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ABSTRACT

We introduce Bongard-OpenWorld, a new benchmark for evaluating real-world
few-shot reasoning for machine vision. It originates from the classical Bongard
Problems (BPs): Given two sets of images (positive and negative), the model needs
to identify the set that query images belong to by inducing the visual concepts,
which is exclusively depicted by images from the positive set. Our benchmark
inherits the few-shot concept induction of the original BPs while adding the two
novel layers of challenge: 1) open-world free-form concepts, as the visual concepts
in Bongard-OpenWorld are unique compositions of terms from an open vocabulary,
ranging from object categories to abstract visual attributes and commonsense
factual knowledge; 2) real-world images, as opposed to the synthetic diagrams
used by many counterparts. In our exploration, Bongard-OpenWorld already
imposes a significant challenge to current few-shot reasoning algorithms. We
further investigate to which extent the recently introduced Large Language Models
(LLMs) and Vision-Language Models (VLMs) can solve our task, by directly
probing VLMs, and combining VLMs and LLMs in an interactive reasoning
scheme. We even conceived a neuro-symbolic reasoning approach that reconciles
LLMs & VLMs with logical reasoning to emulate the human problem-solving
process for Bongard Problems. However, none of these approaches manage to
close the human-machine gap, as the best learner achieves 64% accuracy while
human participants easily reach 91%. We hope Bongard-OpenWorld can help us
better understand the limitations of current visual intelligence and facilitate future
research on visual agents with stronger few-shot visual reasoning capabilities.

1 INTRODUCTION

In recent years, substantial progress has been recorded in developing visual intelligence. Given
an image, visual agents now can robustly recognize the presenting objects (object detection and
segmentation (Deng et al., 2009; He et al., 2017; Lin et al., 2014)), describe what’s happening (image
captioning (Xu et al., 2015; Li et al., 2023)), and even answering complex questions about it (visual
question answering (Goyal et al., 2017; Hudson & Manning, 2019; Ma et al., 2022a)). However,
completing many of these tasks requires a massive amount of training data. On the contrary, humans
can perform more sophisticated tasks with very few visual inputs (Marr, 2010; Zhu & Zhu, 2021;
Huang, 2021). For example, humans can recognize and reason about compositional real-world visual
concepts from just a few examples (Lake et al., 2015; Zhang et al., 2019; Nie et al., 2020; Jiang et al.,
2022), i.e. few-shot visual reasoning. To facilitate human-level visual intelligence, it is necessary
to go beyond canonical tasks and develop new benchmarks that aim to comprehensively evaluate
few-shot learning of novel and complicated visual concepts.

Several benchmarks have been introduced with a focus on few-shot learning of visual concepts, such
as Omniglot (Lake et al., 2015), miniImageNet (Vinyals et al., 2016), and Meta-Dataset (Triantafillou
et al., 2020). However, these datasets primarily focus on identifying simple object categories instead
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Figure 1: Task illustration of Bongard-OpenWorld. Given two set of images P and N , the model needs to
identify which set the query image Iq belongs to by inferring the concepts C that is exclusively depicted by P .
Note that the captions and the concepts C won’t be provided to the model. To further increase the difficulty
of our task, we introduce distractors as additional contents of the positive images other than the concept C, and
hard negatives to ensure the content of negative images partially overlaps with the concepts C. These practices
could force the model to reason about the visual concepts by contrasting the positives and the negatives.

of novel and complex visual concepts, e.g. compositions of objects and their characteristics (Krishna
et al., 2017) and visual relationships (Chao et al., 2015), and generalization of attributes (Ren et al.,
2020). Many benchmarks have been dedicated to abstract visual reasoning and are considered to
be few-shot learning, such as RPM (Raven-style Progressive Matrices) (Zhang et al., 2019; Barrett
et al., 2018) and Bongard Problems (Nie et al., 2020). While offering interesting visual tasks, these
benchmarks are prone to use synthetic graphics instead of real-world images and stay with basic
object-level geometrical concepts such as shapes, sizes, amounts, etc. The closest benchmark to our
work is Bongard-HOI (Jiang et al., 2022), which features few-shot visual reasoning and compositional
visual concepts (human-object interactions, i.e. HOI) in the real world. But since it is built upon an
existing close-vocabulary image recognition dataset (HAKE (Li et al., 2019)), the total number of
unique concepts (242, while Bongard-OpenWorld has 1.01k) can be limited. Moreover, the concepts
are restricted to be HOIs with a fixed structure ⟨object, interaction⟩, which deviates from the free-form
nature of visual concepts in the real world.

