2609.05730v1 [cs.CV] 4 Sep 2026

arxiv

Bigger Text Encoders Can Hurt CLIP Zero-Shot Performance

Samir Char* samirchar@microsoft.com
Microsoft
Carles Domingo-Enrich carlesd@microsoft.com

Microsoft Research

Randall Balestriero randall__balestriero@brown. edu
Brown University

Abstract

Contrastive Language-Image Pretraining (CLIP) is a building block of many machine learning
applications. Scaling laws have guided resource allocation for large-scale training, yet prior
work treats total CLIP model size as a single variable, without exploring how the capacity
split between encoders impacts downstream performance. Here, we train multiple CLIP
models with different vision and text encoder sizes, revealing that for most vision encoders,
there is an optimal text encoder size beyond which zero-shot performance degrades— even
as total parameter count increases. Exploiting this behavior yields efficient configurations
that match the zero-shot performance of the standard ViT-B/16 architecture with up to 55%
fewer parameters. We further show that this degradation stems from overfitting induced by
the oversized text encoder, and that using modality-specific weight decay coefficients not only
recovers but improves performance across all degraded configurations. A geometric analysis
reveals a trade-off in which scaling the text encoder improves embedding uniformity but
worsens cross-modal alignment; we further show that these metrics are predictive of zero-shot
performance. We hope these findings motivate CLIP architectures and training methods
that counteract this degradation, a prerequisite for scaling CLIP reliably and efficiently.

1 Introduction

Contrastive Language-Image Pretraining (CLIP) (Radford et al., [2021) trains paired vision and text encoders
with a contrastive objective on large-scale image—text data, yielding representations with remarkable zero-shot
transfer. Since its introduction, CLIP has become a standard building block for a wide range of applications,
including image generation (Saharia et al.,[2022; Ramesh et al.| [2022} |[Esser et al.| [2024)), generative vision-
language models (Liu et al., [2023; |Awadalla et al., 2023), video understanding (Xu et al., 2021; Wang et al.|
2024), and image segmentation (Kirillov et al., [2023; Ravi et all, [2025). As these downstream systems inherit
CLIP encoders or use their embeddings, the question of how to design and scale CLIP architectures has
broad practical consequences.

A common strategy for improving CLIP performance is to scale up the model, yet the allocation of capacity
between the vision and text encoders remains an implicit, unexamined design choice. Most work training
CLIP-style models at multiple scales presents a menu of architectures without specifying a scaling recipe or
justifying the capacity split between encoders (Fig. [I[a)) (Radford et al] [2021} Zhai et al [2023} Tschannen|
let al.l [2025; |Cherti et al.l |2023a; |Gadre et al, 2023} [Xu et all |2024; |[Chuang et al.l |2025). Existing efforts to
study CLIP scaling laws treat total model size as a single variable (Cherti et al., [2023a} |Li et al., [2023ajb)),
without explicitly testing whether one encoder should be scaled more aggressively than the other. Yet the two
modalities are inherently asymmetric: text is a compact, abstract signal whereas images are high-dimensional
and redundant, and prior multimodal learning literature shows that modalities can overfit and generalize
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at different rates (Wang et al [2020]). Scaling both encoders equally may not merely be sub-optimal but
actively harmful. To our knowledge, no prior work independently varies each encoder’s capacity to isolate its
marginal contribution to downstream performance, its impact on overfitting, or its effect on the geometry of
the learned embedding space.

In this work, we conduct a controlled study of how independently scaling CLIP’s vision and text encoders
affects zero-shot and linear probe performance. We train a full grid of 30 models, crossing five vision encoders
(from 10M to 352M parameters) with six text encoders (from 3M to 145M parameters) on CC3M and
CC12M, and evaluate each across 40 downstream datasets (Fig. b,c)). Our experiments yield three main
contributions:

1. We find that for zero-shot tasks CLIP’s vision and text encoders should not be scaled equally. For
most vision encoders there is an optimal text encoder size beyond which performance degrades (solid
curve, Fig. d)) This pattern is absent in the linear probe setting, where larger text encoders
consistently improve or, at worst, saturate performance. Exploiting this asymmetry, we identify two
architectures that match the zero-shot performance of the standard ViT-B/16 architecture while
using 30-55% fewer total parameters.

2. We show that this degradation stems from a capacity mismatch between the encoders that manifests
as asymmetric overfitting from an oversized text encoder. Using modality-specific weight decay to
control each encoder’s effective capacity, we find that, for a given vision encoder, increasing the
text encoder’s weight decay recovers—and even improves—zero-shot performance, surpassing the
best architecture with the same vision encoder (dashed curve, Fig. d)) Raising only the vision
encoder’s weight decay instead degrades performance, while the conventional practice of decaying
both encoders equally underperforms decaying the text encoder alone in most scenarios, or performs
comparably.

3. A geometric analysis of the representations through the lens of alignment and uniformity (Wang &
Isola}, [2020) shows that scaling the text encoder improves the uniformity of image and text embeddings
while degrading image-text alignment. Raising the text encoder’s weight decay mitigates this effect,
recovering alignment while preserving or even improving image uniformity.

2 Related Work

Evidence for asymmetric encoder scaling. Prior work provides indirect evidence that the capacity
split between CLIP’s encoders matters. |[Fan et al.|(2023) trains CLIP at four model sizes by scaling only the
vision encoder while keeping the text encoder constant, reporting improved performance over the original
scaling recipe. EVA-CLIP-18B (Sun et al., |2024)) shows remarkable performance pairing a 17.5B-parameter
vision encoder with a 695M-parameter text encoder. |Zhai et al. (2022)) show that freezing the vision
encoder entirely and training only the text side can yield strong zero-shot performance. Closest to our
work, SmolVLM (Marafioti et al., |2025)) runs a 2D grid search over vision and language backbone sizes for
small VLMs, finding that the capacity allocation between the vision encoder and text decoder is critical for
compute-efficient performance. However, SmolVLM studies decoder-based vision-language models rather
than contrastive pre-training. None of these works systematically isolates the effect of each encoder’s size in
a controlled contrastive pre-training setting. Our work addresses this gap.

CLIP scaling laws. Inspired by language model scaling laws (Hoffmann et all 2022), [Cherti et al.| (2023al)
demonstrated that CLIP’s zero-shot performance follows a power-law relationship with model size, dataset
size, and samples seen. Similarly, CLIPA (Li et al., 2023a)) and CLIPAv2 (Li et al.,2023b) identify an inverse
scaling law for CLIP training: using larger vision and text encoders enables training with aggressive token
masking ratios, reducing compute while maintaining competitive performance. However, these studies treat
the vision and text encoders as a single pool of parameters and do not decompose scaling effects between them.
Our work complements these efforts by studying how scaling each encoder independently affects downstream
performance, but we do not derive specific scaling laws.
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Figure 1: Naively scaling CLIP can degrade downstream performance. (a) Popular CLIP models by vision
(x-axis) and text encoder (y-axis) size (n=45; points jittered). Most models cluster just below the diagonal,
leaving most vision-text capacity splits unexplored. (b) A grid of 30 architectures spanning five vision and
six text encoder sizes, each pre-trained on CC3M and CC12M. (c¢) Every configuration is evaluated across
30 zero-shot and 31 linear-probe tasks, and its embedding geometry is quantified via alignment, uniformity,
modality gap, and RankMe. (d) Counterintuitively, under standard training (solid) zero-shot performance
rises, peaks and then degrades as the text encoder grows with the vision encoder fixed; modality-specific
weight decay (dashed) removes the degradation by applying separate coefficients A, and A; to the encoders.

