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Abstract

Ensembling Vision-Language Models (VLMs) maximizes
benchmark accuracy, yet models from the same architectural
family share correlated errors that standard voting ignores.
We study 17 VLMs from 8 families on VQAv2, TextVQA, and
GQA. Family-correlated errors reduce effective ensemble
dimensionality to 2.5-3.6 independent voters and create a
Misleading tier (1.5-6.5% of questions) where calibrated
voting collapses to 0% despite the best model being cor-
rect. We propose three family-aware methods: Hierarchical
Family Voting (HFV) recovers +18-26 pp on the Mislead-
ing tier; QualRCCYV, a training-free method, is the first to
beat calibrated voting on all three benchmarks (p<0.05);
Learned Candidate Scoring (LCS) achieves +0.68% VQAv2,
+0.61% TextVQA, +2.45% GQA—all significant—and is the
only learned method that never degrades any benchmark.

1. Introduction

Combining predictions from multiple models is the default
strategy for maximizing VQA accuracy [8, 17]. Condorcet’s
jury theorem [3] guarantees that majority voting improves
with more independent, better-than-random voters. In prac-
tice, however, state-of-the-art VLM ensembles draw from a
small number of architectural families—Qwen2.5-VL, In-
ternVL, Molmo, LLaVA, etc.—where models within a fam-
ily share training data, architecture, and pre-training method-
ology. This creates a hidden structure: within-family errors
are strongly correlated, violating the independence assump-
tion.

We present the first multi-benchmark study of this
family structure across 17 VLMs from 8 families on
VQAvV2 (N=20,001), TextVQA (N=5,000), and GQA
(N=12,578). Our contributions: (1) A multi-benchmark
analysis showing that eigenvalue structure reduces 17 mod-
els to only 2—4 effective voters, with a Misleading tier where
calibrated voting achieves 0% despite the best model be-
ing correct. (2) Hierarchical Family Voting (HFV), a

training-free method that recovers the Misleading tier by
+18-26 pp. (3) QualRCCYV, the first training-free method to
beat calibrated voting on all three benchmarks (p<0.05).
(4) Learned Candidate Scoring (LCS), achieving the
largest gains (+2.45% GQA) and the only learned method
that never degrades any benchmark.

2. Related Work

Condorcet’s jury theorem [3] establishes that majority vot-
ing improves with more independent, better-than-random
voters. Extensions to correlated voters [1, 11] predict degra-
dation when errors are positively correlated, while the bias—
variance—covariance decomposition [2, 14] formalizes how
ensemble error depends on individual accuracy and pair-
wise diversity. Kuncheva & Whitaker [10] survey diversity
measures and find no single measure reliably predicts per-
formance.

Recent LLM ensemble work includes LLM-Blender [7],
which trains a ranking model to select the best response,
and More-Agents-Is-All-You-Need [12], which shows scal-
ing agents improves reasoning via majority voting. Self-
consistency [15] samples multiple reasoning paths and votes.
These methods assume approximate independence; we show
that family structure violates this assumption and propose
family-aware corrections. Hierarchical aggregation appears
in stacking [16] and mixture of experts [6]; we are the first to
apply architecture-family-level hierarchical voting to VLM
ensembles.

3. Setup

We assemble 17 VLMs from 8 families: 5 Qwen2.5-VL (7B—
72B, including fine-tuned and LoRA variants), 2 Qwen3-
VL (8B, 32B), 2 InternVL (v2, v3), 2 Molmo2-8B, Phi-
4-multimodal, 2 LLaVA (OneVision, NeXT), Pixtral-12B,
and 2 Idefics (Idefics3, SmolVLM). Individual accuracy
ranges from 60.4% (Phi-4 on VQAv2) to 86.3% (Molmo
on VQAV2), with family dominance varying by benchmark:
Molmo leads on VQAv2, Qwen2.5-VL LoRA variants lead
on TextVQA, and LLaVA-NeXT leads on GQA.
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Figure 1. Gap decomposition across benchmarks. Calibrated voting
captures only a small fraction of the gap between single-best and
oracle accuracy, especially on VQAv2 and GQA.

VQAV2: Error Correlation Dendrogram (17 models, 8 families)
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Figure 2. Hierarchical clustering on error correlation distance.
Family-colored leaves show architecture families cluster together.

