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Abstract

Large language model (LLM) evaluation usu-
ally averages scores across many benchmark
tasks, implicitly assuming broad task cover-
age is necessary for reliable general evaluation.
This practice also implicitly treats all bench-
mark tasks as equally important for general
evaluation. We revisit this assumption by treat-
ing benchmark results as a model-task score
matrix under the performance prediction task.
We find that a broad range of benchmarks are
redundant with scores for 100 LLMs on 13 ag-
gregate tasks and 523 subtasks. Specifically,
we recovered model rankings with high rank
correlation with the ALS matrix completion
method after masking out several task scores.
This means that no tasks dominated the recov-
ery process, and both low-scoring and high-
scoring tasks shared the same trends. Further
analyses show that multiple-choice scores al-
low us to recover model rankings on free-form
generation tasks. For general model ranking,
free-form generation evaluation is not necessar-
ily more informative than multiple-choice eval-
uation. These findings suggest that evaluating
general-purpose LLMs can be accomplished
with fewer tasks than the current common prac-
tice. Our analysis also estimates the number of
models required to capture the overall trends in
the benchmarks.

1 Introduction

Multi-task evaluation is a standard practice for com-
paring large language models (LLMs) (Hendrycks
et al., 2021a; Srivastava et al., 2023; Liang et al.,
2023; Qian et al., 2026). A leaderboard rarely re-
lies on a single dataset; instead, it aggregates scores
across diverse tasks, including knowledge (Clark
et al., 2018), reasoning (Liu et al., 2020; Yang et al.,
2018), mathematics (Hendrycks et al., 2021b; Shi
et al., 2023; Cobbe et al., 2021), multilingual un-
derstanding (Xuan et al., 2025; Shi et al., 2023),
instruction following (Zhou et al., 2023), and code

generation (Chen et al., 2021; Jimenez et al., 2024).
Although averaging performance across diverse
tasks provides a convenient summary metric, it re-
mains unclear whether evaluating all, or even most,
of these tasks is necessary to characterize overall
model capability. While individual benchmarks are
valuable for assessing specific abilities of interest
to benchmark designers (Hendrycks et al., 2021b;
Jin et al., 2021; Zhou et al., 2023), we investigate
a complementary question: how many tasks are
required to reliably approximate a model’s overall
ranking or aggregate performance within a broad
benchmark suite? Here, overall model capability
denotes the aggregated model ranking or ordering
induced by the broad benchmark suites.

Motivated by this fundamental question, we
investigate the following four research ques-
tions (RQs):

RQ1. Can scores on a subset of tasks accurately
predict scores on the remaining tasks and preserve
the overall model ranking? We hypothesize that
broad benchmark suites embody a latent perfor-
mance trend shared across tasks. If so, even a small
subset of tasks should be sufficient to recover the
overall ranking.

RQ2. Does the recoverability of the overall rank-
ing depend on task importance, difficulty, or answer
format? We hypothesize that ranking recovery is
largely invariant to these factors. If so, removing
important or difficult tasks or restricting evalua-
tion to particular answer formats should have little
effect on the recovered ranking.

RQ3. Does redundancy in broad benchmark
suites imply that domain-specific evaluations are
unnecessary? We hypothesize that redundancy
emerges primarily at the benchmark-suite level
rather than between individual tasks. If so, domain-
specific evaluations remain essential even when
broad benchmark rankings can be recovered from
a small subset of tasks.

RQ4. When constructing a new benchmark,
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how many model evaluations are required to es-
timate its overall performance trend? We hypoth-
esize that model performances also exhibit a low-
dimensional structure. If so, evaluating only a lim-
ited number of models should be sufficient to esti-
mate the benchmark’s overall trend.

We verify these hypotheses through a perfor-
mance prediction framework. Specifically, we
mask a portion of a leaderboard table and predict
the hidden scores from the observed ones. If bench-
mark tasks measure largely independent capabili-
ties, recovering the masked entries should be diffi-
cult. Conversely, if broad benchmark suites share a
common performance trend, both the hidden scores
and the resulting model rankings should remain re-
coverable. Because this framework allows flexible
control over which tasks and models are masked,
it provides a convenient way to investigate our re-
search questions.

To this end, we represent benchmark results as
a model-task matrix, where rows correspond to
LLMs and columns correspond to evaluation tasks.
We mask a subset of matrix entries, reconstruct
them using matrix completion, and compare the
recovered matrix with the original one. We employ
Alternating Least Squares (ALS) (Hu et al., 2008)
for matrix completion. Our experiments use evalu-
ation results from 100 models across 13 aggregate
tasks and 523 subtasks. Our experiments yield the
following findings:

• ALS almost perfectly recovers model rank-
ings, suggesting that broad benchmark suites
contain highly redundant evaluation trends.
(RQ1)

• Recovery remains effective even when mask-
ing important tasks, difficult tasks, or free-
form generation tasks, indicating that recover-
ability is largely independent of these factors.
(RQ2)

• Correlations between individual task scores
are substantially lower than those between the
original and recovered benchmark rankings.
This suggests that domain-specific evaluations
remain necessary despite the redundancy of
broad benchmark suites. (RQ3)

• Benchmark-level trends can also be recovered
from a small subset of evaluated models, sug-
gesting that comprehensive evaluation across
many models is not always necessary to esti-
mate a benchmark’s overall trend. (RQ4)

2 Related Work

Broad LLM evaluation. MMLU (Hendrycks
et al., 2021a) introduced a broad academic and
professional benchmark for measuring multi-task
language understanding. More recent benchmark
variants, such as MMLU-Pro (Wang et al., 2024)
and MMLU-ProX (Xuan et al., 2025), increase
the difficulty and multilingual coverage. While
the researchers designed these tasks to evaluate
the performance of general-purpose LLMs, some
datasets evaluate performance in specific fields
such as medicine (Jin et al., 2021), mathemat-
ics (Hendrycks et al., 2021b; Cobbe et al., 2021;
Shi et al., 2023), and instruction following (Zhou
et al., 2023).