Heterogeneous weight decay in deep learning. Different parts of a network may overfit at different
rates, and should therefore be regularized differently. To address this, prior work adjusts weight decay over
time, per layer, per module, and even per parameter (Ghiasi et al., 2023} [Ishii & Sato}, 2017} [He et al., 2025}
[Nakamura & Hong, [2019). Notable examples are AdaDecay (Nakamura & Hong| [2019)), which scales the
decay per parameter from gradient norms, and AlphaDecay (He et al., [2025]), which sets module-level decay
from the heavy-tailedness of the weight spectral density. For CLIP and its variants, researchers have explored
asymmetric per-encoder weight decay when one encoder is initialized from pretrained weights
[2023; [2022; [Sun et al.l [2023). Such an encoder is either kept frozen or trained with a smaller or zero weight
decay to mitigate catastrophic forgetting. Our work differs in that we vary weight decay across modalities
while training both encoders from scratch (i.e., random initialization), using it as a deliberate capacity control
to mitigate modality-specific overfitting and improve zero-shot performance.

Embedding geometry in contrastive learning. The quality of contrastive representations has been
characterized through alignment and uniformity (Wang & Isola, [2020): alignment measures the closeness
of embeddings from positive pairs, while uniformity measures how well representations are spread across
the unit hypersphere. Both properties are necessary for good contrastive representations, yet there is an
inherent tension between them. Separately, RankMe (Garrido et al. 2023) provides a label-free estimate
of the effective dimensionality of embeddings that correlates with downstream transfer performance. We
use alignment, uniformity, and RankMe as diagnostic tools to explain the scaling behaviors observed in our
experiments; to our knowledge, no prior work has studied how independently scaling the vision and text
encoders affects the geometry of the embedding space.

3 Methodology

3.1 Asymmetric architecture grid

To study how encoder size affects performance, we size our encoders to span both below and above the
standard ViT-B/16 architecture (Radford et al.| 2021} |Cherti et al., 2023a; [Fan et al.l [2023} [Xu et al.| 2024),
which uses vision and text encoders of 86M and 63M parameters, respectively. We define five vision encoders




Table 1: Vision and text encoder architectures in the model grid: five vision encoders spanning 10M-352M
parameters crossed with six text encoders spanning 3M—-145M, for 30 configurations. All models share a
vocabulary size of 49,408, context length of 77 tokens, patch size of 16, input resolution of 224 x 224, and a
shared embedding dimension of 512.

(a) Vision Encoders (b) Text Encoders

Name Layers Width Heads Params Name Layers Width Heads Params
Atto 12 256 4 10M Femto 1 64 1 3M
Tiny 10 640 10 50M Atto 3 128 2 ™
Base 12 768 12 86M Nano 6 256 4 18M
Giant 20 896 14 194M Tiny 10 384 6 3™
Colossal 22 1152 18 352M Base 12 512 8 63M

Giant 15 768 12 145M

from 10M to 352M parameters, six text encoders from 3M to 145M parameters, and create a 2D grid of all
possible combinations (Fig. (b); Table . This yields 30 configurations totaling 13M—-497M parameters.

To scale the encoders, we follow prior work (Radford et al [2021} |Cherti et all |[2023a} |Gadre et al, 2023;
let al [2024} [Chuang et all, [2025]), which scales the number of layers and attention heads, and derives the width
and MLP hidden dimension from these choices. We keep the patch size (16), input resolution (224 x 224),
context length (77), vocabulary size (49,408), and shared embedding dimension (512) constant across all
models to isolate the effect of scaling the encoders. All architectures are implemented and trained using
the OpenCLIP library (Cherti et all |2023a) and the original CLIP loss (Radford et al., 2021)). Throughout
the paper, we denote each configuration by its vision-text encoder pair (e.g., Base-Tiny uses a Base vision
encoder with a Tiny text encoder).

All 30 architectures are pre-trained on two datasets of different scale: Conceptual Captions 3M
(CC3M) (Sharma et al. [2018) and Conceptual Captions 12M (CC12M) (Changpinyo et al., 2021)), re-
sulting in a total of 60 models. We follow the same training hyperparameters as in [Fan et al.| (2023), which
are detailed in Appendix [A]

3.2 Evaluation protocols

For a comprehensive assessment of downstream performance, we evaluate across 40 downstream datasets—28
for zero-shot classification and retrieval, and 31 for linear probe classification. Most of these datasets are
part of the DataComp (Gadre et al., [2023)) benchmark, and we follow the same protocol and evaluation
metrics. The datasets include ImageNet (Russakovsky et al.l [2015) along with five ImageNet distribution
shifts (Wang et al., [2019; [Recht et al) [2019; Hendrycks et al., 2021bfa), the 19 VTAB tasks
2019), Flickr30k (Young et al., 2014) and MSCOCO (Lin et al., 2014) for retrieval tasks, and other common
classification tasks used in the original CLIP paper (Radford et al., 2021). Because Flickr30k and MSCOCO
retrieval are each evaluated in both the image-to-text and text-to-image directions, the 28 zero-shot datasets
correspond to 30 zero-shot tasks. Most datasets are used for both zero-shot and linear probe evaluation,
but some are only used for one of the two protocols as detailed in Appendix [B.2] We report the average
performance across all datasets using the preferred metric for each task (Table , rescaled to a percentage
€ [0,100]. Absolute differences in average performance are reported in percentage points (pp). We also
examine how the scaling patterns manifest across selected dataset groups (Table .

For zero-shot classification, we adopt the same prompt templates used by Radford et al.| (2021). Hand-crafted
templates convert each class label into multiple text prompts; the average embedding across all prompts for a
class yields the class representation. Predictions are made by computing the cosine similarity between the
image embedding and each class representation.

In the linear probe setting, we train a linear classifier on top of the frozen image features extracted from the
vision encoder, without using any text prompts. It is trained for 10 epochs using Adam (Kingma & Bal, 2015)
optimizer with neither weight decay nor learning rate decay, following |Caron et al.| (2021)); He et al.| (2022).
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Figure 2: Beyond an optimal size, larger text encoders hurt zero-shot performance. Average zero-shot
performance (y-axis; higher is better), averaged over 30 zero-shot tasks, as a function of text encoder size
(x-axis), colored by vision encoder, for models pre-trained on (a) CC12M and (b) CC3M.

We leverage the CLIP Benchmark library (Cherti et all [2023b)) to implement both zero-shot and linear probe
evaluation protocols.

To assess significance across tasks, we report the number of tasks on which one configuration outperforms
another out of the non-tied total (n/N), along with the p-value of a two-sided sign test. Significance across
random seeds is assessed with a paired ¢-test on the per-seed differences, with the direction (one- or two-sided)
indicated where reported.

4 Larger text encoders hurt zero-shot performance

To understand the impact of independently scaling the vision and text encoders, we train all 30 configurations
on both CC3M and CC12M, and evaluate their zero-shot performance across the 30 zero-shot tasks (Fig. .
Four patterns emerge consistently across both pre-training datasets. First, for most vision encoders there is
an optimal text encoder size beyond which zero-shot performance degrades. Even the smallest degradation,
observed between Base-Tiny and Base—Giant, is statistically significant across three random seeds (one-sided
paired t-test p=0.04, Cohen’s d,=1.901; Table . Second, once the text encoder is sufficiently large,
increasing the vision encoder becomes the dominant driver of performance, and its benefit amplifies when
paired with larger text encoders. Third, the magnitude or onset of degradation varies with the vision encoder
size, with the smallest vision encoders showing more pronounced degradation than larger ones. Fourth, the
optimal text encoder size tends to increase with the vision encoder, but at a slower rate than the vision
encoder itself. On CC12M the largest vision encoder shows no degradation, though even larger text encoders
might eventually induce it. In all our experiments, the smallest text encoder (Femto; 3M parameters) leads
to poor and unpredictable performance for both datasets and evaluation settings (Fig. . These patterns are
consistent across all examined groups (Fig. , with the degradation being most pronounced for fine-grained
tasks (Fig. c)).