We evaluate on VQAV2 minival [4] (N=20,001; soft ac-
curacy, 10 annotators), TextVQA val [13] (N=>5,000; OCR
reasoning), and GQA testdev [5] (N=12,578; composi-
tional reasoning, exact match). Baselines include major-
ity voting, calibrated voting (per-model log-odds weights
Wy, = 10g(pm/(1—pm))), and the per-question oracle. All
significance tests use paired bootstrap (2,000 resamples, 95%
Cls).

4. Family Structure in VLM Ensembles

The ensemble ceiling gap. On VQAV2, calibrated vot-
ing reaches 86.70%—only 0.41% above the best model
(86.29%)—yet the oracle achieves 95.06%, an 8.8% gap
(Fig. 1). Only 4.7% of this gap is captured by voting; the re-
mainder requires per-question model selection. This ceiling
motivates investigating why voting fails.

Error correlations cluster by family. Pearson correla-
tion of per-question accuracy vectors across all 136 model
pairs shows within-family » = 0.67 & 0.12 vs. cross-family
r = 0.53 £ 0.07 (Mann-Whitney p < 0.001). Hierarchi-
cal clustering on the correlation matrix recovers family-
aligned groups (Fig. 2), and spectral clustering at k=8
achieves ARI = 0.42, NMI = (.82 without any label informa-
tion. Eigenvalue analysis reveals effective dimensionality of
only 2.86 on VQAV2 (3.59 TextVQA, 2.49 GQA): 17 models
carry the statistical power of ~3 independent voters [9].

Table 1. Difficulty taxonomy on VQAV2 (17 models). T2 (Mis-
leading) shows catastrophic failure: calibrated voting achieves 0%,
HFV recovers +26 pp.

Tier % Qs Best Cal HFV A
TO: Trivial 416 978 979 98.0 +0.1
T1: Easy 477 915 917 902 —15
T2: Misleading 25 789 0.0 260 +26.0
T3: Hard 7.1 00 306 295 —1.1
T4: Impossible 1.1 0.0 0.0 0.0 0

Per-Model Accuracy by Family (17 models)

TextvoA

Figure 3. Pg(r“f?g}nily accuracy across benchmarks. HFVaflglps when
family quality is balanced (VQAv2) but hurts when one family is

dramatically weaker (InternVL3 at 49% on TextVQA).

The Misleading tier. We classify questions into five diffi-
culty tiers (Tab. 1). The key finding is tier T2 (Misleading):
the best model is correct but its answer is outvoted by cor-
related errors from same-family models. On VQAvV2, this
affects 2.5% of questions where calibrated voting drops to
0% despite the best model achieving 79%. This pathology
appears on all three benchmarks (1.5-6.5%).

5. Family-Aware Aggregation Methods

Hierarchical Family Voting (HFV). HFV aggregates in
two stages. Stage I: within each family f, compute a family
answer via calibrated voting: Gy = argmaxg ), r Wi -
1[a;,=a], where w,, = log(pm/(1—pm)). Stage 2: ag-
gregate family answers using family-level weights W; =
log(Py/(1—Py)), where Py is family f’s internal ensemble
accuracy: a = argmax, y Wy - 1[ay=al. By collapsing
each family to a single vote, HFV decorrelates the voting
pool: the Qwen2.5 family’s 5 correlated votes become 1 ef-
fective vote, properly reflecting the true degrees of freedom.
HFV-sharp raises IW; to a power a>1 to down-weight weak
families, selected via cross-validation.

When HFV helps and fails. HFV’s aggregate effect de-
pends on family quality balance (Fig. 3). On VQAv2, HFV-
sharp achieves +0.49% (p<0.0001) and on GQA +0.25%
(p=0.087). On TextVQA (—0.60%), InternVL3 collapses
to 49% and Phi-4 to 46%—near random for OCR tasks—so
equalizing families gives poor predictions undue influence.
QualRCCV’s soft correction avoids this pathology.
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QualRCCYV. Rather than the hard two-level split of HFV,
QualRCCV applies a soft redundancy correction by dividing
each model’s calibrated weight by its family size and scaling
by family quality:

a7
4 = ar maxzw-l[& =a] (1)
)

where ¢y = max,,eacc(m), p=0.4, y=1.0. This pre-
serves high-quality family contributions while correcting for
numerical dominance.

