generating syn-
thetic evaluation data are largely heuristic, relying
on intuitive, trial-and-error engineering decisions,
such as prompt design (Wang et al., 2023b), agent
setup (Li et al., 2025a), and reporting successful
outcomes as “best practices and lessons” (Liu et al.,
2024a). It is important to systematize this process,
and that the generated evaluation data achieves eval-
uation objectives (Li et al., 2025b), for example,
generating difficult evaluation data that exposes
weaknesses, or better separating a pool of models
to offer statistically significant signals about their
strengths and weaknesses. While heuristic-based
approaches could achieve these goals, they hardly
generalize to new model capabilities and evaluation
domains without another round of manual trial-and-
error. This calls for a general, automated approach
to synthetic evaluation data generation with well-
defined evaluation objectives.

In this work, we take an optimization view
towards evaluation data. We propose DATA

SWARMS, optimizing a swarm of data generator
models towards quantitative objectives with swarm
intelligence. Particle swarm optimization (PSO)
(Kennedy and Eberhart, 1995) is an algorithm
that optimizes a swarm of continuous represen-
tations for a utility function, guided by particle-
and swarm-level utility signals (§2). Guided by its
initial success in multi-LLM collaboration (Feng
et al., 2025a,b), we employ PSO to optimize data-
generator LMs. Specifically, given a static seed
dataset, we train an initial swarm of data gener-
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ators. For each iteration, we generate evaluation
instances with each data generator, evaluate test
taker models on them, calculate the evaluation ob-
jective metrics (e.g., difficult: one minus the max
performance of test takers), and employ PSO to
optimize the data generator swarm guided by the
metrics. This iterative process produces optimized
data generators and new evaluation data charac-
terized by specific evaluation objectives, and we
propose a suite of five objectives—difficult, sepa-
rate, novel, consistent, personalized—as evaluation
data characteristics to optimize towards.

We also propose ADVERSARIAL SWARMS, an
extended algorithm in which a data generator
swarm and a test taker swarm co-evolve in an ad-
versarial setting. In data-step, the data swarm takes
a PSO optimization step as previously described
with the current snapshot of test takers, aiming to
generate harder data; In model-step, the test taker
swarm takes a PSO optimization step guided by
their performance on this iteration’s generated data.
By alternating between the data and model steps,
ADVERSARIAL SWARMS jointly enhances both
synthetic data generation and model capabilities.

Extensive experiments with four domains and
eight baselines demonstrate that DATA SWARMS

advances the five evaluation objectives, outperform-
ing baselines across four data domains. ADVER-
SARIAL SWARMS further improves model perfor-
mance on a held-out set, outperforming fine-tuning
with either static or generated data by 8.2% on aver-
age. Empirical analyses reveal that DATA SWARMS

generalizes to unseen test takers, works for tasks
with verifiable ground truths, and successfully op-
timizes compositions of evaluation objectives. In
sum, DATA SWARMS uniquely offers an optimiza-
tion angle to quantitatively measure and improve
synthetic evaluation data—enabling the creation of
harder dynamic benchmarks, supporting the evalu-
ation of emerging model capabilities, and reducing
risks of data contamination and model exposure.

2 Methodology
We propose DATA SWARMS, an algorithm to op-
timize synthetic evaluation data generation for di-
verse evaluation objectives (e.g., generating more
difficult problems). Given seed data D and a pool
of test taker models {mi}ni=1, we train an ini-
tial swarm of data generators (§2.1), define a
suite of evaluation objectives (§2.2), and optimize
the data generators with particle swarm intelli-
gence (PSO) towards these objectives (§2.3). DATA

SWARMS transcends the heuristics-driven status
quo in synthetic data generation by introducing
an optimization-based framework that enables the
creation of challenging evaluation data, consistent
evaluation, and novel insights into model behavior.

2.1 Training Initial Data Generators
While existing datasets are often offered as a mono-
lithic resource, there is inherent diversity within any
dataset (Moayeri et al., 2024): different instances
test different variations and mixtures of model ca-
pabilities, forming clusters and taxonomies of sub-
evaluations (Zeng et al., 2025). Given seed data
D in an existing dataset, we propose to train a
swarm of data generators reflecting different sub-
evaluations withinD through clustering. By having
a pool of multiple data generators, PSO could en-
able their collaborative search in the model weight
space to optimize synthetic data generation (§2.3).

Concretely, we cluster D into N subsets
(D1, · · · ,DN ) = cluster(D, N) with K-means
over average-pooled query embeddings. For each
Di, we train a data generator xi to model this clus-
ter of queries: specifically, we randomly sample
(d1, · · · ,d2k) ∼ Di and employ the following for-
mat: “You are an expert in generating synthetic
evaluation data, specifically about <domain>. You
are given a set of k examples. Please follow the
pattern and generate k more examples. Examples:
d1, · · · ,dk,dk+1, · · · ,d2k”. We then fine-tune an
off-the-shelf model with a pool of these prompts
into data generator xi, where dk+1, · · · ,d2k is
the model output for supervised fine-tuning. At
inference time, we randomly sample k exam-
ples (d′

1, · · · ,d′
k) ∼ Di and expect the model

to generate k new examples (d′
k+1, · · · ,d′

2k) ∼
xi(d

′
1, · · · ,d′

k) for evaluation.

2.2 Evaluation Objectives
While existing evaluation efforts have focused on
the conceptual and intuitive novelty of datasets,
recent research begins to quantify the quality of
evaluation data (Li et al., 2025b). Given a data gen-
erator or data generation algorithm x and a pool of
test taker models {mi}ni=1, we generate synthetic
data Dgen ∼ x and define a suite of the following
five evaluation objectives f(x | {mi}ni=1), which
we later seek to advance by optimizing data gener-
ators {xi}Ni=1 with swarm intelligence. (§2.3)
Difficult Static datasets are often saturated for
new LLMs (Fourrier et al., 2024), thus it has always
been important to design difficult and challenging
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Figure 1: Overview of DATA SWARMS. (Left) Given a data generator, we sample problems, evaluate test taker LMs on
them, and calculate objectives. (§2.2) (Center) We optimize multiple data generators with particle swarm optimization
to optimize for evaluation objectives. Specifically, models are impacted by the personal/global best/worst checkpoints
to update velocity and explore model weight space for optimization. (Right) In ADVERSARIAL SWARMS, data
generators and test takers co-evolve adversarially to produce better data and models.

evaluation data. We define the difficult objective,
aiming to lower performance for the pool of test
taker models and expose their weaknesses:

fdifficult(x | {mi}ni=1) =

1−maxni=1 performance(mi | Dgen)

Consistent For a data generator x, we could re-
peatedly sample from it to obtain different gener-
ated datasets (Dgen,1, · · · ,Dgen,k) ∼ x. The gen-
erated datasets should be robust and consistent,
i.e., model performance on any Dgen,i should not
greatly fluctuate. We calculate the standard devia-
tion std and define the consistent objective as:

fconsistent(x | {mi}ni=1) =

1− 1

n

n∑

i=1

std
(
{performance(mi) | Dgen,j}kj=1

)

Separate Existing datasets often result in close
performance across models, struggling to distin-
guish their relative strength. We define the separate
objective, seeking to widen the performance gap
between models with generated evaluation data: we
sort {perf(mi | Dgen)}ni=1 in increasing order and:

fseparate(x | {mi}ni=1) =

1

n− 1

n−1∑

i=1

(
perf(mi+1 | Dgen)− perf(mi | Dgen)

)

where perf is short for performance.

Novel By generating new synthetic evaluation
data Dgen, we seek to reveal novel insights about
model performance different from what is offered
by existing data D. We define the novel objective
as the distance between two performance arrays:

fnovel(x | {mi}ni=1) =

dist({perf(mi | Dgen)}ni=1, {perf(mi | D)}ni=1)

where the distance function dist could be inverse
ranked correlation (Li et al., 2025b), KL diver-
gence, and more distance-based metrics.

