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ABSTRACT

Recent advances in the development of vision-language models (VLMs) are yield-
ing remarkable success in recognizing visual semantic content, including impres-
sive instances of compositional image understanding. Here, we introduce the
novel task of Visual Data-Type Identification, a basic perceptual skill with im-
plications for data curation (e.g., noisy data-removal from large datasets, domain-
specific retrieval) and autonomous vision (e.g., distinguishing changing weather
conditions from camera lens staining). We develop two datasets consisting of an-
imal images altered across a diverse set of 27 visual data-types, spanning four
broad categories. An extensive zero-shot evaluation of 39 VLMs, ranging from
100M to 80B parameters, shows a nuanced performance landscape. While VLMs
are reasonably good at identifying certain stylistic data-types, such as cartoons and
sketches, they struggle with simpler data-types arising from basic manipulations
like image rotations or additive noise. Our findings reveal that (i) model scal-
ing alone yields marginal gains for contrastively-trained models like CLIP, and
(ii) there is a pronounced drop in performance for the largest auto-regressively
trained VLMs like OpenFlamingo. This finding points to a blind spot in current
frontier VLMs: they excel in recognizing semantic content but fail to acquire an
understanding of visual data-types through scaling. By analyzing the pre-training
distributions of these models and incorporating data-type information into the cap-
tions during fine-tuning, we achieve a significant enhancement in performance.
By exploring this previously uncharted task, we aim to set the stage for further
advancing VLMs to equip them with visual data-type understanding.

1 INTRODUCTION

Vision-Language Foundation Models (VLMs) (Bommasani et al., 2021) lie at the frontier of the
machine learning ecosystem. Profiting from high-capacity transformer architectures (Vaswani et al.,
2017) and large-scale pre-training, these models excel at identifying the semantic content in im-
ages (Radford et al., 2021; Pham et al., 2023; Jia et al., 2021). They also exhibit strong robustness to
image distortions and perceptual changes as assessed on benchmarks like ImageNet-C (Hendrycks
& Dietterich, 2019), ImageNet-Sketch (Wang et al., 2019), and ObjectNet (Barbu et al., 2019). Tak-
ing ImageNet-C as a concrete example, a classifier is tasked with correctly identifying a category
(e.g., a stingray) in the presence of a particular data transformation (e.g., defocus blur). Similarly,
the other domains and perceptual transformations contained in ImageNet-C, ImageNet-Sketch, and
ObjectNet can be seen as examples of different Visual Data-Types obtained from ImageNet through
applying image transformations that affect the appearance but not the content of the image.

The prevalent strategy in computer vision to cope with variable data-types is to use domain invariant
classifiers, often achieved via data augmentation during training. An alternative strategy would be
to retain the data-type specific information and explicitly model its composition with the semantic
content of the image (Fig. 1A). This constitutes a symmetric split of the total image information
into the complementary components of semantics and visual data-types (Granlund & Knutsson,
1995). Humans can flexibly switch between these two complementary aspects and visual data-type
identification is an integral part of human perception (Oliva & Torralba, 2007; Ren et al., 2020;
Bracci et al., 2023).
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Figure 1: Data-type identification highly impacts vision tasks. Complementary to standard se-
mantic recognition tasks (A), data-type identification targets recognising style and other contextual
domain information. It is applicable for many practical scenarios, e.g., (B) data curation, and (C)
autonomous cars and agents. In all contexts, flexible recognition of data-types is paramount, yet,
VLMs exhibit poor performance on different data-types as illustrated by 4 select VLMs on 6 data-
types (highlighted in the boxes). Notably, there is no one-size-fits-all model, underscoring the chal-
lenge of universal data-type identification. The bar plots report the informedness metrics, for more
details refer to Sec. 4.1.