To solve the aforementioned issues and step towards a more general few-shot visual reasoning
challenge that invites all possible contestants, we introduce Bongard-OpenWorld, a benchmark that
reconciles the best of all parties: few-shot learning, real-world images, and compositional visual
concepts. Bongard-OpenWorld inherits the simplicity of the original Bongard Problems: given six
positive and six negative images, along with two query images, the goal is to identify the visual
concepts, which is exclusively depicted by the positive images, and make binary predictions on
the query images (see Figure 1 for illustrations, their quantity here is halved to facilitate a clearer
visualization of image details).

At the heart of our benchmark are open vocabulary free-form concepts and illustrated in Table 1.
Instead of using a small and pre-defined set of concepts that are predominately about the same topic
(object attributes in Bongard-LOGO (Nie et al., 2020), HOIs in Bongard-HOI (Jiang et al., 2022),
etc.), we leverage Conceptual Captions (CC-3M) (Sharma et al., 2018), a massive web-crawled
collection of rich and open vocabulary image descriptions. We further propose grid sampling to
extract visual concepts from the streamlined captions. The resulting visual concepts are therefore
both free-form, with no assumption on the structure, e.g. 2-tuple as in Bongard-HOI, and open
vocabulary. We also crowd-source some challenging concepts, including abstract visual attributes,
and commonsense factual knowledge (examples can be found in Table 1), and compose them with the
concepts extracted from CC-3M. Finally, we manually verify the plausibility of our generated visual
concepts. We end up with 1.01K unique concepts, and 26.6% of them are crowd-sourced challenging
concepts. Statistics of these visual concepts can be found in Figure 2.

We then construct Bongard-OpenWorld problems out of the aforementioned visual concepts. Each
problem is assigned a positive concept and an online image search tool is used to find the most
relevant images. Additionally, we follow the practice in (Jiang et al., 2022) to introduce distractors
and hard negatives. We collect positive images containing additional content as distractions other
than the visual concepts C. Moreover, by partially modifying the positive concept to produce negative
concepts, we ensure the content of the negative images partially overlaps with the positives. Therefore,
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Table 1: A catalog of visual concepts in Bongard-OpenWorld. We demonstrate the categories of concepts
mined from CC-3M, and challenging commonsense-related concepts that are crowd-sourced and augmented to
the dataset. ∗denotes commonsense. More examples see Table 9.

Concept Category ID Example

Anything else∗ 0 Animals are running.
HOI 1 A person playing the guitar.

Taste / Nutrition / Food 2 A plate of high-calorie food.
Color / Material / Shape 3 A wooden floor in the living room.

Functionality / Status / Affordance 4 An animal capable of flying in the tree.

Concept Category ID Example

And / Or / Not 5 A man without beard.
Factual Knowledge 6 A building in US capital.

Meta Class 7 Felidae animals.
Relationship 8 A bench near trees.

Unusual Observations 9 Refraction of light on a glass cup.

reasoning about the visual concepts by contrasting the positive and negative images will be required to
solve the problem, rather than merely recognizing some simple common contents among the positive
images (illustrated in Figure 1). Overall, we produce 1.01K high-quality Bongard-OpenWorld
problems. Thanks to the diverse set of concepts, each problem has its unique visual concepts.
Comparisons with counterpart benchmarks can be found in Table 2.

Figure 2: Statistics of Bongard-OpenWorld. Our benchmark exhibits a range of concept lengths, spanning
from 2 to 5 (as depicted in subfigure a), with an average length of 3.3. As demonstrated in Table 1, crowd-sourced
commonsense concepts take ID 1~9, with 0 indicating "anything else" (as depicted in subfigure b). While some
words are more frequent (see the word cloud, as depicted in subfigure c), the overall frequency of words in
Bongard-OpenWorld concepts follows a long-tailed distribution.

