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ABSTRACT

Evaluating vision encoders requires metrics that reliably predict their downstream
performance in multimodal large language models (MLLMs). Although recent
studies have shown that cross-modal metrics can better capture such performance,
unimodal metrics remain the dominant choice in practice. In this work, we re-
visit cross-modal evaluation of vision encoders through large-scale experiments.
We identify important limitations in both the experimental design and method-
ological formulation of prior approaches. After addressing these limitations and
introducing simple improvements, we propose RAVELE] a training-free method
based on cross-modal nearest-neighbor retrieval. Despite its simplicity, RAVEL
achieves state-of-the-art performance across our experiments, outperforming prior
methods by a substantial margin. Our results demonstrate that simple cross-modal
metrics, when evaluated under a careful and comprehensive setup, can provide a
strong basis for evaluating vision encoders for MLLMsE]

1 INTRODUCTION

Recent multimodal large language models (MLLMs) have achieved strong performance in visual
understanding and reasoning by using vision encoders to transform visual inputs into representa-
tions that can be processed by large language models (Alayrac et al., 2022} [Liu et al.| [2023] inter
alia). The vision encoder?|plays a critical role in this process: it determines what visual information
is preserved and made available to the language model, and therefore substantially affect down-
stream MLLM performance. Reliably evaluating vision encoders and predicting their downstream
performance in MLLMs is thus an important problem.

Current studies commonly evaluate vision encoders by integrating each candidate into an MLLM,
training it with a unified multimodal recipe, and comparing the resulting models on downstream
benchmarks (Tong et al.| 2024} |Cocchi et al., 2025} [Li et al., 2025)). While this directly measures
downstream utility, it requires a separate training and evaluation cycle for every encoder-language-
model pair, making it prohibitively expensive as the candidate pool grows. Alternative approaches
that seek to reduce computational cost instead rely on metrics that measure the quality of vision
encoders in isolation, such as parameter count, zero-shot accuracy, or intrinsic representation statis-
tics (Radford et al., 2021} [L1 et al.l 2024} |Garrido et al., [2023). However, these metrics do not
account for how well a vision encoder is aligned or compatible with a particular language model.
This motivates cross-modal metrics that directly compare visual and language representations with-
out requiring expensive multimodal training or finetuning.
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Figure 1: Effect of vision encoder candidate-pool size and heterogeneity on evaluation metrics.
Cross-modal metrics outperform unimodal alternatives on moderately sized candidate pools, but
their predictive performance drops substantially as more diverse vision encoders are added. In
contrast, RAVEL, with improved representation conditioning and finer-grained similarity scoring,
consistently outperforms competing metrics across different vision encoder pools.

Recent work approaches this problem by measuring similarities between visual and textual repre-
sentation spaces. Notably, Huh et al.|(2024) propose MutualNN, which retrieves the top-k nearest
neighbors independently in the visual and textual spaces for each paired sample and measures the
overlap between their identities. Building on this idea, [Li et al.| (2026) propose using Gromov—
Wasserstein (GW) distance to capture more global structural similarity between the two representa-
tion distributions. While these cross-modal metrics are effective, our large-scale experiments reveal
that their performance is highly sensitive to the composition of the candidate pool. Figure [I|reports
the Spearman correlation between each metric’s predictions and the ground-truth downstream per-
formance of MLLMs as progressively more vision encoders are added to the candidate pool. Prior
cross-modal metrics outperform unimodal alternatives on moderately sized pools, but their corre-
lations drop substantially as the pool becomes larger and more diverse. In these more challenging
settings, unimodal metrics again become stronger predictors of downstream MLLM performance.
This sensitivity to the candidate pool may help explain why unimodal metrics remain widely used
despite the promise of cross-modal evaluation.

To address this challenge, we revisit two fundamental aspects of representational similarity measure-
ment. First, vector similarities can be strongly influenced by representation geometry. Features may
be dominated by a few high-variance directions or exhibit strong correlations across dimensions,
which can distort similarity measurements without reflecting downstream compatibility with the lan-
guage model (Garrido et al.| 2023} |Sasaki et al., [2023)). We therefore build on PCA whitening, but
modify the standard formulation with a stabilization term that prevents low-variance directions from
being excessively amplified. Second, the granularity at which similarity is measured matters. Glob-
ally pooling visual features can discard fine-grained information contained in patch representations.
We therefore introduce fine-grained patch-level similarity scoring into vision encoder evaluation,
which, to our knowledge, has not been explored in prior work on this problem.

Motivated by these observations, we build upon MutualNN because it provides a simple and effective
framework for measuring cross-modal similarity. We propose RAVEL, a training-free cross-modal
metric that retains its retrieval-based formulation while incorporating stabilized PCA whitening and
fine-grained patch-level scoring.

We conduct a large-scale evaluation of nine strong metrics, covering both unimodal and cross-modal
approaches, on 210 MLLMs comprising 70 vision encoders and three language models. This eval-
uation is substantially larger and more diverse than those in prior studies, allowing us to assess
metric robustness across encoder architectures, pretraining objectives, representation types, and
computational scales. Under FLOPs-controlled comparisons, RAVEL improves over MutualNN
by more than 42.8% and outperforms the strongest prior metric by more than 21.1% in correla-
tion with ground-truth downstream MLLM performance. Further analysis shows that stabilized
PCA whitening is critical to this improvement, while RAVEL remains robust across a wide range
of hyperparameter settings and across different vision encoder families. RAVEL also outperforms
TokBench (Wu et al., [2025a), a reconstruction-based evaluation benchmark specifically designed



for reconstruction-trained vision encoders, demonstrating that its effectiveness extends beyond any
single encoder family or training paradigm.

Our contributions can be summarized as follows.

* We benchmark nine evaluation metrics on 210 MLLMs built from 70 vision encoders and
three language models, revealing that existing cross-modal metrics degrade as encoder di-
versity increases. We will open-source our evaluation pipeline and model checkpoints to
support future research.

* We introduce RAVEL, a simple training-free metric that combines stabilized PCA whiten-
ing with fine-grained patch-level similarity scoring.

* Despite its simplicity, RAVEL consistently outperforms prior methods and provides a
strong baseline for future work on vision encoder evaluation.

2 RELATED WORK

Vision Encoders. Vision encoders can be broadly divided into continuous and discrete en-
coders. Continuous encoders produce real-valued global or patch-level representations and are
commonly pretrained through vision—language learning (Radford et al., 2021)), image-only self-
supervision (Oquab et al., [2024), reconstruction (He et al., [2022), or knowledge distillation (Zhu
et al., [2026). Discrete encoders quantize latent features into discrete codes using explicit code-
books (van den Oord et al., [2017), lookup-free quantization, or binary quantization, yielding se-
quences of visual tokens. While often trained primarily for reconstruction, recent methods (Ma
et al.| [2025; |[Lin et al.l |2025) also incorporate image—text contrastive objectives to preserve high-
level semantics. Since both types determine what visual information is available to the language
model, we evaluate them within a unified framework.

Vision Encoder Evaluation and Selection. Prior work has explored cheaper alternatives to fully
training an MLLM for every candidate encoder. Reconstruction-based benchmarks such as Tok-
Bench (Wu et al.l [2025a) measure how well reconstructed images preserve fine-grained content.
However, such methods require a reconstruction pathway and are therefore limited to encoders
trained with reconstruction objectives.

Representation-based approaches apply more broadly. |Yang et al. (2025b) predict downstream
MLLM performance from cross-modal alignment and visual correspondence, but require projec-
tor training, keypoint annotations, and downstream scores from a subset of fully trained MLLMs.
Zhang et al.| (2025)) instead train a lightweight linear alignment layer between frozen vision and
language backbones and evaluate it through zero-shot image—text retrieval.

Training-free methods directly compare visual and textual representation spaces. MutualNN (Huh
et al., |2024) constructs k-nearest-neighbor sets independently in the two spaces and measures their
overlap over paired samples. More recently, |Li et al.| (2026) use Gromov—Wasserstein (GW) distance
to compare their global geometry. MutualNN therefore emphasizes correspondence-aware local
structure, whereas GW captures global structural similarity without directly using the known image—
text pairings.

3 RAVEL

RAVEL builds on MutualNN. Given a paired image—text dataset, MutualNN first retrieves the top-
k nearest neighbors of each sample independently in the visual and textual representation spaces.
It then uses the known image—text correspondences to measure the overlap between the two sets
of retrieved samples. Intuitively, if a vision encoder is compatible with a target language model,
images that are close in the visual representation space should have corresponding texts that are also
close in the language model’s representation space.

RAVEL retains this retrieval-and-overlap pipeline, but revisits how similarities are measured within
the two representation spaces. In particular, we introduce two modifications: stabilized PCA whiten-
ing to reduce representation-specific geometric bias, and patch-level scoring functions to preserve
fine-grained visual similarities.



3.1 PRELIMINARY: MUTUALNN

Let D = {(z;,t;)}, denote a dataset of paired images and texts. Given a candidate vision encoder
E and a target language model L, MutualNN represents each image and text with a single vector:

z! = E(z;),  zi=L(t). (1)

Visual and textual representations may have different dimensions and reside in different feature
spaces, so MutualNN does not compare them directly. Instead, it independently computes pairwise
similarities within the two representation spaces:

si; = sim (zf, zj) , sﬁj = sim (zﬁ, zj) . 2)

For each sample i, the top-k nearest neighbors are then retrieved independently in the visual and
textual spaces:
N (i) = arg topk 57, N'(i) = arg topk s};. (3)
i i

Because x; and ¢; correspond to the same underlying sample, the retrieved identities can be directly
compared across modalities. MutualNN measures their average overlap as
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A higher score indicates that the vision encoder and language model induce more similar neighbor-
hood structures over the paired dataset. RAVEL retains this scoring procedure, but modifies how the
similarities used to construct these neighborhoods are computed.

3.2 STABILIZED PCA WHITENING

The first modification concerns the geometry of the representation spaces. Vector similarities can be
strongly affected by the variance and correlation structure of the underlying features. PCA whitening
has long been used to mitigate this problem in retrieval. In image retrieval, Jégou & Chum| (2012)
show that whitening can reduce the influence of common, correlated co-occurrence directions, and
related work applies PCA whitening to deep image representations for retrieval (Babenko & Lem-
pitskyl [2015). For text, whitening has likewise been used to improve sentence representations and
semantic retrieval (Su et al., [2021; [Huang et al.| 2021)).

We therefore apply PCA whitening before measuring representation similarity.

While whitening suppresses dominant high-variance directions, we find that directly scaling each
principal direction by the inverse square root of its variance can excessively amplify low-variance
directions, which may primarily capture noise. We therefore introduce a small stabilization term
e = 10~* to the PCA eigenvalues and apply the following transformation to a particular encoded
text or image vector, z;:

(A+eD)"2UT (2 — p) (5)

Where U contains the eigenvectors associated with the positive eigenvalues of the covariance ma-
trix, and A is the diagonal matrix of those eigenvalues. p is the mean of the given dataset. The
stabilization term limits the amplification of low-variance directions while retaining the ability of
PCA whitening to suppress dominant directions. We fit the transformation independently for each
candidate vision encoder and for the target language model using only representations encoded
from D. For the visual space, PCA is estimated over individual patch representations. For the tex-
tual space, PCA is estimated over mean-pooled textual representations. No downstream labels or
MLLM training results are used.