Benchmarks. Benchmark2 (Qian et al., 2026)
assesses benchmark quality using ranking consis-
tency, discriminability, and capability-alignment
deviation. Zhang et al. (2025b) use correlations to
examine redundancy across instances, capability di-
mensions, and benchmarks. These studies provide
quantitative perspectives on benchmark quality and
redundancy. However, redundancy in benchmark
evaluation can arise in several forms. A bench-
mark may be redundant because its overall rank-
ing can be recovered from only a subset of tasks,
because a small number of tasks dominate the ag-
gregate score, or because different tasks measure
highly overlapping capabilities. We focus on re-
coverability and define redundancy as overlap in
information about model rankings. Prior work tests
agreement across benchmarks (Perlitz et al., 2025),
predicts scores from training signals or other task
results (Ruan et al., 2024; Owen, 2024; Gadre et al.,
2025; Chen et al., 2025), or completes unknown
cells in model-task matrices (Zhang et al., 2024a).
Research on efficient evaluation reduces evaluation
sets or estimates scores from selected items (Perlitz
et al., 2024; Maia Polo et al., 2024; Zhang et al.,
2025a), while other analyses use compression or
interpretable demand scales and report limits that
depend on tasks and experimental settings (Huang
et al., 2024; Zhou et al., 2025; Lourie et al., 2025).
In contrast, we use score prediction to test whether
tasks and models contribute distinct information to
a broad benchmark.

3 Method

We address these research questions by examining
whether task scores can be predicted from scores on
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other tasks. To this end, we represent benchmark
results as a model-task score matrix, where rows
correspond to models and columns correspond to
evaluation tasks. If the matrix can be accurately
reconstructed after a large fraction of entries is
masked, the benchmark contains substantial redun-
dancy in its overall evaluation trend.

Matrix completion methods estimate missing en-
tries from observed ones by exploiting low-rank
structure in the data (Candès and Recht, 2009; Ko-
ren et al., 2009). We employ Alternating Least
Squares (ALS) (Hu et al., 2008), a widely used ma-
trix factorization approach, to reconstruct masked
scores. ALS has previously been applied to pre-
dicting human judgments and to other incomplete
evaluation settings (Wisniewski, 2013). By apply-
ing ALS to benchmark result matrices, we investi-
gate how much information is shared across tasks.
High reconstruction accuracy indicates redundancy
in benchmark evaluations, whereas tasks whose
scores are difficult to recover contain unique in-
formation. Therefore, these tasks may be more
important for characterizing model capabilities.

Let M ∈ Rn×d denote the original score ma-
trix for n models and d tasks. For a masked cell
ratio x, we choose a hidden-cell set Hx and treat
every cell outside Hx as observed. This gives a
partially observed matrix M̃, where M̃ij = Mij

for (i, j) /∈ Hx and M̃ij is missing for (i, j) ∈ Hx.
ALS fits latent factors for models and tasks from
the observed cells. Then, we recover the hidden
cells in M̃ and obtain a completed matrix M′. The
central question is whether M′ preserves the same
score values and model ranking trends as M. Ap-
pendix A gives the objective and hyperparameters
used in our experiments. After recovering M′, we
compare it with M in two ways. First, we compute
Mean Absolute Error (MAE) only on the masked
cells to examine how exactly ALS can recover the
scores as follows:

MAE(M,M′;Hx) =
1

|Hx|
∑

(i,j)∈Hx

|Mij −M′
ij |.

(1)
Second, we compute each model’s average score
in M and M′ and compare the resulting model
rankings with Spearman’s rank correlation coeffi-
cient. Let m̄i =

1
d

∑d
j=1Mij , m̄′

i =
1
d

∑d
j=1M

′
ij

donate the averaged scores and ri = rank(m̄i) and
r′i = rank(m̄′

i) donate the ranks of model i. We

define the rank correlation as

ρ(M,M′;x) =

∑n
i=1(ri − r̄)(r′i − r̄′)

ZrZr′
, (2)

Zr =

√√√√
n∑

i=1

(ri − r̄)2, Zr′ =

√√√√
n∑

i=1

(r′i − r̄′)2.

(3)

Here, r̄ = n−1
∑

i ri and r̄′ = n−1
∑

i r
′
i. This

rank-based measure directly tests whether matrix
completion preserves the general evaluation trend.

4 Experimental Setup

Score matrices. We use two matrices of the
same evaluation table. The aggregate matrix con-
tains 100 models and 13 task columns, while the
subtask-level matrix contains the same models and
523 subtask columns. The aggregate tasks in-
clude MMLU (Hendrycks et al., 2021a), MMLU-
Pro (Wang et al., 2024), MMLU-ProX-Lite (Xuan
et al., 2025), ARC-Challenge (Clark et al., 2018),
HellaSwag (Zellers et al., 2019), GSM8K (Cobbe
et al., 2021), MATH (Hendrycks et al., 2021b),
MGSM (Shi et al., 2023), IFEval (Zhou et al.,
2023), MedQA (Jin et al., 2021), PIQA (Bisk
et al., 2020), TruthfulQA (Lin et al., 2022), and
AGIEval (Zhong et al., 2024). These two matri-
ces let us ask whether a pattern that appears at the
benchmark level also survives finer task decompo-
sitions. We describe the full information for each
dataset in Appendix E.