Benchmarking existing few-shot reasoners: In our experiments, we examine state-of-the-art few-
shot learning approaches, including non-episodic, meta-learning, and transformer-based models.
Although the best few-shot learner (SNAIL (Mishra et al., 2018)) shows some promising results on
Bongard-OpenWorld with a 64% average accuracy (the chance performance is 50%), the overall
gap to human performances (91% of human contestants) is still substantial. To understand the
failure mode, we hypothesize that visual pretraining could be pivotal due to the open vocabulary
nature of our task. Therefore we investigate combining the learner with several pretrained visual
representations. The results confirm that few-shot learners fueled with proper open-ended pretrained
models, e.g. CLIP (Radford et al., 2021) can alleviate this gap. Further, we investigate to which extent
the recently introduced Vision-Language Models (VLMs) and Large Language Models (LLMs) can
approach Bongard-OpenWorld, by directly probing VLMs, and combining VLMs and LLMs in an
interactive reasoning scheme (Zhu et al., 2023; Gao et al., 2022). We also developed a neuro-symbolic
reasoning method that integrates LLMs and VLMs with logical reasoning, it aims to mimic human
problem-solving processes in addressing Bongard Problems. Our results indicate that despite the
impressive results these approaches have attained in other tasks, they can still be confused by similar
content between positive and negative examples in Bongard-OpenWorld and therefore fail to close
the human-machine gap.

Our contributions are summarized as follows:

• We introduce Bongard-OpenWorld, a new benchmark for few-shot visual reasoning with visual
concepts in the real world, aiming at reconciling the challenging capabilities of few-shot learn-
ing and reasoning with abstract and complicated real-world visual concepts and facilitating the
development of human-like visual intelligence.

• We carefully curate Bongard-OpenWorld to include open vocabulary and free-form visual concepts,
ranging from object categories to abstract visual attributes and commonsense factual knowledge.
We also use distractors and hard negatives to make merely recognizing some common contents in
the positives insufficient to complete our tasks.

• We conduct extensive analysis on state-of-the-art few-shot reasoners including canonical few-
shot learning systems and powerful LLMs, VLMs, and even neuro-symbolic learners. However,
empirical results indicate that these approaches are struggling to match human performances on
Bongard-OpenWorld. Our findings suggest that robustly capturing sophisticated (compositional,
abstract, factual or commonsense, etc.) visual concepts across multiple visual stimuli can still be a
huge challenge to even today’s vision models.
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Table 2: An overview of benchmarks covering free-form image concepts, few-shot learning, and visual
reasoning. The abbreviation vocab. denotes vocabulary and attr. denotes attributes. ∗We consider a benchmark
to be open vocabulary when it is collected without assuming a fixed set of visual concepts (e.g. CC-3M (Sharma
et al., 2018)), or the assumed set is substantially large (e.g. Meta-Dataset (Triantafillou et al., 2020)). ∗∗The
object attributes and object counts can be freely composed in V-PROM (Teney et al., 2020) but the object (O)
and interaction (I) in Bongard-HOI (Jiang et al., 2022) cannot.

dataset concept free-form
concept

open
vocab.∗

real-world
images

few-
shot

hard
negatives #concepts #tasks

CC-3M (Sharma et al., 2018) image caption ✓ ✓ ✓ ✗ ✗ 31.1K 3.3M

Omniglot (Lake et al., 2015) shape ✗ ✗ ✗ ✓ ✗ 50 1.62K
miniImageNet (Vinyals et al., 2016) image label ✗ ✗ ✓ ✓ ✗ 100 60K

Meta-Dataset (Triantafillou et al., 2020) image label ✗ ✓ ✓ ✓ ✗ 4,934 52.8M

RPM (Barrett et al., 2018) shape ✗ ✗ ✗ ✓ ✗ 50 11.36M
Bongard-LOGO (Nie et al., 2020) shape ✗ ✗ ✗ ✓ ✗ 627 12K

V-PROM (Teney et al., 2020) attr. & count ✓∗∗ ✗ ✓ ✓ ✗ 478 235K
Bongard-HOI (Jiang et al., 2022) HOI ✗∗∗ ✗ ✓ ✓ ✓ 242 53K

Bongard-OpenWorld (ours) image caption ✓ ✓ ✓ ✓ ✓ 1.01K 1.01K

2 THE BONGARD-OPENWORLD BENCHMARK

A problem instance in Bongard-OpenWorld can be formulated as a tuple ⟨C,P,N , Iq⟩, where C
denotes the free-form compositional visual concepts, e.g. animals are running in Figure 1. The C is
exclusively depicted by the positive images P , while all images from the negative set N do not depict
it but might partially contain some of its terms c. The task is to make a binary prediction on the query
image Iq: to determine whether C can be found in Iq or not. While it is optional, the learner could
explicitly induce the visual concepts C via captioning to offer some explainability of its prediction on
Iq . The following sections will detail how to collect the visual concepts and build the benchmark.

