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Abstract

Scaling up the size of vision models has been the de facto standard to obtain more
powerful visual representations. In this work, we discuss the point beyond which
larger vision models are not necessary. We demonstrate the power of Scaling on
Scales (S2), whereby a pre-trained and frozen smaller vision model (e.g., ViT-B or
ViT-L), run over multiple image scales, can outperform larger models (e.g., ViT-H
or ViT-G) on classification, segmentation, depth estimation, Multimodal LLM
(MLLM) benchmarks, and robotic manipulation. We further show that features
of larger vision models can be well approximated by those of multi-scale smaller
models through a linear transform, which suggests a multi-scale smaller model has
comparable learning capacity to a larger model.

1 Introduction

Scaling up model size has been one of the key drivers of recent progress in various domains of artificial
intelligence, including language modeling [4, 27, 40], image and video generation [45, 31, 17, 3],
etc. Similarly, for visual understanding, larger models have consistently shown improvements across
a wide range of downstream tasks given sufficient pre-training data [37, 48, 6, 26]. This trend has
led to the pursuit of gigantic models with up to tens of billions of parameters as a default strategy
for achieving more powerful visual representations and enhanced performance on downstream
tasks [0, 9, 36, 12].

In this work, we revisit the question: Is a larger model always necessary for better visual understand-
ing? Instead of scaling up model size, we consider scaling on the dimension of image scales—which
we call Scaling on Scales (S2). With S, a pre-trained and frozen smaller vision model (e.g., ViT-B
or ViT-L) is run on multiple image scales to generate a multi-scale representation. We take a model
pre-trained on single image scale (e.g., 2242), interpolate the image to multiple scales (e.g., 2242,
4482, 6722), extract features on each scale by splitting larger images into sub-images of the regular
size (2242) and processing each separately before pooling them and concatenating with features from
the original representation (Figure ).

From evaluations on visual representations of various pre-trained models (e.g., ViT [10], DINOv2 [26],
OpenCLIP [6], MVP [30]), we show that smaller models with S2 scaling consistently outperform
larger models on classification, semantic segmentation, depth estimation, MLLM benchmarks, and
robotic manipulation, with significantly fewer parameters (e.g., 0.07x) and comparable GFLOPS.

While these results suggest larger models are not necessary for better downstream performance,
it is still not clear if they are irreplaceable in terms of representation learning, i.e., is there any
representation that larger models can learn but smaller models cannot? Surprisingly, we find that the
features of larger models can be well approximated by multi-scale smaller models through a single
linear transform, which means smaller models should have at least a similar learning capacity of their
larger counterparts.
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Figure 1: S?2-Wrapper is a simple mechanism that extends any pre-trained vision model to
multiple image scales in a parameter-free manner. Taking ViT-B as an example, S2-Wrapper first
interpolates the input image to different scales (e.g., 2242 and 4482) and splits each into several sub-
images of the same size as the default input size (4482 — 4 x 224?). For each scale, all sub-images
are fed into the same model and the outputs (e.g., 4 x 162) are merged into feature map of the whole
image (322). Feature maps of different scales are average-pooled to the original spatial size (162) and
concatenated together. The final multi-scale feature has the same spatial shape as single-scale feature
while having higher channel dimension (e.g., 1536 vs. 768).

2 The Power of Scaling on Scales

2.1 Scaling Pre-Trained Vision Models to Multiple Image Scales

We first introduce S2-Wrapper, a parameter-free mechanism to enable multi-scale feature extraction
on any pre-trained vision model. Regular vision models are normally pre-trained at a single image
scale (e.g., 2242). S2-Wrapper extends a pre-trained model to multiple image scales (e.g., 2242, 4482)
by splitting different scales of images to the same size as seen in pre-training. Specifically, given the
image at 2242 and 4482 scales, S>-Wrapper first divides the 4482 image into four 2242 sub-images,
which along with the original 2242 image are fed to the same pre-trained model. The features of four
sub-images are merged back to the large feature map of the 4482 image, which is then average-pooled
to the same size as the feature map of 2242 image. Output is the concatenation of feature maps
across scales. The whole process is illustrated in Figure |. Note that instead of directly using the
4482 resolution image, we obtain the 4482 image by interpolating the 2242 image. This is to make
sure no additional high-resolution information is introduced so we can make a fair comparison with
model size scaling which never sees the high-resolution image. On the other hand, we interpolate
the large feature map into the regular size to make sure the number of output tokens stays the same,
making it a fair comparison to larger models which give the same number of tokens for downstream
applications such as MLLMs. Note that we do not claim the novelty of extracting multi-scale features
since concurrent work (e.g., [21]) also use similar methods. Instead, we only choose the simplest
algorithm design and study its scaling property.