One exception to these trends is attributable to overfitting on the smaller CC3M dataset. The largest
vision encoder (Colossal) does not achieve the best zero-shot performance on CC3M, consistent with known
overfitting effects on smaller datasets (Cherti et al., [2023a} [Fan et al.| [2023]) and with the learning curves

(Figs. and [A4)).




=~
)

ey Vision (color)
...... ot
................ Atto (10M
40 ’ . + .’ o )
. Tiny (50M)
§ 38 ‘.‘-‘. . Base (86M)
— Giant (194M)
© A
= 36 A A ® Colossal (352M)
<
g
3 Text (shape)
S 3 oxt (shape
;:?j ¥V Femto (3M)
2 39 v A Atto (TM)
< v B Nano (18M)
30 @ Tiny (37M)
® Base (63M)
28 y #  Giant (145M)
0 100 200 300 400 500

Total Parameters (M)

Figure 3: Exploiting the vision—text asymmetry yields configurations matching ViT-B/16 zero-shot perfor-
mance with 30-55% fewer parameters. Average zero-shot performance (y-axis; higher is better) versus total
model parameters (x-axis) on CC12M for all 30 architectures. Color encodes the vision encoder and marker
shape encodes the text encoder; the red dotted line traces the Pareto frontier and the gray dashed lines mark
the Base—Base (ViT-B/16) baseline.

In contrast to zero-shot, scaling the text encoder does not degrade linear probe performance (Figs. and
and only exhibits monotonic improvement or saturation at worst.

Given that bigger text encoders are not always better, we ask whether it is possible to match the zero-shot
performance of the base ViT-B/16 CLIP architecture (Base-Base) with fewer total parameters. The Pareto
frontier (Fig.|3) is dominated by configurations with smaller text encoders, and models with similar zero-shot
performance can have markedly different total parameters. Concretely, we find that while Base-Base reaches
37.7% average zero-shot performance, the Base-Nano and Tiny—Nano models match or exceed it (38.1% and
37.9%) with 30.6% and 54.7% fewer parameters, respectively.

5 Parameter allocation between encoders matters beyond total count

Analyzing the CC12M training runs reveals that CLIP architectures with the best zero-shot performance
have markedly different vision and text encoder capacities. Across the grid the zero-shot-optimal text encoder
for every vision encoder is less than 40M parameters for all vision encoders except Colossal (352M), whose
best text encoder has 145M parameters (Fig. (a)). In contrast, the optimal vision encoder for any text
encoder has at least 194M parameters, and for four of the six text encoders the best vision encoder has 352M
parameters. For the largest text encoders the optimal vision encoder size is right-censored, since zero-shot
performance is still rising at our largest 352M vision encoder. Even larger vision encoders might yield better
results. We observe that in multiple cases the optimal size for one encoder increases as the other grows.

To quantify the relationship between model capacity and zero-shot performance, we fit multiple parametric
models on the CC12M results using the vision, text, and total parameter counts as independent variables
(Table . Although total parameter count positively correlates with zero-shot performance (Spearman
r=0.62, p<0.001), a linear-log regression on total parameters explains only a small fraction of the variance
(Adjusted-R?=0.312; leave-one-out cross-validated, or LOOCV, R?=0.240). Fitting a linear-log model on
the vision parameters, text parameters and an interaction term yields a substantially better fit (Adjusted-
R?=0.693; LOOCV R?=0.543), confirming that how capacity is allocated between encoders matters beyond
the total budget.
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Figure 4: The vision—text parameter split matters beyond the total parameter count. (a) Each node represents
an encoder positioned on the y-axis according to its size. Left-to-right arrows (blue) point from each text
encoder to the best vision encoder paired with it in terms of average zero-shot performance; right-to-left
arrows (magenta) point from each vision encoder to the best text encoder. (b) Predicted average zero-shot
performance (higher is better) from the fitted saturating-ceiling regression with a capacity-mismatch penalty
(Eq. , as a function of the vision (x-axis) and text (y-axis) encoder size. Contour lines trace the regression’s
iso-performance levels and the 30 architectures are overlaid as points colored by their observed average
zero-shot performance.

Remarkably, the best fit comes from a simple nonlinear model that treats the two encoders asymmetrically
and penalizes a capacity mismatch (LOOCV R%2=0.937). Writing N, and N; for the vision and text encoder
parameter counts (in millions), we fit the form

2
G(Ny, Nt) = (Bo + b1 log, Ny) (1 - ‘37th) €Xp <—C (IOglo %) >a (1)

vision-set ceiling text saturation

capacity-mismatch penalty

where ¢ is the predicted average zero-shot performance. The term By + 51 log;y N, is a linear-log ceiling
that is scaled by a saturating factor 1 — e~ ¥t € [0, 1] in the text size and further scaled by the mismatch
penalty exp(—c (logyo(Ny/N;))?) € (0,1]. Removing the mismatch penalty fits substantially worse (LOOCV
R?=0.826), underscoring the importance of appropriate encoder capacity. Visualizing this fit over the
encoder-size plane shows that, once the text encoder is adequately sized, zero-shot performance benefits more
from scaling vision, and that the degradation from oversized text encoders is strongest for the smallest vision
encoders and gradually vanishes as the vision encoder grows (Fig. @(b)) We present these findings as an
interpretable description of our data rather than a definitive scaling law. Characterizing the full functional
form over a wider range of text encoder sizes is a promising direction to predict the optimal parameter split
given a total parameter budget, akin to [Hoflmann et al.| (2022) for language models.

6 Modality-specific weight decay mitigates text-encoder overfitting

Prior work has shown that different modalities overfit and generalize at different rates, so training them
jointly with a single optimization strategy is typically sub-optimal (Wang et al., |2020)). Motivated by this
observation, we hypothesized that in CLIP the text encoder requires less capacity and is more prone to
overfitting—especially when training with web-scale noisy captions—than the vision encoder, and that this
asymmetry drives the zero-shot degradation observed in Section [
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Figure 5: CLIP demands modality-specific encoder capacity. (a) Final-epoch CLIP training loss on CC12M
(y-axis) versus text-encoder size (x-axis), colored by vision encoder. (b) Average zero-shot performance
(y-axis; higher is better) for the Base-Giant configuration as weight decay is increased on the text encoder
only (\:), the vision encoder only (A,), or both jointly, all emanating from the Base—Giant baseline with joint
weight decay of 0.5. The dashed line marks the best configuration using the Base vision encoder (Base-Tiny).
(¢) Average zero-shot performance (y-axis; higher is better) for each vision encoder paired with the oversized
Giant text encoder (x-axis), comparing the degraded configuration (A;=0.5, A,=0.5; hatched bars) with the
fixed configuration (A;=1, A,=0.5; solid bars). (d) Final-epoch CLIP training loss on CC12M (y-axis) for the
same configurations as in (c), comparing the degraded configuration (hatched) with the fixed configuration
(solid).

To assess whether optimal text encoders are small because larger ones overfit, we compute CLIP’s contrastive
loss on the CC12M training set. Growing the text encoder monotonically lowers the training loss for every
vision encoder (Fig. a)), even as zero-shot performance degrades once the text encoder exceeds its optimum,
as shown previously on Figure a). The held-out CLIP loss on MSCOCO and Flickr30k tells a similar story,
with oversized text encoders reaching lower training loss yet higher held-out loss (Fig. [A6)). These results
show that, for a fixed vision encoder, growing the text encoder beyond its optimum leads to overfitting.

