Evaluating Text-to-Image Synthesis with a Conditional Fréchet Distance

Supplementary Material

A. Image and Text Backbone Models

In our experiments, we used 46 different image back-
bone models and 43 different text backbone models. For
vision models, we employed those trained with self-
supervised learning, including ViT trained on ImageNet-
1k [9], ViT trained on ImageNet-21k [35], MAE [16],
DINOvV2 [26], MoCOv3 [2], and I-JEPA trained on both
ImageNet-1k and ImageNet-22k [1]. We also incorpo-
rated image-and-text-aligned pretrained models such as
CLIP [29], MetaCLIP [38], DEN-CLIP [12], OpenCLIP [4],
DataComp-CLIP [14], ConvNeXT-CLIP [33], EVAO2 [13],
and SigLIP [39]. Additional image models included SAM-
ViT [17] and Inception V3 [36]. For text models, we
employed autoencoding models such as RoBERTa [24],
BERT [7], ALBERT [19], ModernBERT [37], XLM-
RoBERTa [6], as well as sequence-to-sequence models in-
cluding FLAN-TS5 [5] and T5 [30] were used. We also used
the text encoders from the aforementioned image-and-text-
aligned pretrained models. The complete lists of image and
text backbone models used in our experiments are presented
in Tables C.1 and C.2, respectively.

B. Results on Text-to-Image

We provide in-depth results on three text-to-image bench-
marks: HPDv2 (Tab. B.1), Parti-Prompts (Tab. B.2), and a
random selection of COCO prompts (Tab. B.3).

Results on HPDv2. Table B.| summarizes the rankings and
scores for images generated by various models—including
one real image—across multiple evaluation metrics. No-
tably, cFreD achieves the highest alignment with human
preferences, reaching a correlation of 0.97. Among statis-
tical metrics, cFreD attains the highest correlation and is
comparable to HPSv2 (0.94), a model explicitly trained on
human preferences. Given that HPSv2 was trained on the
HPSvV2 training set, which includes four models from the
test set, and employed the same annotators, it inherently en-
codes specific human preference biases of the same setting.
In contrast, cFreD achieves comparable or superior correla-
tion with human evaluation without any human preference
training. These results demonstrate that cFreD provides
more reliable rankings across diverse models compared to
standard automatic metrics and metrics trained explicitly on
human preference data.

Table B.1 also reports the rank accuracy scores on the HPDv2
test set. Among all evaluated metrics, cFreD achieves the
highest rank accuracy (91.1%), highlighting its strong cor-
respondence with human judgments. HPSv2 follows as the
second-best metric with an accuracy of 88.9%, while both

FID and FDpNov2 Obtain competitive scores of 86.7%. Over-
all, although models trained with human preference data tend
to align well with human judgments, cFreD emerges as the
most robust and reliable metric.

Result on PartiPrompts Arena. Table B.2 presents the
rankings and scores of text-to-image models evaluated on
the Parti-Prompt Arena using both statistical metrics and
human preference-trained models. Among the statistical
metrics, cFreD achieves the highest correlation with human
evaluations (0.73), with FID and FDy,,,, both reaching a
correlation of 0.70. In contrast, the CLIP score shows a
very low correlation (0.12) with human judgments. In the
human preference trained category, HPSv2 has the strongest
alignment, achieving the highest correlation (0.83), followed
by ImageReward (0.81) and MPS (0.65). These results high-
light that while cFreD is a robust automatic metric, HPSv2
stands out as the most effective in capturing human evalua-
tion trends in the PartiPrompts Arena.

Results on COCO. Table B.3 presents an evaluation on
the COCO dataset using nine modern text-to-image models,
with human preference rankings sourced from the Text-to-
Image Leaderboard and expressed as ELO scores. Among
statistical metrics (FID, FDpinov2, CLIP, CMMD, and our
proposed cFreD), only cFreD exhibits a strong correlation
with human preferences, achieving a correlation of 0.33 and
a non-trivial rank accuracy of 66.67%. This result places
cFreD as the third most aligned metric overall, surpassed
only by the human preference—trained metrics ImageReward,
HPSv2, and MPS. Notably, all other statistical metrics show
considerably weaker alignment with ELO rankings and, as a
result, inverted the rankings, resulting in a Rank Acc. below
0.5. These findings highlight that cFreD is sensitive to both
visual fidelity and prompt consistency, reinforcing its value
as a practical, training-free alternative for benchmarking
text-to-image generation.