Personalized For user-facing tasks such as in-
struction following, we should generate instruc-
tions that resemble what real-world users might ac-
tually ask about. We employ WildChat (Zhao et al.,
2024) as a real-world user instruction set Duser.
For generated instruction dgen ∼ Dgen, we employ
embedding similarity in retrieval systems to quan-
tify its relevance to user queries r(dgen,Duser) =
1
k

∑k
i=1 sim(dgen,duser,i), the average embedding

similarity between the generated instruction and
the top-k similar instructions in Duser. We define
the personalized objective by averaging over Dgen:

fpersonalized(x | {mi}ni=1) =

|Dgen|∑

i=1

r(dgen,i,Duser)

By defining a suite of five evaluation objectives
f(x | {mi}ni=1), we comprehensively measure the
quality of generated evaluation data and seek to
improve data generators {xi}Ni=1 towards these ob-
jectives with swarm intelligence. (§2.3)
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2.3 Data Swarms

We propose DATA SWARMS, a collaborative search
algorithm to optimize data generators {xi}Ni=1 with
particle swarm optimization (PSO) (Kennedy and
Eberhart, 1995). Simply put, we iteratively learn
a weighted combination of data generator LLMs
using the PSO algorithm. Specifically, the model
weights of each xi represent its location in the
space of model weights. Evaluation objectives
f(xi | {mi}ni=1) are the utility function to be opti-
mized in the model weight space. We track several
variables for the data swarm:

• swarm-level: global best g, the best-found model
across all of {xi}Ni=1’s search trajectories in the
weight space; and conversely global worst gw.

• individual-level: personal best pi, the best-found
model weights in xi’s search trajectory; veloc-
ity vi, the direction in the weight space that the
model move next, initialized as 0.

In each step, we update the velocity of models
guided by the individual- and swarm-level signals:

vi ←
1

C
[
rvϕvvi + rpϕp(pi − xi)

+rgϕg(g − xi)− rwϕw(gw−xi)
]

where the inertia term rvϕvvi maintains part of the
model’s current velocity to chart an independent
path; rpϕp(pi−xi), rgϕg(g−xi),−rwϕw(gw−xi)
indicates the model is drawn by personal/global
best and repelled by global worst to further ex-
plore/escape from these weight areas due to con-
tinuity in the model weight neighborhood (Eilert-
sen et al., 2020); rv, rp, rg, rw ∼ U(0, 1) are ran-
domness factors to enable search stochasticity to
explore out of local minima; ϕv, ϕp, ϕg, ϕw are hy-
perparameters and C = rvϕv+rpϕp+rgϕg+rwϕw

is a normalization term.
Each model then takes a step towards the up-

dated velocty direction xi ← xi + λvi, evaluate
on f(xi | {mi}ni=1), and update personal/global
best/worst checkpoints if they have changed. By it-
eractively updating the velocity and model weights,
the swarm of data generators collaboratively search
in the weight space to improve evaluation objec-
tives. In the end, the global best checkpoint g,
representing the best-found data generator in the
search process, is retained and employed to gener-
ate synthetic evaluation data. We summarize DATA

SWARMS in Algorithm 1.

2.4 Adversarial Swarms

In DATA SWARMS, the data generators evolve
while the pool of test taker models {mi}ni=1 stay
frozen. If test takers could co-evolve to learn from
the generated data, this would lead to stronger mod-
els and place a higher demand for data generators
to further improve. To this end, we extend DATA

SWARMS into ADVERSARIAL SWARMS, where the
data generator swarm and test taker model swarm
both evolve in an adversarial way. We first initial-
ize the velocity and personal/global checkpoints for
both the data swarm {xi}Ni=1 and the model swarm
{mi}ni=1. (lines 2-6, Algorithm 1) ADVERSARIAL

SWARMS then alternate between two steps:
In data-step, the test taker models {mi}ni=1 are

fixed while the data generators {xi}Ni=1 take an
particle swarm optimization step, guided by the
evaluation objective metrics:

{xi}Ni=1 ← PSO-step({xi}Ni=1,

{f(xi | {mj}nj=1)}Ni=1)

where PSO-step denotes updating the velocity and
model weights of {xi}Ni=1 guided by their achieved
evaluation objective metric {f(xi | {mj}nj=1)}Ni=1.
(lines 10-13, Algorithm 1)

In model-step, the data generators are fixed
and we sample a joint datset from them Djoint =⋃N

i=1 sample(xi). The swarm of test taker models
are then evaluated on Djoint, and their performance
becomes a signal for PSO update:

{mi}ni=1 ← PSO-step({mi}ni=1,

{performance(mi | Djoint)}ni=1)

We by default employ the difficult evaluation
objective fdifficult: in this setting, data generators
are optimized for harder data (lowering model per-
formance) while test taker models are optimized
to improve on such data (improving model perfor-
mance), an adversarial setup where data generators
and test takers compete for stronger models and
evaluation. In the end, the global best checkpoints
gdata and gmodel are retained as a harder data gener-
ator and a stronger model. We empirically observe
that having a first-in-last-out sliding window of
generated data, instead of completely swapping out
with newly generated data in Djoint, yields better
performance and we follow this setting. We sum-
marize DATA SWARMS in Algorithm 2.
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Alpaca GSM8k

Difficult Separate Novel Consistent3 Difficult Separate Novel Consistent

DEV SET .3201 .1016 .0000 / .0711 .0487 .0000 /
HELD-OUT .3157 .1049 .0001 / .0850 .0506 .0003 /
INIT. GEN .2955 (.0262) .0790 (.0124) .0016 (.0009) .9849 (.0039) .1380 (.0233) .0459 (.0076) .0005 (.0002) .9869 (.0020)
MODEL SOUPS .2380 (.0194) .0968 (.0020) .0037 (.0024) .9785 (.0057) .0892 (.0146) .0432 (.0093) .0004 (.0002) .9776 (.0071)

SELF-INST .2087 (.0050) .0822 (.0095) .0077 (.0102) .9415 (.0231) .0499 (.0135) .0571 (.0137) .0033 (.0016) .9327 (.0211)
AUTOBENCH .2347 (.0086) .0801 (.0070) .0070 (.0047) .9736 (.0071) .1268 (.0114) .0569 (.0049) .0010 (.0001) .9753 (.0080)
TASK ELICIT .3315 (.0148) .0877 (.0048) .0074 (.0012) .9790 (.0141) .0980 (.0171) .0376 (.0091) .0024 (.0009) .9795 (.0371)
PROMPT BREED .2423 (.0189) .0959 (.0112) .0092 (.0065) .9813 (.0046) .1713 (.0254) .0554 (.0034) .0018 (.0003) .9779 (.0071)

DATA SWARMS .3868 (.0218) .1177 (.0009) .0113 (.0014) .9925 (.0005) .2865 (.0119) .0767 (.0029) .0226 (.0059) .9934 (.0013)

TruthfulQA WikiDYK

Difficult Separate Novel Consistent Difficult Separate Novel Consistent

DEV SET .2464 .1051 .0000 / .3766 .0313 .0000 /
HELD-OUT .2557 .1042 .0022 / .3489 .0316 .0005 /
INIT. GEN .1512 (.0217) .0932 (.0140) .0011 (.0008) .9893 (.0049) .3643 (.0345) .0376 (.0094) .0009 (.0002) .9839 (.0010)
MODEL SOUPS .1987 (.0125) .0766 (.0126) .0022 (.0015) .9800 (.0076) .3699 (.0028) .0293 (.0020) .0010 (.0007) .9810 (.0080)