2.2 Scaling on Image Scales Can Beat Scaling on Model Size

S2-Wrapper enables S? scaling, i.e., keeping the same size of a pre-trained model while getting more
and more powerful features by running on more and more image scales. Here we compare the scaling
curve of S? to the regular approach of scaling up model size and show that S? scaling is a competitive,
and in some cases, preferred scaling approach. To get a holistic analysis of two scaling approaches,
we test their scaling curves on three representative tasks (image classification, semantic segmentation,
and depth estimation) which correspond to the three dimensions of vision model capability [25],
as well as on MLLMs and robotic manipulation which reflect the comprehensive ability of visual
understanding. Please find the results on MLLMs below and other results in Appendix

Case study: Multimodal LLMs. We compare S? scaling and model size scaling on MLLMs.
We use a LLaVA [20]-style model where LLM is a Vicuna-7B [7] and the vision backbone is
OpenCLIP. We keep the same LLM and only change the vision backbone. For model size scaling,
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Figure 2: Comparison of S? scaling and model size scaling on MLLM. For each type of tasks,
we test large, huge, and big-G models for model size scaling (plotted in gray curve). For S? scaling
(plotted in green curve), we test three sets of scales including (1x), (1x, 2x), (1x, 2x, 4x). S? scaling
has comparable or better scaling curve than model size scaling on all three types of benchmarks.
Using large image scales consistently gives better performance while using larger model can degrade
model performance in certain cases.

we test vision model sizes of large, huge, and big-G. For S? scaling, we keep the large-size model
and test scales of (2242%), (2242, 448%), and (2242, 4482, 8962). For all experiments, we keep
the vision backbone frozen and only train a projector layer between the vision feature and LLM
input space as well as a LoRA [16] on LLM. We follow the same training recipe as in LLaVA-
1.5 [19]. We evaluate three types of benchmarks: (i) visual detail understanding (V [42]), (ii)) VQA
benchmarks (VQAv2 [13], TextVQA [34], VizWiz [14]), and (iii)) MLLM benchmarks (MMMU [47],
MathVista [24], MMBench [22], SEED-Bench [ 18], MM-Vet [46]).

A comparison of the two scaling approaches is shown in Figure 2. We report the average accuracy on
each type of benchmarks. We can see that on all three types of benchmarks, S? scaling on large-size
models performs better than larger models, using similar GFLOPs and much smaller model sizes.
Especially, scaling to 8962 improves the accuracy of detailed understanding by about 6%. On all
benchmarks, larger image scales consistently improve performance while bigger models sometimes
fail to improve or even hurt performance. These results suggest S? is a preferable scaling approach
for vision understanding in MLLMs. Please see the complete results on MLLMs in Appendix

2.3 Can Smaller Models Learn What Larger Models Learn?

Despite the superior performance, can multi-scale smaller models replace larger models for represen-
tation learning as well? We design experiments to study how much of the representation of larger
models is also learned by multi-scale smaller models. Surprisingly, our results suggest that most, if
not all, of the representation of larger models is also learned by multi-scale smaller models.

To quantify how much of the representation of a larger model (e.g., ViT-L) is also learned by a multi-
scale smaller model (e.g., ViT-B-S2), we adopt a reconstruction-based evaluation, i.e., we train a linear
transform to reconstruct the representation of a larger model from that of a multi-scale smaller model.
Intuitively, low reconstruction loss means the representation of larger model can be equivalently
learned by the multi-scale smaller model (through a linear transform) to a large extent. More formally,
the reconstruction loss reflects the mutual information between two sets of representations. If we
use MSE loss for reconstruction, the mutual information equals I = —log(l/ly), where [ is the
reconstruction loss and [ is the loss of vanilla reconstruction where the large model representation
is reconstructed by a dummy vector (See Appendix D). This quantifies how much information
in the larger model representation is also contained in the multi-scale smaller model. We use a
linear transform for reconstruction to measure the information that is useful for downstream tasks
considering the task decoders are usually light-weight modules such as a single linear layer [44].