C. Analysis on Selecting Image and Text Back-
bone Models

We provide an in-depth analysis of how different image and
text models affect cFreD. In our experiments, we tested
all possible combinations of 43 different image and text
models, focusing exclusively on ViT-based architectures and
excluding SigL.IP models with high-resolution options.

C.1. Spearman Correlation

We present Spearman correlation heatmaps that compare
various text and image models across three distinct datasets:
Parti-Prompts, HPDv2, and a random selection of COCO



Statistical Metric Human Preference Trained Metric

Models Humant  FID] FDpmow) CLIPY CMMD) cFreD]  Aesthetict ImRewardt HPSv2t  MPSt
R# Rate R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score
GLIDE [25] 1 8087% 1 790 1 688 9 1434 1 242 1 379 1 555 3 037 2 2552 1 1272
COCO [22] 2 80.66% 7 13.11 7 13.05 10 13.11 5 1507 4 455 5 503 1 055 1 2564 5 1092
FuseDream [23] 3 7629% 2 839 2 759 5 1507 4 541 2 416 4 534 2 047 3 2440 2 1244
DALLE 2 [31] 4 7587% 3 916 3 795 8 1439 3 406 3 442 3 540 6 0.07 5 2381 4 11.75
VOGAN+CLIP[10] 5 68.78% 4 1011 4 870 7 1441 2 370 5 490 2 540 5 0.08 4 2393 3 11.82
CogView?2 [8] 6 39.00% 6 12,65 6 1287 3 1545 8 4564 7 693 7 482 7 002 7 1945 7 8.85
SDv1.4[32] 7 3836% 5 1251 5 1193 4 1542 6 2852 8 7.18 8 456 8 -0.67 8 1944 8 8.00
VQ-Diffusion [15] 8 32.04% 8 1385 8 13.12 6 1471 7 3340 6 6.59 6 488 4 0.17 6 2191 6 10.15
SDv2.0 [32] 9 2200% 9 1474 9 1423 2 1562 10 5588 9 8.16 9 454 9 072 9 1845 9 724
LAFITE [40] 10 9.07% 10 15.12 10 1463 1 1601 9 5322 10 9.06 10 423 10 -145 10 15.03 10 5.08

p? - 0.70 0.65 0.63 0.88 0.97 0.83 0.71 0.90 0.86

Rank Acc. - 86.7 86.7 15.6 80.0 91.1 82.2 84.4 88.9 86.7

Table B.1. Text-to-image model ranking and scores by statistical models (FID, FDpxov2, CLIP score, CMMD, and cFreD) and models that
were trained with human preference (Aesthetic Score, ImageReward, HPSv2, and MPS) on HPDv2 test set. Best results in bold, second best

underlined
Statistical Metric Human Preference Trained Metric

Models Humant FID| FDpmvov2 4+ CLIPT CMMD, cFreD] Aesthetict ImReward{ HPS v21 MPS?T

R# Rate R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score
SDXL[28] 1 69.84% 1 3124 1 2350 2 3279 1 255 1 298 3 564 1 0.95 1 2863 4 10.33
Kand2 [34] 2 46.10% 2 3208 2 2435 3 3262 2 277 2 321 2 565 2 0.90 2 2813 2 11.29
Wuerst [27] 3 42.68% 3 3843 3 3093 4 31.72 3 383 3 418 1 571 3 0.79 3 2779 1 11.30
Karlo[20] 4 2921% 4 4840 4 4157 1 3301 4 1995 4 545 4 493 4 0.70 4 2656 3 11.11

p? - 0.70 0.70 0.12 0.54 0.73 0.43 0.81 0.83 0.65

Table B.2. Text-to-image model ranking and scores by statistical metrics (FID, FDpoy., CLIP score, CMMD, and cFreD) and models
that were trained with human preference (Aesthetic Score, ImageReward, and MPS) on Parti-Prompt. Best results in bold, second best

underlined

prompts.

Fig. C.1 showcases the heatmap on Parti-Prompts. No-
tably, certain image models such as ViT-B/16 trained on
ImageNet-1K and ViT-H/14 trained on ImageNet-21K show
consistently high performance with different text models. In
contrast, SAM-ViT-H/16 presents more variability with dif-
ferent text models. While most ViT, DINO, and CLIP-based
models demonstrate strong correlations across different text
models, MAE models show slightly lower correlations.