Driven by these findings, we tested whether modality-specific weight decay improves zero-shot performance
by independently reducing each encoder’s effective capacity. This strategy splits the model parameters
into a vision and a text group, assigning each separate weight-decay coefficients (A, and ), held constant
throughout training (see Appendix . Our baseline is Base-Giant, whose oversized text encoder yields
degraded zero-shot performance under the default A\,=X;=0.5. We then train three families of variants,
raising the weight decay to 0.75 and 1.0 on (i) the text encoder only (\;), (ii) the vision encoder only (A,),
or (iii) both encoders jointly, as the conventional practice (Table |[A6)). Higher weight decay values (A=1.5)
caused learning collapse in all cases and are therefore excluded (Fi. Figure [5b) shows that raising the
text weight decay consistently improves average zero-shot performance by 1.4 pp at A=0.75 and 2.3 pp at
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Figure 6: Scaling the text encoder improves embedding uniformity but worsens image—text alignment.
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embeddings (n=>5,000 images-caption pairs) from the CC12M pre-trained models, plotted as a function of
text encoder size (x-axis) and colored by vision encoder.

A=1.0, whereas only raising the vision weight decay degrades it by up to 0.7 pp at 1.0 (text-only wins 25/30
tasks at A=1, p<0.001). Raising both jointly balances these effects for a net gain, but a smaller one than
text-only decay (38.5% vs. 39.3% at A=1; text-only wins 23/30 tasks, p=0.005). Notably, text-only weight
decay (39.3%) surpasses the Base-Tiny configuration (38.2%), the best model using the Base vision encoder.
This asymmetry holds in the Giant—Giant configuration where the vision encoder is the larger of the two
backbones (194M vs. 145M parameters; : raising the text encoder’s weight decay improves performance
while raising the vision encoder’s degrades it (text-only wins on 23/30 tasks, p=0.005).

Next we retrained and evaluated the zero-shot performance of the four degraded architectures paired with the
Giant text encoder (Atto, Tiny, Base, and Giant vision encoders) using modality-specific weight decay with
At=1.0 and A\,=0.5. This intervention consistently improves zero-shot performance for every configuration,
from +2.7 pp for Atto—Giant to +1.7 pp for Giant—Giant, with the gain shrinking as the vision encoder
grows and there is less overfitting to mitigate (all with sign-test p<0.05; Fig. (c); Table . Strikingly, the
performance of the Giant—Giant configuration rises to 41.5% surpassing the best Giant-vision architecture by
1.0 pp (Giant-Tiny; sign test p=0.016) and matching the strongest model in the entire grid, Colossal-Giant
(41.4%; sign test p=0.585), despite a vision encoder roughly half its size (194M vs. 352M parameters). While
modality-specific weight decay improves zero-shot performance, it increases the training loss in all degraded
configurations (Fig. (d)) This regularization behavior is also observed when computing the CLIP loss on
the held-out MSCOCO and Flickr30k evaluation sets (Fig. , indicating the gain comes from reduced
modality-specific overfitting rather than changes to effective learning rate or training dynamics (D’Angelo
et al., 2024).

Together, these results point to three principles: CLIP benefits from a larger vision than text encoder; both
must be sized appropriately to avoid text-encoder overfitting or vision-encoder underfitting; and the capacity
mismatch between the two encoders modulates this effect.

7 Encoder scaling and regularization reshape embedding geometry

To understand how asymmetric scaling affects the embedding space, we compute the alignment and unifor-
mity (Wang & Isolay, [2020)) of the image and text embeddings. Alignment measures the expected distance
between matched (positive) image—text pairs, and uniformity measures how evenly the embeddings spread
over the unit hypersphere. Both are framed as losses, so lower is better. We focus on CC12M models, where
the scaling patterns are not confounded by the overfitting seen on CC3M, and compute these metrics on the



5,000 images in the MSCOCO (Lin et al.| 2014)) Karpathy split (Karpathy & Fei-Fei, |2015]), using only the
first caption for each image.

Larger text or vision encoders tend to improve both image and text embedding uniformity (Figs. [6{(b,c)
and [AT0|(b)). Scaling the text encoder improves image uniformity at a faster rate than the vision encoder.
Additionally, as the text encoder grows, text uniformity keeps rising while image uniformity saturates at
the Base text encoder (63M parameters). Even though scaling the text encoder improves image uniformity,
it worsens image-text alignment, but the degree of this degradation decreases with larger vision encoders
(Fig. [6(a)). Increasing the vision encoder worsens alignment when paired with small text encoders, but
improves it when paired with the largests (Fig. a)).

Beyond scaling, modality-specific weight decay also reshapes the embedding geometry. Applying it for the
degraded configurations improves image—text alignment while maintaining or improving image uniformity,
on both MSCOCO (Fig. [7]) and Flickr30k (Fig. [AT13|c)), though typically at the expense of text uniformity

(Fig. [AT3(b.d)).

To evaluate whether uniformity and alignment are predic-
tive of the average zero-shot performance, we separately
extract features from the MSCOCO Karpathy split and
Flickr30k, and fit multiple linear regressions on combina-
tions of the three metrics (alignment, image uniformity,
and text uniformity). We find that a model trained on
alignment and image uniformity has the most predictive
power (MSCOCO LOOCV R?*=0.810; Flickr30k LOOCV
R?=0.877; Table [A8). These results are compatible with
prior work showing that these metrics correlate with down-
stream performance (Wang & Isolay, [2020; 'Tschannen et al.|
2025)). Using the fitted regression model we plot the pre- Alignment

dicted zero-shot performance landscape as a function of

alignment and image uniformity (Fig. [AT1), showing that Vision encoder (color) - Weight decay (shape)
the best models cluster together, while degraded models L Atto [ Base 8 A =05 A =05
worsen their alignment without significant improvement in W Ty WGt @ %71 A0
image uniformity. To test generalization, we fit the regres-

sion in a leave-one-vision-out fashion, where we train on all Figure 7: Modality-specific weight decay im-
but one vision encoder, and then predict the average zero- proves image-text alignment. Embedding align-
shot performance of the left-out vision encoder (Fig. . ment (x-axis) versus image uniformity (y-axis)
The regression captures the overall trend, including the on MSCOCO (lower is better for both), with
peak and degradation, although it also predicts a degra- arrows pointing from the degraded (crosses) to
dation for the largest vision encoder (Colossal) that is not the fixed (circles) configuration using modality-
observed in practice. These results highlight a practical specific weight decay. Colors denote the vision
implication: the alighment and uniformity measured on a encoder, all paired with the Giant text encoder.
small held-out dataset can estimate the expected zero-shot

performance of a CLIP model across a wide range of tasks.
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Interpretation. Because zero-shot inference needs both well-separated embeddings (uniformity) and aligned
image—text spaces (alignment), scaling the text encoder creates a trade-off: it improves uniformity but often
at the expense of alignment. The saturation and degradation pattern we observe in zero-shot performance is
reflected in the embedding geometry, coinciding with the point at which alignment degradation begins to
outweigh uniformity gains—especially when the vision encoder is not large enough. This interpretation is
consistent with our largest vision encoder, the only one that does not degrade and for which using the largest
text encoders does not meaningfully deteriorate alignment.

In contrast, linear probe inference depends only on the vision encoder, where performance hinges on the
linear separability of image embeddings rather than cross-modal alignment. This aligns with our observation
that larger text encoders improve image uniformity, and therefore the linear separability of image embeddings.
Further analysis and details are provided in Appendix [C.§]
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8 Conclusion

In this work, we presented a controlled study of asymmetric encoder scaling in CLIP, revealing that increasing
the total number of parameters can consistently degrade zero-shot performance if capacity is not split
appropriately between the vision and text encoders. Once the text encoder is large enough, performance is
driven by the vision encoder, and further increasing the text encoder degrades it. This asymmetry lets us
identify configurations that match the zero-shot performance of the standard ViT-B/16 architecture with
30-55% fewer total parameters. We show that the degradation stems from overfitting induced by the oversized
text encoder, which manifests in the embedding space as a worsening of image-text alignment and improved
uniformity. Modality-specific weight decay recovers and even improves both performance and image-text
alignment across all degraded architectures, while preserving or improving uniformity. Crucially, conventional
uniform weight decay helps less than modality-specific weight decay in most scenarios, or performs comparably,
reinforcing the need for appropriate effective encoder capacity.