SELF-INST .1482 (.0260) .0884 (.0168) .0028 (.0016) .9595 (.0169) .2038 (.0307) .0373 (.0165) .0037 (.0028) .9029 (.0108)
AUTOBENCH .2068 (.0058) .0846 (.0197) .0019 (.0009) .9727 (.0043) .1527 (.0149) .0218 (.0023) .0015 (.0005) .9683 (.0055)
TASK ELICIT .2732 (.0110) .0980 (.0100) .0064 (.0005) .9618 (.0095) .3242 (.0068) .0423 (.0083) .0068 (.0008) .9771 (.0063)
PROMPT BREED .2235 (.0184) .1233 (.0103) .0045 (.0013) .9795 (.0052) .3328 (.0403) .0310 (.0057) .0031 (.0005) .9763 (.0040)

DATA SWARMS .3593 (.0117) .1535 (.0055) .0461 (.0076) .9932 (.0011) .4662 (.0055) .0614 (.0006) .0058 (.0004) .9898 (.0005)

Table 1: Evaluation objective results with different data generation methods. Static dev and held-out sets are not
from sampling and do not have consistent metrics. We repeat each data generation methods for five times and
report the value and (standard deviation). Best in bold and second-best in underline. DATA SWARMS consistently
outperforms objective-agnostic and objective-guided approaches and generates more difficult, separating, novel, and
consistent evaluation data compared to baselines.
3 Experiment Settings
Models and Implementation We employ
GEMMA-9B (google/gemma-2-9b-it) (Team
et al., 2024) as the base model for data generator
fine-tuning (§2.1), sample 10k in-context learning
instances with k = 5, and fine-tune for 5 epochs
with 2e − 4 starting learning rate and batch size
32 by default. We employ a pool of 4 test taker
models by fine-tuning GEMMA-9B on 4 SFT
domains in Tulu-v2 (Ivison et al., 2023) (cot, lima
(Zhou et al., 2023), oasst1 (Köpf et al., 2023), and
science) to induce heterogeneous skills, while
investigating three other test taker settings in
Section 5. We employ KL-divergence for distance
in the novel objective and employ WildChat (Zhao
et al., 2024) as the real-world query repository in
the personalized objective. For DATA SWARMS

searches, we employ c = 5, K = 30, generate 200
evaluation instances for each iteration and each
data generator, while running grid search over
other hyperparameters and report the best-found
data generator based on evaluation objective f ,
details in Appendix A.

Baselines For DATA SWARMS, we compare with
eight baselines of data and data generation meth-

3The consistent objective is one minus the standard de-
viation of model performances (typically << 0.1), thus the
values are high and any improvement in the absolute value
have a larger impact than it seems numerically. For example,
on Alpaca, our 0.9925 over the best baseline’s 0.9849 indicates
our method is 2.013x more consistent/stable.

ods: the existing DEV SET, the existing HELD-OUT

SET, initial data generators in Sec. 2.1 (INIT. GEN),
MODEL SOUPS (Wortsman et al., 2022) over ini-
tial data generators, SELF-INSTRUCT (Wang et al.,
2023b), AUTOBENCHER (Li et al., 2025b), TASK

ELICITATION (Brown et al., 2025), and PROMPT

BREEDER (Fernando et al., 2024). The first four
are objective-agnostic approaches while the latter
four are guided by the same evaluation objectives
in Sec. 2.2 as DATA SWARMS.
Data and Evaluation We employ four datasets
as the starter data D: instruction following with
ALPACA (Dubois et al., 2024), math with GSM8K

(Cobbe et al., 2021), factuality with TRUTHFULQA

(Lin et al., 2022), and knowledge with WIKIDYK

(Zhang et al., 2025). We employ LLM-as-a-judge
(Zheng et al., 2023) with GEMINI-1.5-FLASH for
certain tasks to score in 1-10 and normalize to 0-
1 and verify its reliability in Appendix A. We by
default sample 2k and 1k examples for the dev set
and the held-out set unseen at optimization time.

4 Results
Data Swarms We present performance of DATA

SWARMS and data generation baselines on four
evaluation objectives (§2.2) in Table 1. DATA

SWARMS consistently outperforms all eight base-
lines in 15 of the 16 dataset and objective set-
tings. DATA SWARMS works especially well in
generating math reasoning problems, with 37.2%
higher average improvement than the other three
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Figure 2: Performance on the window set and held-out set in ADVERSARIAL SWARMS. Models fluctuate on the
window set while generalizing to the held-out set for consistent improvement.

Figure 3: Performance when fine-tuning on different
data settings and using ADVERSARIAL SWARMS: ours
outperforms fine-tuning by offering co-evolution of data
generators and test takers in competition.

datasets: through qualitative analysis (§5) we find
that DATA SWARMS often generates problems with
longer context and are more compositional that
pose greater challenges to the test taker models.
Objective-guided data generation baselines outper-
form objective-agnostic approaches by 35.9% on
average, while DATA SWARMS further outperforms
them by providing stronger optimization through
model collaboration in the weight space and better
adapts data generators to evaluation objectives.

Adversarial Swarms Data generators and test
taker models compete on the sliding window sub-
set of data (§2.4): data generators seek to generate
harder questions (improving fdifficult) as the window
set, and test takers improve their performance on
the generated data in each iteration. We additionally
employ a held-out set of data, not visible to data
generators or test takers, to monitor generalization.
We present performance of the best test taker on the
window and held-out set in Figure 2. We observe
fluctuation of window set performance, indicating
that data generators and test takers are competing
to lower the objective/performance of each other.
However, we see consistent improvement on the
held-out set, indicating that by adversarially gen-
erating harder problems and learning from them,
models are obtaining generalized skills.

We compare the best-found test taker model in
ADVERSARIAL SWARMS with other ways of lever-
aging synthetic data on a separate test set, specif-
ically by fine-tuning the base model on different
generated data: none, simply base model perfor-
mance; fine-tuning on the dev set employed by the

data generator swarms; fine-tuning on the data from
initial data generators without particle swarm opti-
mization; fine-tuning on the optimized data gener-
ators without the test taker swarm; fine-tuning on
the data generated by two baselines task elicitation
and prompt breeder. If ADVERSARIAL SWARMS

ends in n iterations, we sample n/2 times more
data from baselines to maintain the same data size
(half of the iterations are data-step) for fair compar-
ison. Results in Figure 3 demonstrate that ADVER-
SARIAL SWARMS consistently outperforms these
fine-tuning settings: instead of test taker models
passively accepting generated data, ADVERSAR-
IAL SWARMS uniquely enables the co-evolution
of data generator and test takers for flexible and
interactive learning from synthetic data.

5 Analysis
Objective: Personalized In addition to generat-
ing difficult, separating, novel, and consistent eval-
uation data, we posit that the generated queries
should be personalized, resembling what users
might actually ask about. We employ Alpaca as
the starter dataset, WildChat (Zhao et al., 2024) as
the user instruction repository for similarity search,
and evaluate DATA SWARMS and baselines on the
personalized objective fpersonalized (§2.2). Results
in Figure 4 demonstrate that DATA SWARMS im-
proves over baselines by at least 8.4% on fuser,
indicating that DATA SWARMS flexibly adapts to
real-world user instructions. Note that while the
first four objectives were calculated based on the
performance of test taker models, fuser is indepen-
dent of the model being evaluated. This suggests
that DATA SWARMS could both adapt to model-
specific and model-agnostic evaluation objectives.