2.1 COLLECTING FREE-FORM OPEN VOCABULARY VISUAL CONCEPTS

Visual concepts C in Bongard-OpenWorld. We begin with a more detailed illustration of the
visual concepts C. As we anticipate it to be free-form and open vocabulary in our benchmark, C is
effectively an arbitrary sentence that describes the content depicted by all images from the positive
set P exclusively. However, since not all words in the sentence are meaningful to its semantics, we
may streamline and convert it into a tuple of words and define the length of visual concepts C as the
number of words in the tuple. Longer C will be more difficult to be identified.

Grid-sampling of visual concepts from CC-3M. We propose to extract these visual concepts from
CC-3M (Sharma et al., 2018), a massive dataset of image-text pairs with a comprehensive collection
of open vocabulary free-form image descriptions. We then streamline all the captions into concepts
tuples and perform grid sampling. Due to space limitations, we only provide its key operations
here and more details and pseudo-code can be found in the Appendix C: 1) We run sliding window
with size 2/3/4/5 over all the concepts tuples to count the frequency of concepts with length 2/3/4/5;
2) Instead of sampling from the whole CC-3M "concept tuples" (refer to candidates for the visual
concepts, where each concept conprises a tuple of words, ex. <red, tie>), we first split it into seveal
small pools, or as we name it, "grids" (denotes the pool we sample concept from), with size of 300
each. Then we perform top-k sampling within each grid to obtain concepts (this process is termed
grid sampling). We find this balances the need for sampling top concepts and sample diversity, as the
variance introduced by a small grid facilitates the sampling of more long-tailed concepts in CC-3M.

Crowd-sourcing for challenging visual concepts. During our early inspection, we observed that
visual concepts out of CC-3M are mostly about object categories and their relatively simple attributes
& relations. However, humans can understand more abstract concepts that require commonsense
factual knowledge. Therefore, we further augment the visual concepts with these challenging
concepts through crowd-sourcing. Specifically, the annotators are instructed to write visual concepts
by following a predefined set of categories illustrated in Table 1. They are also asked to combine
these challenging concepts with those mined from CC-3M. Our experiments confirm that Bongard-
OpenWorld problems with these commonsense concepts become more difficult to solve.

2.2 FROM VISUAL CONCEPTS TO REAL-WORLD BONGARD PROBLEMS

Distractors in positives and hard negatives. To further increase the intra-diversity among the
positives P and therefore perplex the induction of given visual concepts C, we prompt ChatGPT
to expand it into 10 sentences for positives by inserting distracting objects, attributes, etc. while
ensuring common ground is still C. Moreover, prior work on Bongard Problems (Jiang et al., 2022)
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(a) Few-shot learning for Bongard-OpenWorld. (b) VLM+LLM (single-round) for Bongard-OpenWorld
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(d) Neuro-symbolic approach for Bongard-OpenWorld
Figure 3: Models for Bongard-OpenWorld. We explore four families of approaches: (a) casting Bongard-
OpenWorld into a standard “2-way, 6-shot” few-shot learning problem and tackling it using state-of-the-art
few-shot learners with pretrained image representations; (b) combining an LLM (reasoner) and a VLM (image
captioner) in a single round fashion, where the VLM simply caption each Bongard image and send their captions
to LLM for solving this problem; (c) extending the method in (b) to multiple rounds, where the LLM will also
iteratively probe the VLM for more image details, resulting in more condense information for solving Bongard;
(d) neuro-symbolic approach, where a VLM generates the initial captions, then an LLM extracts visual concepts
from them. These concepts are subsequently updated through logical operations, leveraging the responses
provided by VLM, until the problem is solved. Zoom in for a better view.

has shown that improper choices of the negative set N , e.g. a set of randomly chosen images, could
trivialize the challenge by allowing the model to merely recognize part of the visual concepts C
(e.g. only recognizing “animals” of a full concept “animals are running” in Figure 1) and solve the
problem. Therefore, the content of the negative images should overlap with C to ensure the need of
inducing full visual concepts. To this end, we again prompt ChatGPT to edit C into 10 sentences for
negatives that only partially overlap with it. Both sets will then be used to collect images.