3.3 FINE-GRAINED SIMILARITY SCORING

The second modification concerns the granularity at which similarity is measured. Both visual and
textual representations can be viewed as sets of local features, such as image patches or text tokens,
and global pooling may discard useful fine-grained correspondences. However, the appropriate
granularity differs across modalities in our setting. Vision encoders typically produce hundreds
of patch tokens per image, whereas the paired textual descriptions are much shorter. Unlike text



retrieval methods such as ColBERT (Khattab & Zaharial [2020), which operate on relatively long
passages and documents, our textual sequences are short enough that global representations are
sufficient, while fine-grained matching is more important for vision.

For visual representations, we seek a similarity function that directly compares two sets of patch
features. Chamfer-style similarity is well suited to this setting because it is permutation-invariant,
naturally handles sets with different numbers of elements, and captures local correspondences with-
out requiring a predefined one-to-one alignment. By matching each feature to its most similar coun-
terpart, it can preserve strong local agreements that may be diluted by global pooling. Chamfer-style
matching has been used in set-based problems such as point-cloud matching and reconstruction (Fan
et al., 2017)) and fine-grained video similarity (Kordopatis-Zilos et al.l [2019). Following the same
set-matching principle, we apply it directly to patch representations.

We define similarity between two images using a symmetric Chamfer-style scoring function:
M; M;
111 i (B, Do) + 1 i (B5, Pia) )
sV = = | — max  sim (Psq, Pj — max  sim (p;p, Pi
ij 2 Mi . 1<b< M, Pia,Pjb Mj 1Za<M; Pjb; Pia )
a=

where M; and M; denote the numbers of patch tokens in images ¢ and j, and p,, is the a-th patch
representation of image ¢. The two terms perform matching in opposite directions, producing a
symmetric image-level similarity. Special tokens, e.g., CLS tokens, are excluded.

For text, let z! denote the mean-pooled representation of caption ¢;, and compute textual similarity
as sj; = sim(zj,z}). The visual and textual similarities are used to construct the nearest-neighbor

sets in Equation 3] and the final RAVEL score is computed using Equation [4]

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUPS

Overall Pipeline. Our experiments comprise two stages. First, we establish the ground-truth down-
stream performance for each vision encoder-language-model pair (E, L). We train and evaluate
MLLMs on a collection of downstream benchmarks. Let

P(E,L)=[P(E,L),...,Pg(E,L)] @)

denote its performance across B benchmarks. We use the average benchmark performance

1 B
b=1

as the ground-truth performance of the pair. Repeating this procedure across different vision en-
coders and language models gives a collection of tuples (F, L, P).

Second, for each evaluation metric, we compute a score S(F, L) that predicts the compatibility be-
tween vision encoder F and language model L with minimal training of the corresponding MLLM.
We assess each metric by measuring Pearson and Spearman correlations between its predicted scores
S(E, L) and the ground-truth downstream performance P(E, L) across vision encoder-language-
model pairs. More details on the evaluation metrics are in Appendix

When training MLLMs, we continue training from existing pretrained language model checkpoints
and perform mid-training on LLaVA-LCS-558K (Liu et al., [2024a)), optimizing only the projector
while keeping both the vision encoder and language model backbone frozen. We then jointly opti-
mize the projector and language model backbone on LLaVA-665K (Liu et al.|[2024a). The resulting
MLLMs are evaluated on 11 benchmarks spanning visual question answering, multimodal reason-
ing, OCR, captioning, and hallucination assessment. The unweighted average across the benchmarks
defines the ground-truth performance. Details are provided in Appendix [E]

Evaluated Models. We evaluate a pool of 70 vision encoders spanning continuous encoders and
discrete visual tokenizers. Each vision encoder is evaluated with Qwen3-1.7B (Yang et al.| 2025a),
Qwen2.5-1.5B-Instruct (Yang et al.|[2024), and SmolLM?2-1.7B-Instruct (Allal et al.,|2025)). Further
details on the candidate vision encoders are provided in Appendix



Table 1: FLOPs-controlled comparison of different evaluation metrics. All methods use matched
computational budgets except AC Policy®, whose computational cost cannot be reduced to the
matched FLOP budget due to its method design. Best and second-best results are shown in bold
and underlined, respectively.

Qwen3-1.7B Qwen2.5-1.5B SmolLM2-1.7B
Method pt  rt | pt vt | et w1t
Vision-only metrics
Linear probing (Caron et al.| [2021) 0.484 0.490 0.568 0.510 0.593 0.597
KNN (Wu et al.,[2018)) 0.551 0.513 0.534 0.598 0.603 0.567
Cross-modal metrics requiring additional model training
Mid-Training Loss 0.342 0.349 0.434 0.403 0.272 0.300
AC PolicyT (Yang et al.,|2025b) 0.506 0.445 0.573 0.391 0.632 0.603
Alignment probing (Zhang et al.||2025)) 0.569 0.618 0.634 0.640 0.670 0.711
Cross-modal metrics without req;,tiring additional model training
RSA (Kriegeskorte et al.,[2008)) 0.125 0.206 0.015 0.068 -0.070 0.060
CCA (Hotelling,|1936) 0.163 0.251 0.275 0.338 0.213 0.341
MutualNN (Huh et al., [2024) 0.439 0.543 0.468 0.570 0.361 0.541
GW (Li et al.,[2026) 0.226 0.236 0.515 0312 0.577 0.472
RAVEL (Ours) 0.820 0.816 0.897 0.896 0.833 0.845

Table 2: Comparing the effect of Table 3: Correlations of TokBench metrics and RAVEL
patch-level scoring functions and PCA with downstream MLLM performance using discrete vi-
whitening. The results are averaged sion encoders.

over the three language models.

Variant Metrics Metric Qwen3 Qwen2.5 SmolLM2

pT 1 pT rt pT rt pT rt
MutualNN 0.194 0.240 T-ACC +0.359 +0.364 —0.308 +0.088 —0.975 —0.650
+ PCA Whitening 0.782 0.798 T-NED +0.359 -+0.255 —0.308 —0.016 —0.975 —0.679
~+ Patch-level w/o PCA 0.548 0.510 F-Sim +40.359 —0.223 —-0.308 —0.433 —0.975 —0.700
-+ Patch-level w/ PCA 0.850 0.852 RAVEL +0.600 +0.743 +0.600 +0.598 +0.400 +0.524

Baselines. We compare RAVEL against vision-only metrics that ignore the target language
model, namely linear probing (Caron et al., 2021) and k-nearest-neighbor classification (KNN;
Wu et al., |2018), and against training-free cross-modal metrics: RSA (Kriegeskorte et al., 2008)),
CCA (Hotelling, [1936), GW (L1 et al., [2026)), and MutualNN (Huh et al.| [2024)). As stronger but
costlier reference points, we also include methods that require additional training or fitting: align-
ment probing (Zhang et al.l [2025), AC Policy (Yang et al., 2025b), and mid-training loss, i.e., the
final projector loss of FLOP-matched first-stage mid-training. Details are in Appendix [I.1]

4.2 MAIN RESULTS

Table [T|compares RAVEL with representative vision encoder evaluation methods. RAVEL achieves
the highest correlations across all three language backbones, with Spearman correlations of 0.820,
0.897, and 0.833 and Pearson correlations of 0.816, 0.896, and 0.845 for Qwen3-1.7B, Qwen2.5-
1.5B, and SmolLM2-1.7B, respectively. Compared with the strongest baseline, alignment probing,
RAVEL improves Spearman correlation by 0.251, 0.263, and 0.163, and Pearson correlation by
0.198, 0.256, and 0.134. These consistent gains show that RAVEL more accurately predicts both
the relative ranking of candidate encoders and how their downstream MLLM performance varies.

4.3 EMPIRICAL ANALYSIS OF RAVEL

4.3.1 EFFECT OF PATCH-LEVEL SCORING FUNCTION AND PCA WHITENING

Table 2] reports ablation results averaged over the three language backbones. Starting from cross-
modal nearest-neighbor retrieval (k = 100) with globally pooled visual representations, stabilized
PCA whitening improves Spearman’s p from 0.194 to 0.782 and Pearson’s r from 0.240 to 0.798.
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Figure 2: Feature representation and patch-set matching in RAVEL. (a) Effect of the text feature
extraction layer on ranking correlation. (b) Patch-set matching does not benefit long captions. (c)
Patch differentiation under controlled feature intervention.
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Figure 3: Representation post-processing choices. (a) Five post-processing methods and the unpro-
cessed baseline. (b) Spearman change after removing high- or low-variance visual PCs. (c) Ablation
of L2 normalization and spectral stabilization under conventional PCA whitening.

Replacing global visual similarity with patch-level Chamfer-style scoring further increases the cor-
relations to 0.850 and 0.852, respectively, demonstrating the complementary benefits of geometric
conditioning and fine-grained visual matching.

4.3.2 ANALYSIS OF TEXT REPRESENTATION

Textual Embedding Layer Selection. Unlike vision encoders, which are explicitly trained to pro-
duce visual representations, language models do not provide a uniquely defined embedding layer.
Their hidden states may encode different levels of semantic information across layers, making the
choice of text feature extraction layer an additional design decision. We therefore examine how this
choice affects RAVEL. As shown in Figure 2a] Spearman correlations vary only slightly across lay-
ers. Given this limited sensitivity, we follow the setting of |L1 et al., [2026| and use the second-to-last
hidden layer throughout.

Do We Need Patch-Level Scoring Functions for Textual Representations? To test whether fine-
grained token matching also benefits textual similarity estimation, we represent each text as a set
of content-token embeddings and compute similarity using ColBERT-style MaxSim (Khattab &
Zaharial 2020), which averages the maximum token-wise similarity for each query token. On a
same-image caption retrieval task constructed from CC3M, mean pooling consistently outperforms
this token-level formulation, with the performance gap widening as caption length increases, as
shown in Figure 2b] We therefore use mean-pooled token representations for textual similarity.

4.3.3 ANALYSIS OF PCA WHITENING

Why PCA Whitening? Figure [3a] shows that PCA whitening achieves the highest average rank
correlation among the evaluated post-processing methods, with details of each method provided in
the appendix [J]] Following prior dimension-removal analyses (Timkey & van Schijndel, 2021)), We
further examine the effect of explicit component removal by varying the number of leading PCs re-
moved by ABTT and trailing PCs removed before whitening. Figure [3b]shows that ABTT benefits
from removing a few leading PCs, but these gains diminish and eventually reverse as more compo-
nents are removed. For PCA whitening, removing low-variance PCs provides no clear improvement
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Figure 4: Patch-level matching preserves local structure. (a) Red lines link high-similarity patch
pairs. (b) Color shows each patch’s best-match similarity (brighter = stronger).

Table 4: Hyperparameter sensitivity. Table 5: PCA-whitening effect.
Param. | k | ew (x107%) Method  Native p PCA-Wp Ap
Value | 50 100 150 | 05 1 5 MutualNN 0422 0.749  +0.327

GW 0.439 0497  +0.058
p 0838 0.850 0.8500.829 0.850 0.846 RSA 0.024 0.708  +0.684
r 0.847 0.852 0.844|0.829 0.852 0.848 CCA 0.217 0.448 +0.231

over the no-removal setting within the tested range. We therefore omit this additional truncation step
and retain all positive-eigenvalue directions.