Models. The model set contains 100 LLMs from
23 developers. We choose models to cover a
broad release period from 2023 to 2026 and
a wide size range from 0.5B to 72B total pa-
rameters. The set also covers models devel-
oped or post-trained across different countries, re-
gions, and language communities. Beyond gen-
eral instruction-tuned models, it includes mod-
els post-trained for mathematics, coding, reason-
ing, and multilingual use. We use Qwen (Qwen
et al., 2025; Yang et al., 2025), Llama (Touvron
et al., 2023; Dubey et al., 2024), Gemma (Team
et al., 2024; ?), Phi (Abdin et al., 2024a,b),
OLMo (OLMo et al., 2024; Ettinger et al., 2025),
DeepSeek (DeepSeek-AI, 2025), GLM (GLM
et al., 2024), InternLM (Cai et al., 2024), Gran-
ite (Granite Team, 2024), EXAONE (Bae et al.,
2026), Aya (Dang et al., 2024), Yi (AI et al., 2024),
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Figure 1: ALS recovery as we increase the masked cell
ratio x on the matrices with 13 tasks and 523 subtasks.
The shade represents variance.

SOLAR (Kim et al., 2024), LLM-jp 1, Swallow (Fu-
jii et al., 2024; Ma et al., 2025), GPT-OSS-derived
models (OpenAI, 2025), Command R (Cohere
et al., 2025), SeaLLMs (Zhang et al., 2024b), Fal-
con (Team, 2024), Seed-Coder (ByteDance Seed
et al., 2025), Nemotron (Bercovich et al., 2025),
OpenThinker (Guha et al., 2025), and Dolphin fine-
tuned models2. Appendix F provides detailed in-
formation about all models.

Inference. We conduct all evaluations using
the EleutherAI Language Model Evaluation Har-
ness (Gao et al., 2024). Models are loaded in
bfloat16 precision on a single RTX PRO 6000. For
generation tasks, we use deterministic decoding
(T = 0) when generation is required by the task
configuration, with a maximum generation length
of 1,024 tokens. For reasoning models, we enable
their thinking mode. Because deterministic decod-
ing often leads to repetitive reasoning traces, we
use T = 0.6, TopP = 0.95, TopK = 20, and
MinP = 0. Unless otherwise specified, all remain-
ing evaluation settings, including the number of in-
context examples, follow the default configuration
of each task. All reported scores are normalized to
the range [0, 1], where higher values indicate better
performance.

5 Matrix Completion Experiments (RQ1)

5.1 Recovery under Random Masking

We investigate whether the average ranking of mod-
els can be recovered when a large fraction of bench-
mark scores is hidden. If benchmark tasks capture
largely independent information, recovery should

1https://huggingface.co/collections/
llm-jp/llm-jp-3-fine-tuned-models, https:
//huggingface.co/collections/llm-jp/
llm-jp-31-fine-tuned-models, and https:
//huggingface.co/collections/llm-jp/
llm-jp-4-models

2https://huggingface.co/collections/QuixiAI/
dolphin-30

Case x MAE Rank ρ

With ProX-Lite 0.1 0.054 1.000
With ProX-Lite 0.5 0.057 0.999
With ProX-Lite 0.8 0.069 0.997
No ProX-Lite 0.1 0.040 1.000
No ProX-Lite 0.5 0.044 0.998
No ProX-Lite 0.8 0.058 0.992

Table 1: Recovery comparison with and without
MMLU-ProX-Lite in the subtask-level matrix. x de-
notes the masked cell ratio, and Rank ρ denotes Spear-
man correlation between true and recovered rankings.

deteriorate rapidly as more entries are masked. We
apply the matrix completion procedure described
in Section 3 to both the aggregate-task and subtask
matrices. For masking ratios x ∈ [0, 1], we ran-
domly mask matrix entries and reconstruct them
using ALS. Results are averaged over 20 random
seeds. A model report or leaderboard rarely de-
pends on a single dataset. This approach assumes
that different datasets measure different capabil-
ities (Hendrycks et al., 2021a; Srivastava et al.,
2023; Liang et al., 2023).

Figure 1 shows that ALS reconstructs bench-
mark results remarkably well, even under substan-
tial masking. Up to x = 0.8, both matrices exhibit
low reconstruction error and high rank correlation
with the original rankings. The subtask matrix is
particularly robust, while the aggregate-task ma-
trix degrades only under the most extreme masking
conditions. These results suggest that benchmark
tasks share a strong common performance signal.
Consequently, benchmark-wide rankings remain
stable not because each task contributes indepen-
dent information, but because many tasks capture
overlapping aspects of model performance. To ver-
ify that this effect is not dominated by MMLU-
ProX-Lite, we repeat the analysis after removing
all of its subtasks as shown in Table 1. The results
remain nearly unchanged, demonstrating that the
observed redundancy is a property of the bench-
mark suite as a whole rather than a consequence
of a single benchmark. Appendix B reports recov-
ery with different formulas, and the results show
consistent trends.

5.2 Recovery for Individual Tasks

At x = 0.8, we evaluate recovery separately for all
13 aggregate tasks and 523 subtasks using the set-
tings in Section 5.1. Figure 2 shows relatively large
errors for GSM8K, IFEval, MATH, and MGSM,
while most subtasks retain similar model rankings
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Figure 2: Recovery at x = 0.8 for individual aggregate tasks and the complete subtask distribution. The left image
reports MAE for the aggregate tasks, and the right image reports the distributions of MAE and Spearman’s ρ over
523 subtasks.

Figure 3: Recovery when we always observe selected task columns.

Model population MAE Rank ρ

Models with 7-8B parameters 0.091 0.847
Release year 2024 0.085 0.880
Release year 2025 0.097 0.864
Qwen family 0.096 0.870

Table 2: Recovery on the aggregate matrix at x = 0.8
for model populations restricted by size, release year, or
family. Rank ρ denotes Spearman correlation between
the original and recovered model rankings.

after recovery. Although the accuracy of individ-
ual score predictions varies, recoverability extends
across many tasks.

5.3 Recovery across Model Populations

Recovery across a diverse model population may
partly reflect large performance differences be-
tween model sizes, release years, or families. We
examine whether task scores remain recoverable
when we restrict the model population along each
of these dimensions.