Fig. C.2 presents the heatmap on HPDv2. Most models
show strong correlations, whereas MAE models and SAM
have lower correlations. Regardless of their performance
levels, all image models show consistent correlation patterns
across different text models.

Fig. C.3 provides the heatmap on randomly selected
COCO prompts. The correlation values are significantly
lower overall, ranging from approximately 0.00 to 0.30,

which is much lower than both the Parti-Prompts and HPDv2
datasets. Most models show lower correlations, while only
DINOV2 models consistently demonstrate stronger corre-
lations. Compared to other datasets, this heatmap exhibits
more variability, such as OpenCLIP showing a mixture of
relatively higher and lower correlations depending on the
text models.

These results highlight the importance of selecting com-
patible text and image models for improved cross-modal
understanding, as not all combinations yield equally robust
alignment. Additionally, it suggests that selecting a suitable
image encoder plays a more pivotal role than choosing a
text encoder, indicating that image encoder choice exerts a
greater influence on overall performance.



Statistical Metric

Human Preference Trained Metric

Models Humans{ FID|  FDpmwow: | CLIPT CMMD,  cFreD| Aesthetict ImReward] HPS v27 MPST
R# ELO R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score R# Score
FLUX.1[dev] [18] 1 1083 5 1045 7 721 9 3072 8 6.08 4 993 2 575 3 1.10 2 30.74 2 12.90
SDv3.5-L Turbo [11] 2 1073 9 11.68 9 8.12 6 31.11 7 4852 7 1044 6 550 6 0.64 7 2652 6 10.88
SDv3.5-L [11] 3 1069 2 1027 4 6777 1 31.74 4 4027 2 949 4 555 2 1.10 3 30.07 3 12.30
Playgroundv2.5[21] 4 997 7 1090 8 7.50 7 31.03 9 66.10 5 10.08 1 616 1 1.15 1 31.56 1 13.15
SDv3-M [11] 5 944 6 1046 5 7.09 3 3168 2 3434 1 949 7 545 4 1.08 4 2980 9 235
SDXL [28] 6 80 3 1031 2 666 2 31.70 6 4507 3 9.73 3 561 5 0.76 5 2834 4 12.08
SDv2.1 [32] 7 752 1 1014 1 655 4 3142 3 3517 6 1024 5 552 8 041 6 26.58 5 10.90
Janus Pro [3] 8§ 740 8 1097 6 7.17 8 3099 5 4351 9 10.76 9 533 7 0.57 8 26.22 7 10.70
SDv1.5 [32] 9 664 4 1041 3 673 5 31.21 1 2989 8 10.58 8 534 9 0.19 9 26.15 8 10.50

,a2 - 0.08 0.29 0.00 0.22 0.33 0.27 0.69 0.48 0.48

Rank Acc. - 41.67 36.11 47.22 30.56 66.67 72.22 80.56 80.56 80.56

Table B.3. Text-to-image model ranking by automatic models(FID, FDpo.., CLIP score, CMMD, and cFreD) and models that were trained
with human preference (Aesthetic Score, ImageReward, HPSv2, and MPS) on randomly sampled COCO prompts. Rank Acc. below 0.5
indicates there are more discordant pairs than concordant ones. Best results in bold, second best underlined

C.2. Effect of Visual Encoders on HPDv2

In this section, we provide an analysis of how different vi-
sual encoder characteristics impact cFreD’s correlation with
human preferences on HPDv2. For each factor examined, we
report the average correlation across all possible text encoder
combinations.

Effect of the size of the pre-training dataset on cFreD.
Fig. C.4a shows the correlation between cFreD and human
preferences as a function of the size of the pre-training
dataset for Vision Transformer (ViT). In all ranges, it show
high alignment with human judgments, with a correlation
higher than 0.95 correlation across all data sizes. This indi-
cates that factors beyond raw data quantity, such as diversity
and quality, significantly influence performance.

Effect of image size on cFreD. Fig. C.4b illustrates the
correlation between cFreD and human preferences across
varying input image resolutions. We observe a nonmono-
tonic relationship: increasing resolutions do not consis-
tently yield higher correlations. In particular, an image size
from 224x224 to 896x896 all achieves a high correlation
abovethan 0.96. However, beyond 518x518, performance
declines, reaching 0.964 at 896x896 and showing the lowest
correlation of 0.774 at 1024x1024.

