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Figure 1: We solve standard semantic and geometric computer vision tasks using popular multi-
modal foundation models (MFMs) and established datasets. The left part of the figure displays
GPT-40’s predictions for different tasks, including classification, object detection, semantic seg-
mentation, grouping, depth prediction, and surface normal prediction. The right part of the figure
quantifies the performance of MFMs on these tasks and provides comparisons with specialist state-
of-the-art vision models for each task.

ABSTRACT

Multimodal foundation models, such as GPT-40, have made remarkable progress
recently. However, it is not clear exactly where these models stand in terms of
understanding vision. In this paper, we evaluate the performance of popu-
lar multimodal foundation models (GPT-40, Gemini Pro, Claude 3.5 Sonnet,
Qwen2-VL) at standard computer vision tasks (semantic segmentation, object
detection, image classification, depth and surface normal prediction) and using
established datasets (e.g., COCO, ImageNet and its variants, etc).

The main challenges to performing this are: 1) the models are trained to output
text and cannot natively express versatile domains, such as segments or 3D geom-
etry, and 2) many of the leading models are proprietary and accessible only at an
API level, i.e., there is no weight access to adapt them. We address these chal-
lenges by translating standard vision tasks into equivalent text-promptable and
API-compatible tasks via prompt chaining.

We observe that 1) the models are not close to the state-of-the-art at any tasks, and
2) they perform semantic tasks notably better than geometric ones. However, 3)
they are respectable generalists; this is remarkable as they are presumably trained
on only image-text-based tasks primarily. 4) While the prompting techniques af-
fect the performance, better models exhibit less sensitivity to prompt variations.
5) GPT-40 performs the best, getting the top position in 5 out of 6 tasks.
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1 INTRODUCTION

Multimodal foundation models (MFMs), such as GPT-40, Gemini 1.5 Pro, and Claude 3.5 Son-
net (OpenAlll 2024; Reid et al., 2024; Anthropic, 2024), have gone far in recent months, with their
demos appearing highly impressive (OpenAl, 2024). However, while the community has extensively
investigated their remarkable language pro ciency Hendrycks|et al. {2020); Chen et al. (2021); Rein
et al. (2023); Chiang et al. (2024), the extent of their vision capabilities is vague in comparison.
We still lack a well-calibrated understanding of their performance on established vision tasks and
datasets, particularly across diverse axes of vision, e.g. semantics, 3D, etc.

Most of the existing vision benchmarks of MFMs primarily target text (e.g., VQA) or tasks closely
tied to text, like classi cation. (Yue et al., 2024; Fu et al., 2024; Tong et al., 2024b;a; Rahmanzade-
hgervi et al., 2024; Wu & Xie, 2024). While they provide useful insights, several key limitations
persist. First, it is unclear how much solving these benchmarks truly depends on the visual input,
and some were shown to mainly measure the language capabilities of MFMs while overlooking the
vision component (Tong et al., 2024a). Second, they all require the model to output text, making
it hard to compare the vision capabilities of MFMs against vision-only tasks and specialist models
developed by the community. Third, they do not shed light on other aspects of visual understanding,
such as 3D geometry, grouping, or segmentation, that are less text oriented.

We address these limitations by evaluating MFMs on well-established vision tasks and datasets
developed by the community. Speci cally, we test GPT-40, Claude 3.5 Sonnet, Gemini 1.5 Pro, and
Qwen2-VL on classi cation, object detection, semantic segmentation, grouping, depth prediction,
and surface normal prediction using COCO, Hypersim, ImageNet and its variants (Lin et al., 2014;
Roberts et al., 2021; Russakovsky et al., 2014). Most of these tasks, however, require dense pixel-
wise predictions not readily compatible with the default text output of MFMs. To address this
challenge, we split each task into multiple sub-tasks, each of which can be solved in a textual form
via prompting (see Sec. 3). This results iprampt-chaining framework that can be applied to any
MFMs with a text interface (e.g., ChatBot APIs) to solve standard vision .taSkeci cally, our
proposed approach allows MFMs 19 detect bounding boxeg) generate complete segmentation
masks for complex scene®) extract semantic entities from images similar to SAM (Kirillov et al.,
2023b),4) estimate dense depth and surface normal maps. Please see Fig. 1 for an overview. This
enables direct comparison with vision-only models, offering a holistic understanding of the vision
capabilities of MFMs.