Stabilizing PCA Whitening. We further examine the implementation choices required for reli-
able whitening. In Figure [3c| the baseline denotes conventional PCA whitening. The results show
that scale normalization alone is insufficient: the main improvement comes from stabilizing the
small-eigenvalue directions, after which L2 normalization provides a further gain. We therefore use
stabilized and normalized PCA whitening in RAVEL.

Effects Across Methods. Table [3] further shows that this post-processing benefits all evaluated
methods, although the improvement is less pronounced for GW. Unlike the other methods, GW
evaluates the complete distance geometry and applies median-ratio scaling to align cross-modal
distance scales (Li et al., 2026). While this adjustment corrects differences in overall magnitude, it
does not align the shapes of the distance distributions. These results suggest that PCA whitening
provides broadly useful representation conditioning, with particularly strong benefits for methods
based on local or correlation-based comparisons.

4.3.4 EFFECTS OF PATCH-LEVEL MATCHING

Global pooling compresses all visual tokens into a single vector, potentially mixing shared ob-
jects with unrelated context. Figure [] visualizes patch correspondences and per-patch best-match
scores. The strongest matches concentrate on shared motorcycle regions despite changes in view-
point and background, while unmatched regions receive lower scores, suggesting that patch match-
ing can emphasize shared local semantics. To test whether this local information contributes to
tokenizer ranking, we progressively shrink patch features toward their within-image mean while
keeping the remaining pipeline fixed. Figure [2c|shows that the Spearman rank correlation across
language backbones generally increases under both graph settings as «y is increased from 0 to 1.
This intervention provides independent evidence that preserving within-image patch differentiation
improves tokenizer-ranking agreement in the tested settings.

4.4 ROBUSTNESS AND COMPUTATIONAL EFFICIENCY

Hyperparameter Sensitivity. To assess hyperparameter sensitivity, we vary the neighborhood size
k, and whitening regularization strength ¢,, around their default values. As shown in Table ] macro
Spearman and Pearson vary by at most 0.021 and 0.023, respectively, indicating that RAVEL does
not rely on precise hyperparameter tuning.

Robustness of Test Set Size. We vary the number of paired examples from 500 to 5,000 while
keeping the candidate encoder pool fixed. Figure [5a] shows that RAVEL maintains a high Spear-
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Figure 5: Robustness and scaling behavior.

Example 1: Unreadable reconstruction, correct prediction. Example 2: Readable reconstruction, wrong prediction.

Question: Who wrote this book? Question: What is the title of this book?
BANKSY BANKSY cvien
Robert C. Atkins Banksy in New York
Prediction: 1 % ¥ Prediction: ®
Robert C. Atkins M M New York City: The Ultimate Guide
3 to the Big Apple
Original Reconstruction Original ~ Reconstruction

Figure 6: Reconstruction quality does not determine MLLM utility. In the first example, the MLLM
correctly identifies the author despite the unreadable reconstructed text. In the second, the recon-
struction clearly preserves the book title, yet the MLLM produces an incorrect answer.

man correlation throughout, with little gain from larger sets; several baselines are more sensitive to
sample size. Thus, the smallest tested set already provides a useful ranking signal.

Robustness across Computational Budgets. As shown in Figure [5b] RAVEL maintains a Spear-
man correlation of approximately 0.84 across a wide range of FLOPs, while competing methods
achieve lower correlations despite generally higher costs.

4.5 RECONSTRUCTION QUALITY AS A PROXY FOR MLLM PERFORMANCE

Our candidate pool includes discrete visual tokenizers, which are commonly evaluated using
reconstruction-based metrics such as TokBench (Wu et al., 2025a) metrics (T-ACC, T-NED, and
F-Sim). We therefore examine whether these metrics predict their downstream MLLM performance.

Does reconstruction Reflect What the MLLM Can See? Reconstruction reflects what a dedi-
cated decoder can recover from discrete visual tokens, whereas downstream performance reflects
whether the target LLM can use them. To illustrate, we examine an MLLM built with TokLIP-L
and Qwen2.5-1.5B-Instruct on two examples from OCR-VQA (Mishra et al.| [2019). As shown in
Figure[6] the mismatch occurs in both directions: the MLLM correctly identifies “Robert C. Atkins”
despite severely distorted reconstructed text, but answers incorrectly even when “Banksy in New
York” is clearly reconstructed. Thus, accurate reconstruction is neither necessary nor sufficient for
an MLLM to extract textual information from visual tokens.

Correlation with Downstream Performance. As shown in Table 3] TokBench metrics do not con-
sistently track downstream MLLM performance. Their Spearman correlations range from +0.36 on
Qwen3 to —0.97 on SmolLM?2, and Pearson correlations are likewise weak or negative. In contrast,
RAVEL yields consistently positive correlations across all three LLMs, with Pearson correlations of
0.743, 0.598, and 0.524, respectively. These results suggest that reconstruction quality is an unreli-
able criterion for selecting discrete visual tokenizers, while representation-level measures provide a
more consistent signal of downstream utility.

5 CONCLUSION

In this paper, we revisit whether vision encoder performance for a target LLM can be estimated
without training the corresponding MLLM. We introduce RAVEL, a training-free method combining



PCA whitening with patch-set matching over paired image—text data. Across 210 MLLMs built from
70 vision encoders and three language backbones, RAVEL achieves the strongest correlations with
downstream performance. Further analyses show that whitening mitigates geometric bias, while
patch-set matching preserves fine-grained relations, making correspondence-aware local retrieval a
simple and effective approach to vision encoder selection.
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A ALGORITHMIC DESCRIPTION OF RAVEL

Algorithm 1 RAVEL for vision encoder selection.

Require: Encoders F = {f,,})
hood size k; stabilizer ¢,
Ensure: Ranked encoders Franked
Feature extraction
1: fort:=1,...,ndo

language model g; paired data D = {(I;,T;)}}_;; neighbor-

ml’

L,
1y (- —2)\L; .
t; I Z hgé %), where { hg ’ 2)} +i, are the penultimate-layer text features

2:
3: end for
4: form=1,...,M do
5: fori:=1,...,ndo
(m) (m)y P : ~
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7: end for
8: end for
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12: end for

13: form=1,..., M do
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15:  forall p('”) V("”) do

T

~(m qza m v,m — v,m m v.m
16: p'Ea ) — || (”L)H Where qga ) = (A+ + GwI) 1/2(U+ ) (pga ) l"" ’ )
q
17: end for
18: end for

Neighborhood construction
19: fori=1,...,ndo
20: N} « argtopk t; t;
J#i
21: end for
22: form=1,..., M do
23: foralll<z'<j<nd0

1

24: sfjm Z max pET) (m) + 7P(m Z max p%n) ET)
J

25: ;’/n — SU :m

26: end for

27: fori=1,...,ndo

28: N m arg topk s;;

J#i
29: end for
30: end for

Encoder scoring
31: form=1,...,M do
1 n

32 Sme — Z NV N

1=1
33: end for
34: Franked < {fm }M_, ordered by decreasing S,,
35: return Franked
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Figure 7: Overview of RAVEL. Given paired image—text samples, RAVEL applies stabilized PCA
whitening, constructs visual and textual neighborhoods using patch-level and global similarity, re-
spectively, and measures their agreement through the known image—text correspondences.

Table 6: Complete vision encoder pool. All 70 evaluated architecture, checkpoint, and input-
resolution configurations are listed and grouped by model family.

Family (#) Architectures and input resolutions Reference

Language-supervised continuous encoders

OpenAI CLIP (1) VIT-L/14 (224) Radford et al.} 2021

MetaCLIP (9) ViT-B/16 (400M, 224 2.5B, 224); ViT-B/32 (400M, 224; 2.5B, 224); ViT-L/14  |Xu et al.
(400M, 224; 2.5B, 224); ViT-H/14 (2.5B, 224; v1.2, 224); ViT-G/14 (2.5B, 224)

MetaCLIP 2 (15) ViT-B/16 (224, 384); ViT-B/32 (224, 384; mT5, 224); ViT-G/14 (224, 378);

ViT-H/14 (378); ViT-L/14 (224); ViT-M/16 (224, 384; mT5, 224); ViT-S/16 (224,
384; mTS, 224)

SigLIP2 (15) S0400m/14 (224, 384); So400m/16 (256, 384, 512); ViT-B/16 (224, 256, 384, 2025
512); ViT-B/32 (256); ViT-G/16 (256, 384); ViT-L/16 (256, 384, 512)
Perception Encoder (3) PE-Core-B/16 (224); PE-Core-G/14 (448); PE-Lang-L/14 (448) Bolya et al.||2025

Image-only self-supervised continuous encoders

DINO (4) ViT-S/8; ViT-S/16; ViT-B/8; ViT-B/16
DINOV2 (4) ViT-S/14; ViT-B/14; ViT-L/14; ViT-G/14
DINOV3 (1) ViT-L/16

I-JEPA (1) ViT-H/14

Web-SSL DINO (1) 1B (224)

Reconstruction-oriented continuous encoders

Web-SSL MAE (3) 300M (224); 1B (224); 3B (224)

Pixio (3) ViT-B/16; ViT-L/16; ViT-H/16

RAEV2 (1) DINOv3-L

Distillation-based continuous encoders

EUPE (4) VIiT-T; ViT-S; ViT-B; ConvNeXt-B Zhu et al
Discrete and hybrid visual tokenizers

TokLIP (2) TokLIP-S (256); TokLIP-L (384) Lin et al.| 2025
UniTok (1) UniTok (256) Ma et al.} 2025
VILA-U (1) VILA-U (256) Wu et al.}[2025b)
UniAR (1) UniAR-BSQ Peng et al ‘ 2026

B OVERVIEW OF RAVEL

Figure[7]summarizes the overall pipeline. Given paired image—text samples, RAVEL extracts visual
patch features from each candidate encoder and text features from the target LLM, then whitens each
representation space independently. It constructs textual neighborhoods using cosine similarity and
visual neighborhoods using symmetric patch-level matching. Each encoder is scored by the average
overlap between these neighborhoods under the known image—text correspondences. The procedure
uses only frozen features and requires no downstream labels.

C CANDIDATE VISION ENCODERS

Our candidate pool contains 70 vision encoder configurations spanning continuous encoders and dis-
crete or hybrid visual tokenizers. Table|§|lists all evaluated architecture, checkpoint, and resolution
variants, treating each resolution of an architecture as a separate configuration.

D DETAILED DOWNSTREAM MLLM RESULTS

Table [7 reports the complete downstream results of 70 vision encoders paired with three language
backbones, yielding 210 MLLMs. Each row corresponds to one encoder—backbone pair and includes
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performance on eleven benchmarks spanning visual question answering, reasoning, document and
chart understanding, object hallucination, and image captioning. AVG, the unweighted mean across
these benchmarks, defines the ground-truth performance and global ranking.

Language-supervised encoders, particularly models from the SigL.IP2 and MetaCLIP families, con-
sistently occupy the top ranks. However, the optimal choice remains strongly dependent on the lan-
guage backbone. Specifically, the best-performing configurations are SigL.IP2 ViT-G/16 at 384 pix-
els for Qwen3 (54.56), SigL.IP2 S0400m/16 at 512 pixels for Qwen2.5 (54.97), and MetaCLIP 2
ViT-G/14 at 378 pixels for SmolLM2 (45.93). These differences confirm that no single vision en-
coder is uniformly optimal across language backbones.