Image collection and adversarial query selection. We ask our annotators to pick some sentences
from the two sets, use an online image search tool to find relevant images, and construct the positive
and negative set of a Bongard-OpenWorld problem by following the principle (the visual concepts C
are exclusively depicted by the positives P). The annotators are then asked to provide two sets of
candidates for positive and negative queries based on the unused positive and negative sentences.
Finally, we compute the embedding of all images using CLIP (Radford et al., 2021) and the image
with maximal embedding distance to the mean of positives will be selected as a positive query (similar
to negative query). We find this adversarial query selection help ensure the difficulty of the problem.

Final curation. We employ a round of manual refinement as the last hurdle to help us curate the
dataset. We ask the participant to flag any problem that does not comply with the Bongard principle
and provide a fix, by replacing the faulty images or modifying the visual concepts C if possible.
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2.3 DATA STATISTICS, AND METRICS

Statistics. We present the statistics of Bongard-OpenWorld in Figure 2. Here are some observations:
First of all, although our dataset does not assume the structure of the free-form visual concepts C,
concepts with lengths 2, 3, and 4 accounts for a staggering 90% of all the problems, which both reflect
the nature of common visual concepts and avoid overly complicated problems when the concepts
become longer. The even distribution of concepts these lengths ensures a reasonable difficulty and
is verified by our human study in Section 4.2; Moreover, we manage to crowd-source a significant
amount of interesting commonsense visual concepts, which make up nearly 1/4 of all the tasks, and
each proposed commonsense category has a fair share in the problems; Finally, the word cloud and
histogram of concepts demonstrate that some words, e.g. “people”, “field”, etc., can be more popular
but the word distribution is long-tailed. This aligns with CC-3M, i.e. lots of human-centered scenes
and the concepts indeed follow a long-tailed distribution.

Dataset splits and metrics. We divide the 1.01k Bongard-OpenWorld problems into a 610/200/200
split for training/validation/test. We use rejection sampling to ensure the distribution of concept
lengths, commonsense vs. non-commonsense concepts are identical among these three sets. Following
the prior work in Bongard Problems (Jiang et al., 2022; Nie et al., 2020), we report the overall accuracy
of all models. To help understand the difficulty imposed by the free-form open vocabulary concepts,
we further report the accuracy on some subsets: 1) problems with short concepts, i.e. concept length
less or equal to three; 2) problems with long concepts, i.e. concept length more than three; 3) problems
with commonsense concepts; 4) problems with non-commonsense concepts. These additional metrics
provide a more detailed and nuanced understanding of the models’ performance and can help identify
specific strengths and weaknesses of each model. We also introduce a set of metrics that measure the
correctness of the visual concepts explicitly induced by the model. Please refer to the Appendix C for
detailed descriptions of these metrics.

3 MODELS FOR BONGARD-OPENWORLD

In general, Bongard-OpenWorld can be viewed as a few-shot learning problem. Given two small
sets of images P and N , the model ultimately needs to make a binary prediction on the query
image Iq. A representation network is also needed to process the images and provide input to the
few-shot learner. We start by considering several canonical few-shot learners, including non-episodic
approaches and meta-learning-based avenues. Inspired by the recent progress in Large Language
Models (LLMs) and Vision-Language Models (VLMs), we investigate to which extent they can
approach Bongard-OpenWorld, by directly probing VLMs, and combining VLMs and LLMs in an
interactive reasoning scheme (Zhu et al., 2023; Gao et al., 2022). We also designed a neuro-symbolic
reasoning approach that reconciles VLMs and LLMs with logical reasoning. We provide an overview
of these methods in Figure 3.