Effect of ViT model size on cFreD. The correlation be-
tween cFreD and human preferences across Vision Trans-
former (ViT) sizes are presented in Fig. C.4c. It shows that
all models achieve consistently high correlations—ranging
from 0.945 to 0.986—indicating strong agreement with the
target metric across scales. Interestingly, the SO model at-
tains the highest correlation at 0.986, while Gigantic has the
lowest, though still robust correlation of 0.945. The remain-
ing models also cluster around correlations between 0.96 and

0.98, suggesting that simply increasing model size does not
guarantee a strictly monotonic improvement in correlation.

Effect of ViT Feature dimensionality on cFreD. Fig. C.4d
shows the correlation between cEFreD and human preferences
across ViT feature dimensions from 256 to 1664. The lowest
number of the feature (256) shows the lowest correlation.
However, we observe a clear plateau effect in performance
once the feature count reaches 384, with correlation values
stabilizing around 0.98-0.99 across a wide range of dimen-
sionalities (512-1408). Interestingly, at extremely high di-
mensionalities (above 1536), we note a slight performance
decline, with correlation dropping to 0.95 at 1664 features.
This suggests an optimal range for feature dimensionality
exists, beyond which additional computational complexity
yields diminishing or even negative returns.

Effect of Zero-Shot ImageNet Accuracy on cFreD.
Fig. C.4e depicts a boxplot of the correlation between cFreD
and human preferences as a function of zero-shot ImageNet
accuracy, evaluated exclusively on image-text pretrained
models [29]. Higher zero-shot accuracies generally cor-
respond to stronger correlations with human judgments,
though variance exists within each accuracy bin. Interest-
ingly, we find that correlations peak at a model with 66.58%
zero-shot accuracy and decrease as model accuracy gets
higher.

C.3. Effect of Visual Encoders on COCO prompts

In this section, we provide an analysis of how different vi-
sual encoder characteristics impact cFreD’s correlation with
human preferences on randomly selected COCO prompts.
For each factor examined, we report the average correlation
across all possible text encoder combinations.
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Figure C.1. Spearman Correlation Heatmap on Parti-Prompts.

Effect of the size of the pre-training dataset on cFreD.
Fig. C.5a illustrates the correlation between cFreD and hu-
man preferences as a function of the pre-training dataset size
for Vision Transformer (ViT). We observe a nonmonotonic
relationship: increasing the pre-training dataset size does
not consistently yield higher correlations. Notably, a model
trained with fewer than 100 million samples achieves a high
correlation of 0.33, while models trained with larger datasets
show lower correlations ranging from 0.06 to 0.21. Inter-
estingly, models trained with fewer than 5 billion samples
demonstrate the lowest human correlation (0.06). These find-
ings indicate that simply scaling up data does not guarantee
improved performance for every metric or task, suggesting
that balancing the quantity and quality of training data is
crucial for optimal results.

Effect of image size on cFreD. Fig. C.4b illustrates the
correlation between cFreD and human preferences across
varying input image resolutions. We observe an inconsis-
tent relationship: starting around 0.05 at an image size of
224x224, then rising to about 0.10 at 256x256 before drop-
ping again to around 0.03 at 299x229. After a modest in-
crease to 0.08 at 384x384, the correlation dips to 0.01 at
448x448 and then peaks sharply at 0.18 for an image size of

518x518. Beyond that, it decreases to nearly 0 at 896x896
and recovers slightly to 0.03 at 1024. These erratic trends
suggest that there is no straightforward, monotonic relation-
ship between image size and correlation for this particular
task or metric, and the highest correlation appears in the
midrange rather than at the smallest or largest resolutions.
Effect of ViT model size on ckreD. The correlation be-
tween cFreD and human preferences across Vision Trans-
former (ViT) sizes are presented in Fig. C.4c. Larger models
tend to improve alignment with human judgments, with Gi-
ant model achieving the highest correlation of 0.320. How-
ever, when the model size gets bigger to Gigantic model, the
correlation degrades down to 0.089. These results indicate
that correlation does not simply increase in tandem with
model size; rather, there seems to be an optimal range, as
exemplified by the Giant model, for achieving the strongest
alignment with the evaluation metric.