The recent breakthrough of large language models (LLMs) to mimic human text understanding is
reflected by remarkable compositional reasoning skills and flexibility to cope with arbitrary contexts
and textual data-types. This suggests that VLMs could also gain an increasingly flexible, composi-
tional image understanding to cope with arbitrary visual data-types by inheriting it from the use of
such powerful LLMs. Therefore, we seek to investigate to what extent the increasing robustness of
VLMs to distribution shifts could be a consequence of compositional data-type understanding.

The most likely alternative would be that the increasing robustness of VLMs originates from in-
creasing domain invariance (Mintun et al., 2021). However, VLMs differ in two important ways
from ImageNet-trained classification models of the last decade: (1) They are trained on much more
data crawled from the internet making it difficult to judge whether a test image is in-domain or
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out-of-domain (Mintun et al., 2021; Fang et al., 2022; Nguyen et al., 2022), and (2) Due to the
compositional nature of language, training on image-text-pairs could facilitate a compositional un-
derstanding of images in VLMs. Both points drive performance on a large set of visual benchmarks,
yet, it is not easy to dissect their speci c contributions. In addition, compositional understanding
itself is a property that needs to be learned and thus expected to gradually improve with the amount
of training data and model scale (Wiedemer et al., 2023).

Here, we test the hypothesis that dataset robustness of VLMs could be a consequence of compo-
sitional data-type understandinigy creating a carefully designethta-type identi cationtask and
investigating to what extent VLMs exhibit a compositional understanding of semantic context and
image appearance. Data-type identi cation is a necessary condition for data-type understanding: If
a VLM understands the data-type of an image, e.g., the blurring operation, it needs to be able to
identify it, independently from the particular image content.

Further, identifying the visual data-type of an image in addition to its semantic context is relevant in
many real-world scenarios. F@t) data curation and Iteringthis is useful, for instance to exclude
images of unwanted appearance from an image corpus (e.g., blurred samples), or to create a speci c
stylized domain generalization dataset (e.g., cartoons, sketches) (see Fig. 1B). In the context of
(2) autonomous visio(e.g., self-driving cars, household robots), knowing the data-type of camera-
scenes is relevant to interpret the data and intervene accordingly: for example, adapting driving style
or sensor sensitivity based on detecting changing weather conditions versus sun-glare (see Fig. 1C).

Rather than engineering narrow solutions for each of these problems individually, the exibility of
VLMs affords a general ability to cope with all possible conditions. A compositional understand-
ing of data-types would be an attractive solution to achieve this level of generality, and it could be
highly useful for practical challenges such as the long-tailed test-time distribution encountered in
autonomous driving (Dosovitskiy et al., 2017; Makansi et al., 2021; Zhou et al., 2022). Due to the
combinatorial number of possible conditions and the open-ended nature of perception for an au-
tonomous agent, the importance of a compositional understanding of data-types extends to robotics
at large to deal with variable conditions in households, agriculture, or healthcare.

In summary, our work aims to make progressiata-Type Identi cation for this, we created two

novel datasets containing images of animals, spanning 27 different data-types (see Fig. 2). On this
data, we zero-shot benchmarked 39 state-of-the-art VLMs, with model sizes ranging from 100M
to 80B parameters, across contrastive and LLM-based VLMs. We nd that scaling up model size
does not yield signi cant improvements. In particular, the largest auto-regressively trained VLMs
perform signi cantly worse than their smaller contrastively-trained counterparts like CLIP. By in-
vestigating their performance across individual data-types, we found connections to structures in
the pre-training data and vision embedding spaces of VLMs. Using this, we show that performance
on the novel data-type identi cation task can be enhanced by ne-tuning with carefully tailored
data. Our ndings highlight an important limitation in the training of current leading VLMs: while
they clearly excel on recognizing semantic content, acquiring data-type identi cation skills does not
emerge from simply scaling up but rather requires a systematic change of the training data.