3.1 FEW-SHOT LEARNING FOR BONGARD-OPENWORLD

Few-shot learning methods. Following the seminal few-shot learning work (Nie et al., 2020; Jiang
et al., 2022; Triantafillou et al., 2020; Requeima et al., 2019; Bateni et al., 2020), we consider
meta-learning method, where the learner adopts the episodic learning setting and learns to train a
classifier using the support set with a meta objective and evaluate the trained classifier on the query.
In our experiment, we include the following meta learners: 1) ProtoNet (Snell et al., 2017) and Meta-
Baseline (Chen et al., 2020), which both feature a metric-based meta objective; 2) MetaOptNet (Lee
et al., 2019) and SNAIL (Mishra et al., 2018), two optimization and memory-based methods. Note
that SNAIL uses transformers (Vaswani et al., 2017) and delivers strong results in many few-shot
learning tasks and outperforms other baselines on Bongard-OpenWorld. Readers are encouraged to
refer to the Appendix F and the relevant papers for more details.

Auxiliary task of captioning. As we mentioned before, understanding visual concepts serves as
the foundation of completing Bongard-OpenWorld tasks. Therefore we investigate if we can boost
this via an auxiliary task of predicting the concepts. Since we employ free-form open vocabulary
concepts, we connect our image encoder to a pretrained BLIP-2 (Li et al., 2023) caption decoder
(specifically, the QFormer and the language model) and use caption loss for the task. The overall
loss then becomes L = LBongard + αLcaption, where LBongard and Lcaption denote the main loss and the
auxiliary loss, respectively. α is a trading-off weight. More details can be found in the Appendix D.
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3.2 COMBINING VLMS AND LLMS FOR BONGARD-OPENWORLD (SINGLE-ROUND)
Evaluation. In this approach, an LLM is used as a few-shot reasoner while a VLM is invoked to
translate the images in a Bongard Problem into captions. Specifically, we evaluate two publicly
available LLMs: ChatGPT (Ouyang et al., 2022) and GPT-4 (Bubeck et al., 2023), and follow the
prior practices (Ma et al., 2022b; Gao et al., 2022) to use BLIP-2 (Li et al., 2023) and its successor,
InstructBLIP (Dai et al., 2023) to extract captions. Finally, the LLM is anticipated to produce a binary
prediction of the query image by learning from the few-shot examples (images as captions) in the
prompt through in-context learning (Brown et al., 2020). We provide more details on the prompt
design in the Appendix D.

Explicit visual concepts induction. Since we are particularly interested in the visual concepts
induced by the models, we further prompt the LLMs to produce an explanation of the binary
prediction it makes. Specifically, the model is guided to summarize the visual concepts C that is
exclusively depicted by the positives. The model’s summary will then be compared against the ground
truth and evaluated using the image captioning metrics we introduced in Section 2.3.

3.3 COMBINING VLMS AND LLMS FOR BONGARD-OPENWORLD (MULTI-ROUND).
In the previous section, LLM indeed relies on the captions produced by the VLM. However, these
captions may lack crucial image information, potentially misleading the LLM reasoner. To mitigate
this issue, an additional task can be assigned to the LLM beforehand. This task involves generating
questions based on the initial captions and the objectives of BPs. These questions are not hallucina-
tions from the LLMs; they are derived from existing information. The VLM utilizes these questions
as prompts, providing answers based on the image content, and feedback to the LLM to update
existing information. By iteratively repeating this question-answering process multi-round, the LLM
can acquire highly detailed information that enhances their reasoning. In our results, we denote this
approach as ChatCaptioner, as it is introduced in Zhu et al. (2023).

3.4 A NEURO-SYMBOLIC APPROACH FOR BONGARD-OPENWORLD.
Bongard-OpenWorld is indeed built upon logical operations over visual concepts, which also serve as
the foundation for BPs. Inspired by how our humans approach Bongard Problems, we design a neuro-
symbolic approach that combines logical reasoning with VLMs & LLMs. Specifically, after obtaining
the captions from a VLM, we leverage GPT-4 to generate meaningful concepts, which currently
stands as the most powerful method for semantic understanding. Subsequently, we perform logical
operations on the collection of concepts. Then, we update each negative concept with the intersection
of positive images and each positive concept with the union of negatives. The intersection of positives
must appear in at least four (positives total is six) pictures, although it may be absent in some pictures
while still being part of the ground truth concepts. The union of negatives must appear in at least
two (negatives total is six) pictures and may partially overlap with positives. We iterate this process
until no further updates are required for each image, resulting in the most comprehensive information.
Finally, we evaluate the presence of each intersection concept in the query image. If all the concepts
exist, indicating that the intersection belongs to the query, it is considered positive; otherwise, it is
deemed negative. Please refer to Algorithm 2 in the Appendix C for detailed implementation.