Moreover, in practice we find the reconstruction loss is usually nowhere near zero. We hypothesize
this is because part of the feature is non-reconstructable by nature, i.e., feature that is not relevant to
the pre-training task and is learned due to randomness in weight initialization, optimization dynamics,



Table 1: Reconstructing representation of larger models from representation of regular or
multi-scale smaller models. We test three classes of models (ViT, OpenCLIP, and MAE), and
for each class we test base, multi-scale base (B&seaBd huge or giant model. We report the
reconstruction loss, the amount of information reconstructed, and the percentage of information
reconstructed compared to huge or giant model on train and test set of ImageNet.

Train Set Test Set
Model Class  Target Source Loss Info  Ratio (%) Loss Inffo  Ratio (%)
Base 0.1100 0.440 82.9% 0.0994 0.524 87.6%
VIT Large Base-$ 0.1040 0.521 98.1%  0.0942 0.601 100.5%

Huge 0.1033 0.531 100% 0.0944 0.598 100%

Base 0.0013 7.460 97.3% 0.0010 7.840 96.0%
MAE Large Base-$8 0.0011 7.694 100.3% 0.0009 7.972 97.6%
Huge 0.001 7.669 100% 0.0008 8.169 100%

Base 0.3693  1.495 92.7% 0.3413 1.723 90.7%
OpenCLIP  Large Base-$ 0.3408 1.611 99.9% 0.3170 1.830 96.3%
Giant 0.3402 1.613 100% 0.3022 1.900 100%

Base 0.3926  1.407 83.2% 0.4231 1.413 80.8%
OpenCLIP Huge Base-$ 0.3670 1.504 88.9% 0.3970 1.505 86.0%
Giant 0.3221 1.692 100% 0.3354 1.749 100%

102 etc, thus cannot be reconstructed from another model's feature. To this end, we use an even larger
103 (e.g, ViT-G) model to reconstruct the large model features as a comparison. Its reconstruction loss
104 and corresponding mutual information are denotetl tgndl = log(l =lp). If we assume that,

105 when pre-trained on the same task and the same dataset, any task-relevant feature learned by a smaller
106 model can also be learned by a larger model, then all the useful features in a large-size model should
107 be reconstructable by a huge or giant model as well. This miegrthe amount of information

108 reconstructed from a huge or giant model, should serve app@r boundf I . We empirically nd

109 thisis indeed the case (see below). Therefore, we use the reconstructidrratio measure how

110 much representation in a larger model is also learned by a multi-scale smaller model.

111 We evaluate three classes of models: (i) ViT][pre-trained on ImageNet-21k, (ii) OpenCLIE [

12 pre-trained on LAION-2B, and (iii) MAE 5] pre-trained on ImageNet-1k. Reconstruction loss

13 is averaged over all output tokens and is evaluated on ImageNet-1k. Results are shown in Table
14 Compared to base models, we observe that multi-scale base models consistently have lower loss and
115 reconstructs more information of the large model representagign 0.521vs 0.440 for ViT). More

ue interestingly, we nd that the amount of information reconstructed from a multi-scale base model is
17 usually close to that of a huge or giant model, although sometimes slightly lower but never exceeding
us by alarge margin. For example, while OpenCLIP-Base reconst®actss of the information, the

119 multi-scale base model can reconstr@@19%. For other models, the reconstruction ratio of Bade-S

120 model is usually close th00%while never exceeding by more th@rb5%. This implies (i) huge/giant

121 models are indeed a valid upper bound of feature reconstruction, and (ii) most part of the feature
122 Of larger models is also learned by multi-scale smaller models. The only exception is when we
123 reconstruct OpenCLIP-Huge feature, the reconstruction ra88:8%. Although it's not neatl00%

124 itis still signi cantly better than the base-size model which means at least a large part of the huge
125 model feature is still multi-scale feature. These results imply smaller models titbeing should

126 have at least a similar level of capacity to learn what larger models learn. On the other hand, we also
127 notice that the reconstruction ratio on test set can be lower than traie.ge€36:3% vs 99:9% on

128 OpenCLIP-L). We hypothesize this is because we only apply multi-scale after pre-training and the
129 base model feature pre-trained on single image scale only has weaker generalizability.