There are several avenues for future work. Our findings motivate the development of additional training
methods that mitigate the zero-shot degradation. We envision three main directions, including modality-
specific regularization or optimization strategies, architectural modifications, and dataset improvements
such as using longer and richer captions. Eliminating the degradation would enable more resilient scaling
behavior where zero-shot performance increases monotonically with compute while being less sensitive to
the encoder capacity split. While it persists, identifying the optimal parameter allocation between encoders
across a wider range of dataset scales and qualities could enable principled, parameter-efficient CLIP scaling
recipes. Finally, generalizing these findings to multiple and heterogeneous modalities is an important next
step. Researchers could explore how each modality’s data statistics inform how to build compute-optimal,
large-scale multimodal models beyond vision and text.

9 Limitations

Our study has several limitations. First, we train exclusively on CC3M and CC12M, but the degradation
could diminish or disappear with larger pre-training datasets. Second, we evaluate only on classification
and retrieval tasks; the impact of asymmetric scaling may differ for other downstream applications such as
generation and segmentation. Third, we pre-train all models from scratch, whereas most practitioners initialize
from pre-trained encoders, which may alter the dynamics we report. Fourth, even though modality-specific
weight decay proved effective in our experiments, in some cases it led to training instabilities and learning
collapse. Moreover, this is only one of many possible interventions to reduce the effective encoder capacity.
Fifth, we cannot perform significance tests across multiple seeds for all analyses due to the high computational
cost involved.

Broader Impact Statement

We do not anticipate significant risks of harm beyond those already associated with CLIP-style models; the
primary impacts are positive. Our work shows that asymmetrically scaling CLIP’s encoders can match or
exceed strong baselines with a fraction of the parameters. This lowers the barrier to training CLIP from
scratch under limited compute and reduces the environmental footprint of training and inference.
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A Implementation details

Encoders Our baseline architecture corresponds to the ViT-B/16 from (Cherti et al., [2023a), pairing an
86M-parameter vision encoder with a 63M-parameter text encoder. To construct encoder variants of different
sizes, we follow the standard Transformer scaling rules used by prior work (Dosovitskiy et al., 2021; Radford
et al.l 2021} |Cherti et all 2023a)). We only scale the number of attention heads h and the number of layers
while keeping the per-head dimension fixed at 64, which determines the model width as dyoqe1 = 64 X h.
The MLP hidden dimension is set to 4 X dyodel- The same rules apply to the vision and text encoders. The
resulting configurations are listed in Table ]

Hyperparameters We follow the same training recipes used by |[Fan et al.| (2023) for both the CC3M and
CC12M datasets. Table [AT] provides an overview of the pre-training hyperparameters used for all models on
each dataset. We apply RandomResizedCrop with a scale range of (0.5,1.0) as the image augmentation. All
pre-training runs were conducted on four to eight machines equipped with 8 A100 GPUs each.

Table Al: Pre-training hyperparameters for (a) CC3M and (b) CC12M datasets. All runs use the AdamW
optimizer (Loshchilov & Hutter} 2019)).

(a) CC3M. (b) CC12M.
Config Value Config Value
Batch size 8,192 Batch size 8,192
Optimizer AdamW Optimizer AdamW
Learning rate 1x1073 Learning rate 1x1073
Weight decay 0.5 Weight decay 0.5
Adam S B1, 82 = 0.9, 0.98 Adam S8 B1,B82 = 0.9, 0.98
Adam e 1x10°8 Adam e 1x10°8
Total epochs 40 Total epochs 35
Warmup epochs 1 (355 steps) Warmup epochs 1 (1,339 steps)
LR schedule Cosine decay LR schedule Cosine decay

Modality-specific weight decay Weight decay is applied per parameter group under AdamW. All
one-dimensional parameters are excluded from weight decay: bias from fully connected layers, gains and
biases from layer normalization, the visual class embedding, and the logit scale The remaining parameters
are split into two groups:

o Vision: all remaining parameters used by the vision encoder, including the patch-embedding convolu-
tions, positional embeddings attention and MLP matrices, and the final projection matrix.

e Text: all remaining parameters used by the text encoder, including the token embeddings, positional
embeddings, attention and MLP matrices, and the final projection matrix.

19


http://arxiv.org/abs/1910.04867
https://doi.org/10.1109/CVPR52688.2022.01759
https://doi.org/10.1109/ICCV51070.2023.01100
https://doi.org/10.1109/ICCV51070.2023.01100

Vision parameters are then optimized with a weight decay coefficient A, and text parameters with a weight
decay coefficient \;, which are held constant throughout training. The baseline and joint-decay runs use
)\U = )\t-

B Dataset details

B.1 Pre-training datasets

We pre-train on two image-text datasets at different scales: CC3M (Sharma et al.,[2018) and CC12M
[pinyo et al., 2021)). To mitigate the impact of link rot, we use archived versions of both datasets that were
downloaded and stored on Hugging Face in 2021E| These versions contain fewer samples than the original
releases, which may lead to minor differences in performance relative to models trained on the complete
datasets.

CC3M (Sharma et al., |2018) contains 3.3 million image-text pairs collected from approximately 5 billion
web pages, where captions are sourced from HTML alt-text attributes. Our copy retains 2.9 million unique
samples.

CC12M (Changpinyo et al., 2021)) follows a similar collection pipeline but applies less restrictive filtering,
yielding 12.4 million image-text pairs that cover a broader range of visual concepts and topics. The version
we use contains 10.9 million samples.

For both datasets, all images were resized so that their shorter side equals 256 pixels.

B.2 Downstream datasets

Table [A2] lists the datasets used for zero-shot and linear probe evaluation, along with their task types, sizes,
number of classes, main evaluation metrics, and whether they are used for zero-shot (ZS) and/or linear probe
(LP) evaluation.

For zero-shot evaluation, we exclude 9 of the VTAB datasets because they are known to perform no better
than random guessing (Gadre et al., 2023)). These include all 8 structured tasks, and the diabetic retinopathy
task. We also exclude Face Expression Recognition (FER2013) (Goodfellow et al.| 2015) for the same reason.

In the linear probe protocol, we exclude Flickr30k (Young et all 2014) and MSCOCO
because they are retrieval datasets that are not compatible with linear probe evaluation. The five ImageNet
distribution shifts (ImageNet Sketch (Wang et al.l [2019)), ImageNet v2 (Recht et al., 2019), ImageNet-
A (Hendrycks et al., [2021b)), ImageNet-O (Hendrycks et al., [2021b]), and ImageNet-R (Hendrycks et al.l
2021al)), Scene Understanding (SUN-397) (Xiao et all [2010]), and ObjectNet (Barbu et all [2019)) are also
excluded due to incompatibility with the CLIP Benchmark library (Cherti et al., 2023b).

Thttps://huggingface.co/datasets/conceptual_captions and https://huggingface.co/datasets/conceptual_12m
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Table A2: Evaluation tasks in the benchmark suite. Columns ZS and LP indicate whether each dataset is
used for zero-shot and linear probe evaluation, respectively; a checkmark (v') marks inclusion.