4 EXPERIMENTS

4.1 SETUP

We benchmark the approaches described in Section 3 to evaluate their performances on Bongard-
OpenWorld. As we mentioned before, all the few-shot learner (excluding ChatGPT and GPT-4)
adopts a ConvNext-base (Liu et al., 2022) image encoder. We consider four pretraining strategies: 1)
no pretraining at all (scratch); 2) pretraining with ImageNet-1K dataset (IN-1K) (Deng et al., 2009);
3) pretraining with the full ImageNet dataset with more object categories (IN-22K); 4) pretraining
with LAION-2B (Cherti et al., 2022; Schuhmann et al., 2022), a massive image-text collection
(OpenCLIP). During training, the image encoder will be fine-tuned along with the few-shot learner
regardless of being pretrained or not, but we use a smaller learning rate for the pretrained image
encoders. For the auxiliary task, we connect the image encoder to the caption decoder of a pretrained
BLIP-2-opt-6.7B model. Note both the QFormer and the query tokens are pretrained and a
trading-off weight of α = 1.0 is used. For LLM-based methods, we use the same BLIP-2 and
InstructBLIP model to produce the captions for each image. Thanks to the large context length
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Table 3: Quantitative results on Bongard-OpenWorld. All the non-LLM models use a ConvNeXt-base (Liu
et al., 2022) image encoder, and we experiment with different pretraining strategies: no pretraining at all (scratch),
pretraining with ImageNet-1K labels (IN-1K) (Deng et al., 2009), pretraining with full ImageNet-22K labels
(IN-22k) and pretraining with LAION-2B (Schuhmann et al., 2022; Cherti et al., 2022) dataset (OpenCLIP).
The framework corresponds to the four families of approaches depicted in Figure 3, w/ T and w/o T indicate
whether the training set of Bongard-OpenWorld is utilized or not. While the LLM-based models use either
BLIP-x or ChatCaptioner captions as the image representations. For the auxiliary captioning task, the few-shot
learners are connected to the caption decoder of a pretrained BLIP-2-opt-6.7B model, and zero-shot models
output captions by their reasoning. ∗denotes commonsense. ∗∗involves utilizing the ground truth concepts from
Bongard-OpenWorld training set and the captions from BLIP-2 as inputs to fine-tuning ChatGPT over 5 epochs.
The fine-tuned model is evaluated on the test set. It is worth noting that InstructBLIP was not fine-tuned due
to a significant drop in its performance on ChatGPT. We splice raw images together in a manner similar to the
examples in Appendix H, using only one query image each time, which is then inputted for GPT-4V reasoning.

method framework image
representation

aux.
task?

splits
avg.short long CS∗ anything

concept concept concept else∗

Meta-Baseline
(a) w/ T IN-22K ✗ 59.6 52.7 55.5 56.9 56.5
(a) w/ T OpenCLIP ✗ 57.8 52.5 53.6 55.9 55.3
(a) w/ T OpenCLIP ✓ 54.6 58.2 55.5 56.6 56.3

MetaOptNet

(a) w/ T scratch ✗ 52.3 51.6 54.5 51.0 52.0
(a) w/ T IN-1K ✗ 60.6 47.3 54.5 54.5 54.5
(a) w/ T IN-22K ✗ 61.5 51.5 53.6 57.9 56.8
(a) w/ T OpenCLIP ✗ 63.3 51.6 50.9 60.7 58.0
(a) w/ T OpenCLIP ✓ 62.8 51.1 51.8 59.7 57.5

ProtoNet

(a) w/ T scratch ✗ 57.8 50.5 48.2 56.9 54.5
(a) w/ T IN-1K ✗ 56.9 54.9 51.8 57.6 56.0
(a) w/ T IN-22K ✗ 62.4 51.6 54.5 58.6 57.5
(a) w/ T OpenCLIP ✗ 61.9 53.8 59.1 57.9 58.3
(a) w/ T OpenCLIP ✓ 59.2 57.7 51.8 61.0 58.5