Table 7: Detailed downstream MLLM results for all 70 vision encoders and three language back-
bones. The 210 encoder-language-backbone pairs are sorted globally by AVG in descending order.
The labels Q3, Q2.5, and SMOL denote Qwen3-1.7B, Qwen2.5-1.5B-Instruct, and SmolLM2-1.7B-
Instruct, respectively. The background colors identify the language backbone.

LLM Rank Vision Encoder 7 > Flickr Avg
Q2.5 1 SigLIP2 So400m/16 (512) 36.10 64.86 67.52 65.50 14.10 26.22 47.79 8491 5549 85.14 57.01 54.97
Q3 2 SigLIP2 ViT-G/16 (384) 3240 61.39 67.72 68.40 1440 2522 48.88 91.82 54.47 8197 53.53 54.56
Q2.5 3 SigLIP2 So400m/14 (384) 35.50 66.02 67.89 65.90 14.10 24.59 46.61 89.98 52.64 82.34 53.82 54.49
Q2.5 4 SigLIP2 ViT-L/16 (512) 35.00 64.09 66.63 67.10 13.20 25.07 4545 91.39 55.08 80.59 55.53 54.47
Q2.5 5 SigLIP2 ViT-G/16 (384) 34.10 70.27 68.07 66.80 15.10 24.62 50.33 84.65 53.56 77.92 51.37 54.25
Q3 6  SigLIP2 So400m/14 (384) 3330 6293 66.39 69.20 14.20 25.62 47.33 91.61 52.03 78.40 53.60 54.06
Q2.5 7 SigLIP2 ViT-G/16 (256) 34.60 66.80 68.08 66.80 1240 1592 39.51 91.21 53.86 85.89 5745 53.87
Q2.5 8  SigLIP2 So400m/16 (384) 37.10 64.48 66.25 64.00 12.90 2249 4526 91.58 53.25 72.46 54.53 53.12
Q2.5 9  SigLIP2 So400m/14 (224) 35.70 66.02 66.87 66.40 12.70 15.73 37.55 89.41 52.24 84.10 56.51 53.02
Q25 10  SigLIP2 ViT-L/16 (384) 3520 64.09 64.21 66.00 13.90 18.89 41.45 89.73 52.64 84.15 52.84 53.01
Q3 11 SigLIP2 ViT-L/16 (384) 3270 63.71 65.14 66.30 14.70 21.45 45.17 90.14 53.15 78.08 47.60 52.56
Q25 12 MetaCLIP 2 ViT-G/14 (378) 38.10 66.41 65.04 65.00 13.60 20.62 39.14 88.82 52.95 76.55 51.97 52.56
Q3 13 SigLIP2 So400m/16 (512) 32.80 62.16 64.16 68.20 14.00 26.22 47.02 87.61 50.20 75.77 49.44 52.51
Q25 14 PE-Core-G/14 (448) 3460 66.02 6234 6430 14.00 21.12 39.97 89.55 49.49 77.00 52.32 51.88
Q3 15 SigLIP2 So400m/16 (384) 3320 62.55 64.76 67.50 13.10 23.48 47.77 86.59 54.07 70.64 45.61 51.75
Q25 16  SigLIP2 S0400m/16 (256) 36.70 64.09 66.69 62.50 1240 17.54 37.83 91.60 52.54 74.17 49.39 51.40
Q25 17 MetaCLIP ViT-H/14 (v1.2, 224) 3730 66.41 64.56 65.00 11.10 14.72 34.05 83.59 5295 82.66 5042 51.16
Q3 18  SigLIP2 ViT-G/16 (256) 33.50 67.18 64.62 65.30 11.60 16.59 39.18 87.88 52.74 76.16 46.45 51.02
Q25 19 MetaCLIP 2 ViT-H/14 (378) 35.00 65.64 62.40 63.60 12.80 21.13 37.22 82.60 51.22 77.40 50.73 50.89
Q25 20 MetaCLIP 2 ViT-G/14 (224) 36.20 64.86 63.96 63.50 11.50 15.44 3435 89.54 51.93 76.75 50.45 50.77
Q25 21  SigLIP2 ViT-L/16 (256) 3450 63.71 64.12 6540 12.30 1544 38.19 89.32 51.32 75.60 48.44 50.76
Q25 22 SigLIP2 ViT-B/16 (384) 33.50 64.86 63.90 64.80 12.30 17.65 3425 89.26 51.32 75.79 4791 50.50
Q2.5 23 SigLIP2 ViT-B/16 (512) 3470 63.32 62.78 6440 13.00 20.67 3590 88.67 51.22 72.31 44.84 50.16
Q25 24 MetaCLIP ViT-G/14 (2.5B, 224)  35.00 69.11 63.56 6540 11.50 14.84 31.90 88.52 50.71 69.57 48.40 49.86
Q2.5 25 OpenAl CLIP ViT-L/14 (224) 33.60 66.41 61.17 64.60 11.80 14.17 32.56 89.18 51.32 74.11 4842 49.76
Q25 26 MetaCLIP 2 ViT-L/14 (224) 34.50 67.18 60.84 63.20 12.50 14.75 32.11 88.67 51.32 71.15 47.88 49.46
Q3 27  SigLIP2 So400m/16 (256) 32.00 59.85 64.64 67.70 12.30 16.84 39.13 90.42 51.93 64.35 41.16 49.12
Q3 28  SigLIP2 So400m/14 (224) 3320 61.78 64.70 65.80 12.90 14.88 36.69 90.04 53.25 6591 41.12 49.12
Q3 29  SigLIP2 ViT-L/16 (256) 3330 61.00 6245 66.90 11.30 14.39 3596 83.08 52.54 74.30 44.81 49.09
Q25 30 MetaCLIP ViT-H/14 (2.5B, 224)  33.10 62.55 61.08 64.60 10.80 15.26 28.23 88.65 51.22 74.23 48.40 48.92
Q3 31 MetaCLIP 2 ViT-G/14 (224) 3270 63.71 62.16 64.30 11.70 14.43 32.55 8593 51.22 73.08 4549 48.84
Q2.5 32 MetaCLIP ViT-L/14 (2.5B, 224) 36.90 66.80 61.34 63.50 12.20 13.07 29.38 81.04 51.73 72.73 47.87 48.78
Q3 33  MetaCLIP ViT-H/14 (v1.2, 224) 34.10 61.78 63.81 63.90 10.90 13.80 31.48 87.87 49.70 72.17 45.88 48.67
Q3 34 PE-Core-G/14 (448) 34.10 6293 59.88 66.10 14.20 16.32 34.12 79.83 48.58 72.55 45.76 48.58
Q3 35  SigLIP2 ViT-B/16 (512) 32.60 60.23 60.41 61.70 13.70 18.74 38.13 86.31 51.52 67.14 43.12 48.51
Q3 36  OpenAl CLIP ViT-L/14 (224) 3370 6255 61.16 64.60 1240 14.73 32.85 8521 49.59 68.61 40.71 47.83
Q2.5 37 SigLIP2 ViT-B/16 (224) 3270 64.86 63.27 65.10 11.20 11.83 26.96 78.87 53.05 73.94 44.37 47.83
Q3 38 MetaCLIP ViT-G/14 (2.5B,224)  34.60 61.39 61.24 6430 12.40 13.85 31.20 84.21 50.10 68.09 43.33 47.70
Q25 39 SigLIP2 ViT-B/16 (256) 3370 64.86 62.53 64.70 12.00 11.89 29.16 82.00 51.63 68.42 42.89 47.62
Q3 40 MetaCLIP 2 ViT-G/14 (378) 33.10 60.62 59.70 63.20 11.90 15.59 31.83 84.43 4898 67.13 41.36 47.08
Q2.5 41 MetaCLIP ViT-L/14 (400M, 224)  33.80 62.16 61.16 62.60 11.40 13.72 28.16 79.71 50.30 70.94 43.90 47.08
Q3 42 SigLIP2 ViT-B/16 (256) 33.80 61.39 61.12 66.90 11.10 13.77 28.42 89.73 50.00 63.77 36.01 46.91
Q25 43 MetaCLIP 2 ViT-B/16 (384) 3330 61.00 59.22 63.60 11.70 1431 30.93 82.39 51.02 67.51 4040 46.85
Q3 44 SigLIP2 ViT-B/16 (224) 31.50 5830 59.71 65.20 12.00 13.38 2824 89.31 51.83 64.23 38.95 46.60
Q3 45 MetaCLIP ViT-H/14 (2.5B, 224) 3540 58.69 59.53 63.60 12.00 13.13 28.98 86.79 50.30 64.02 37.94 46.40
Q3 46  MetaCLIP ViT-L/14 (2.5B, 224) 34.10 60.23 60.09 65.80 12.60 11.37 29.32 85.47 47.05 63.04 37.85 46.08
Q25 47 Pixio ViT-L/16 33.80 57.53 5832 62.60 11.30 8.26 11.23 90.08 53.96 74.56 43.76 45.95
Smol 48 MetaCLIP 2 ViT-G/14 (378) 31.10 57.53 61.97 60.40 13.70 17.39 38.08 84.41 4888 56.77 35.04 45.93
Q25 49 PE-Core-B/16 (224) 3430 60.62 6092 61.70 11.60 10.91 23.63 83.13 51.52 65.44 41.25 45091
Q3 50 MetaCLIP ViT-L/14 (400M, 224)  32.70 57.53 58.43 65.60 12.00 11.35 27.07 85.81 48.58 67.63 38.04 45.89
Smol 51  SigLIP2 ViT-L/16 (384) 27.40 57.14 59.62 55.10 11.80 16.92 39.32 80.72 49.80 61.74 44.85 45.86
Q2.5 52 PE-Lang-L/14 (448) 32.50 57.53 59.69 61.00 12.70 9.80 22.32 83.59 50.91 68.55 43.26 45.62
Smol 53  SigLIP2 So400m/14 (384) 2870 56.76 59.95 51.00 13.20 18.78 42.03 84.84 50.61 55.26 40.12 45.57
Q25 54 MetaCLIP 2 ViT-B/16 (224) 3530 59.85 5943 60.50 11.10 11.06 23.81 85.85 47.56 66.64 40.07 45.56
Q3 55 PE-Core-B/16 (224) 33.10 5830 5847 64.80 11.50 11.47 2493 87.57 49.29 63.94 37.20 45.51
Q25 56 SigLIP2 ViT-B/32 (256) 3470 62.93 59.38 6540 11.30 9.03 17.92 83.46 49.19 65.03 39.16 45.23
Q25 57 MetaCLIP 2 ViT-M/16 (384) 35.10 58.69 57.77 61.70 11.40 14.53 26.82 84.11 47.97 61.26 33.30 44.79
Q25 58 MetaCLIP ViT-B/16 (400M, 224) 34.60 57.14 58.20 63.90 11.10 11.69 22.61 86.83 49.29 62.82 34.45 44.78
Q25 59 MetaCLIP ViT-B/16 (2.5B, 224) 33.10 62.55 59.85 62.80 10.80 11.84 25.07 78.96 50.30 61.13 35.75 44.74
Q25 60 DINOvV2 ViT-G/14 3420 5598 59.08 60.90 10.90 7.81 10.74 88.81 50.61 68.50 41.08 44.42
Q3 61 MetaCLIP 2 ViT-B/16 (384) 3270 5598 58.06 62.80 11.80 14.55 28.86 77.97 47.26 63.44 33.80 44.29

Continued on next page
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Table 7 — continued from previous page