Task type Dataset Task Test size  Classes Main metric ZS LP

Classification ~ Caltech-101 (Fei-Fei et al. - Object recognition 6,085 102 mean per class v v
CIFAR-10 llm Visual recognition 10,000 10 accuracy vV
CIFAR-100 {lm Visual recognition 10,000 100 accuracy vV
CLEVR Counts 1|m Counting 15,000 8 accuracy v
CLEVR Distance l |ﬂm’|m Distance prediction 15,000 6 accuracy v
Country211 (Radford et al. 2021 T omee et al. - Geolocation 21,100 211 accuracy v v
Describable Textures Clmpm et al.|[2014 Texture classification 1,880 47 accuracy v v
EuroSAT (Helber et al.[|[2019][Zhai et al.[|2 Satellite imagery recognition 5,400 10 accuracy vV
FGVC Alrcra t lm W Aircraft recognition 3,333 100 mean per class vV
Food-101 Food recognition 25,250 101 accuracy v v
GTSRB (Stallkamp et al Traffic sign recognition 12,630 43 accuracy v/ v
ImageNet 1 | Visual recognition 50,000 1,000 accuracy v/ v
ImageNet Sketch 1M|@ Visual recognition 50,889 1,000 accuracy v
ImageNet v2 (Recht et al.|[2019 Visual recognition 10,000 1,000 accuracy v
ImageNet-A (Hendrycks et al.|[2021b Visual recognition 7,500 200 accuracy v
ImageNet-O (Hendrycks et al.| 2021 Visual recognition 2,000 200 accuracy v
ImageNet-R (Hendrycks et al. [2027Ta; Visual recognition 30,000 200 accuracy v
KITTI Vehicle Dlstance (Geiger et al. ]m[Zhal et al. ]m Distance prediction 711 4 accuracy v
MNIST | Digit recognition 10,000 10 accuracy v v
ObjectNet (B Visual recognition 18,574 113 accuracy v
Oxford Flowers—102 ( Flower recognition 6,149 102 mean per class v v
Oxford-IIIT Pet (P Pet classification 3,669 37 mean per class v v
Pascal VOC 2007 ( Object recognition 14,976 20 accuracy v v
PatchCamelyon ( Metastatic tissue cls. 32,768 2 accuracy v
Rendered SST2 1 Sentiment classification 1,821 2 accuracy v v
RESISC45 1mlml Satellite imagery recognition 6,300 45 accuracy vV
Stanford Cars l Vehicle recognition 8,041 196 accuracy v v
STL-10 ( Visual recognition 8,000 10 accuracy v v
SUN397 1 Scene recognition 108,754 397 accuracy v
SVHN lw Digit recognition 26,032 10 accuracy vV
FER2013 {Im Facial expression recognition N/A N/A accuracy v
Diabetic Retmopat m 2019 Medical image cls. N/A N/A accuracy v
DMLab m 3D scene recognition N/A N/A accuracy v
dSprites rientation Y Zhai et al.||2019 Orientation prediction N/A N/A accuracy v
dSprites X Position (Matthey et al. Zhai et al.| 2019 Position prediction N/A N/A accuracy v
dSprites Y Position (Matthey et al.|| 'mei 2019 Position prediction N/A N/A accuracy v
SmallNORB Azimuth (Zhai et al.|[2019] Azimuth prediction N/A N/A accuracy v
SmalINORB Elevationqﬂm!" Elevation prediction N/A N/A accuracy v

Retrieval Flickr30k (Young et al.||2014 Image and text retrieval 1,000 N/A R@1 v
MSCOCO (Lin et al.[|2014 Image and text retrieval 5,000 N/A R@1 v

Table A3: Dataset groups used for per-group analysis. Groups are not exhaustive of all evaluation datasets.

Group Datasets

ImageNet
ImageNet Shifts
Fine-grained

ImageNet-1k

ImageNet Sketch, ImageNet v2, ImageNet-A, ImageNet-O, ImageNet-R

Stanford Cars, Country211, FGVC Aircraft, Food-101, DTD,

Flowers-102, Oxford-IIIT Pets, RESISC45, Diabetic Retinopathy, PatchCamelyon

Retrieval Flickr30k, MSCOCO
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C Additional results

C.1 Robustness of the zero-shot degradation to the training seed

To confirm that the zero-shot degradation from oversizing the text encoder is not an artifact of a single
training run, we retrain the pair with the smallest degradation in the grid, Base-Tiny (best) versus Base-Giant
(degraded), at three random seeds and test the per-seed paired difference using a paired t-test (Table .

Table A4: Smallest zero-shot degradation is robust to the training seed. Average zero-shot performance for
the Base-Tiny (best) and Base-Giant (largest text encoder; degraded) configurations, each trained at three
seeds (123, 321, 0). A is the per-seed paired difference; a one-sided paired ¢-test on A (Hp: A < 0) gives
t(2)=3.29, p=0.04, Cohen’s d,=1.901, and a one-sided 95% CI of [+0.09, o).

Seed  Base-Tiny (%) Base-Giant (%) A (pp; Tiny — Giant)

123 38.70 37.68 +1.02
321 38.23 37.15 +1.08
0 38.25 37.93 +0.32
Mean 38.39 37.59 +0.81
SD 0.27 0.40 0.42

C.2 Zero-shot and linear probe performance for sub-groups

The main text reports aggregate scaling trends averaged across all downstream datasets. To understand how
these trends vary across distinct groups, we compute the average zero-shot and linear probe performance for
each dataset group in Table [A3] The results are shown in Figures [AT] and [A2]
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Figure Al: The zero-shot peak-and-degradation pattern holds across groups and is most pronounced for
fine-grained tasks. Average zero-shot performance (y-axis; higher is better) versus text encoder size (x-axis),
colored by vision encoder, for CC12M models split by groups defined in Table[A3} (a) ImageNet, (b) ImageNet
distribution shifts, (c) fine-grained, and (d) retrieval.
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Figure A2: Linear probe scaling shows no degradation across groups. Average linear probe performance
(y-axis; higher is better) versus text encoder size (x-axis), colored by vision encoder, for CC12M models split
by groups defined in Table (a) ImageNet and (b) fine-grained.

C.3 CLIP learning curves

To diagnose overfitting to the CC3M and CC12M pre-training datasets, we visualize the training loss and
ImageNet zero-shot validation accuracy curves for the Colossal (Fig. [A3) and Base (Fig. [A4) vision encoders
paired with all text encoders. On CC3M the Colossal’s vision encoder training loss continues to decrease when
paired with any text encoder, but the validation accuracy saturates or decreases after 20 epochs. On CC12M,
both the training loss and validation accuracy continue to improve throughout training. The overfitting
pattern on CC3M is less pronounced for the Base vision encoder.
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Training loss (top row; a, b) and ImageNet zero-shot validation top-1 accuracy (bottom row; c, d; higher is
better) versus epoch (x-axis) for the Colossal vision encoder pre-trained on (a, ¢) CC12M and (b, d) CC3M,
colored by text encoder.
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Figure A4: Using the Base vision encoder leads to milder overfitting on CC3M. Training loss (top row; a, b)
and ImageNet zero-shot validation top-1 accuracy (bottom row; ¢, d; higher is better) versus epoch (x-axis)
for the Base vision encoder pre-trained on (a, ¢) CC12M and (b, d) CC3M, colored by text encoder.
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C.4 Text encoder scaling drives linear probe gains without degradation

Linear probe evaluation provides complementary insights to the zero-shot setting. During inference it relies
only on the vision encoder, but the text encoder is still used throughout training. We evaluate the linear
probe performance of all the models across 31 downstream datasets (Fig. . Two patterns differ from
the zero-shot setting and hold consistently across both datasets. First, scaling the text encoder does not
degrade performance; in fact, it even improves it when paired with any of the three largest vision encoders.
Second, CC12M models using a vision encoder larger than Atto show that scaling the text encoder leads to
larger improvements than scaling the vision encoder. As in the zero-shot setting, the smallest text encoder
(Femto; 3M parameters) leads to poor and unpredictable performance. These patterns are consistent across
downstream task groups (Fig. : for both ImageNet and fine-grained tasks, scaling the text encoder yields
saturation or monotonic improvement, but no degradation.