Effect of ViT Feature dimensionality on cFreD. Fig. C.4d
shows the correlation between cFreD and human prefer-
ences across ViT feature dimensions from 256 to 1664. The
two lowest numbers of the features (256 and 384) show the
lowest correlation. However, we observe a clear plateau
effect in performance once the feature count reaches 512,
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with correlation values stabilizing around 0.30-0.32 across
a wide range of dimensionalities (512-1152). Interestingly,
at extremely high dimensionalities (above 1536), we note
a slight performance decline, with correlation dropping to
0 at the 1408 feature. Although the correlation increases
back to 0.32 with 1536 features, it decreases back to 0.14 at
1664 features. This suggests an optimal range for feature di-
mensionality exists, beyond which additional computational
complexity yields diminishing or even negative returns.
Effect of Zero-Shot ImageNet Accuracy on cFreD.
Fig. C.4e depicts a boxplot of the correlation between cFreD
and human preferences as a function of zero-shot ImageNet
accuracy, evaluated exclusively on image-text pretrained
models [29]. Interestingly, we find that the lowest zero-shot
accuracy has the highest correlation to human preference.
However, after 68.58 of zero-shot accuracies, higher zero-
shot accuracies generally correspond to stronger correlations
with human judgments, though variance exists within each
accuracy bin.
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Figure C.3. Spearman Correlation Heatmap on random COCO prompts.
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Figure C.4. Ablation study on the HPDv2 dataset comparing the correlation to human preferences under varying factors: (a) the ViT
training dataset, (b) input image size, (c) model capacity, (d) the number of features in the last ViT layer, and (e) zero-shot accuracy on
ImageNet-1K.
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Model Name

Model Path

ViT-S/16 (IN1K)
ViT-B/16 (IN1K)
ViT-S/16 (IN21K)
ViT-B/16 (IN21K)
ViT-L/16 (IN21K)
ViT-H/14 (IN21K)
MAE-B/16
MAE-L/16
MAE-H/14
DINOv2-S/14
DINOv2-B/14
DINOv2-L/14
DINOv2-G/14
SAM-ViT-B/16
SAM-ViT-H/16
MoCov3-ViT-B
MoCov3-ViT-L
[-JEPA-H/14 (IN1K)
[-JEPA-H/14 (IN21K)
CLIP-B/16
CLIP-L/14
MetaCLIP-B/16
MetaCLIP-L/14
MetaCLIP-H/14
MetaCLIP-G/14
DFN-CLIP-B/16
DFN-CLIP-L/14
DFN-CLIP-H/14
OpenCLIP-B/16
OpenCLIP-L/14
OpenCLIP-H/14
OpenCLIP-g/14
OpenCLIP-G/14
DataComp-CLIP-B/16
DataComp-CLIP-L/14
EVA02-B/16
EVA02-L/14
ConvNeXT-CLIP-B
ConvNeXT-CLIP-B(A)
ConvNeXT-CLIP-L
SigLIP-B/16
SigLIP-L/16
SigLIP-SO/14
InceptionV3
SigLIP-SO/14 (448)
SigLIP-SO/14 (896)

timm/vit_small patchl6.224.augreg_inlk
timm/vit_base_patchl6.224.augreg_inlk
timm/vit_small_patchl6_224.augreg-in21k
timm/vit base patchl6.224.augreg_-in21k
timm/vit_-large_patchl6_224.augreg-in21k
timm/vit_huge patchl4_224.orig_in21k
timm/vit base patchl6.224.mae
timm/vit_-large_patchl6_224 .mae
timm/vit_huge_patchl4_224.mae
timm/vit_small_patchl4_dinov2.lvdl42m
timm/vit base_patchl4d_regd_dinov2.lvdl42m
timm/vit_large_patchl4_dinov2.lvdl42m
timm/vit_giant_patchl4_dinov2.lvdl42m
timm/samvit_base_patchl6
timm/samvit_huge_patchl6
nyu-visionx/moco-v3-vit-b
nyu-visionx/moco-v3-vit-1
jmtzt/ijepa-vithl4_1k
facebook/ijepa_-vithld 22k

timm/vit base_patchl6.clip-224.openai
timm/vit_large_patchl4_clip_224.openai
timm/vit _base_patchl6_clip_224.metaclip_400m
timm/vit_large_patchl4d_clip_224.metaclip-400m
timm/vit_huge_patchl4d_clip.-224.metaclip_.altogether
timm/vit_gigantic_patchl4 clip 224 .metaclip_2pt5b
timm/vit_base_patchl6.clip-224.dfn2b
timm/vit_large_patchl4 clip_224.dfn2b
timm/vit_huge patchl4_clip_224.d£fn5b