LLM Rank Vision Encoder

112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144

Web-SSL DINO 1B (224)
SigLIP2 So400m/16 (384)
MetaCLIP ViT-B/16 (400M, 224)
EUPE ConvNeXt-B

TokLIP-L (384)

MetaCLIP ViT-B/16 (2.5B, 224)
SigLIP2 ViT-G/16 (256)
MetaCLIP 2 ViT-B/16 (224)
Web-SSL DINO 1B (224)
MetaCLIP 2 ViT-B/32 (384)
MetaCLIP 2 ViT-M/16 (224)
MetaCLIP 2 ViT-M/16 (mT5, 224)
MetaCLIP ViT-G/14 (2.5B, 224)
DINOvV2 ViT-L/14

MetaCLIP 2 ViT-B/32 (384)
SigLIP2 ViT-G/16 (384)
MetaCLIP 2 ViT-M/16 (384)
SigLIP2 So400m/14 (224)
SigLIP2 ViT-B/16 (384)

UniTok (256)

SigLIP2 ViT-B/32 (256)
PE-Lang-L/14 (448)
PE-Core-G/14 (448)

SigLIP2 S0400m/16 (512)
SigLIP2 ViT-L/16 (256)

SigLIP2 ViT-B/16 (384)

SigLIP2 S0400m/16 (256)
MetaCLIP 2 ViT-B/32 (mT5, 224)
MetaCLIP 2 ViT-S/16 (384)
EUPE ViT-B

UniTok (256)

MetaCLIP 2 ViT-L/14 (224)
MetaCLIP 2 ViT-B/32 (224)
MetaCLIP 2 ViT-S/16 (mT5, 224)
DINOv2 ViT-B/14

EUPE ViT-S

MetaCLIP 2 ViT-S/16 (224)
Pixio ViT-B/16

MetaCLIP 2 ViT-S/16 (384)
MetaCLIP 2 ViT-G/14 (224)
UniAR-BSQ

TokLIP-S (256)

SigLIP2 ViT-B/16 (512)
MetaCLIP ViT-L/14 (2.5B, 224)
VILA-U (256)

MetaCLIP 2 ViT-H/14 (378)
OpenAl CLIP ViT-L/14 (224)
DINOV2 ViT-G/14

MetaCLIP 2 ViT-L/14 (224)
MetaCLIP 2 ViT-M/16 (mT5, 224)
MetaCLIP ViT-H/14 (2.5B, 224)
Web-SSL DINO 1B (224)
PE-Lang-L/14 (448)

Pixio ViT-L/16

MetaCLIP 2 ViT-S/16 (224)
DINOv3 ViT-L/16

VILA-U (256)

MetaCLIP ViT-H/14 (v1.2, 224)
Pixio ViT-B/16

SigLIP2 ViT-B/16 (256)

SigLIP2 ViT-L/16 (512)
MetaCLIP 2 ViT-S/16 (mT5, 224)
MetaCLIP ViT-B/32 (2.5B, 224)
TokLIP-S (256)

SigLIP2 ViT-B/16 (224)
MetaCLIP 2 ViT-B/16 (384)
DINOv2 ViT-S/14

MetaCLIP 2 ViT-M/16 (224)
MetaCLIP ViT-B/32 (2.5B, 224)
MetaCLIP 2 ViT-B/32 (224)
TokLIP-L (384)

EUPE ConvNeXt-B

MetaCLIP ViT-B/32 (400M, 224)
MetaCLIP 2 ViT-M/16 (384)
MetaCLIP ViT-L/14 (400M, 224)
EUPE ViT-S

DINOv2 ViT-L/14

SigLIP2 ViT-B/32 (256)
MetaCLIP ViT-B/16 (2.5B, 224)
TokLIP-L (384)

Pixio ViT-H/16

MetaCLIP ViT-B/16 (400M, 224)
DINOv3 ViT-L/16

32.10
26.90
34.00
34.00
35.30
33.20
29.50
33.80
32.70
32.90
34.60
34.00
28.30
33.10
33.90
27.40
33.00
30.00
32.20
33.80
33.00
26.30
27.40
29.80
27.70
29.40
29.10
33.50
35.20
33.60
33.50
28.30
33.70
33.70
35.30
33.50
34.70
32.40
32.30
28.80
35.50
35.30
28.30
29.10
34.30
31.60
29.00
32.50
33.40
31.20
28.70
28.90
30.40
30.50
32.00
33.30
31.50
30.10
31.30
28.50
31.90
32.60
34.70
31.40
27.10
30.00
32.20
32.10
31.60
34.40
33.10
32.10
34.70
28.80
29.80
32.80
31.20
27.10
28.40
27.30
29.10
27.90
32.20

58.30
57.53
57.53
59.46
59.07
54.83
58.69
57.14
56.37
55.21
58.30
55.98
59.46
54.83
57.53
56.37
54.44
57.92
54.44
56.76
57.14
49.42
54.44
57.92
61.00
50.97
56.37
55.21
56.76
55.98
50.58
52.90
56.37
58.69
50.97
55.60
56.76
52.90
50.58
55.60
49.81
50.97
50.58
55.21
52.12
52.12
57.14
52,51
47.88
47.88
53.28
47.88
51.35
50.19
56.76
46.72
48.26
54.44
47.49
51.35
50.58
49.03
50.58
53.28
55.60
48.26
45.17
49.81
49.81
46.72
46.72
43.63
49.03
42.47
51.35
43.24
44.02
55.98
49.81
52.51
42.86
47.10
44.02

10.50
13.30
12.00
10.50
10.80
11.50
12.00
10.60
10.40
11.20
10.70
11.00
11.40
10.80
10.70
13.60
11.90
10.90
11.80
11.00
10.70
13.20
13.30
13.60
10.90
12.10
12.00
10.60
12.00
11.00
12.50
11.40
11.30
10.80
11.10
11.10
10.90
10.70
11.60
10.40
10.20
10.50
12.20
11.00
10.40
10.50
12.00
10.50

9.70
10.90
11.90
12.20
10.10

9.80
10.70
10.20
11.10
11.50
10.10

9.80
10.30
11.00
11.00
10.90
10.10
10.80
10.70
11.20
10.60
11.00
11.50
10.20
10.20
11.40
10.90
10.60
10.80
10.80
10.60
11.20
10.10
11.50
10.70

8.26
17.40
11.21

8.75

8.87
10.71
14.52
11.42

7.38
10.44
10.65
11.56
11.03

7.93
11.57
18.24
12.16
14.67
10.09

8.44

8.91
16.90
14.64
19.28
14.60
10.24
14.14

9.83
12.19

9.01

9.00

9.01

9.05

9.48

8.12

8.26
10.20

8.66
10.76

8.48

8.43

8.14
14.84
11.96

8.53

8.44
10.99

7.63

8.70

9.59
12.68

7.71

7.01

7.20
10.07

7.74

7.69
11.33

8.52
11.05

7.88

9.42

7.82

7.55
10.65
12.13

8.41

8.13

8.30

8.33

7.93

7.97

7.79
10.18
10.03

7.43

7.93

8.81
10.08

6.88

7.28

8.39

8.61

11.92
40.36
23.76
16.76
12.26
23.13
37.87
26.23
12.19
20.35
19.66
20.84
27.56
10.77
20.97
43.18
24.39
35.40
21.30
12.38
18.46
36.91
34.19
40.89
33.08
31.11
34.23
14.50
21.98
11.35
16.84
28.90
16.19
16.90
10.74
11.18
17.68
11.07
23.21
21.87
10.97
10.67
31.30
26.52
11.10
13.47
24.99

9.97
12.01
18.68
26.31
10.81
12.49

8.75
16.93
10.22
11.45
27.63

9.69
27.68
12.06
15.76
10.79
11.53
23.12
26.22

9.94
15.68
13.91
13.17
11.68
10.29
10.95
21.49
23.44

9.39

9.84
17.11
19.84
13.05
10.16
19.16
10.88

81.52
66.36
85.13
80.17
72.99
82.14
65.31
83.47
88.19
84.27
79.69
82.33
67.91
89.85
76.26
64.28
71.78
66.67
74.80
77.89
81.65
68.13
81.35
66.28
67.71
69.35
66.12
73.32
72.38
77.61
80.48
66.12
70.12
73.82
74.70
72.29
76.90
77.48
83.27
72.32
82.84
76.82
68.48
70.51
79.94
83.99
66.59
87.46
82.90
83.79
65.31
73.91
79.24
85.35
71.01
83.08
83.84
73.03
80.94
66.43
79.03
73.85
75.34
85.97
66.28
68.46
80.90
78.56
78.20
83.28
80.29
77.71
71.55
69.18
64.31
70.44
77.97
69.10
66.51
82.62
78.16
71.43
71.63

49.19
46.95
48.78
49.29
50.00
49.39
46.04
47.46
49.39
47.56
46.65
47.46
43.09
49.80
46.34
46.14
47.66
48.98
45.93
48.88
47.66
47.76
45.33
47.26
47.46
47.36
46.75
49.39
46.34
47.05
47.15
42.58
47.76
46.95
46.75
48.07
48.78
46.75
45.33
44.00
46.14
47.26
45.12
42.48
46.24
43.39
43.80
47.87
47.15
47.87
45.43
48.27
46.65
46.54
46.34
42.68
45.02
44.82
44.11
48.27
43.29
4421
45.93
45.93
4522
44.72
46.75
45.73
41.87
43.39
44.41
42.68
43.29
41.16
41.67
44.21
42.78
44.41
41.16
44.41
43.80
40.65
43.19

73.07
63.33
58.09
66.26
71.19
63.61
60.52
58.59
68.14
62.28
62.70
60.32
68.64
65.57
61.37
54.23
61.70
57.49
64.34
64.44
58.04
62.23
49.85
47.27
58.26
61.30
55.66
61.65
55.94
61.70
53.66
67.06
61.08
58.74
66.29
62.17
54.06
61.05
49.60
58.82
55.32
61.05
53.37
53.95
55.23
56.97
56.60
50.44
57.41
53.41
54.07
65.84
55.89
56.11
51.90
58.51
52.16
4293
56.81
51.34
52.14
52.35
54.87
41.63
41.34
54.17
54.46
43.42
50.28
46.02
50.09
51.41
49.98
54.44
46.45
56.39
54.61
45.01
50.75
35.25
55.76
47.57
48.48

41.55
37.68
31.04
40.01
41.93
35.68
43.33
32.08
35.87
33.24
31.53
32.71
43.54
34.76
35.02
32.51
32.92
35.23
35.40
34.85
30.08
35.85
34.44
31.72
34.56
4227
34.95
3348
29.08
33.26
31.42
40.26
31.70
29.61
33.42
31.86
27.61
33.03
26.55
37.42
32.10
31.34
37.16
35.81
28.37
31.87
34.19
26.91
31.61
26.03
31.95
35.63
34.32
29.12
26.22
30.79
25.14
25.83
29.67
28.06
31.60
27.17
26.24
23.75
33.09
28.47
25.29
23.70
24.93
21.34
24.14
29.00
26.10
31.33
28.30
29.14
28.46
24.24
26.25
25.02
27.54
25.72
23.26