We construct separate aggregate matrices for
models in the 7-8B range, models released in 2024,
models released in 2025, and models from the
Qwen family. Each matrix retains all 13 task
columns and includes only the models in the cor-
responding group. We fit ALS separately to each
matrix at x = 0.8 over 20 seeds, using the same
settings as in Section 5.1.

Table 2 shows low reconstruction error and high
rank correlation across these groups, consistent

Matrix Comp. Singular value Share

13 tasks 1 29.95 0.328
13 tasks 2 10.81 0.118
523 subtasks 1 182.30 0.144
523 subtasks 2 60.64 0.048

Table 3: Top singular values before the anchor-mask
experiments. Share denotes each singular value divided
by the sum of all singular values.

with the recovery observed for the full model pop-
ulation. Task scores provide overlapping informa-
tion about model rankings even among models of
similar size, from the same release year, or within
the same family. Therefore, the redundancy ob-
served in the full matrix also appears within more
narrowly defined model populations.

Overall, the consistent results across these exper-
iments show that redundancy in broad benchmark
evaluations extends across individual tasks and per-
sists within different model populations.

Finding 1. Broad benchmark evaluations are
highly redundant. Even after masking most task
scores, matrix completion accurately reconstructs
the overall ranking of models.

6 Additional Analyses (RQ2)

6.1 Recovery from Anchor Task

This experiment addresses RQ2, focusing on task
importance. Even if benchmark-wide rankings are
highly recoverable, a small number of tasks may
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Held-out task Task mean Rank ρ

MMLU 0.625 0.916
ARC-Challenge 0.775 0.899
MMLU-Pro 0.441 0.883
AGIEval 0.433 0.867
MGSM 0.452 0.851
MedQA 0.530 0.839
MMLU-ProX-Lite 0.253 0.824
PIQA 0.779 0.748
IFEval 0.660 0.450

Table 4: Leave-one-task ranking correlation. Rank ρ
denotes Spearman correlation between the ranking of
averaged scores excluding the Held-out task and the
ranking of the Held-out task alone.

still act as anchor tasks that carry most of the in-
formation needed for recovery. If this is the case,
preserving those tasks should substantially improve
matrix reconstruction. To identify candidate anchor
tasks, we estimate task importance using singular
value decomposition (SVD). Table 3 shows that the
first singular value is substantially larger than the
second in both matrices. We represent each task
as a vector of model scores and measure its con-
tribution to the dominant singular components of
the model-task matrix. Tasks that contribute more
strongly to the leading components are considered
more important because they capture a larger share
of the shared performance structure. Here, im-
portance denotes a task’s potential contribution to
recovering the shared benchmark trend.

We compare three masking strategies. The none
setting uses the same random masking procedure as
in Section 5. The top-k setting uses k = 1 or k = 2
most important tasks fully observed for all mod-
els. The random-k setting uses k = 1 or k = 2
randomly selected tasks fully observed. We use
the same masking ratios x as in Section 5, with
x = 0.8 as the largest value. Larger ratios would
create fully masked columns when two tasks are
fixed, making ALS inapplicable. Figure 3 shows
that preserving the most important tasks (i.e., top-1
and top-2) yields nearly identical recovery perfor-
mance to both random masking (none) and random
task preservation (random-1 and random-2). Even
at x = 0.8, reconstruction error and rank correla-
tion remain similar across all settings. The same
pattern appears in the subtask-level matrix. These
results suggest that benchmark-wide performance
information is not concentrated in a small set of
anchor tasks. Instead, the shared performance sig-
nal appears to be distributed broadly across many

Matrix Target Score Range MAE Rank ρ

Aggregate Low 0.253–0.452 0.068 0.936
Aggregate Middle 0.530–0.660 0.066 0.908
Aggregate High 0.696–0.779 0.065 0.941
Subtask-level Low 0.062–0.229 0.060 0.987
Subtask-level Middle 0.229–0.384 0.068 0.997
Subtask-level High 0.385–0.831 0.066 0.997

Table 5: Target masking by score range at x = 0.25.
MAE denotes mean absolute error, and Rank ρ denotes
Spearman correlation between true and recovered model
rankings.

tasks.
We reach the same conclusion from a comple-

mentary leave-one-task-out analysis. For each ag-
gregate task, we compute a model ranking by av-
eraging the scores across all remaining tasks and
compare it with the ranking induced by the ex-
cluded task alone. If a task measures a largely
independent capability, the remaining tasks should
provide little information about its ranking. Ta-
ble 4 shows the opposite pattern. Most held-out
tasks remain strongly correlated with the rankings
derived from the rest of the benchmark suite. IFE-
val is the primary exception, indicating that some
task-specific behavior remains. Overall, however,
most tasks appear to reflect a common underlying
performance trend rather than isolated capabilities.

Finding 2. The shared performance signal is
broadly distributed across tasks rather than con-
centrated in a small set of anchor tasks. Preserving
or removing individual tasks has little effect on
benchmark-wide ranking recovery.

6.2 Score Range Analysis

This experiment addresses RQ2 from the per-
spective of task difficulty. Tasks with low aver-
age scores are often regarded as more difficult
than those with high average scores. If difficult
and easy tasks capture fundamentally different as-
pects of model performance, benchmark recovery
should become substantially harder when informa-
tion must be transferred across score ranges. We
test this hypothesis by grouping tasks by their aver-
age score and assessing whether ALS can recover
the original benchmark ranking. This design sepa-
rates two notions that are often conflated in bench-
mark evaluation: task difficulty and the benchmark-
wide performance trend.

We define score ranges separately for the
aggregate-task and subtask matrices. For the aggre-
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Figure 4: Cross-format recovery when free-form gener-
ation cells are masked, and multiple-choice cells remain
observed.