On CC3M, the two largest vision encoders show reduced linear probe performance due to overfitting on the
smaller dataset, consistent with the same effect observed in the zero-shot setting.

(a) (b)

\
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Figure A5: Unlike zero-shot, scaling the text encoder does not degrade linear probe performance. Average
linear probe performance (y-axis; higher is better), averaged over 31 downstream tasks, as a function of text
encoder size (x-axis) on (a) CC12M and (b) CC3M, colored by vision encoder.

C.5 Predicting zero-shot performance from encoder size

Table [A5] reports fit statistics for the scaling models discussed in Section [5 including the number of
free parameters and leave-one-out cross-validated R2. All models are fit to predict the average zero-shot
performance across all tasks using the last epoch of the 30 grid models trained on CC12M dataset.
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Table A5: A saturating-ceiling model with a capacity-mismatch penalty best predicts zero-shot performance
from encoder size. Fit statistics for five models of average zero-shot performance across the 30 CC12M
architectures (final-epoch checkpoint), where N, and N; are the vision and text encoder parameter counts
(millions): number of free parameters, in-sample R?, adjusted R?, and leave-one-out cross-validated R?
(LOOCV; higher is better). The mismatch-penalty model (last row) is defined in Eq. [I} Best metrics are
bolded.

Model Functional form # params R? Adj. R? LOOCV R?
linear-log: total params Bo + B1log,o(Nu+Ny) 2 0.336  0.312 0.240
linear-log: vision + text Bo + B1logyq Nu + B2 logyq Ne 3 0.639  0.613 0.523
linear-log: vision + text + interaction Bo + B1log g N + B2log,y Nt + B3(log,o Nv)(logyo Ni) 4 0.724  0.693 0.543
saturating ceiling (Bo + Brlog g Ny)(1 — e FNt) 3 0.880  0.871 0.826
saturating ceiling with mismatch penalty (8o + B1log,q No)(1 — e™¥Nt) CXp(*C (logm %—’;)2) 4 0.960 0.956 0.937

C.6 Text encoder overfitting on held-out MSCOCQO and Flickr30k datasets

Figure a) shows that the average zero-shot performance degrades even as Figure. a) shows the training
loss decreases monotonically. To observe the overfitting effect only using CLIP’s contrastive loss, we use the
CC12M-trained models to compute the loss on two held-out image caption datasets: MSCOCO (Lin et al.
2014) and Flickr30k (Young et al., |2014)) (Fig. [A6). These datasets provide natural image captions that are
closer to CC12M’s distribution than the artificial caption templates used for other zero-shot tasks. For every
vision encoder of the degraded configurations, pairing it with the oversized Giant text encoder reaches a lower
CC12M training loss yet a higher held-out contrastive loss than the best text encoder for that vision encoder.

(a) (b)
4.5  Atto-Giant O best 38 | Atto-Giant
B3 $8 degraded : 8
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n
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= .
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g ' . .
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= . .
o Giant--Giant Base--Ciant
< 30 \ Atto--Tiny
& 2.6
— Giant--Tiny Bas .  Giant--Giant
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CLIP train loss

Figure A6: Large text encoders overfit held-out image caption datasets. Final-epoch CLIP contrastive
loss on the CC12M training set (x-axis) versus a held-out set (y-axis; lower is better): (a) MSCOCO and
(b) Flickr30k. For each vision encoder, its best text-encoder pairing (circles) is compared against the same
vision encoder paired with the oversized Giant text encoder (crosses).
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C.7 Modality-specific weight decay

Table [AQ] reports the average zero-shot performance of training the Base-Giant and Giant—Giant vision
encoders using modality-specific weight decay. Raising the text encoder’s weight decay improves zero-shot
performance while raising the vision encoder’s degrades it.

Table A6: Modality-specific weight-decay ablations. Average zero-shot performance (higher is better) for every
weight-decay ablation run of the Base—Giant and Giant—Giant configurations. \; and ), are the per-encoder
weight decays (baseline \;=\,=0.5). Within each configuration, the two best-performing weight-decay
settings are bolded.

Architecture At Ay Avg Performance (%)

Base—Giant 0.5 0.5 37.0
0.75 0.5 38.4
1.0 0.5 39.3
0.5 0.75 36.8
0.5 1.0 36.3
0.75 0.75 38.3
1.0 1.0 38.5
Giant—Giant 0.5 0.5 39.8
0.75 0.5 40.4
1.0 0.5 41.5
0.5 0.75 39.7
0.5 1.0 39.3
0.75 0.75 41.6
1.0 1.0 40.3
42 —@-— )\; only
—@- )\, only
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Figure A7: Weight-decay vision-text asymmetry replicates on the Giant—Giant configuration. Average
zero-shot performance (y-axis; higher is better) as weight decay is increased on the text encoder only (A;),
the vision encoder only (), ), or both jointly, all emanating from the Giant—Giant baseline with joint weight
decay of 0.5. The dashed line marks the best configuration using the Giant vision encoder (Giant—Tiny).

Raising the weight decay to A=1.5 destabilizes training. As shown in Figure the CLIP training loss
decreases normally, then spikes and locks at In Npatcn, the contrastive loss of a model that outputs a uniform
distribution over the training batch (Npatcn=8,192).
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Figure A8: Learning collapses when weight decay is too strong. CLIP training loss (y-axis) versus training
step (x-axis) for the Base-Giant configuration on CC12M with weight decay raised to A=1.5 on (a) the text
encoder only and (b) both encoders jointly.

As shown in Section [6 applying modality-specific weight decay to the degraded configurations improves
average zero-shot performance at the expense of training loss. Computing CLIP’s contrastive loss on held-out
MSCOCO and Flickr30k datasets tells a similar story (Fig. , where raising the text encoder’s weight
decay reduces validation loss even as the training loss increases.

Table A7: Modality-specific weight decay improves every degraded configuration. Average zero-shot perfor-
mance (higher is better) for each vision encoder paired with the oversized Giant text encoder, at the baseline
text weight decay (A:=0.5) and raised to A\;=1.0 (vision A\,=0.5 throughout). “Improved tasks” counts
datasets (n of N) where A;=1.0 beats the baseline; p is a two-sided sign test. Numbers behind Figure c).

Avg Performance (%)
Architecture  A\;=0.5 A¢=1.0 A (pp) Improved tasks (n/N) p-value

Atto-Giant  30.3 33.0 +2.7 25/30  <0.001
Tiny-Giant  35.2 37.9 +2.7 27/30  <0.001
Base Giant  37.0 39.3 +2.3 24/30  0.001
Giant-Giant  39.8 41.5 +1.7 21/29  0.024
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Figure A9: Modality-specific weight decay reduces held-out overfitting on MSCOCO and Flickr30k. Final-
epoch CLIP contrastive loss on the CC12M training set (x-axis) versus the held-out set (y-axis; lower is
better) on (a) MSCOCO and (b) Flickr30k, with an arrow from each degraded configuration (A\;=0.5, A, =0.5;
crosses) to its counterpart with raised text weight decay (A;=1.0, \,=0.5; circles). Each configuration pairs
the labelled vision encoder with the Giant text encoder.