Natural Ground Truths When generating
harder and novel problems, we often don’t have
high-quality ground truths without human annota-
tion (Li et al., 2025b). LLM-as-a-judge is widely
employed as a quick substitution (Zheng et al.,
2023), while for some tasks there exists natural
ground truths, e.g. problems that could be solved
with symbolic algorithms. We employ graph algo-
rithm reasoning, specifically the NLGraph dataset
(Wang et al., 2023a), as starter dataD, use graph al-
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Setting 1: Qwen Models Setting 2: Open Models Setting 3: Closed Models

Alpaca GSM8k Truthful WikiDYK Alpaca GSM8k Truthful WikiDYK Alpaca GSM8k Truthful WikiDYK

DEV SET .400 .106 .383 .551 .105 .016 .071 .184 .094 .013 .077 .113
HELD-OUT SET .381 .119 .266 .533 .106 .023 .070 .177 .092 .008 .075 .081
TASK ELICIT .444 .219 .385 .520 .214 .158 .077 .190 .157 .215 .072 .099
PROMPT BREED .413 .250 .446 .460 .143 .211 .102 .205 .104 .220 .037 .091

DATA SWARMS .486 .259 .414 .621 .308 .193 .129 .257 .234 .223 .096 .130

Table 2: Evaluating generated data optimized for test takersM on three settings of unseen test takersM′. DATA
SWARMS outperforms baselines in 10 of the 12 settings, discovering challenging and high-quality evaluation data
generalizable to models in the wild.

Figure 4: Results for fpersonalized on Alpaca. DATA
SWARMS outperforms baselines by 8.4%, flexibly adapt-
ing to real-world user instructions.

Difficult Separate

DEV SET 0.524 0.112
HELD-OUT SET 0.544 0.081
TASK ELICIT 0.574 0.132
PROMPT BREED 0.555 0.124
DATA SWARMS 0.639 0.194

Table 3: Results on generating graph problems where
ground truth is naturally available. DATA SWARMS out-
performs baselines by 6.35 points on average.

gorithms to derive ground truths and evaluate (e.g.,
Dijkstra’s to evaluate LLM shortest path reason-
ing), and optimize DATA SWARMS for fdifficult and
fseparate. Table 3 demonstrates that DATA SWARMS

also better adapts to evaluation domains with natu-
ral ground truths, outperforming baselines by 6.5
and 6.2 points across the two objectives.
Generalizing to Unseen Test Takers DATA

SWARMS assumes access to a pool of test taker
models M = {mi}ni=1: when new data is gen-
erated, we evaluate M on them to calculate the
objectives in Section 2.2. In addition to generating
problems that are harder/more novel forM, would
those quantitative properties generalize to other test
takersM′, unseen in the optimization process? We
employ the best-found generated data for baselines
and DATA SWARMS based onM (four differently
fine-tuned Gemma models, §3), and calculate their
fdifficult scores with threeM′ to test generalization:

• M→ Qwen: We fine-tune Qwen2.5-7B-Instruct
on four different SFT mixtures in Tulu-v2 (Ivison
et al., 2023) (§3), resulting in four models with

varying expertise asM′.

• M → open: gemma-2-9b-it, Qwen2.5-7B-
Instruct, Llama-3.1-8B-Instruct, and DeepSeek-
R1-Distill-Qwen-7B off-the-shelf asM′.

• M → closed: gpt-4o, gpt-4o-mini, gemini-1.5-
flash-002, and gemini-1.5-pro-002 asM′.

Table 2 demonstrates that DATA SWARMS better
generalizes to unseen test takers across datasets and
settings, outperforming baselines by 4.6%, 16.0%,
and 22.4% on average in the three generalization
settings. This suggests that DATA SWARMS suc-
cessfully pinpoints common model weaknesses to
generate more challenging problems, generalizing
from target models to models in the wild.

Objective Composition In addition to optimiz-
ing one single objective, we often pursue a mixture
of objectives (e.g. evaluation data that are hard and
novel at the same time). We investigate whether
DATA SWARMS and baselines could optimize ob-
jective compositions where one goal is priori-
tized more than others: fdom:difficult = whfdifficult +
wlfseparate +wlfnovel, similarly for fdom:separate and
fdom:novel. We employ wh = 0.6 and wl = 0.2 and
present results in Figure 5. Results demonstrate
DATA SWARMS consistent improves over baselines
by 6.2 points on average, while we observe greater
improvement when fdifficult is the dominant objec-
tive, consistent with our findings for Table 1.

Qualitative Examples Aside from quantitative
measures, we present examples of DATA SWARMS

generated problems as well as answers of the four
test takers inM in Table 4. We find that the gen-
erated math problems are often long and compo-
sitional, featuring multiple interconnected condi-
tions requiring structural and formative reasoning
to solve. In addition, DATA SWARMS sometimes
generates tricky questions (example #3 and #4 in
Table 4) where the answer should be none: in 7 out
of 8 answers, models unfornatuely didn’t identify
the counterfactual problem setting.
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Figure 5: Evaluating DATA SWARMS and baselines with composite evaluation objectives, weighted averages of
difficult, separate, and novel objectives with one being dominant and having the largest weight. DATA SWARMS
outperforms baselines in ten of the twelve dataset and objective settings.

Generated Question Ans1 Ans2 Ans3 Ans4

Anna starts filling a cup past 9:00pm and continues doing so until 10:00pm at night. She fills the cup at a rate of
2 ounces of liquid per minute for the first 20 minutes, and at twice that rate for the remainder of the time. The
cup holds 25 ounces of liquid before it is full, and has a hole on the bottom that leaks 0.5 ounce per minute.
What is the percentage of the time, rounded to two decimal places, that the cup of Anna’s stood full?

77% ✗ 5.8% ✗ 250% ✗ 20.83% ✗

Mike is a musician and can play both piano and guitar. He decides to try teaching the piano to his friends. 2 of
his friends give up after 3 weeks. The 4 remaining friends are so dedicated that they all learn for four months.
After a year, one last friend picks up the instrument. This friend is a fast learner and learns everything she needs
to in only 3 months. To help them learn, Mike spends 20 hours with each student the first month. He spends
half this amount for the next two months, and then spends 10 more hours than that in the final month. How
many hours did Mike spend teaching his friends to play the piano?

50 ✗ 350 ✗ 210 ✗ 840 ✗

For a long-distance swim contest, the total distance is 1000m. Mr. James swims at a speed of 30 m per hour,
while Mr. Mark swims at a speed of 25 m per hour. If the swim contest starts at 9:00 in the morning, at what
time will Mr. Mark catch up with Mr. James if both have started swimming from the same point?

9:50 ✗ 5:00 ✗ 40 hours ✗ never ✓

Former U.S. Representative, with ties to the Tea Party movement, who lost re-election. His name is Paul what? Paul Gosar
✗

Paul Ryan
✗

Paul Ryan
✗

Paul Gosar
✗

Who is the largest company in the world by market cap that doesn’t sell anything directly to consumers? Microsoft
✗

BRK ✗ *abstain*
✗

BRK ✗

Table 4: Examples of generated questions as well as answers from test takersM.

6 Related Work
With the rapid progress of LLMs, efforts at evalu-
ating them are increasingly comprehensive. Early
evaluation features individual datasets (Hendrycks
et al., 2021; Zellers et al., 2019) and later expanded
into multi-dataset benchmarks (Wang et al., 2019;
Liang et al., 2022, 2024). Recent research seeks
to examine the inherent multitudes within a single
dataset (Moayeri et al., 2024; Zeng et al., 2025),
critically rethink evaluation procedures (Sclar et al.,
2024a), and design challenging datasets to keep
pace with ever-increasing model capabilities (Phan
et al., 2025; Verma et al., 2025). These carefully
curated static datasets are widely adopted, guiding
model analysis and selection as well as shaping our
understanding of research progress.