Setting Feat. Tgt. MAE Rank ρ

Aggregate 8 5 0.097 0.887
Subtask-level 482 41 0.086 0.937

Table 6: Cross-format prediction from multiple-choice
columns to free-form generation columns. Feat. and
Tgt. denote feature and target columns, and Rank ρ
denotes Spearman correlation by target-family mean.

gate matrix, we sort the 13 task columns by their
model-average score and partition them into Low
(bottom four tasks), Middle (next four tasks), and
High (top five tasks). For the subtask matrix, we
sort the 523 subtasks by their model-average score
and divide them into three approximately equal
groups. For each target range, we mask only en-
tries in that range while keeping all other columns
observed. We use a masking ratio of x = 0.25,
which corresponds to masking approximately 75%
of the entries within the target range.

Table 5 reports the recovery results. Across low-,
middle-, and high-score groups, ALS achieves con-
sistently strong reconstruction performance in both
matrices. Therefore, the ability to recover rankings
appears largely insensitive to score level. These
results suggest that tasks with different average
scores share a substantial common performance
signal. While difficult tasks may remain valuable
for evaluating specific capabilities, they do not ap-
pear to provide uniquely necessary information for
recovering benchmark-wide rankings.

Finding 3. Benchmark recoverability is largely
independent of task difficulty. Low-scoring and
high-scoring tasks exhibit similar underlying per-
formance trends, and neither group is uniquely re-
quired for reconstructing overall model rankings.

6.3 Cross-Format Prediction

This experiment addresses RQ2 from the per-
spective of answer format. Researchers often re-
gard free-form generation as more demanding than
multiple-choice evaluation. They frequently use it
to assess advanced reasoning, instruction following,
and open-ended generation abilities (Liang et al.,
2023; Wang et al., 2024; Qian et al., 2026; Wei
et al., 2024; Myrzakhan et al., 2024). If free-form
evaluations capture a distinct performance trend,
scores on multiple-choice tasks should provide lim-
ited information for recovering model rankings on
free-form generation tasks.

This hypothesis is plausible when the objective is
to evaluate exact generation behavior or instruction-
following ability. For benchmark-wide rankings,
however, a different question arises: Does free-
form evaluation reveal a distinct ranking signal, or
does it largely reflect information already present
in multiple-choice evaluations?

To investigate this question, we perform cross-
format masking. At the aggregate level, eight
multiple-choice tasks remain fully observed, while
five free-form generation tasks serve as target
columns. At the subtask level, 482 multiple-choice
subtasks provide observed context, and 41 free-
form generation subtasks serve as targets. We keep
all multiple-choice scores visible and mask 80% of
the entries in free-form generation tasks.

Unlike the masking ratio x used in previous ex-
periments, this percentage refers only to entries
within the free-form generation columns. Because
free-form generation tasks constitute only a small
fraction of the matrix, masking the same proportion
of entries in the entire matrix would leave insuffi-
cient observations for ALS.

Table 6 and Figure 4 show that ALS successfully
reconstructs free-form generation rankings from
multiple-choice observations. The effect is par-
ticularly clear at the subtask level, where ranking
recovery remains highly stable despite substantial
masking.

These results indicate that free-form generation
tasks and multiple-choice tasks share a substantial
common performance signal. This does not imply
that free-form evaluation is unnecessary. Indeed,
Table 4 shows that IFEval is less predictable than
mathematics generation tasks, suggesting that some
task-specific information remains. However, for
benchmark-wide ranking, much of the free-form
generation trend appears recoverable from multiple-
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Matrix Pair type Mean ρ Median ρ

Aggregate All tasks 0.669 0.705
Aggregate Multiple choice 0.749 0.734
Aggregate Free-form gen. 0.600 0.595
Aggregate Cross-format 0.600 0.628
Subtask-level All tasks 0.619 0.644
Subtask-level Multiple choice 0.623 0.649
Subtask-level Free-form gen. 0.678 0.656
Subtask-level Cross-format 0.573 0.606

Table 7: Pairwise Spearman correlations between task-
specific model rankings. Free-form gen. denotes free-
form generation tasks, and ρ denotes Spearman correla-
tion.

choice evaluations.

Finding 4. Multiple-choice evaluations capture
much of the benchmark-wide ranking signal present
in free-form generation tasks. Free-form evalua-
tions remain valuable for measuring task-specific
behaviors, but they do not appear to provide a fun-
damentally distinct ranking trend.

7 Task-Ranking Correlation (RQ3)

From the previous experiments, we found that
benchmark-wide rankings are highly recoverable
from incomplete observations. However, recover-
ability at the benchmark level does not necessarily
imply that any two tasks measure the same capa-
bility. We analyze pairwise relationships between
tasks. Specifically, we compute Spearman rank
correlations between model rankings induced by
individual tasks. We report the mean and median
correlations across all task pairs and separately an-
alyze pairs that share the same answer format and
pairs with different formats.

Table 7 shows that task rankings are positively
correlated across most task pairs. Models that per-
form well on one task tend to perform well on
others, indicating the presence of a shared perfor-
mance trend. However, these pairwise correlations
are substantially weaker than the ranking recovery
observed in our matrix-completion experiments.

This contrast is important. ALS reconstructs
benchmark-wide rankings by combining informa-
tion from many tasks simultaneously rather than re-
lying on strong correspondence between individual
task pairs. Consequently, broad benchmark redun-
dancy does not imply that individual tasks are inter-
changeable. The weaker pairwise correlations indi-
cate that many tasks still contain domain-specific
information that is not fully captured by the bench-
mark average. Therefore, when the goal is to eval-

Matrix
Var. share
Comp. 1

Var. share
Comp. 1-2 Mean ρ′

Aggregate 0.690 0.780 -0.994
Subtask-level 0.635 0.706 -0.999

Table 8: Model-direction SVD summary. Var. share
Comp. denotes the sum of squared singular values for
the indicated components divided by the sum over all
components, and Mean ρ′ denotes Spearman correlation
with the all-model mean-score direction.