Learned Candidate Scoring (LCS). LCS scores individ-
ual candidate answers rather than choosing between aggre-
gation methods. For each question, it generates top-K can-
didates ranked by QualRCCV weight, extracts per-candidate
features (support breadth, family diversity, supporter quality,
margin), and trains a gradient-boosted classifier (LightGBM)
via 5-fold cross-validation to predict P(correct | features).
The dominant feature is the QualRCCV margin (importance
>0.77).

6. Experiments

Tab. 3 presents results across all three benchmarks. Qual-
RCCY is the first training-free method to beat calibrated
voting on all three benchmarks simultaneously: +0.17%
VQAV2 (p=0.003), +0.21% TextVQA (p=0.034), +0.31%
GQA (p=0.003). LCS achieves the largest gains: +0.68%
VQAV2, +0.61% TextVQA, +2.45% GQA—all statistically
significant (p<0.0001). LCS is the only learned method
that never degrades any benchmark (FAAR-learn degrades
TextVQA by —0.87%).

The GQA puzzle. GQA is the benchmark where stan-
dard calibrated voting underperforms the single best model
(64.02% vs. 64.25%): correlated family errors overwhelm
the weaker models’ contributions. LCS recovers to
66.47 %—more than 2.2 pp above the best individual model—
demonstrating that family correlation causes real perfor-
mance degradation that answer-level scoring can reverse.

Test-set evaluation. We train LCS on the full VQAv2
minival set and submit predictions to the EvalAl leaderboard.
Using 12 models from 5 families (5 models lack test-set
predictions), LCS achieves 87.83% on test-standard, con-
firming generalization beyond cross-validation.

HFV consistently recovers the Misleading tier across
all benchmarks (Tab. 2): +26.0pp (VQAv2), +18.3pp
(TextVQA), +23.7 pp (GQA).

A balanced 8-model ensemble (one per family) nearly
matches 17 models on VQAv2 (—0.07%) and matches on
GQA, confirming that family diversity matters more thtfi®
model count. 196

Table 2. Misleading tier (T2) recovery across benchmarks. Cali-
brated voting achieves 0% on T2 questions where the best model is
correct; HFV consistently recovers a large fraction.

Benchmark T2 % Cal HFV A

VQAv2 25% 0% 26.0% +26.0
TextVQA 1.5% 0% 18.3% +18.3
GQA 6.5% 0% 23.7% +23.7

Table 3. Main results (95% bootstrap Cls, 17 models, 8 families).
QualRCCV: first training-free method to beat calibrated voting on
all three benchmarks. LCS: largest gains, only learned method that
never degrades. '5-fold CV.

Method VQAV2 TextVQA GQA
Single best 86.29 [85.9,86.7] 82.8881.9,83.9] 64.25 [63.4,65.1]
Calibrated vote  86.70 [86.3,87.1] 85.87 [85.0,86.8] 64.02 [63.2, 64.9]

Training-free

QualRCCV 86.87 [86.4,87.3]  86.07 [85.2,87.0] 64.33 [63.6,65.2]
HFV-sharp 87.19 [86.8, 87.6] 85.27 64.27
Learned (5-fold CV)

Lcst 87.38 (87.0,87.8] 86.48 [85.6,87.4]  66.47 [65.7, 67.3]
Oracle 95.06 94.18 83.39

7. Conclusion

Within-family error correlation (r=0.67 vs. 0.53 cross-
family) reduces 17 VLMs to ~3 effective voters and creates
a Misleading tier (1.5-6.5% of questions) where calibrated
voting achieves 0%. HFV recovers this tier (+18-26 pp).
QualRCCYV is the first training-free method to beat calibrated
voting on all three benchmarks (p<0.05). LCS achieves the
largest gains (+2.45% GQA) and never degrades any bench-
mark. Practitioners should prioritize architectural diversity
over model count and use family-aware aggregation.

Limitations. Our ensemble is dominated by one family
(5/17 Qwen2.5-VL); more balanced pools may show smaller
effects. We evaluate only short-answer VQA, not open-
ended generation. LCS uses 5-fold cross-validation with all
calibration on train folds only; however, GBM hyperparame-
ters were selected on development data.
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