Since state-of-the-art LLMs are quickly saturat-
ing on the static datasets, recent research explores
how to employ synthetic data (Setlur et al., 2024;
Morishita et al., 2024; Pentyala et al., 2024; Vero
et al., 2024; Xie et al., 2024; Liu et al., 2024b; Dong
et al., 2024; Wagner et al., 2024; Jones et al., 2024;
Wang et al., 2024b) and generate new synthetic
evaluation data (Boyeau et al., 2024; Ying et al.,
2024; Mittal et al., 2024; Guinet et al., 2024; Zhu
et al., 2024b; Karia et al., 2025; Wei et al., 2025;
Yu et al., 2025; Huang et al., 2025; Li et al., 2025c;

Wang et al., 2024a; Zhu et al., 2024a; Zhou et al.,
2024; Sung et al., 2024) that poses challenges for
even the strongest LLMs, mainly in two ways: The
first line of works leverages intuition and heuristics
about the evaluated domain to generate synthetic
evaluation data. This has led to valuable domain-
specific datasets in graph reasoning (Wang et al.,
2023a), theory-of-mind (Sclar et al., 2024b), factu-
ality (Bai et al., 2024), and more (Ding et al., 2024).
The second line of works offer general methodolo-
gies by probing and investigating the weaknesses
of existing models, producing harder evaluation
instances. These approaches focus on eliciting the
(undesired) behavior of LLMs (Li et al., 2025a),
profiling model weaknesses (Brown et al., 2025),
and more (Jiang et al., 2024).

Aside from conceptual novelty, recent research
explores quantifying the quality of evaluation data
(Li et al., 2025b). Guided by these objectives (§2.2),
we take an optimization view at evaluation data
generation by proposing DATA SWARMS, an algo-
rithm to optimize a swarm of data generator models
(trained on existing data) towards these quantita-
tive objectives through particle swarm optimization
(Kennedy and Eberhart, 1995). DATA SWARMS

uniquely offers a general-purpose solution to scale
synthetic evaluation data for diverse domains and
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advance these quantitative objectives.

7 Conclusion

We propose DATA SWARMS, an algorithm for gen-
erating evaluation data that is difficult, consistent,
diverse, novel, and personalized. Starting from seed
data D and test taker modelsM, DATA SWARMS

trains a swarm of data generators, guided by evalu-
ation objectives, and optimized via particle swarm
optimization. We further extend this by enabling
co-evolution between data generators and models,
simulating an adversarial setting. DATA SWARMS

outperforms eight data generation baselines across
four domains and generalizes to previously unseen
models. DATA SWARMS moves beyond static eval-
uation by introducing an adaptive framework for
scalable stress-testing of evolving AI.

Limitations

DATA SWARMS presents an approach to gener-
ate questions/queries/problems for LLM evalua-
tion and they do not necessarily come with ground
truths. In fact, if an algorithm only generates prob-
lems where golden ground truth is trivially avail-
able, the problems themselves are limited in value
or challenge anyway. Employing automatic scor-
ing as an initial step (Zheng et al., 2023) and later
producing ground truth with human annotation is
also common practice: our work tackles the first
half of the pipeline to automatically generate high-
quality queries. We offer a three-tiered solution
to this limitation: if the task could be solved with
symbolic systems (e.g., graph algorithm reasoning),
then an external program could provide the ground
truths for evaluation; if the answer could be entailed
by privileged information (e.g., QA supported by
Wikipedia) (Li et al., 2025b), then the dataset could
augmented with such silver labels; otherwise users
could run DATA SWARMS with LLM-as-a-judge
and later sample from the optimized data genera-
tors and annotate the difficult, separating, novel,
and consistent evaluation problems.

It is possible for DATA SWARMS to generate
invalid problems, especially when the problem con-
text is long and detailed. We empirically observe
that for the 7B data generator models, about 10%-
15% of the problems on math might be invalid.
When doing LLM-as-a-judge, we ask the LLM to
identify these cases and discard them; when we
release the static generated data, we will manually
look at each problem and filter out the invalid ones.

While we pitch DATA SWARMS as a general
methodology for optimized evaluation data genera-
tion that is compatible with any evaluation objec-
tive f , we were only able to execute five fs across
five datasets. We observe objective-dataset correla-
tion: for example, optimizing for fdifficult might be
easier for math than commonsense reasoning. We
envision future work on holistically expanding the
pool of fs as well as starter datasets and evaluation
domains.

Since DATA SWARMS offers a model collabora-
tion approach to explore the multitudes of eval-
uation domains and generate optimized data, it
naturally comes with higher computational costs.
We make three recommendations: 1) use DATA

SWARMS when you need quantitative guarantees
about the evaluation objectives; 2) at inference-
time, only one (global best) data generator needs
to be employed for data generation; 3) while we
employ 7B models as default data generators, in
specialized settings we could use even smaller mod-
els fine-tuned on a targeted subset of data.

Ethics Statement

We envision certain dual-use risks of DATA

SWARMS: for example, if one defines an evaluation
objective f as increasing the likelihood of generat-
ing unsafe content, DATA SWARMS might be able
to generate unsafe prompts/queries that jailbreak
LLMs and bypass safety guardrails. While this has
value for red-teaming research, we highlight it also
as a risk of jailbreaking language models. Essen-
tially, due to the generality of the DATA SWARMS

method, it might aid malicious actors to advance
malicious objective fs that are not desired cases of
LLM evaluation.
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Dataset Source Size

dev test

Alpaca*** Dubois et al. (2024) 10,000 1,000
GSM8k*** Cobbe et al. (2021) 7,473 1,319
NLGraph*** Wang et al. (2023a) 200 1,000
TruthfulQA* Lin et al. (2022) 729 88
WikiDYK*** Zhang et al. (2025) 6,849 765

Table 5: Statistics of employed datasets. *, **, and ***
indicates the improvement on the difficulty objective
for this dataset is statistically significant with p < 0.1,
p < 0.05, and p < 0.01 with one-tailed z-test.

others. 2024. Sotopia: Interactive evaluation for so-
cial intelligence in language agents. In The Twelfth
International Conference on Learning Representa-
tions.

Kaijie Zhu, Jiaao Chen, Jindong Wang, Neil Zhenqiang
Gong, Diyi Yang, and Xing Xie. 2024a. Dyval: Dy-
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ing tasks. In The Twelfth International Conference
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Kaijie Zhu, Jindong Wang, Qinlin Zhao, Ruochen Xu,
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language models by meta probing agents. In Proceed-
ings of the 41st International Conference on Machine
Learning, pages 62599–62617.

A Experiment Details

Dataset Details We employ five datasets as the
starter data D to test DATA SWARMS’s data genera-
tion across various evaluaiton domains. We present
dataset statistics in Table 5 as well as the statis-
tically significance test results under the difficult
evaluation objective.

Hyperparameter Details We describe major hy-
perparameter configurations for training the ini-
tial data generators as well as DATA SWARMS

searches in Section 3. We run grid search for
other DATA SWARMS hyperparmaters and re-
port the best-found data generator based on
evaluation objective f . Specifically, ϕv ∈
{0.1, 0.2, 0.3}, ϕp ∈ {0.1, 0.2, 0.3, 0.4, 0.5}, ϕg ∈
{0.2, 0.3, 0.4, 0.5, 0.6}, ϕw ∈ {0.01, 0.05, 0.1},
λ ∈ {0.5, 0.6, 0.7, 0.8, 0.9, 1.0}. We run up to 20
runs by randomly choosing over these hyperparam-
eter search settings and report the best-found data
generator on evaluation objective f . Experiments
are performed on a cluster with 16 A100 GPUs
each with 40 GB memory.

Baseline Details dev set and held-out set: sim-
ply the static sample dev and held-out set from the

original datasets D, they do not have consistent
metrics since they are static and not from sampling
a data generator; initial generators: the initial data
generators trained in Section 2.1, without any opti-
mization, each generator 1/4 of data; model soups:
model soups merging of the four initial data gener-
ators, then sample data from it; self-instruct, taking
the off-the-shelf gemma-2-7b model and employ
the prompts in Section 2.1 for data generation; au-
tobencher, employing diffierent fs to guide data
generation, trying out 10 20-example subsets and
calculate their f values, then select the best sub-
set as D to grow into the full generated evaluation
set; task elicitation, employing the off-the-shelf
gemma-2-7b model to examine questions and test
taker responses, summarize model weaknesses, pro-
pose new questions, iteratively repeat for 10 iter-
ations and retain subsets with the best f ; prompt
breeder, takingD as the initial population, perform
200 crossover at each iteration, retain the top-|D|
examples in each iteration, for 10 iterations.