Figure 5: Benchmark-trend estimation from selected
models. The left panel shows task-mean Spearman
correlation, the right panel shows task-mean MAE, and
the shade represents variation across seeds.

uate a particular capability or application domain,
direct evaluation on the corresponding benchmark
remains necessary. Appendix D confirms this dis-
tinction by jointly masking the mathematics bench-
marks and recovering their shared ranking from
the remaining tasks. We will release the model-
task matrix used in this study so that benchmark
developers can apply the same analysis to newly
proposed benchmarks. Researchers can evaluate
a new benchmark on a limited set of models, ap-
pend the scores to the matrix, and test whether its
information about model rankings is distinct from
or recoverable from the existing benchmark suite
before committing to broader evaluation.

Finding 5. Benchmark tasks share a common
performance trend, but individual task pairs remain
substantially less correlated than benchmark-wide
rankings reconstructed from the full matrix. Thus,
redundancy in broad benchmark suites does not
eliminate the need for domain-specific evaluation.

8 Model Subsampling for Benchmark
Trends (RQ4)

The previous experiments investigated how many
task evaluations are required when the set of mod-
els is fixed. RQ4 considers the complementary
problem from the perspective of benchmark con-
struction: When constructing a new benchmark,
how many model evaluations are required to esti-
mate its overall performance trend? Evaluating a
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benchmark on a large number of models provides
the most reliable estimate of its characteristics, but
such evaluations are often costly and quickly be-
come outdated as new models emerge. In practice,
benchmark designers are often interested in broader
properties, such as whether a task is generally easy
or difficult, whether subtasks follow the intended
difficulty pattern, and whether the benchmark dis-
tinguishes between models in the target domain. If
model performances also exhibit substantial redun-
dancy, these properties should be recoverable from
a relatively small set of evaluated models.

We investigate whether benchmark-wide trends
can be estimated from a limited subset of models.
Because matrix completion remains unchanged un-
der matrix transposition, the strong recoverabil-
ity observed in Figure 1 already suggests that the
model axis contains substantial shared structure.
Therefore, missing model evaluations need not pre-
vent recovery of benchmark-wide trends.

To further analyze this structure, we perform
SVD on the transposed model-task matrix. Table 8
shows that a dominant first component explains a
large fraction of the variance in both the aggregate-
task and subtask matrices. Moreover, the first com-
ponent is strongly correlated with model rankings
induced by average benchmark scores. This indi-
cates that model performance across tasks is largely
governed by a shared latent trend rather than inde-
pendent task-specific variation.

Then, we examine how many models are re-
quired to estimate benchmark characteristics. For
each value of k, we select k models and estimate
task-level trends using only those models. We com-
pare uniform random sampling with an SVD-based
strategy that selects models spanning the first prin-
cipal direction. We evaluate agreement with the
full 100-model benchmark using task-level MAE
and Spearman’s correlation. Figure 5 shows that
benchmark trends can be estimated accurately from
a relatively small subset of models. Regardless of
the selection strategy, correlations rapidly approach
those obtained using all 100 models. These results
suggest that exhaustive model evaluation is often
unnecessary for identifying broad benchmark char-
acteristics.

Finding 6. Benchmark-wide trends are highly re-
coverable from a small subset of models. A limited
number of model evaluations is often sufficient to
estimate task difficulty patterns and benchmark-
level ranking trends before conducting an exhaus-

tive evaluation.

9 Conclusion

We investigated how many task evaluations are nec-
essary to recover benchmark-wide model rankings.
By representing benchmark results as a model-task
matrix and applying matrix completion, we ana-
lyzed evaluation results from 100 LLMs across 13
aggregate tasks and 523 subtasks.

Our experiments show that broad benchmark
suites contain substantial redundancy. ALS accu-
rately recovered benchmark-wide rankings even
when a large fraction of scores was masked. This
recoverability remained stable across task impor-
tance, task difficulty, and answer formats, suggest-
ing that the shared performance signal is broadly
distributed rather than concentrated in a small set of
tasks. At the same time, individual task pairs were
substantially less correlated than benchmark-level
rankings recovered from the full matrix. This indi-
cates that redundancy at the benchmark level does
not eliminate domain-specific information and that
direct evaluation remains necessary when the goal
is to measure a particular capability or application
domain.

Finally, we showed that benchmark-wide trends
can also be estimated from a relatively small sub-
set of models, suggesting that exhaustive model
evaluation is often unnecessary during benchmark
construction. Our analysis at the task level com-
plements methods that reduce the number of ex-
amples within a retained benchmark. The analysis
using subsets of models addresses the number of
systems needed to characterize a new benchmark.
These results imply that adding more tasks does
not automatically make a general evaluation more
informative. Benchmark designers should priori-
tize tasks that add distinct information about model
rankings or consistent behavior in a particular do-
main, while direct evaluation should remain the
basis for claims about a particular domain. Overall,
our results suggest that broad benchmark rankings
are far more recoverable than commonly assumed,
while domain-specific evaluations continue to pro-
vide unique information beyond the benchmark
average.

Limitations

Our analysis measures benchmark redundancy with
respect to the evaluated model population. It does
not disentangle the contributions of model family,
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parameter size, training data, architecture, or re-
lease generation to similarities among model scores.
Therefore, different model populations may ex-
hibit different degrees of recoverability. Never-
theless, we expect the overall observations regard-
ing benchmark redundancy to remain qualitatively
similar across reasonably diverse model popula-
tions. For RQ2, we compare free-form generation
and multiple-choice tasks already included in the
benchmark suite. Therefore, the experiment cannot
isolate answer format by presenting the same ques-
tions in both formats, but it directly tests whether
the free-form generation tasks add distinct informa-
tion to model rankings across the benchmark. The
paper also focuses on aggregate and subtask scores,
not item-level behavior. Item-level analyses may
reveal redundancy patterns that are invisible at the
task-column level.