C.8 Additional embedding geometry analysis

C.8.1 Uniformity and Alignment

Given image and text inputs x; and a7, the image encoder f and text encoder g (including their projection
heads) map inputs to ¢3-normalized embeddings on the unit hypersphere. Let ppos be the distribution of
positive (matched) image-text pairs, and pimage and prex; be the marginal distributions over images and texts,
respectively:

Laign(£9:0) = E(a; wr)mppes (1 (1) = g(27)I5]

i A
Lonitorm(Fi7) =IE 14

Jidid.
1,y ™~ Pimage

[effl\f(rr)ff(r})llé}

[I>

InE ii.d. |:€7TH9(IT)79(Z{T)H§:|

text .
‘cuniform (97 T) ’
TT,Tp ~ Ptext

where we set o = 2 for alignment and 7 = 2 for uniformity, following the original formulation in (Wang &
Isolal, {2020)).

Section [7] examines alignment and uniformity as a function of text encoder size. Here we present the
complementary view: the same metrics plotted as a function of vision encoder size (Fig.[A10). This view
helps visualize the impact of scaling the vision encoder on alignment and uniformity.

C.8.2 Predicting zero-shot performance from uniformity and alighment

Table reports the in-sample and leave-one-out cross-validated R? of linear models regressing zero-shot
performance on standardized geometry predictors. For this analysis we use all trained CC12M models,
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Figure A10: Complementary to Figure @ scaling the vision encoder improves alignment when paired with
larger text encoders but worsens it with the smallest ones. (a) Alignment, (b) image uniformity, and (c) text
uniformity (lower is better for all three; y-axes) of MSCOCO embeddings from the CC12M pre-trained
models, as a function of vision encoder size (x-axis) and colored by text encoder.

including those used for the modality-specific weight decay ablations, and we perform the cross-validation
separately on the MSCOCO and Flickr30k held-out sets. No single metric predicts zero-shot performance
well, but image uniformity and alignment together explain most of the variance; adding text uniformity does
not help, as it is collinear with image uniformity. To evaluate whether the regression model generalizes across
vision encoders and whether it captures the peak and degradation pattern, we perform a leave-one-vision-out
(LOVO) analysis, where the linear model is fit using data from all vision encoders except one and used to
predict the zero-shot performance on data from the held-out vision encoder. Figure shows that the
model generalizes well to unseen vision encoders and captures the overall curve. For the geometry landscape
plot (Fig. , we create a grid of 200x200 points across the image uniformity and alignment plane, and
use the linear model to predict the average zero-shot performance at each point.

Table A8: Image uniformity and alignment together predict zero-shot performance across models. In-sample
R?, adjusted R?, and leave-one-out cross-validated R? (LOOCYV; higher is better) for linear models regressing
average zero-shot performance on standardized geometry predictors (alignment, image/text uniformity),
fit across the CC12M models. Geometry is measured on two probe sets (n=38 models each; MSCOCO,
Flickr30k). The best value in each column is in bold.

MSCOCO Flickr30k
Predictors # params R? Adj. RZ LOOCV R? Adj. R? LOOCV
Image uniformity 2 0.490  0.476 0.445 0.524  0.511 0.482

0.150  0.127 0.022  0.098  0.072 -0.047
0.347  0.328 0.275  0.435 0.420 0.381
0.847 0.838 0.810 0.901 0.895 0.877
0.848 0.835 0.794 0.901 0.893 0.867

Alignment

Text uniformity

Image uniformity + alignment
All three

=W NN

C.8.3 Impact of modality-specific weight decay on embedding geometry

Figure shows the change in alignment and uniformity when going from each degraded configuration to
its counterpart using modality-specific weight decay, for both MSCOCO and Flickr30k held-out sets and for
both image and text uniformity. Panel (a) corresponds to Figure
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Figure A12: A geometry-only linear model generalizes to unseen vision encoders, capturing the peak-and-
degradation pattern. For each vision encoder, the model regressing average zero-shot performance on image
uniformity and alignment is fit on the four other vision encoders and used to predict the held-out one
(leave-one-vision-out). Each panel shows the observed (solid line, filled circles, coloured by vision encoder)
and predicted (dashed line, open grey squares) average zero-shot performance (y-axis; higher is better) versus
text encoder size (x-axis). Each column is a vision encoder while rows give the held-out set used to measure
geometry: (a) Flickr30k and (b) MSCOCO.
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Figure A13: Increasing text weight decay improves alignment and image uniformity. Alignment (x-axis)
versus uniformity (y-axis; lower is better for both) for each vision encoder paired with the Giant text encoder,
going from the degraded configuration (A;=0.5, A, =0.5; crosses) to the configuration with modality-specific
weight decay (A\;=1, \,=0.5; circles). Rows: (a,b) MSCOCO and (c,d) Flickr30k held-out sets. Columns:
(a,c) image uniformity and (b,d) text uniformity (y-axis).
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C.8.4 RankMe

We also compute RankMe (Garrido et all [2023) for the image and text embeddings (Fig. [A14)), which provides
a label-free estimate of the effective dimensionality of a representation matrix. RankMe is computed on a
random sample of 25,600 images from the CC12M training data, matching the sample size and methodology
used in the original work (Garrido et all [2023)).

Given an embedding matrix Z, RankMe is defined as:

min(N,K) o (Z)
RankMe(Z) = exp | — prlnpy |, with py= e+,
kzzl lo(Z)]]x

where 0 (Z) denotes the k-th singular value of Z.

Scaling the text encoder increases the effective rank of both image and text embeddings substantially, while
RankMe is significantly less sensitive to the size of the vision encoder (Fig.|A14]). This pattern closely mirrors
the linear probe scaling behavior (Fig. , where the text encoder is the dominant driver of performance.
This is also consistent with |Garrido et al.| (2023), which shows that RankMe correlates with linear probe

downstream performance.
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Figure A14: Scaling the text encoder raises the effective rank (RankMe) of both image and text embeddings,
whereas the vision encoder size has little effect. (a) Image and (b) text RankMe for the 30 architectures on
CCI12M training data, crossing five vision encoders (y-axis) with six text encoders (x-axis).

C.8.5 Modality gap

The modality gap is a phenomenon observed in contrastive vision-language models where image and text
embeddings cluster in distinct cones of the embedding space (Liang et al., [2022). It is measured as the
distance between the centroids of the image and text embedding distributions:

n

1 i 1 — i
=Y ) = =3 gley)
=1

i=1

Agap =

2

The modality gap decreases roughly monotonically as either encoder is scaled up, though the two largest
vision encoders exhibit a small uptick at the largest text encoder sizes (Fig. . Overall, the modality gap
does not exhibit the non-monotonic pattern observed in zero-shot performance, indicating that it may not be
sufficient to explain zero-shot downstream performance.
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Figure A15: As the text encoder grows, the modality gap follows a U-shaped curve that is more pronounced
for larger vision encoders. Modality gap (y-axis) of MSCOCO embeddings as a function of text encoder size
(x-axis) for CC12M models, colored by vision encoder.

36



	Introduction
	Related Work
	Methodology
	Asymmetric architecture grid
	Evaluation protocols

	Larger text encoders hurt zero-shot performance
	Parameter allocation between encoders matters beyond total count
	Modality-specific weight decay mitigates text-encoder overfitting
	Encoder scaling and regularization reshape embedding geometry
	Conclusion
	Limitations
	Implementation details
	Dataset details
	Pre-training datasets
	Downstream datasets

	Additional results
	Robustness of the zero-shot degradation to the training seed
	Zero-shot and linear probe performance for sub-groups
	CLIP learning curves
	Text encoder scaling drives linear probe gains without degradation
	Predicting zero-shot performance from encoder size
	Text encoder overfitting on held-out MSCOCO and Flickr30k datasets
	Modality-specific weight decay
	Additional embedding geometry analysis
	Uniformity and Alignment
	Predicting zero-shot performance from uniformity and alignment
	Impact of modality-specific weight decay on embedding geometry
	RankMe
	Modality gap