timm/vit basepatchl6.clip-224.laion2b
timm/vit_large_patchl4_clip_224.laion2b
timm/vit_huge patchl4d clip_224.laion2b
timm/vit_giant_patchl4_clip_-224.laion2b
timm/vit_gigantic_patchl4_clip-224.laion2b
timm/vit base patchl6.clip_224.datacompxl
timm/vit_-large_patchl4_clip_-224.datacompxl
timm/eva02 base patchl6.clip_224
timm/eval2_large_patchld clip_224
timm/convnext_base.clip_-laion2b
timm/convnext base.clip_laiona
timm/convnext_largemlp.clip_laion2b_augreg
timm/vit basepatchl6.siglip-224.webli
timm/vit_large_patchl6_siglip_-256.webli
timm/vit_so400m patchld_siglip_gap-224.webli
inception/inceptionv3
timm/vit_so400m_patchl4_siglip_gap-448.pali2_10b_pt
timm/vit_so400m patchld_siglip.gap-896.pali2_10b_pt

Table C.1. List of image backbone models used in our analysis.




Model Name

Model Path

RoBERTa-base
RoBERTa-large
XLM-RoBERTa-base
XLM-RoBERTa-large
BERT-base
BERT-large
ModernBERT-base
ModernBERT-large
ALBERT-base-v2
ALBERT-large-v2
ALBERT-xlarge-v2
ALBERT-xxlarge-v2
FLAN-T5-B
FLAN-T5-L
FLAN-T5-XL
FLAN-T5-XXL
T5-base

T5-large

T5-xlarge

T5-xxlarge
CLIP-B/16
CLIP-L/14
MetaCLIP-B/16
MetaCLIP-L/14
MetaCLIP-H/14
MetaCLIP-G/14
DFN-CLIP-B/16
DFN-CLIP-L/14
DFN-CLIP-H/14
OpenCLIP-B/16
OpenCLIP-L/14
OpenCLIP-H/14
OpenCLIP-g/14
DataComp-CLIP-B/16
DataComp-CLIP-L/14
EVAO02-B/16
EVA02-L/14
ConvNeXT-CLIP-B
ConvNeXT-CLIP-B(A)
ConvNeXT-CLIP-L
SigLIP-B/16
SigLIP-L/16
SigLIP-SO/14

FacebookAI/roberta-base
FacebookAI/roberta-large
FacebookAI/xlm-roberta-base
FacebookAI/xlm-roberta-large
google-bert/bert-base-uncased
google-bert/bert-large-uncased
answerdotai/ModernBERT-base
answerdotai/ModernBERT-large
albert/albert-base-v2
albert/albert-large-v2
albert/albert-xlarge-v2
albert/albert-xxlarge-v2
google/flan-t5-base
google/flan-t5-large
google/flan-t5-x1
google/flan-t5-xx1
google/t5-vl_1-base
google/t5-vl_l-large
google/t5-v1_1-x1
google/t5-v1_1-xx1
ViT-B-1l6-quickgelu.openai
ViT-L-14-quickgelu.openai
ViT-B-1l6-quickgelu.metaclip_400m
ViT-L-1l4-quickgelu.metaclip-400m
ViT-H-14 .metaclip-altogether
ViT-bigG-14-CLIPA.datacomplb
ViT-B-1l6-quickgelu.dfn2b
ViT-L-14-quickgelu.dfn2b
ViT-H-14-quickgelu.dfn5b
ViT-B-16.laion2b_s34b_b88k
ViT-L-14.laion2b_s32b b82k
ViT-H-14.laion2b_s32b b79k
ViT-g-14.laion2b_s34b_b88k
ViT-B-16.datacomp-x1_s13b_b90k
ViT-L-14.datacomp-x1_s13b_b90k
EVA02-B-16.merged2b_s8b_bl31k
EVAO02-1L-14 .merged2b_s4b_bl31k

convnext_base_w.laion2b_s13b_b82k_augreg
convnext_base_w.laion_aesthetic_s13b_b82k
convnext_large_d.laion2b_s26b bl02k_augreg

ViT-B-16-SigLIP.webli
ViT-L-16-SigLIP-256.webli
ViT-S0400M-14-SigLIP.webli

Table C.2. List of text backbone models used in our analysis.
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