Ethical Consideration

Datasets and models. We only use public
datasets and models. All of these uses are appropri-
ate for their licenses.

Annotation. This work does not involve human
subjects, user studies, or the collection of private
information.

Potential Risk. The main ethical risk is that
benchmark redundancy could be misread as a rea-
son to skip evaluations that are important for safety,
fairness, or domain-specific reliability.

AI Tools. We used AI tools to assist with gram-
matical correction and translation. However, all
research ideas, experimental design, and original
writing were carried out by the authors. We care-
fully reviewed and verified all AI-generated sugges-
tions before including them in the manuscript. We
take full responsibility for the paper’s content and
acknowledge the AI tools that helped us prepare
the manuscript.
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A Matrix Definitions

This appendix gives the matrix definitions that the
main text uses. Let X ∈ Rn×d be a score matrix
with n models and d tasks. The task-wise z-score
normalization is

Zij =
Xij − µj

σj
, (4)

where µj and σj are the mean and standard de-
viation of task j over models. We also checked
min-max normalization as a robustness variant.

For SVD, we decompose the normalized matrix
as

Z = UΣV ⊤. (5)

The first right singular vector gives task loadings.
The normalized loading mass of task j is

pj =
V 2
1j∑

k V
2
1k

. (6)

We summarize concentration with the largest load-
ing share and the effective number of tasks,

Neff = exp


−

∑

j

pj log pj


 . (7)

For ALS, let Ω be the observed set after masking.
The model predicts

Ŷij = µ+ bi + cj + u⊤i vj , (8)

where bi is a model bias, cj is a task bias, and
ui, vj ∈ Rr are latent factors. We fit these pa-
rameters by minimizing squared error on observed
cells with ℓ2 penalties on factors and biases. The
main ALS runs use rank 5, task-wise z-score fitting,
λu = 1.2, λb = 0.01, and 20 mask seeds.

B Recovery Baselines

In Section 5, we use the full ALS model in Equa-
tion 8 to recover randomly masked cells. The equa-
tion combines the global mean µ, the model bias
bi, the task bias cj , and the interaction u⊤i vj . To de-
termine which terms account for the recovery, we
repeat the experiment with models that remove dif-
ferent terms from Equation 8. We apply the same
random masks to the aggregate and subtask matri-
ces at each value of x and use the same 20 seeds
as in Figure 1. As in the main experiment in Sec-
tion 5, we normalize each task using the observed
cells and denote the resulting matrix by Y . For row
mean, let Ωi = {j : (i, j) ∈ Ω} denote the tasks
observed for model i. This predicts every hidden
cell in row i as Ŷ row

ij = |Ωi|−1
∑

k∈Ωi
Yik. The

additive bias uses Ŷ bias
ij = µ+ bi+ cj . It estimates

these terms by minimizing
∑

(i,j)∈Ω(Yij−µ−bi−
cj)

2+λb(
∑

i b
2
i +

∑
j c

2
j ). The full ALS condition

retains every term in Equation 8. We return the
predictions from all three methods to the original
score scale before evaluation.

Figure 6 shows that all three methods preserve
much of the aggregate model ordering, while the
lower error from full ALS on the subtask matrix
shows that the interaction term recovers variation
beyond the shared model direction.

C Contribution Scores for Individual
Tasks

In Section 6.1, we test whether preserving the tasks
with the largest contributions improves recovery.
Table 9 shows that no single task dominates the first
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Figure 6: Recovery with imputation based on the row mean, imputation with an additive bias model, and full ALS
across the masked cell ratio x. The left image reports MAE, the right image reports Spearman’s ρ, and the shaded
areas show variation across 20 mask seeds.

Task Mass Rank

MMLU 0.100 1
ARC-Challenge 0.095 2
MMLU-Pro 0.091 3
MGSM 0.090 4
AGIEval 0.086 5
MedQA 0.085 6
GSM8K 0.075 7
MMLU-ProX-Lite 0.073 8
HellaSwag 0.072 9
TruthfulQA 0.069 10
MATH 0.067 11
PIQA 0.067 12
IFEval 0.031 13

Table 9: Contribution scores for the aggregate tasks
used to select candidate anchor tasks. Mass denotes the
normalized squared loading on the first component, and
Rank orders tasks by this mass.

Figure 7: Recovery of the jointly masked mathematics
target group in the aggregate and subtask matrices. The
left panel reports MAE, the right panel reports Spear-
man’s ρ, and the error bars show variation across 20
mask seeds.

component. The effective numbers of 12.63 among
13 tasks and 499.4 among 523 subtasks indicate
that contributions spread across most tasks.

D Mathematics Tasks as a Joint Target

We treat GSM8K, MATH, and MGSM jointly as
the target group, keep the other task columns ob-
served, and mask 80% of the mathematics entries
over 20 seeds. Figure 7 shows that the mathematics
ordering remains recoverable.

E Task List

Table 10 shows all tasks used in our experiments.

F Model List

Table 11 lists the complete set of 100 models used
as the rows of the score matrices in our experiments.
Each row corresponds to one evaluated model, and
the parameter columns report total and active pa-
rameters in billions. For dense models, these two
counts are identical; for mixture-of-experts mod-
els, the active parameter count can be smaller than
the total parameter count. We include the full list
here so that the ALS recovery, SVD analysis, and
model-subsampling results can be traced to the ex-
act model set used in the paper.
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Task Subtasks Answer method Language Domain

MMLU 57 Multiple choice English General
MMLU-Pro 14 Multiple choice English General
MMLU-ProX-Lite 406 Multiple choice 29 languages General
ARC-Challenge 1 Multiple choice English Science
HellaSwag 1 Multiple choice English Commonsense
GSM8K 1 Free-form English Math
MATH 7 Free-form English Math
MGSM 11 Free-form 11 languages Math
IFEval 1 Free-form English Instruction following
MedQA 1 Multiple choice English Medicine
PIQA 1 Multiple choice English Physical commonsense
TruthfulQA 1 Multiple choice English Truthfulness
AGIEval 21 Free-form English and Chinese General

Table 10: Tasks used in the aggregate matrix and their corresponding subtask columns. “Answer method” describes
the evaluation format, and “Domain” describes the broad task area.