10 3 Conclusion

131 In this work, we ask the questias a larger model always necessary for better visual understanding?

132 We nd that scaling on the dimension of image scales—which we call Scaling on Scé)esi(8tead

133 of model size usually obtains better performance on a wide range of downstream tasks. We further
13 show that smaller models witi? @an learn most of representation that larger models learn.
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A Additional Comparison of S? and Model Size Scaling

Case study: image classi cation, semantic segmentation, and depth estimatiowe use Ima-
geNet 37], ADE20k [50], and NYUv2 [33] datasets for each task, respectively. We test on three
families of pre-trained models (ViTL[], DINOv2 [26], and OpenCLIP(]), spanning pre-training

with different datasets (ImageNet-21k, LVD-142M, LAION-2B) and different pre-training objec-
tives (supervised, unsupervised, and weakly-supervised). To see if the same observation holds for
convolutional networks, we also test on ConvNeXi][(See Appendix E). To fairly evaluate the
representation learned from pre-training, we freeze the backbone and only train the task-speci ¢ head
for all experiments. We use a single linear layer, Mask2forragrand VPD depth decodet §] as

decoder heads for three tasks, respectively. For model size scaling, we test the performance of base,
large, and huge or giant size of each model on each task.%sgafing, we test three sets of scales
including (1x), (1x, 2x), (1x, 2x, 3x). For example, for ViT on ImageNet classi cation, we use three
sets of scales2Q#), (224, 448), and Q24, 448, 672), which have the comparable GFLOPs as
ViT-B, ViT-L, and ViT-H, respectively. Note that the scales for speci ¢ models and tasks are adjusted

to match the GFLOPS of respective model sizes. The detailed con gurations for each experiment can
be found in Appendix

The scaling curves are shown in Figure 4. We can see that in six out of nine cases ((a), (d), (e), (f), (g),
(i), S? scaling from base models gives a better scaling curve than model size scaling, outperforming
large or giant models with similar GFLOPs and much fewer parameters. In two cases ((b) and (h)),
$? scaling from base models has less competitive results than large model3 dwatiBg from large

models performs comparatively with giant models. The only failure case is (c) where both base and
large models with Sscaling fail to compete with the giant model. Note that ViT-H is worse than
ViT-L on all three tasks possibly due to the sub-optimal pre-training recigle YVe observe thats

scaling has more advantages on dense prediction tasks such as segmentation and depth estimation,
which matches the intuition that multi-scale features can offer better detailed understanding which is
especially required by these tasks. For image classi catidiscsling is sometimes worse than model

size scaling €.g, multi-scale DINOv2-Bvs. DINOv2-L). We hypothesize this is due to the weak
generalizability of the base model feature because we observe that the multi-scale base model has a
lower training loss than the large model despite the worse performance, which indicates over tting.

Case study: robotic manipulation. We compare Sand model

size scaling on a robotic manipulation task of cube picking. The
task requires controlling a robot arm to pick up a cube on the
table. We train a vision-based end-to-end policy on 120 demos
using behavior cloning, and evaluate the success rate of picking
on 16 randomly chosen cube positions, following the setting
in [29). We use MVP B(] as the pre-trained vision encoder
to extract visual features which are fed to the policy. Please
refer to Appendix C for the detailed setting. To compafe S
and model size scaling, we evaluate base and large models with
single scale ofZ24), as well as a multi-scale base model with
scales of 224, 448). Results are shown in Figure 3. Scaling. w2 . .
from base to large model improves the success rate by at%gwe 3:S’ vs model size scaling
6%, while scaling to larger image scales improves the succ88scuPe picking task. S scaling
rate by abouP0% This demonstrates the advantage dbger O base-size model IMProves the
model size scaling on robotic manipulation tasks as well. SUCCESS rate by abo20%