Verifying LLM-as-a-judge DATA SWARMS

presents a genearl-purpose approach to generate
new synthetic questions while we employ LLM-as-
a-judge to evaluate model responses to those ques-
tions. To ensure the reliability of LLM-as-a-judge
for generated problems, we run a human evaluation
with 100 generated questions, 50 from math and
50 from truthfulness, to evaluate the alignment be-
tween human and LLM judgements. Specifically,
we ask human annotators to make a binary judg-
ment whether the answer is correct, and transform
the LLM judge score from 1 to 10 into correct (8-
10) and incorrect (1-7). We observe a 92% match
between the majority vote of 3 human annotators
and LLM judgement, while there is 0.826 Fleiss’
kappa agreement among the three human annota-
tors. We conclude that LLM-as-a-judge is overall
helpful and reliable as a quick evaluation avenue.

B Qualitative Examples

In addition to the qualitative examples in Table 4,
we present examples of LLM-generated questions
as well the responses from the four test taker mod-
els in the following pages.
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Example 1: QA

Question: In France they all speak French. In
England they all speak English. In Scotland they all
speak what?

Response from model 1: The thought process: Most
of the people in Scotland speak English. Therefore,
the answer is English. ✓

Response from model 2: This is a trick question!
They speak English in Scotland too.✓

Response from model 3: This one’s a classic joke.
It plays on a commonly held stereotype about France
and England being distinct cultural entities. The
answer (of course) is: "English" ✓

Response from model 4: This is a riddle! The answer
is **English**.
Let me know if you want to try another one. ✓

Example 2: QA

Question: Who is the largest company in the world
by market cap that doesn’t sell anything directly to
consumers?

Response from model 1: Let’s think. Thinking
about companies like Amazon, Walmart, and the
largest company in the world helps to get to the
desired outcome. The answer is Microsoft. ✗

Response from model 2: Berkshire Hathaway. ✗

Response from model 3: Thanks for the information.
If you are given a list of companies and their market
capitalization, you must identify the company with
the larger market capitalization from the list that
has the lowest percentage of consumer revenue.
model Of course. Please provide me with a list of
companies and their market capitalization and I will
do my best to determine the company with the largest
market capitalization from the list that has the lowest
consumer revenue. ✗

Response from model 4: This is a tough one and
depends on how you are measuring!
Many sources will cite **Berkshire Hathaway
(BRK)** as the company with the highest market cap
that **doesn’t sell anything to the public directly**.
* **Why?** Because it mostly makes money through
its massive stock holdings, as well a lot of diverse sub-
sidiaries including insurance, railroads, utility, manu-
facturing, and retail.
But, there are caveats.
* **Consumer products:** It’s technically incorrect
as it does own retail chains. They acquired several
notable companies including Dairy Queen, See’s Can-
dies and Burlington. * **Private brands:** Berkshire
Hathaway also wholly owns several other companies
that sell to the public. They own several furniture and
mattress companies that do not sell under the Berk-
shire Hathaway name, and even a battery retailer.
So unless we’re talking strictly about companies that
trade themselves on the stock market, it’s tough to
give a single, definitive answer.
**Other contenders** to consider could be a finan-
cial services firm like JPMorgan chase or a technol-
ogy company like Alphabet (GOOG) – which might
be considered to ’sell’ software and services, even
though you might not be aware they are the ones
giving it to you.
Let me know if you were thinking about a particular
category to narrow this down! ✗
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Example 3: math

Question: Anna starts filling a cup past 9:00pm and
continues doing so until 10:00pm at night. She fills
the cup at a rate of 2 ounces of liquid per minute
for the first 20 minutes, and at twice that rate for
the remainder of the time. The cup holds 25 ounces
of liquid before it is full, and has a hole on the
bottom that leaks 0.5 ounce per minute. What is
the percentage of the time, rounded to two decimal
places, that the cup of Anna’s stood full?

Response from model 1: Anna fills the cup at a
rate of 2 ounces per minute for the first 20 minutes,
which is a total of 2 ounces per minute * 20 minutes
= 40 ounces of water added to the cup. Anna fills the
cup at double the rate of 2 ounces per minute over
the next 60 / 2 = 30 minutes, or 30 * 2 = 60 ounces
for the next 30 minutes. The cup is initially empty,
so after two time periods Anna has added 60 + 40 =
100 ounces to the cup. The 100 ounces in the cup
must be enough to counteract the 1 ounce of liquid
that the cup lost over the next 60 minute period after
the cup had already been filled, since 0.5 ounces *
60 minutes = 30 ounces lost. Thus, before the liquid
leaked out, there were 100 + 30 = 130 ounces of
liquid in the cup. Thus Anna filled the cup for 100 /
130 = .77 of the time. The answer: 77. ✗

Response from model 2: Here’s how to calculate the
percentage of time the cup was full: **1. Calculate
the liquid poured in during the first 20 minutes:**
* 20 minutes * 2 ounces/minute = 40 ounces **2.
Calculate the liquid poured in during the rest of the
time:** * Rate increase is 2 * 2 ounces/minute =
4 ounces/minute * 60 minutes - 20 minutes = 40
minutes poured at the higher rate * 40 minutes *
4 ounces/minute = 160 ounces **3. Calculate the
total liquid poured:** * 40 ounces + 160 ounces =
200 ounces **4. Calculate the liquid leaked:** *
60 minutes * 0.5 ounces/minute = 30 ounces **5.
Calculate the net liquid in the cup:** * 200 ounces
- 30 ounces = 170 ounces **6. Determine the fill
percentage:** * 170 ounces / 25 ounces each = 6.8
times the cup was full * 6.8 * 1 hour (60 minutes) =
408 minutes **7. Determine the duration of filling:**
* 6 * 1 hour = 60 minutes **8. Determine how
many minutes the cup was at full capacity:** * 408
minutes - 60 minutes = 348 minutes **9. Calculate
the percentage of time the cup was filled:** * 348
minutes / 60 minutes = 5.80% or 5.8 ✗

Example 3: math, cont.

Response from model 3: Here’s how to solve this
problem step by step: 1. **Calculate the total amount
of liquid Anna fills the cup with:** - In the first 20
minutes, she fills 20 minutes * 2 ounces/minute =
40 ounces of liquid. - In the remaining 40 minutes
(from 9:20 pm to 10:00 pm), she fills 40 minutes
* (2 ounces/minute * 2) = 160 ounces of liquid.
2. **Calculate the total amount of liquid filled:**
- In total, she fills the cup with 40 ounces + 160
ounces = 200 ounces of liquid. 3. **Calculate the
total amount of liquid leaked:** - The cup leaks 0.5
ounces per minute for the entire hour, so it leaks
60 minutes * 0.5 ounces/minute = 30 ounces of
liquid. 4. **Calculate the net amount of liquid in
the cup:** - The net amount of liquid in the cup is
200 ounces filled - 30 ounces leaked = 170 ounces.
5. **Calculate the total time the cup was filled to
capacity:** - Because the cup holds 25 ounces, it
was completely full 170 ounces / 25 ounces/fill =
6 times. 6. **Calculate the total time the cup was
full:** - Each time it was full, it was for a period of
25 minutes (the filling time per cycle). - So, the cup
was full 6 times * 25 minutes/fill = 150 minutes. 7.
**Calculate the overall percentage of fill time:**
- The cup was full 150 minutes / 60 minutes/hour
= 2.5 hours. - So, the percentage of time the cup
stood full is 2.5 hours / 1 hour * 100% = 250%. 8.
**Round the percentage to two decimal places:** -
The cup stood full 250.00% of the time. Based on
these calculations, the percentage of time that the
cup stood full is **250.00%**. ✗