Model
Total

Param.
Active
Param. Model

Total
Param.

Active
Param.

Qwen2-0.5B-Instruct 0.5 0.5 Olmo-3-7B-RL-Zero-Math 7 7
Qwen2-1.5B-Instruct 1.5 1.5 Olmo-3.1-32B-Instruct 32 32
Qwen2-7B-Instruct 7 7 Falcon3-7B-Instruct 7 7
Qwen2-57B-A14B-Instruct 57 14 Falcon3-10B-Instruct 10 10
Qwen2.5-7B-Instruct 7 7 DeepSeek-R1-Distill-Qwen-7B 7 7
Qwen2.5-14B-Instruct 14 14 DeepSeek-R1-Distill-Llama-8B 8 8
Qwen2.5-Coder-7B-Instruct 7 7 DeepSeek-R1-Distill-Qwen-14B 14 14
Qwen2.5-Math-7B-Instruct 7 7 Llama-3.1-Nemotron-Nano-4B-v1.1 4 4
Qwen2.5-72B-Instruct 72 72 Llama-3.1-Nemotron-Nano-8B-v1 8 8
Qwen3-0.6B 0.6 0.6 glm-4-9b-chat-hf 9 9
Qwen3-1.7B 1.7 1.7 GLM-Z1-9B-0414 9 9
Qwen3-4B 4 4 GLM-Z1-32B-0414 32 32
Qwen3-8B 8 8 glm-edge-1.5b-chat 1.5 1.5
Qwen3-14B 14 14 glm-edge-4b-chat 4 4
Qwen3-30B-A3B-Instruct-2507 30 3 gpt-oss-20b 21 3.6
Qwen3-30B-A3B-Thinking-2507 30 3 InternLM3-8B-Instruct 8 8
Qwen3.5-0.8B 0.8 0.8 InternLM2.5-7B-Chat 7 7
Qwen3.5-2B 2 2 InternLM2.5-20B-Chat 20 20
Qwen3.5-4B 4 4 Granite-3.3-2B-Instruct 2 2
Qwen3.5-9B 9 9 Granite-3.3-8B-Instruct 8 8
Qwen3.5-27B 27 27 Granite-4.0-tiny 7 7
Qwen3.5-35B-A3B 35 3 EXAONE-3.0-7.8B-Instruct 7.8 7.8
Llama-2-7b-chat 7 7 EXAONE-3.5-2.4B-Instruct 2.4 2.4
Llama-2-13b-chat 13 13 EXAONE-4.0-1.2B 1.2 1.2
Llama-3.2-1B-Instruct 1 1 EXAONE-4.0-32B 32 32
Llama-3.2-3B-Instruct 3 3 Aya-Expanse-8B 8 8
Llama-3.1-8B-Instruct 8 8 Aya-Expanse-32B 32 32
Llama-3.1-70B-Instruct 70 70 Command-R7B-12-2024 7 7
gemma-2-2b-it 2 2 SeaLLMs-v3-7B-Chat 7 7
gemma-2-9b-it 9 9 Yi-1.5-6B-Chat 6 6
gemma-2-27b-it 27 27 Yi-1.5-9B-Chat 9 9
gemma-3-1b-it 1 1 Yi-1.5-34B-Chat 34 34
gemma-3-4b-it 4 4 SOLAR-10.7B-Instruct-v1.0 10.7 10.7
gemma-3-12b-it 12 12 SOLAR-pro-preview-instruct 22 22
gemma-3-27b-it 27 27 Seed-Coder-8B-Instruct 8 8
Phi-3-mini-128k-instruct 3.8 3.8 Seed-Coder-8B-Reasoning 8 8
Phi-3-medium-128k-instruct 14 14 llm-jp-3-1.8b-instruct3 1.8 1.8
Phi-3.5-mini-instruct 3.8 3.8 llm-jp-3-7.2b-instruct3 7.2 7.2
Phi-3.5-MoE-instruct 42 6.6 llm-jp-3-13b-instruct3 13 13
Phi-4-mini-instruct 3.8 3.8 llm-jp-3.1-1.8b-instruct4 1.8 1.8
Phi-4-mini-reasoning 3.8 3.8 llm-jp-3.1-13b-instruct4 13 13
Phi-4-reasoning 14 14 llm-jp-4-8b-thinking 8 8
Phi-4-reasoning-plus 14 14 llm-jp-4-32b-a3b-thinking 32 3
OLMoE-1B-7B-0125-Instruct 7 1 Qwen3-Swallow-8B-SFT-v0.2 8 8
OLMo-2-0425-1B-Instruct 1 1 Qwen3-Swallow-30B-A3B-SFT-v0.2 30 3
OLMo-2-1124-7B-Instruct 7 7 GPT-OSS-Swallow-20B-SFT-v0.1 20 20
OLMo-2-1124-13B-Instruct 13 13 OpenThinker2-7B 7 7
OLMo-2-0325-32B-Instruct 32 32 OpenThinker3-7B 7 7
Olmo-3-7B-Instruct 7 7 Dolphin3.0-Llama3.1-8B 8 8
Olmo-3-7B-Think 7 7 Dolphin3.0-Llama3.2-3B 3 3

Table 11: Complete model list used in the score matrix. Parameter counts are in billions.
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