44.26
44.08
44.05
44.04
43.99
43.90
43.75
43.65
43.65
43.37
43.34
43.25
43.19
43.08
43.07
42.97
42.93
42.81
42.53
42.50
42.50
42.48
4241
4237
42.35
42.17
41.94
41.62
41.58
41.52
41.48
41.39
4135
41.35
4131
41.11
41.05
41.00
40.91
40.90
40.87
40.76
40.72
40.68
40.53
40.52
40.51
40.48
4043
40.42
40.26
39.97
39.90
39.82
39.77
39.46
39.45
39.42
39.41
39.20
39.19
39.12
39.04
39.02
38.90
38.80
38.78
38.76
38.43
38.24
38.23
37.71
37.63
37.60
37.57
37.51
37.48
37.22
37.05
36.98
36.96
36.89
36.88
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Table 7 — continued from previous page

LLM Rank Vision Encoder

Smol 145 MetaCLIP 2 ViT-B/16 (224) 28.00 48.26 51.36 55.10 11.60 9.60 21.12 68.38 39.74 46.99 25.58 36.88
Smol 146 EUPE ConvNeXt-B 30.60 50.97 5237 53.10 9.60 5.76 10.88 67.22 41.97 5232 29.24 36.73
Smol 147 DINOv3 ViT-L/16 29.90 44.79 49.10 53.10 10.90 8.07 11.88 69.69 42.89 5091 31.25 36.59
Q3 148 I-JEPA ViT-H/14 30.80 41.70 47.08 63.20 10.80 8.01 891 8299 42.68 46.11 19.83 36.56
Q2.5 149 [I-JEPA ViT-H/14 31.70 42.08 47.97 62.00 10.10 7.64 991 7229 4431 52.83 20.45 36.48
Q3 150 DINOV2 ViT-S/14 31.10 41.31 47.18 61.50 10.80 7.75 9.32 75.04 44.41 4822 23.06 36.34
Q3 151 DINOv2 ViT-L/14 30.50 38.61 47.02 62.50 1020 8.56 9.11 74.44 4289 50.13 25.05 36.27
Q25 152 RAEvV2 DINOv3-L 33.80 4826 4833 61.60 11.10 836 11.47 66.59 40.35 47.03 22.01 36.26
Q2.5 153 Web-SSL MAE 3B (224) 33.50 44.02 49.55 62.90 10.80 7.54 9.39 70.47 44.00 45.03 20.27 36.13
Q25 154 Pixio ViT-H/16 32.80 25.10 50.07 60.70 11.10 827 10.14 6549 43.19 58.44 31.44 36.07
Smol 155 SigLIP2 ViT-L/16 (512) 27.70 46.33 49.06 54.60 10.80 7.88 11.57 68.33 41.57 49.99 26.23 35.82
Smol 156 PE-Core-B/16 (224) 26.10 42.86 5035 49.70 1040 8.80 19.58 73.85 4522 41.92 2470 35.77
Smol 157 EUPE ViT-B 2790 51.74 49.11 5040 9.60 8.48 12.85 64.61 41.67 4859 2820 35.74
Smol 158 MetaCLIP 2 ViT-B/32 (384) 29.20 42.08 5149 50.70 10.70 9.05 17.94 62.57 43.50 47.61 24.60 35.40
Q3 159 MetaCLIP 2 ViT-B/32 (mT5, 224) 31.70 37.84 4529 64.00 10.50 826 9.60 72.11 3841 47.49 24.06 35.39
Smol 160 DINOV2 ViT-G/14 29.10 44.02 50.30 52.00 10.60 5.75 10.07 67.41 41.77 46.95 26.96 34.99
Q3 161 UniAR-BSQ 31.40 4479 4824 63.50 1090 7.71 9.46 69.45 41.46 36.32 20.62 34.90
Smol 162 MetaCLIP 2 ViT-H/14 (378) 30.30 53.28 49.55 53.20 1220 8.33 19.93 46.47 4289 44.08 23.43 34.88
Q25 163 DINO ViT-B/16 3330 39.38 45.10 63.00 1030 8.14 939 75.14 4350 40.55 1549 34.84
Q3 164 EUPE ViT-T 3370 40.15 4448 63.00 930 7.81 8.74 81.99 39.23 36.11 17.63 34.74
Q3 165 MetaCLIP ViT-B/32 (400M, 224) 33.60 39.38 45.84 6340 10.60 6.83 1046 7431 39.53 38.13 19.49 34.69
Q3 166 EUPE ViT-B 31.10 37.84 4559 6140 1040 7.61 1092 68.73 4228 4292 22.02 34.62
Smol 167 MetaCLIP 2 ViT-B/32 (mT5, 224) 28.70 46.33 49.50 54.30 10.20 6.91 13.78 68.43 44.82 3735 20.13 34.59
Smol 168 Pixio VIiT-L/16 2690 40.15 49.98 5490 9.50 7.30 9.89 69.37 40.75 45.71 25.86 34.57
Smol 169 MetaCLIP 2 ViT-M/16 (mT5, 224) 27.40 4440 46.92 49.00 1080 852 1831 6596 37.09 47.85 23.71 34.54
Smol 170 MetaCLIP 2 ViT-M/16 (224) 29.30 46.72 49.79 54.60 10.60 8.57 17.13 71.09 39.94 3394 17.51 34.47
Smol 171 TokLIP-S (256) 28.30 48.26 49.28 55.00 11.30 6.48 10.46 66.28 39.63 41.66 22.49 34.47
Smol 172 MetaCLIP ViT-B/32 (2.5B, 224) 28.80 43.24 46.19 52.60 9.80 829 12.54 68.51 38.62 44.31 21.75 34.06
Smol 173 MetaCLIP 2 ViT-B/32 (224) 25.50 44.40 47.58 53.90 1040 7.43 1323 66.75 40.45 4529 19.65 34.05
Q3 174 DINOV2 ViT-B/14 30.50 36.68 44.81 61.20 10.60 7.06 9.37 68.12 40.85 44.31 20.30 33.98
Q2.5 175 Web-SSL MAE 1B (224) 33.10 37.84 45.12 61.20 10.60 8.00 10.12 70.41 41.97 37.20 15.44 33.73
Q3 176 Pixio ViT-H/16 29.90 29.34 4398 61.10 9.80 7.56 10.00 68.43 40.96 45.55 2370 33.67
Q2.5 177 Web-SSL MAE 300M (224) 33.60 36.68 4535 6230 10.60 7.71 7.94 7134 41.06 36.69 16.23 33.59
Q3 178 RAEv2 DINOv3-L 30.40 40.15 44.83 60.20 10.00 8.50 10.64 67.14 39.74 38.55 18.58 33.52
Smol 179 MetaCLIP 2 ViT-S/16 (mT5, 224) 26.00 38.61 4829 4990 9.80 9.01 14.60 75.74 42.17 36.06 18.05 33.48
Q3 180 DINO ViT-B/16 34.10 38.22 43.74 62.00 1090 7.65 852 7195 4055 36.23 13.79 3342
Smol 181 VILA-U (256) 29.00 45.17 47.72 5450 1030 7.03 11.03 79.14 40.75 24.68 17.35 33.33
Smol 182 I-JEPA ViT-H/14 2790 3591 47.05 53.20 10.70 7.43 9.27 66.67 39.43 47.83 20.11 33.23
Smol 183 MetaCLIP 2 ViT-S/16 (384) 28.50 38.22 48.18 51.50 11.20 6.89 17.47 65.65 39.02 34.54 23.58 33.16
Smol 184 MetaCLIP ViT-B/32 (400M, 224) 29.40 37.84 45.76 54.60 9.60 7.98 13.51 66.36 38.92 39.68 20.62 33.12
Smol 185 Pixio ViT-B/16 29.30 43.24 49.84 5330 10.10 747 9.13 66.36 40.55 36.60 18.28 33.11
Smol 186 RAEV2 DINOv3-L 2620 3822 4629 47.10 7.20 5.09 7.37 77.07 39.23 46.01 24.25 33.09
Smol 187 EUPE ViT-S 28.40 41.31 45.10 49.70 10.10 5.67 9.18 67.63 37.50 43.60 22.52 32.79
Q3 188 DINO ViT-S/8 30.70 33.98 4255 60.20 10.60 6.57 9.50 74.68 39.43 35.80 15.01 32.64
Smol 189 DINOV2 ViT-S/14 27.70 37.84 4737 51.80 10.50 6.89 9.09 69.75 41.16 3546 17.24 32.25
Smol 190 UniTok (256) 28.90 3398 46.84 51.60 9.40 8.06 10.13 69.38 40.45 31.60 24.36 32.25
Smol 191 DINOV2 ViT-B/14 31.10 39.38 4729 47.80 9.80 6.52 9.09 66.51 42.68 33.88 19.07 32.10
Q25 192 DINO ViT-B/8 3250 32.82 4322 6190 1040 822 828 69.27 40.14 26.83 11.10 31.33
Smol 193 DINO ViT-B/16 28.70 30.12 44.52 5440 1020 6.77 7.54 66.04 3852 3691 16.55 30.93
Q2.5 194 DINO ViT-S/8 3230 25.87 44.07 62.80 11.10 822 9.87 66.82 37.40 26.00 12.99 30.68
Q3 195 Web-SSL MAE 3B (224) 32.00 34.36 41.50 60.60 10.60 6.46 9.24 67.55 37.70 24.35 12.56 30.63
Smol 196 MetaCLIP 2 ViT-S/16 (224) 26.10 36.29 46.78 49.40 1040 8.60 14.84 66.04 39.53 32.07 6.48 30.59
Smol 197 UniAR-BSQ 28.20 35.14 45.68 53.30 10.30 7.04 8.77 63.67 37.60 25.60 17.31 30.24
Q3 198 DINO ViT-S/16 30.20 27.03 40.97 62.20 1030 7.09 848 68.43 3821 2438 11.93 29.93
Q3 199 Web-SSL MAE 1B (224) 3430 27.03 4044 6240 9.80 7.32 830 66.28 37.80 21.51 11.57 29.70
Q2.5 200 DINO ViT-S/16 3270 29.73 41.19 6240 11.00 854 9.53 6636 3831 1881 8.07 29.69
Smol 201 EUPE ViT-T 28.50 28.19 4341 47.00 1030 5.77 893 66.36 37.20 34.16 16.61 29.68
Smol 202 Web-SSL MAE 300M (224) 27.00 32.05 4220 53.70 1040 5.82 7.53 66.28 36.79 27.74 13.24 29.34
Q3 203 DINO ViT-B/8 30.00 23.17 39.73 6250 10.70 691 885 66.28 37.20 26.02 11.11 29.32
Q3 204 Web-SSL MAE 300M (224) 29.60 27.03 41.79 61.20 10.10 7.42 9.46 6898 37.40 14.23 10.17 28.85
Smol 205 DINO ViT-S/16 26.90 28.19 39.71 5480 9.80 632 584 67.63 37.60 26.56 12.38 28.70
Smol 206 DINO ViT-B/8 27.30 32.05 38.16 53.40 10.00 6.51 7.56 66.82 3526 26.77 10.68 28.59
Q2.5 207 EUPE ViT-T 31.20 25.10 40.38 60.70 11.00 7.27 9.15 6628 3476 593 4.61 26.94
Smol 208 DINO ViT-S/8 2620 24.71 36.81 54.30 10.00 7.39 695 6691 3537 11.09 6.77 26.05
Smol 209 Web-SSL MAE 3B (224) 26.60 2548 39.10 53.40 1040 7.54 858 6232 3557 398 575 2534
Smol 210 Web-SSL MAE 1B (224) 26.60 23.55 34.19 50.10 10.50 7.61 8.16 66.28 30.39 1.54 328 23.84

E ADDITIONAL TRAINING AND EVALUATION DETAILS

Training recipe. All MLLMs follow a controlled two-stage LLaVA-style recipe implemented using
LLaVA-NeXT (Liu et al., 2024b) for continuous tokenizers and an equivalent discrete adapter for
discrete tokenizers. The visual tokenizer remains frozen throughout. In stage 1, referred to as mid-
training in this paper, only the two-layer MLP projector is trained on LLaVA-LCS-558K. In stage 2
(instruction tuning), the projector and language model are jointly trained on the LLaVA-1.5 665K
mixture. Images are resized to square crops at each tokenizer’s native resolution, using flat patch-
token merging without AnyRes tiling. For language-supervised vision encoders (CLIP, MetaCLIP,
and SigLIP2), we use the outputs of the penultimate Transformer block; for self-supervised and
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reconstruction-based encoders, we use the outputs of the final block. We train each model on eight
NVIDIA A100-SXM4-80GB GPUs using distributed data parallelism (DDP) (Li et al., [2020) with
bfloat16 precision (Kalamkar et al.,[2019). We use AdamW (Loshchilov & Hutter, [2019) with cosine
learning-rate decay (Loshchilov & Hutter, |2017), zero weight decay, and gradient clipping (Pascanu
et al.,[2013)) at 1.0. The context length is 8,192, and each stage is trained for one epoch.