2 RELATED WORK

Stress-testing VLMs. Initial reports on the abilities of VLMs (e.qg., in visual question answering)
were largely anecdotal. Very recently, there is a growing interest in systematic investigation of such
capabilities, often entailing the creation of synthetic datasets tailored for speci c evaluations (Yuk-
sekgonul et al., 2022; Parcalabescu et al., 2021; Thrush et al., 2022; Hsieh et al., 2023; Zhao et al.,
2022; Lewis et al., 2022; Yamada et al., 2022; Ma et al., 2023; Kamath et al., 2023; Marathe et al.,
2023; Yarom et al., 2023; Bitton-Guetta et al., 2023; Bordes et al., 2023). Here, we too synthesize
a controlled dataset, but distinctively introduce the new taskath-Type Identi cation a basic
perceptual skill that remains largely underexplored in previous work.

Distribution shifts, anomaly detection and domain adaptation.While many existing approaches
study perceptually altered data, e.g., distribution shifts (Hendrycks et al., 2021; Taori et al., 2020;
Schneider et al., 2020; Qiu et al., 2022; Rauber et al., 2017; Koh et al., 2021), domain adap-
tation (Farahani et al., 2021; You et al., 2019; Wang & Deng, 2018), out-of-distribution detec-
tion (Hendrycks & Gimpel, 2016; Yang et al., 2021; Liu et al., 2020), and anomaly detection (Roth
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Figure 2: Proposed data-types.Example images from ouByntheticTypelderdataset for each of
our 27 data-types, spanning four categories: geometric, pixel, style, and data-types.

et al.,, 2022; Han et al., 2022; Pang et al., 2021), they often only determine the presence of an
anomaly or shift without pinpointing its exact nature. In contrast, if an intervention to an anomaly
is necessary, we need to pinpoint its exact nature, which is the gBaltafType Identi cation

Very few previous works have touched upon this question in narrow scenarios. Some studied iden-
tifying few speci ¢ perceptual data-types using convolutional neural networks (CNNSs) in a binary
classi cation setup, e.g., image mirroring (Lin et al., 2020) and cropping (Van Hoorick & Von-
drick, 2021). Zhu et al. (2022) trained linear probes to understand predictability of domains like
paintings or cartoons from the image features of a pre-trained CNN. Paiss et al. (2023) investi-
gated counting objects in VLMs (similar to omuLTI _SAME and MULTI _DIFFERENT data-types,

see Fig. 2). An et al. (2023) showed that CLIP can reasonably infer a limited number of simple
data-types in a binary classi cation setup and used this to improve CLIP's zero-shot semantic clas-
si cation. Rashtchian et al. (2023) used linear probes on the image embedding spaces of vision-only
and vision-language models, to identify perceptual manipulations on images, without accounting
for their text encoders. OWata-Type Identi cationframework subsumes all these setups in a uni-
fying approach: we investigate an extensive range ofl@a-typesacross a broad perceptual and
stylistic range for 39 VLMs, encompassing both contrastively-trained discriminative models and
auto-regressively trained generative models. Our work therefore enables studying generalisation of
VLMs on a broad set of data-types.

3 THE TYPEIDENT DATASETS

To probe the effectiveness of VLMs in identifying data-types, we created two novel datasets consist-
ing of images of a single animal in a scene, spanning 27 data-types across 4 categanestric

(e.g., left-rotation) pixel (e.g., applying Gaussian noisej}yle (e.g., creating a cartoon-version),

and (e.g., replacing a single animal with multiple animals). Note that geometric and pixel
data-types can be obtained from simple, well-de ned transformations such as pixel re-arrangement,
linear Itering, or additive noise. In contrast, most transformations generating different style and
semantic data-types from a reference image distinctively rely on the use of more complex neural
networks. For a complete list of all data-types studied, see Fig. 2 and refer to the Appendix.