We nd that MFMs achieve good performance in most cases and show respectable generalist abil-
ities, with GPT-40 scoring the best in 5 out of 6 tasks. Howethay still lag behind task-speci ¢
state-of-the-art vision models in all taskis\ particular, we nd that the MFMs perform geometric
tasks signi cantly worse than semantic ones. Furthermore, we perform a detailed prompt sensitivity
analysis for each task and nd the performance varies for different prompts, though better models
exhibit less sensitivity. We will open-source our documented code to enable researchers to explore
performant prompt chaining strategies for MFMs.

2 RELATED WORK

Advances in MFMs. There has been remarkable progress in MFMs (Alayrac et al., 2022; Wang
etal., 2022; Team et al., 2023; Achiam et al., 2023; Li et al., 2023a; Dai et al., 2023; Bai et al., 2023;
Liu et al., 2024; Beyer et al., 2024; Team, 2024; Wang et al., 2024; OpenAl, 2024; Anthropic, 2024,
Reid et al., 2024) (see (Zhang et al., 2024; Yin et al., 2023) for surveys), leading to strong perfor-
mance across a wide range of tasks that require joint vision and linguistic capabilities such as cap-
tioning, visual question answering, and instruction following. Despite the progress, it is unclear how
well these models perform tasks that require dense visual understanding, which is our main focus.

Benchmarking vision capabilities of MFMs. Many works investigate the vision capabilities of
MFMs by developing VQA-style benchmarks that combine visual and textual inputs to generate
textual outputs (Liu et al., 2024; Li et al., 2023b; Fu et al., 2024; Tong et al., 2024b; Rahman-
zadehgervi et al., 2024; Al-Tahan et al., 2024; Yue et al., 2024; Jiang et al., 2024; Tong et al.,
2024a). While these approaches offer valuable insights, they are incompatible with traditional com-
puter vision models, making direct comparisons dif cult. In contrast,directly evaluate MFMs

on standard vision taskenabling direct comparison with strong vision specialists to track MFMs'
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Figure 2:Object detection algorithm. At each step, we divide the image into a grid of crops, and
each crop is queried for the presence of the target object (Sheep in the gure) through the model.
Grid cells without the object are discarded, and the process is repeated until the full object is located.
"This is a summary of the actual prompt. See full prompt in Appendix B.

progress. (Tong et al., 2024a) evaluates MFMs on vision datasets (Lin et al., 2014; Zhou et al.,
2017; Brazil et al., 2023) by repurposing dataset annotations into text format. We differ by trans-
lating MFM outputs into the annotation format instead, e.g. segmentation maps. Crucially, this
enables apples-to-apples comparisons with vision specialist models, using standard task-speci c
metrics, and qualitative analyses in the tasks' native output space.

Prompting techniques for MFMs. Various prompting techniques have been developed for
MFMs (Wei et al., 2022; Zhou et al., 2022; Khot et al., 2022; Yao et al., 2024). We follow a similar
strategy and decompose complex vision tasks into simpler sub-tasks that MFMs can handle. Several
works developed prompting techniques to unlock vision capabilities of MFMs (Yang et al., 2023a;
Wu et al., 2024; Hu et al., 2024; Wu & Xie, 2024). A related work is DetToolChain (Wu et al.,
2024), which develops a prompting mechanism for object detection. We diffé) fmgusing on a

wider range of tasks including semantic and geometric @héx several MFMs including closed-

and open-weight one® with a simpler yet effective and cost-ef cient prompt chaining mechanism.