Figure 4:Comparison of & scaling and model size scalingn three models (ViT, DINOv2, and
OpenCLIP) and three tasks (ImageNet classi cation, semantic segmentation, and depth estimation).
For each model and each task, we test base, large, and huge/giant models for model size scaling
(plotted in gray curve). For®scaling (plotted in green curve), we test three sets of scales from
single-scale (1x) to multi-scale (up to 3x), and we adjust each set of scale so that it matches the
GFLOPs of the respective model size. Note that for speci ¢ models and tasks, wé sestlig on

both base and large models (plotted in light green and dark green curves separately). We can see that
in (a), (d), (e), (N, (g), and (i), the base model with &aling already achieves comparable or better
performances than larger models with similar GFLOPs and much smaller model size. For (&, (h), S
scaling from the large model is comparable with the giant model, again with similar GFLOPs and
fewer parameters. The only failure case is (c), whérecling on either base or large models does

not compete with model size scaling.
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B Complete results of MLLM

We observe that LLaVA-1.5, when equipped withsgaling, is already competitive or better than
state-of-the-art open-source and even commercial MLLMs. Results are shown in Table 2. Here we
use OpenAl CLIP 18] as the vision model for fair comparison. On visual detail understanding,
LLaVA-1.5 with & scaling outperforms all other open-source MLLMs as well as commercial models
such as Gemini Pro and GPT-4V. This is credited to the highly ne-grained features we are able to
extract by scaling image resolution1608. A qualitative example is shown in Figure 5. We can see
that LLaVA-1.5 with $ is able to recognize an extremely small object that only t28es64 pixels in
a2250 1500image and correctly answer the question about it. In the meantime, both GPT-4V and
LLaVA-1.5 fail to give the correct answer. More qualitative examples are shown in Appendix H. On
VQA and MLLM benchmarks, Sconsistently improves the model performance as well, especially
on benchmarks such as TextVQA which requires understanding of the ne details. Note that the
improvement on certain MLLM benchmarks such as MathVista is not as signi cant as others, which
is probably because these benchmarks require strong mathematical or reasoning capabilities which
are not achievable by only improving vision but require stronger LLMs as well. In contrast to
previous experiments, here we directly use the high-resolution image instead of interpolating from
the low-resolution image in order to compare with the state of the arts. Note that despite the large
image scale, we keep the same number of image tokens as baseline LLaVA-1.5 since we interpolate
the feature map of the large-scale images to the same size as that of the original image (see Section
). This makes sure the context length (and thus the computational cost) of LLM does not increase
when using larger image scales, allowing us to use much higher resolution than the baselines.

Table 2:Results on MLLM. We evaluate three types of benchmarks: visual detail understanding
(V [47]), VQA benchmarks (VQAv213], TextVQA [34], VizWiz [ 14]), and MLLM benchmarks
(MMMU [ 47], MathVista [24], MMBench [22], SEED-Bench [ &], MM-Vet [ 46]). Notably, $ signif-
icantly improves the detailed understanding capability orb¥nchmark, outperforming commercial
models such as GPT-4V.

Visual Detail VQA Benchmarks MLLM Benchmarks
Model Res. #Token ),  Vsp | VQA? VQAT Viz | MMMU Math MMB SEED MMVet
Commercial or proprietary models
GPT-4V [1] - - 51.3 60.5 77.2 780 - 56.8 499 7538 716 67.6
Gemini Pro [38] - - 40.9 59.2| 71.2 746 - 47.9 452 73.6 70.7 643
Qwen-VL-Plus [39] - - - - 789 - 45.2 433 - - -
Open-source models
InstructBLIP-7B [8] 224 - 25.2 474 - 50.1 345 - - 36.0 - 26.2
QwenVL-7B [2] 448 1024 - 78.8 63.8 352 - - 382 - -
QwenVL-Chat-7B[2] 448 1024 - - 782 615 389| - - 60.6 - -
CogVLM-Chat [41] 490 1225 - 823 704 - 41.1 345 776 725 511
LLaVA-1.5-7B [19] 336 576 435 56.6| 785 582 50.0| 36.2 252 643 657 305
LLaVA-1.5-7B-S 1008 576 51.3 61.8 | 80.0 61.0 501 | 377 253 66.2 67.9 324
LLaVA-1.5-13B [19] 336 576 41.7 55.3| 80.0 613 53.6| 36.4 276 678 682 354
LLaVA-1.5-13B-F 1008 576 504 632 | 809 631 56.0| 374 278 679 689 364
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