Our rst datasetSyntheticTypeldents constructed by rst generating a set of 50 reference-images

of animals using a text-to-image model, with these images uniformly sampled across 10 animal
species. Each generated reference-image was then altered with all our 27 data-type transformation
functions, resulting in 1,350 evaluation samples (see Fig. 2 for an example of all data-type transfor-
mations). For creating the geometric and pixel data-type images, we directly applied the correspond-
ing point-wise image transformation function (e.g., adding Gaussian noise) on the reference-images.
To precisely control the transformations applied, we regenerated style and most semantic-level data-
type images again using the same diffusion model.



Published as a conference paper at ICLR 2024

Figure 3: (A) VLMs struggle with identifying data-types. Less recent, contrastively learned C-
VLMs (e.g., CLIP) outperform the much larger and more recent LMMs (e.g., IDEFICS) despite the
latter's strong language model priors. Scaling shows limited effect on performance. Chance-level
performance is at 0(B) Weak scaling laws for VLMs. Power-law ts reveal that for achieving
strong data-type identi cation (mean informedne€s7), current VLMs would need to surpass a
trillion parameters. This calls for an alternative strategy to just scaling up current VLMs.

For our second datasdtlaturalTypeldentwe manually curated 50 reference-images from Kag-
gleAnimallmages (Banerjee, 2023). We then followed the exact same procedure for creating data-
type images from the reference-images. However, all generative steps were replaced by a re ned,
deduplicated web-retrieval step for mining style and semantic data-type images. This provides an
in-the-wild, naturally occurring testbed, thereby complementing the precisely cont®jfisthet-
icTypeldentdataset. Since we can procure appropriate images for only 25 data-types (we omit
MULTI _DIFFERENTaNdTIGER_STRIPEY, NaturalTypeldenbnly contains 1,250 samples.

Importantly, we manually veri ed both datasets to ensure that the target data-type for each image
was the most prominent data-type re ected in it, enabling a careful study between models without
interference between data-types. For details about dataset creation refer to the Appendix.

4 BENCHMARKING VLM s ONDATA-TYPE IDENTIFICATION

4.1 EXPERIMENTAL SETUP

We evaluated 39 VLMs from 13 model families, with sizes ranging from 100M to 80B parameters,
across two groups: discriminative, contrastively-trained VLMs (e.g., CLIP) which we refer to as
C-VLMs, and generative, auto-regressively trained VLMs (e.g., OpenFlamingo) which we refer to
as large multi-modal model&¥Ms ) (Li, 2023). Speci cally, from the C-VLM group we evaluated
CLIP (Radford et al., 2021), BLIP-2-ITM (Li et al., 2023c), and CoCa (Yu et al., 2022); in the LMM
group we tested Fromage (Koh et al., 2023b), GILL (Koh et al., 2023a), Multimodal-GPT (Gong
et al., 2023), OpenFlamingo (Awadalla et al., 2023), Otter (Li et al., 2023a), MPlugOwl (Ye et al.,
2023), LLaVA (Liu et al., 2023a), BLIP-2-LLM (Li et al., 2023c), InstructBLIP (Dai et al., 2023),
and IDEFICS (Laurencon et al., 2023). We tested all VLMs on correctly classifying the target
data-type for each evaluation image, in a zero-shot manner. We evaluated C-VLMs by computing
the cosine-similarity of the image embedding and the text embedding of the speci ¢ data-type de-
scription, e.g., A blurred image of an animal. " (see Appendix for full list). For a fair
comparison, we evaluated LMMs by log-likelihood scoring (Dai et al., 2023; Li et al., 2023b) each of
the 27 data-type description texts, with the promptirhage > Q: Describe the image.

A: <data _type _description  >", replacing<data _type _description > by the corre-
sponding text description for a particular data-type. We quanti ed model performance using in-
formednesslyk=TPR; FPR( on data-type, which in addition to the true positive rate (TPR, i.e.,
accuracy) accounts for the false positive rate (FPR). We summarized model performance as mean
informedness across data-typess H «ix. See Appendix for evaluation details.
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