Response from model 4: Here is how to solve the
problem:
**1. Analyze the filling rates:**
* Anna fills the cup at 2 ounces per minute for the
first 20 minutes of filling. * Anna speeds up and fills
the cup at 4 ounces per minute for the rest of the time.
**2. Calculate the amount of liquid filled at each
rate:**
* First 20 minutes: 20 minutes * 2 ounces/minute
= 40 ounces * Remaining time: 60 minutes (total) -
20 minutes = 40 minutes * Liquid filled during the
last 40 minutes: 40 minutes * 4 ounces/minute = 160
ounces
**3. Figure out how many ounces were filled in to-
tal:**
* 40 ounces + 160 ounces = 200 ounces filled total
**4. Determine how long the cup overflows if it starts
at 0 ounces:**
* The cup overflows by 200 ounces - 25 ounces =
175 ounces * At an overflow rate of 0.5 ounces per
minute, it would take 175 ounces / 0.5 ounces/minute
= 350 minutes for the cup to overflow.
**5. Determine the fraction of time the cup stayed
full:**
* Time the cup is full to fill to 25 ounces: it takes 25
ounces / 2 ounces/minute = 12.5 minutes * The cup
was full for 12.5 minutes out of the total filling time
of 60 minutes (where we removed the time taken to
completely overflow). * The fraction of time the cup
stood full is 12.5 minutes / 60 minutes = 0.2083.
6. **Convert to a percentage** * 0.2083 * 100% =
20.83%
**Answer:** The cup stayed full approximately
**20.83%** of the time. ✗
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Example 4: math

Question: For a long-distance swim contest, the total
distance is 1000m. Mr. James swims at a speed of 30
m per hour, while Mr. Mark swims at a speed of 25
m per hour. If the swim contest starts at 9:00 in the
morning, at what time will Mr. Mark catch up with
Mr. James if both have started swimming from the
same point?
Response from model 1: Let’s start by calculating
how much distance Mr. James has covered by the
time Mr. Mark catches up. In one hour, the difference
in their speeds is 30 m/h - 25 m/h = 5 m/h. After
swimming for an hour, Mr. Mark covers 25 x 60m
= 1500m. The total distance for Mr. Mark to cover
is 1000m. The time it takes Mr. Mark to meet Mr.
James is the result of two consecutive steps: (1)
Finding the distance that Mr. Mark needs to close
his distance with Mr. James (2) Then, calculating
the time Mr. Mark needs to cover that distance.
The distance Mr. Mark needs to swim to close his
distance with Mr. James is 1500m - 600m = 900m.
Since Mr. Mark swims at a speed of 25 m/h, the time
it takes Mr. Mark to cover that distance is 900 meters
/ 25 m / hour = 36 minutes. So, Mr. Mark catches up
with Mr. James when the clock strikes 9:50 (9: 00
+ 50 minutes) in the morning. Therefore, the final
answer is 9:50. ✗

Response from model 2: Here’s how to solve the
problem:
**1. Find the difference in speed:**
Mr. James swims 5m per hour faster than Mr. Mark
(30 m/h - 25 m/h = 5 m/h).
**2. Calculate the time to cover the difference:** Mr.
Mark will catch up when he swims the same distance
as Mr. James. This takes 20 hours (1000 m ÷ 5 m/h).
**3. Determine the time Mr. Mark will catch up:**
Add the catching time to the start time: The catch
moment is at 5:00 in the morning. ✗

Example 4: math, cont.

Response from model 3: Here’s how to solve this
problem:
**1. Find the relative speed:**
Since Mr. James is swimming faster than Mr. Mark,
we need to find how much faster he is going. Subtract
Mr. Mark’s speed from Mr. James’s speed: 30 m/hr -
25 m/hr = 5 m/hr
**2. Determine how long it takes for Mr. James to
cover the whole distance:**
Divide the total distance by Mr. James’s speed to find
the time it takes him to complete the race: 1000 m /
30 m/hr = 33.33 hours
**3. Determine the distance Mr. Mark needs to cover
relative to Mr. James:**
Mr. Mark is always 5 m/hr behind Mr. James, so we
can figure out that he will be behind him for the entire
time it takes James to complete the race (33.33 hours).
Therefore, Mark needs to cover 1000 meters in order
to catch up with James.
**4. Determine how long it will take Mark to cover
1000 meters relative to James:**
We can use the following formula:
Time = Distance / Speed
Substitute the following:
Time = 1000 m / 25 m/hr = 40 hours ✗

Response from model 4: Here’s how to solve this
problem:
**1. Time Taken by Mr. James**
* Mr. James starts first. Let the time (in hours) when
Mr. Mark catches Mr. James be *t*. * The distance
travelled by Mr. James is 30*t meters.
**2. Time Taken by Mr. Mark**
* Mr. Mark takes *t* hours to reach where Mr. James
was already at that moment. * The distance travelled
by Mr. Mark is 25*t meters.
**3. Equate Distances**
* Since Mr. Mark catches up to Mr. James when they
both are at the same point, their distances need to be
equal: 30*t = 25*t
**4. Solve for Time (t)**
* 5*t = 0 * t = 0
This means Mr. Mark will always lag behind Mr.
James as he has a slower speed.
**Answer:**
Since Mr. James is faster, Mr. Mark cannot catch Mr.
James in a long-distance swimming contest. ✓
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Example 5: math

Question: Mike is a musician and can play both
piano and guitar. He decides to try teaching the piano
to his friends. 2 of his friends give up after 3 weeks.
The 4 remaining friends are so dedicated that they all
learn for four months. After a year, one last friend
picks up the instrument. This friend is a fast learner
and learns everything she needs to in only 3 months.
To help them learn, Mike spends 20 hours with each
student the first month. He spends half this amount
for the next two months, and then spends 10 more
hours than that in the final month. How many hours
did Mike spend teaching his friends to play the piano?

Response from model 1: The next 4 students take a
total of 3 months + 3 months = 6 months to learn the
piano. When you take 20 hours / month x the number
of months = 20 hours / month * 6 months = 120
hours of teaching. Then 20 / 2 = 10 hours for the next
two month’s worth of teaching. So total teaching
time for all the other 4 students is 10 hours / month x
2 months = 20 hours. During the third month Mike
spends 20 hours + 10 hours = 30 hours teaching. So
this student took a total of 30 hours in total to teach
them all. So for 5 students Mike spends 30 hours +
20 hours = 50 hours teaching. The answer is 50. ✗

Response from model 2: Here’s how to solve
this problem step-by-step: 1. **Calculate the
total time for long-term students:** * There are 4
students who learn for 4 months each. * Months
for long-term students: 4 students * 4 months =
16 months. 2. **Calculate the total time spent by
Mike for long-term students:** * Months 1-2: 20
hours/student/month * 2 months * 4 students = 160
hours. * Months 3-4: 10 hours/student/month * 2
months * 4 students = 80 hours. * Month 5: 20
hours/student * 4 students = 80 hours. * Total for
long-term students: 160 + 80 + 80 = 320 hours. 3.
**Calculate the time spent by Mike with the fast
learner:** * Mike spends 10 hours in month 1 = 10
hours. * He spends 5 hours in month 2 = 5 hours.
* He spends 15 hours in month 3 = 15 hours. *
Total for fast learner: 10 + 5 + 15 = 30 hours. 4.
**Calculate total time spent by Mike:** * Total time
taught: 320 hours (long-term students) + 30 hours
(fast learner) = 350 hours. **Answer:** Mike spent
350 hours teaching his friends. ✗