Optimization. The effective per-GPU batch size is 128 during mid-training and 32 during instruc-
tion tuning, corresponding to global batch sizes of 1,024 and 256, respectively. For high-resolution
tokenizers or tokenizers with large backbones, we reduce the micro-batch size and increase gradient
accumulation to preserve the effective batch size. Mid-training uses a learning rate of 1x10~3 and
a warmup ratio of 0.05. During instruction tuning, the learning rates are 1x 107> for the language
model and 1x10~* for the projector, with a warmup ratio of 0.03. Gradient checkpointing (Chen
et al.| 2016) is enabled during instruction tuning.

Evaluation protocol. We evaluate each instruction-tuned checkpoint using VLMEvalKit (Duan
et al., 2024) on eleven benchmarks and splits: MMMU test (Yue et al., [2024), MMBench-EN v1.1
test (Liu et al.,[2024c)), ScienceQA val (Lu et al.,[2022)), VQAv2 val (Goyal et al.|[2017), GQA Test-
Dev balanced (Hudson & Manning, |2019), ChartQA test (Masry et al.,|2022), DocVQA val (Mathew
et al.|[2021)), TextVQA val (Singh et al.,|2019), POPE (Li et al.,2023), and the Karpathy test splits of
MSCOCO (Lin et al., 2014} Karpathy & Fei-Feil [2015) and Flickr30K (Young et al.,[2014; |[Karpathy
& Fei-Fei, 2015). For each benchmark, we sample up to 1,000 examples using a fixed seed of 42 and
use the same subset for every MLLM. Decoding is greedy with a maximum of 128 newly generated
tokens.

Scoring. Responses on MMMU and MMBench are parsed from free-form generations using a lo-
cally deployed Qwen3-32B judge. All other benchmarks use standard rule-based metrics: multiple-
choice exact match for ScienceQA; official VQA soft accuracy (Antol et al., 2015) for VQAv2
and TextVQA; exact match for GQA; relaxed accuracy with a 5% relative tolerance for ChartQA;
ANLS (Biten et al.,2019) for DocVQA; yes/no F1 for POPE; and CIDEr (Vedantam et al.,[2015) for
the two captioning datasets. Accuracies expressed as percentages and CIDEr multiplied by 100. The
aggregate score is the unweighted mean over the eleven benchmarks. Invalid or missing benchmark
scores are excluded from the mean rather than imputed.

F IMPLEMENTATION DETAILS

MLLM construction. For each vision-encoder—language-backbone pair, we connect the vision
encoder to the LLM through a separately trained two-layer MLP projector with GELU activa-
tion (Hendrycks & Gimpel, [2016)).

Calibration data and feature extraction. For methods requiring paired data, such as Mutu-
alNN (Huh et al., 2024), we follow |Li et al.|(2026) and randomly sample 1,000 image—text pairs
from LLaVA-LCS-558K (Liu et al., 2024a). We extract visual patch tokens from the encoder’s final
layer and textual hidden states from the LLM’s penultimate layer.

Default settings. Unless otherwise specified, we set the regularization parameter to e = 1 x 10~*
and the neighborhood size to k£ = 100.

Compute. All MLLM training and downstream evaluation are conducted on eight NVIDIA A100
GPUs with 80 GB of memory each.

G DETAILS OF EVALUATION METRICS

G.1 PREDICTION QUALITY

Spearman correlation. Let s; denote the score assigned by a prediction method to the i-th vision
encoder, and let y; ; denote its downstream MLLM performance on benchmark ¢. We use Spear-
man’s rank correlation to measure ranking quality:

Py = Zi]\il(Ri —R)(Qiz — Q)
\/ZlN:l(Ri - R)z\/zg\;(Qi,t —Qu)?
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where R; = rank(s;) and Q;; = rank(y;.). A higher p; indicates better preservation of the
downstream performance ranking.

Pearson correlation. We additionally report Pearson correlation to measure linear agreement be-
tween the predicted scores and downstream performance:

ry = Zivzl(ST = 3)(Yit — Yt) .
VX (i = 52 S N (it — 30

For both metrics, we report the mean correlation across all 7' downstream benchmarks and the cor-
relation with the aggregate downstream performance Avg, = % ZtT: 1 Yi,t» where T' is the number
of downstream benchmarks. For methods whose native outputs are losses, we negate their scores so
that a larger value consistently indicates a stronger vision encoder.

G.2 COMPUTATIONAL COST

We quantify computational cost using the total number of floating-point operations (FLOPs), pro-
viding a hardware-independent measure of evaluation efficiency. For each method, we compute the
FLOPs required to evaluate every vision-encoder—LLLM pair and report the average across all 210
pairs. The estimate covers the complete evaluation pipeline, including visual and textual feature
extraction, feature post-processing, and score computation, as well as probe training and inference
when applicable. Averaging over all pairs accounts for differences in encoder architecture, input
resolution, and language backbone, yielding a comparable cost estimate for each method.

H FURTHER ANALYSIS OF GLOBAL GEOMETRIC COMPATIBILITY

We further examine two limitations of GW-based compatibility measures: their sensitivity to
encoder-specific feature geometry and their ability to rematch samples without preserving observed
image—text correspondences.

H.1 SENSITIVITY TO ENCODER HETEROGENEITY

Li et al.[(2026) use Gromov—Wasserstein (GW) distance to compare the global geometry of visual
and textual representations. However, as shown in Figure 1, its ranking agreement depends strongly
on the candidate pool. GW performs well in a small, homogeneous pool but becomes less reliable
as heterogeneous encoder families are introduced. Figure a) and (b) illustrate this issue: two
encoders with similar downstream performance under Qwen2.5-1.5B (Yang et al.| [2024) exhibit
markedly different feature distributions in t-SNE visualizations (van der Maaten & Hintonl, [2008).
Thus, global geometry may reflect encoder-specific training objectives and output interfaces beyond
downstream MLLM utility.

H.2 DOES GLOBAL GEOMETRY PRESERVE IMAGE-TEXT CORRESPONDENCES?

A second issue arises from the free coupling optimized by GW. A low discrepancy may reflect
an alternative geometric matching rather than consistency with the observed image—caption pairs.
We examine this distinction by comparing the optimized GW coupling with a fixed pair-preserving
coupling.

Data and representations. We randomly sample n = 2,000 image—caption pairs from the COCO
2017 validation set (Lin et al.,|2014)) using seed 42. Images are represented by global features from
each of the 70 candidate vision encoders, while captions are encoded by Qwen3-1.7B, Qwen2.5-
1.5B, and SmolLM2-1.7B. All representations are Lo-normalized.

GW computation. For each of the 70 x 3 = 210 encoder—language-backbone combinations, we
solve the exact Lj-angular GW objective from the image—image and text—text distance matrices
using uniform marginals and a MutualNN initialization. This produces a free coupling 7™, which
we compare with the pair-preserving coupling Tpair = I, /n. We measure correspondence recovery
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MLLM Avg. 40.76 i MLLM Avg. 40.87 i,
GW rank 2 3 A GW rank 70 .

(a) TokLIP feature geometry. (b) UniAR feature geometry.

Figure 8: Sensitivity of GW to encoder heterogeneity. Encoders with similar downstream perfor-
mance can exhibit markedly different feature distributions.
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(a) Observed pairing. (b) GW-induced rematching. (c) Cost of pair preservation.

Figure 9: Free GW matching can bypass observed cross-modal correspondences. (a—b) Ob-
served pairs and maximum-mass GW assignments for a representative encoder—language-backbone
combination. (c) Pair-preserving versus free-matching costs across all 210 combinations.

as

1 n
PairAcc(T*) = — E 1{argmaxT;; = z} .
n ;
i=1 J

Results and visualization. Figures[9a) and[J[b) visualize SigLIP2 S0400m/14 paired with Qwen3-
1.7B. Image and caption features are projected independently to two dimensions using PCA, af-
ter which the caption coordinates are Procrustes-aligned to the image coordinates for visualiza-
tion only. We show the observed assignments ¢ — % and the maximum-mass GW assignments
*

i — argmax; 177.

GW extensively reassigns captions: PairAcc averages only 0.0077 across all 210 combinations.
Moreover, every combination lies above the equal-cost diagonal in Figure [9fc), with the pair-
preserving cost averaging 1.74x the optimized free-matching cost. These results show that a low
GW discrepancy can arise from sample rematching rather than preservation of the observed cross-
modal correspondences.

Together, these analyses show that GW can be affected by encoder-specific feature geometry while
obtaining low costs through correspondence-agnostic rematching, limiting its reliability for hetero-
geneous encoder selection.
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I SUPERVISED REFERENCE METHOD

RAVEL targets training-free encoder selection, assuming no downstream performance labels for the
candidate encoders. As a complementary analysis, we also consider a supervised setting in which the
downstream MLLM performance of a small subset of encoder—language-backbone pairs is available.
This setting examines whether previously evaluated candidates can provide additional supervision
for selecting among unseen candidates and provides a supervised reference for interpreting RAVEL’s
results.

Directly learning from frozen encoder features is difficult because the candidate feature spaces are
incompatible: their dimensions range from 384 to 4608, and their coordinates arise from hetero-
geneous architectures and pretraining objectives. We therefore develop CKA-X, which represents
each candidate using coordinate-agnostic geometric signals. The first measures its centered-kernel-
alignment similarity (Kornblith et al.l2019) to a shared set of reference encoders, while the second
measures its cross-modal compatibility with the frozen target language model. A gradient-boosted
decision-tree ensemble maps these signals to predicted downstream performance. CKA-X requires
downstream labels from the reference candidates but does not require training MLLMs for the held-
out candidates.