3 PROMPTCHAINING FOR SOLVING VISION TASKS WITH MFM s

In this section, we describe the developed prompt chaining techniques that enable MFMs to solve
standard computer vision tasks, namely image classi cation, object detection, semantic segmenta-
tion, grouping, depth, and surface normal prediction. These techniques are based on the main idea
of breaking the original task into multiple simpler sub-tasks that can be solved in a language format,
e.g., identifying whether an object is present in a patch of an image. We then solve each sub-task
by prompting an MFM. To guide the choice of how to split each task into sub-tasks, we rely on
our early key observation that most MFMs are relatively strong at image classi cation (see, e.g.,
Tab. 1) and, therefore, try to split each task into multiple classi cation sub-tasks. We provide the
pseudo-code for each technique in the Appendix.

Image classi cation. This task involves directly identifying the main class of an image from a set of
classes. Here, the model is presented with a list of all ground-truth classes and tasked with assigning
the image to the correct category. Following (Jiang et al., 2024), we group images into batches for
ef ciency, as we observed no signi cant decrease in accuracy when using this approach.

Object detection. In this task, the goal is to predict bounding box coordinates that tightly localize
the objects in the image. Similar to Yang et al. (2023b), our initial attempts showed that many
MFMs fail at predicting the coordinates directly. We, therefore, develop a prompt chaining method
and divide the original task into two stages. The rst stage has a single sub-task to identify all present
objects in the image. In the second stage, for each object, we regress its coordinates via recursive
zooming. Speci cally, we divide the image into grid cells and ask the model to identify whether (a
part of) the object is present in each cell. We then discard cells without objects, reducing the search
space. We apply this process recursively, progressively eliminating irrelevant regions of the image
until only the object of interest remains present in the image. We use two grid resolutions: a coarse
grid for quick downsampling and a ner grid for precise edge re nement that allows us to reduce
the number of steps. Please see Fig. 2 for an overview and Algorithm 2 for the pseudo-code.

Semantic segmentation. In this task, the goal is to assign one of the semantic classes to each
pixel in an image. Instead of per-pixel querying, we split the image into pixel groups using an
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Figure 3: Semantic segmentation algorithm. We divide the image into superpixels and create
"multi-scale pyramids” of superpixels. The pyramids are then classi ed using the model sequentially
to produce the complete segmentation map. A multi-scale pyramid consists of 3 layers: a crop of the
superpixel, some context surrounding the crop, and the full image. In practice, we classify batches
of superpixels. This is a summary of the actual prompt. See full prompt in Appendix B.

Figure 4: Grouping algorithm. Given an image and a query point, we rst divide the image into
superpixels and select the superpixel that the query point falls into. At each step, the model is asked
to identify the adjacent superpixels that belong to the same object as the one covered by the cluster.
The selected superpixels are then merged with the cluster to form the next step's input CTiniser.

is a summary of the actual prompt. See full prompt in Appendix B.

unsuperviseduperpixel clustering algorithm (Achanta et al., 2012) and assign a single label per
group to decrease the number of API calls (or forward passes). Using superpixels is a common
approach to segmenting an image into smaller, homogeneous regions based on low-level image
features, such as color or texture Stutz et al. (2018). We include calibration baselines to control the
impact of the superpixelation (and other approximations in prompting) in Sec. 4.

After dividing the image into superpixels, we classify them in batches to decrease the overall cost as
in the classi cation task. Similar to the object detection algorithm, this approach utilizes the strength
of MFMs as good image classi cation models. To maintain consistency across different batches of
superpixels, we include predictions for the previously obtained batches as part of the chain, which
we found to improve the models' performance.

In our early experiments, we found that naively highlighting separate superpixels on an input image
leads to poor performance. This is in line with other works (Fu et al., 2024; Wu & Xie, 2024) that
found that MFMs have a “blurry vision” and struggle with ne-grained details and localization. To
address this, we provide the MFM with the crops of each superpixel at multiple scales, which we
found to improve the performance signi cantly. See Fig. 3 for overview and Alg. 3 for pseudo-code.

Grouping. Given an image and a query (or anchor) point on it, the grouping task consists of iden-
tifying other pixels that belong to the same object or background. Unlike semantic segmentation,
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