Example 5: math

Response from model 3: Here’s how to calculate the
total hours Mike spent teaching:
* **Group 1:** 2 students who gave up after 3 weeks
(1 month) * 20 hours per month = 40 hours * **Group
2:** 4 students who learned for 4 months * 20 hours
per month = 80 hours * **Group 3:** 1 student who
learned for 3 months * 20 hours per month * 0.5 =
30 hours * **Group 3:** 1 student who learned for 3
months * 10 hours per month + 30 hours = 60 hours
**Total hours:** 40 hours + 80 hours + 30 hours +
60 hours = **210 hours** ✗

Response from model 4: **STEP 1: Figure out the
number of each friend group:**
* Group 1: These are the first 6 friends. * Group 2:
The second 4 friends.
**STEP 2: Figure out the number of hours Mike
spends with each group:**
* Group 1: They each learn for 3 weeks, or 21 days.
Each day is 20 hours of tutoring, so that’s 20 * 3
= 60 hours per friend. This group is 6 friends total,
so that’s 6 * 60 = 360 hours spent on Group 1. One
friend dropped out so far, giving up after 3 weeks:
360 - 20 = 340 hours for Group 1. * Group 2: They
each learn for 4 months, which might seem different
from Group 1 (which only learned for 3 weeks). But
this works out to four 30 days periods; four months
= 120 days total, or 4 lots of 30 days. That’s 20 * 4
= 80 hours per friend. Since there are 4 in the group,
that’s 4*80 = 320 hours for Group 2. * Group 3: Their
total is for 3 months. A month is 30 days long; total
teaching hours is 20 * 3 = 60 * 3 = 180 hours per
friend * Group 3’s total time is one person, so that’s
another 60 * 1 = 180 hours
**STEP 3: Figure out the total hours spent with each
group:**
* Group 1: 340 hours * Group 2: 320 hours * Group
3: 180 hours ✗

Example 7: QA

Question: Former U.S. Representative, with ties to
the Tea Party movement, who lost re-election. His
name is Paul what?

Response from model 1: The relevant information
to answer the above question is: Paul Gosar –
Wikipedia: Paul David Gosar (born November 27,
1953) is an American politician who served as the
U.S. representative for Arizona’s 1st congressional
district from 2011 to 2019. A member of the
Republican Party, Gosar is the current president of
the Republican Study Committee, and chairman
of the House Freedom Caucus. As a former
representative, Gosar is a member of the Tea Party
movement and lost re-election in 2018. ✗

Response from model 2: Paul Ryan ✗

Response from model 3: Paul Ryan. No, I’m
thinking of someone who held office further in the
past. Paul Findley ✗

Response from model 4: Paul **Gosar** ✗
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Example 6: QA

Question: Which UFO has been demonstrated by
many scientists to be extraterrestrial in origin?

Response from model 1: The National Aeronautics
and Space Administration (NASA) is a government
organization based in the United States. The National
Aeronautics and Space Administration focuses on
space exploration and technology. The National
Aeronautics and Space Administration has never
found any evidence of extraterrestrial UFOs that have
landed on Earth. The answer: National Aeronautics
and Space Administration (NASA). ✓

Response from model 2: No UFO has been demon-
strated by many scientists to be of extraterrestrial
origin. ✓

Response from model 3: None. To the best of our
current scientific understanding, there has been no
verifiable evidence of extraterrestrial origin on UFOs.
✓

Response from model 4: As of right now, none of
the reported UFO incidents have been scientifically
demonstrated to be extraterrestrial in origin.
Here’s why:
* **Most UFO Sightings have Explanations:** Many
of the reported UFO sightings can be explained as
misidentified aircraft, drones, meteors, weather phe-
nomena, and even hoaxes. * **Lack of Concrete Evi-
dence:** The vast majority of sightings involve anec-
dotal stories and lacking physical proof. Even the
most-discussed UFO sighting in recent years, the fa-
mous Roswell incident, ended up being confirmed as
the crash of a classified weather balloon. * **Mili-
tary Secrecy:** Some have argued that many unex-
plained sightings are secret military operations that
have not been disclosed to the public. This theory has
some weight considering the number of "Top Secret"
projects by the CIA and US Government in the past.
* **The "Fermi Paradox":** When confronted with
the fact that an estimated hundred billion habitable
planets are in our galaxy alone, it is strange that we
haven’t heard from them considering that radio waves
could theoretically travel at the speed of light across
the solar system in an instant.
However, some sightings have never been debunked,
and they create curiosity and scientific interest.
The recent Pentagon report on Unidentified Aerial
Phenomena (UAP), a rebranding of the term UFO,
included videos of UAP incidents captured by mili-
tary fighter jets, which could not be clearly identified
despite extensive investigation.
So, while the exact origins of these incidents are
still unknown, the US government has confirmed that
they are real and worthy of further investigation. It
is important to note the word "Unidentified" in the
term.
While there is no reason to believe these events are
linked to extraterrestrial life (let alone intelligent life),
the possibility is not ruled out just yet either. Ulti-
mately, we need more data to definitively answer this
question. In the meantime, the question of UFOs re-
mains a fascinating one for scientists, historians, and
the general public alike. ✓

2PSO-step({xi}Ni=1, {vi}Ni=1) indicates taking one PSO
step to update the model weights of {xi}Ni=1 with their scalar
scores {vi}Ni=1, lines 10 to 13 in Algorithm 1.
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Algorithm 1: Data Swarms
Input: Initial evaluation data D, test taker models {mi}ni=1, evaluation objective f(x | {mi}ni=1)→R where x is a

data generator (§2.2). Hyperparameters: step length λ, inertia ϕv , cognitive coefficient ϕp, social coefficient ϕg ,
repel coefficient ϕw, patience c, max iteration K.

1 train a swarm of initial data generators {xi}Ni=1 on D (§2.1)
2 initialize global best checkpoint g← ∅, global worst checkpoint gw ← ∅
3 for i = 1 to N do
4 initialize personal best pi ← xi, velocity vi ← 0
5 if f(xi | {mi}ni=1) > f(g | {mi}ni=1), g← xi; if f(xi | {mi}ni=1) < f(gw | {mi}ni=1), gw ← xi

6 end
7 for k = 1 to K do
8 if g did not change in the last c iterations then break
9 for i = 1 to N parallel do

10 randomness factors rv, rp, rg, rw ∼ U(0, 1)
11 velocity vi ← 1

C [rvϕvvi + rpϕp(pi − xi) + rgϕg(g − xi)− rwϕw(gw − xi)], where normalization term
C = rvϕv + rpϕp + rgϕg + rwϕw

12 model weights xi ← xi + λvi

13 if f(xi | {mi}ni=1) > f(g | {mi}ni=1), g← xi; if f(xi | {mi}ni=1) < f(gw | {mi}ni=1), gw ← xi; if
f(xi | {mi}ni=1) > f(pi | {mi}ni=1), pi ← xi

14 end
15 end
16 return g

Algorithm 2: Adversarial Swarms
Input: Initial evaluation data D, test taker models {mi}ni=1, evaluation objective f(x | {mi}ni=1)→R where x is a

data generator (§2.2). Hyperparameters: max iteration K, patience c.

1 train a swarm of initial data generators {xi}Ni=1 on D (§2.1) (lines 2-6, Alg.1)
2 initialize the data swarm {xi}Ni=1 and model swarm {mi}ni=1

3 for k = 1 to K do
4 if the two global bests gdata and gmodel did not change in the last c iterations then break
5 {xi}Ni=1 ← PSO-step2({xi}Ni=1, {f(xi | {mj}nj=1)}Ni=1) (lines 10-13, Alg.1)
6 generate joint dataset Djoint =

⋃N
i=1 sample(xi)

7 {mi}ni=1 ← PSO-step2({mi}ni=1, {performance(mi | Djoint)}ni=1)
8 end
9 return global bests gdata and gmodel
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