1.1 PROBLEM SETUP

We now consider the supervised counterpart of §3| keeping its notation: D = {(x;,t;)}, is the
paired calibration data, F,, is a candidate vision encoder, and L is the target language model. The
candidate pool V = {Em}ﬂf{:l consists of the 70 vision encoders evaluated in our experiments,
each paired with one of the three language backbones; each E,, now also carries a ground-truth
score y,, € R, the unweighted mean over the eleven downstream benchmarks of the MLLM built
from E,, with backbone L. Let Z,,, € R™*% stack the visual representations that E,, produces
on the calibration images (the Z;""" of , and let Zt € R™*9s stack the text representations that
L produces on their paired texts. We evaluate this by holding each candidate out in turn: for a
held-out candidate we predict its score from its frozen features and the labeled reference pool of
the remaining candidates, R = V \ {held-out}, without training an MLLM for any candidate. No
downstream score of a held-out encoder is ever used, and the reference pool contains only candidates
whose scores are known.

Raw coordinates cannot support this prediction: padding equalizes only the dimensionality, not
the coordinate systems, so raw features from different encoders remain numerically incomparable
even after zero-padding to a common width. We therefore represent each candidate by two frame-
invariant signals, a pairwise CKA similarity profile and a cross-modal alignment, and map them to
the score with gradient-boosted decision trees.

1.2 PAIRWISE CKA SIMILARITY

To construct a common descriptor for encoders with heterogeneous feature spaces, we compare
each candidate with a shared pool of reference encoders using linear centered kernel alignment
(CKA) (Kornblith et al., 2019). Let

1
n
be the centering matrix. For candidate F,,, we first Lo-normalize the rows of Z,,, and construct its
centered Gram matrix

H=1,—-11"

Gm=HZ,Z H.
For every candidate pair (m, m’), their linear CKA similarity is

CKA(m,m') = (G, o) = (GG ) € [0, 1].
M) = Gnllr Gl ~ Vi@ u@e -

Given a reference pool R, we represent each candidate by its CKA similarities to the reference
encoders:

k,, = (CKA(m,m/))m,eR.
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The same reference pool is used for both the candidates fitted by the predictor and the held-out
candidates, placing all descriptors in the common space RIRI.

CKA is well suited to this setting because it compares the geometry that two encoders induce over
the shared images rather than their raw feature coordinates. In particular, it measures whether the
encoders organize the images similarly and is invariant to orthogonal transformations, isotropic
rescaling, and the addition of zero-valued feature dimensions. It can therefore compare representa-
tions with different dimensionalities and coordinate systems without learning an explicit mapping
between them.

Moreover, k,, is relational: it describes how a candidate is positioned relative to the scored refer-
ence encoders. Unlike a single intrinsic representation statistic, this descriptor retains cross-encoder
information that allows a predictor fitted on evaluated candidates to transfer to an unseen candidate.
We use linear CKA because it is dimension-agnostic, requires no rank-selection hyperparameter,
and can be computed directly from the centered Gram matrices.

1.3 CROSS-MODAL ALIGNMENT

The CKA profile characterizes each candidate relative to the reference encoder pool but does not
account for the target language model. We therefore augment it with two signals that measure the
compatibility between the visual representation and the text representation produced by the frozen
target LLM L. Let Z* € R™*% denote the text representations of the paired captions, obtained by
mean-pooling the penultimate-layer hidden states of L.

For each candidate F,,,, we compute two scalar statistics. The first is the held-out R? of a ridge
regression that predicts Z* from Z,,. The regression is fitted on one randomly selected half of
the calibration pairs and evaluated on the other, using split seed 42; its regularization strength is
selected by leave-one-out cross-validation within the fitting split. The second statistic is the linear
CKA between Z,,, and Z*, which measures the agreement between their induced sample geometries.
Together, these statistics form the cross-modal descriptor

m =[R2, CKA(Z,,, 2")] " € R2.

1.4 GRADIENT-BOOSTED REGRESSION

We concatenate the relational CKA profile and cross-modal descriptor into
dp = [k Xpm] € RI®IF2

and use gradient-boosted regression trees to predict the downstream MLLM score:

T
g =b+nY_ hi(dm),
t=1

where b is the initial prediction, h; is a depth-limited regression tree, 7 is the learning rate, and 7' is
the number of boosting rounds. Gradient boosting is well suited to this compact descriptor because it
can capture nonlinear threshold effects and interactions between similarity to the reference encoders
and compatibility with the target LLM.

We compare gradient boosting with several common alternatives, including ridge regression, a mul-
tilayer perceptron, and kernel ridge regression using the CKA matrix as its kernel. All preprocess-
ing and model selection are performed using only the training folds. Gradient boosting achieves the
strongest performance for all three language backbones, whereas the multilayer perceptron performs
substantially worse. We therefore adopt gradient boosting as the default predictor. Its hyperparame-
ters are fixed across all folds and language backbones: depth-2 trees, T" = 50 boosting rounds, learn-
ing rate 7 = 0.05, and subsampling ratio 0.8. The resulting model also provides feature-importance
estimates for analyzing the contributions of the relational and cross-modal signals.

Scoring a held-out candidate requires only its frozen representations and the downstream scores of
the reference pool. Thus, the supervision cost is confined to the reference candidates, and no MLLM
needs to be trained for the held-out candidate.
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Figure 10: Data efficiency of CKA-X with the gradient-boosted predictor on the 70-encoder pool.
Each curve is one target language backbone L; the x-axis is the number of labeled encoders in the
reference pool R, with the remaining 70 — |R| candidates held out. Points are pooled Spearman
correlations over the held-out predictions of 100 random labeled subsets.

This cost is set by how many candidates are labeled rather than by which predictor is used,
so we also ask how many labeled encoders CKA-X actually needs. For each budget |R| €
{8,16,24,32,40,48, 56,64} we draw 100 random labeled subsets R C V (seed 0), fit the predictor
using the labels of R alone, and score the remaining candidates V \ R; the leave-one-out protocol
above is the maximal-budget case |R| = M — 1 = 69. Figure reports the resulting correlation
on the held-out candidates. Supervision transfers quickly across the pool: eight labeled encoders
already yield pooled Spearman correlations of 0.50, 0.51 and 0.36 for Qwen3-1.7B, Qwen2.5-1.5B
and SmolLM2-1.7B, and the curves rise monotonically to 0.81, 0.85 and 0.69 at the largest budget,
flattening from about half the pool onward.

J  REPRESENTATION POST-PROCESSING VARIANTS

Protocol. The post-processing comparison isolates how feature statistics affect cross-modal neigh-
borhood agreement. In this diagnostic, each visual representation is obtained by averaging all valid
spatial patch tokens of an image before post-processing, while each textual representation is the
penultimate-layer last-token feature. We use the same n = 1,000 LCS-558K examples (seed 42), 70
visual tokenizers, and three language backbones for every variant. The transformation is fitted in-
dependently for each visual tokenizer and each language backbone, so no projection parameters are
shared across modalities or models. After transformation, every sample is row-wise ¢2-normalized,
and Top-100 cosine neighborhoods are used to compute the binary MutualNN overlap. No patch-
level matching, rank weighting, hub correction, or chance adjustment is applied in this comparison;
only the representation post-processing changes.

Raw. This baseline leaves the representation coordinates unchanged and applies only row normal-
ization,

Xraw = R(X). )

It therefore preserves the original mean offset, coordinate scales, correlations, and anisotropy, while
removing differences in the overall norm of individual samples.

Centered. We subtract the feature-wise mean estimated from the fixed evaluation sample and then
normalize each row,

Xeenter = R(X —1u7). (10)

Centering removes a common offset shared by the examples but does not alter the relative scale or
correlation of different feature dimensions.

Standardized. We additionally divide each centered coordinate by its population standard deviation,

> X —1u'
Xt = —_— 11
td R(0+105>’ (11)
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Figure 11: Selection robustness across candidate-pool sizes. Ground-truth performance of the
encoder selected by each method as increasingly strong candidates enter the pool.

where the division is coordinate-wise. This gives the original coordinates comparable marginal
scales and reduces the influence of unusually high-variance dimensions, but it does not decorrelate
them and remains tied to the encoder’s native coordinate basis.

PCA only. We project the centered features onto the retained principal subspace and normalize the
resulting scores,

Xpca = R(2). (12)
This rotation decorrelates the retained coordinates and truncates the low-variance tail beyond rank
r, but it keeps the variance ordering within the retained subspace. Consequently, leading principal
components can still dominate cosine neighborhoods.

ABTT. All-but-the-Top (ABTT) (Mu et al., 2017) starts from the same PCA scores but discards the
first ¢ highest-variance directions before row normalization. With the fixed setting ¢ = 4 used in the
figure,

XaBTT = R(Z[:,q+1zr]) ) q= 4. (13)
ABTT directly removes a small number of dominant directions that may encode broad, non-specific
variation. Unlike whitening, however, it deletes those directions entirely, so its behavior depends on
the chosen removal count ¢ and can deteriorate when informative principal components are removed.

PCA whitening. We retain the same PCA subspace as PCA only, but rescale each component by its
regularized standard deviation,

Xohite = R(Z diag (A + 107472 (A + 10*4)*1/2)) . (14)

Whitening therefore equalizes the variances of the retained principal directions rather than removing
the leading ones. The additive 10~* term limits the amplification of small-eigenvalue directions, and
the rank cap removes the least reliable low-variance tail before rescaling.

J.1 BASELINE METHODS

* Linear probing (Caron et al.,|2021)) trains a linear classifier on frozen visual representations
and uses image-classification accuracy as the encoder score.

* k-nearest-neighbor classification (KNN;|Wu et al., 2018)) predicts image labels from their
nearest neighbors in the visual representation space and uses classification accuracy as the
encoder score.

We next consider cross-modal metrics that compare visual and textual representation spaces without
training the corresponding MLLM:

* Representational similarity analysis (RSA; |Kriegeskorte et al., 2008) measures the correla-
tion between the pairwise dissimilarity structures of the visual and textual representations,
while canonical correlation analysis (CCA;Hotelling), [1936)) learns linear projections of the
two spaces that maximize their correlation.
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* Gromov—Wasserstein (GW; |Li et al.,[2026) compares visual and textual representations by
matching their within-modality distance structures through optimal transport, while mutual
k-nearest-neighbor alignment (MutualNN; [Huh et al., 2024) measures the overlap between
nearest-neighbor sets constructed in the visual and textual representation spaces.

Finally, we include several methods that require additional model training or fitting. Because of their
substantially higher computational or supervision requirements, these methods may be less suitable
as practical evaluation metrics for large-scale vision encoder selection. Nonetheless, we include
them to provide stronger reference points:

* Mid-training loss performs the first-stage mid-training for each encoder—language-model
pair using the LLaVA training recipe and uses the loss at the final optimization step as an
estimate of downstream performance.

* Alignment probing (Zhang et al.l [2025) uses labeled image—text data to learn linear map-
pings between the visual and textual spaces and evaluates their alignment through cross-
modal retrieval.

* AC Policy (Yang et al., [2025b) fits a polynomial regressor that maps alignment and vi-
sual correspondence scores to the observed downstream performance of a subset of vision
encoders.

K ROBUSTNESS UNDER A SELECTION-BASED METRIC

We evaluate whether each method reliably selects a strong encoder as the candidate pool changes.
For each language backbone, we order the 70 encoders by ground-truth downstream performance
and progressively expand the pool from the worst encoder to the full set. At each pool size, every
method selects its highest-scoring encoder, whose ground-truth performance is reported alongside
that of the best available encoder (oracle).

As shown in Figure [TT] RAVEL closely tracks the rising oracle throughout the expansion, whereas
competing methods plateau as stronger encoders become available. This demonstrates its robustness
to changes in candidate-pool size and composition.
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