SNAIL

(a) w/ T scratch ✗ 52.8 46.2 50.9 49.3 49.8
(a) w/ T IN-1K ✗ 61.5 54.9 48.2 62.4 58.5
(a) w/ T IN-22K ✗ 62.8 57.7 54.5 62.8 60.5
(a) w/ T OpenCLIP ✗ 64.2 57.7 57.3 62.8 61.3
(a) w/ T OpenCLIP ✓ 66.1 61.5 63.6 64.1 64.0

OpenFlamingo (b) w/o T OpenCLIP ✓ 50.0 48.4 50.9 48.6 49.3

Otter (b) w/o T OpenCLIP ✓ 49.3 49.3 48.9 49.4 49.3

ChatGPT
(b) w/o T BLIP-2 ✓ 60.6 56.6 55.5 60.0 58.8
(b) w/o T InstructBLIP ✓ 52.1 50.6 48.1 52.7 51.4
(c) w/o T ChatCaptioner ✓ 52.3 45.6 57.3 46.2 49.3

ChatGPT (Fine-tuned)∗∗ (b) w/ T BLIP-2 ✓ 67.0 58.8 55.5 66.2 63.3

GPT-4 (b) w/o T BLIP-2 ✓ 64.5 58.0 57.3 63.2 61.6
(b) w/o T InstructBLIP ✓ 67.3 59.7 59.3 65.6 63.8

GPT-4V (b) w/o T Raw Images ✓ 54.6 53.3 50.9 55.2 54.0

Neuro-Symbolic (d) w/o T InstructBLIP ✓ 58.3 52.2 56.4 55.2 55.5

Human N/A N/A N/A 91.7 90.1 89.1 91.7 91.0

allowed by the GPT-x family, no downsampling of captions is needed. Finally, we select the best
model on the validation set and report its metrics on the test set proposed in Section 2.3. Full details
on the hyperparameters can be found in the Appendix D.

4.2 ANALYSIS AND INSIGHTS

We provide the full quantitative results of the considered models (detailed in Section 3) on Bongard-
OpenWorld in Table 3. The major findings are summarized below:

Challenges of free-form visual concepts. In Table 3, we demonstrate both overall averaged accuracy
on the test set and also four types of splits as introduced in Section 2.3. It can be observed that
once a model does better than coin-flipping (50% chance of success), it generally struggles more on
Bongard-OpenWorld problems with longer free-form concepts versus shorter ones. Also, problems
with abstract commonsense visual concepts (as described in Section 2.1) impose a greater challenge
than those without it. This aligns with our hypothesis that few-shot reasoning with free-form visual
concepts is indeed more difficult, compared to counterparts with a fixed set of image categories or
HOIs, which are relatively short and likely do not include any commonsense aspects.
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Representations and open vocabulary. As we mentioned before, reasoning with Bongard-
OpenWorld problems requires the models to embrace an open vocabulary setting, where the set
of all possible visual concepts are not provided a priori. Our experiments with different image
representations verify that, by making the pretraining strategy closer to open vocabulary, i.e. ex-
panding the vocabulary of visual concepts the image encoder is exposed to (in our case, from none
to IN-1K, IN-22k, and LAION-2B label set), most of the evaluated few-shot learners can attain
consistent improvement. Note that even with the fully open vocabulary pretraining (OpenCLIP),
the gap between the best model (SNAIL) and humans is still quite substantial, implying that better
pretraining is not a complete solution but more of a foundation for solving the reasoning task in
Bongard-OpenWorld.

The role of captioning. In Table 2, we have shown that the free-form visual concepts in Bongard-
OpenWorld are image captions. Therefore, we are interested in exploring to which extent the
captioning task itself can help with Bongard-OpenWorld. First of all, we can observe that adding
the auxiliary captioning task can slightly boost ProtoNet (+0.2%) while escalating Meta-Baseline
(+2.5%) and SNAIL (+2.7%) more significantly. We also find fine-tuning with the auxiliary task
could be more challenging as a large model (BLIP-2 decoder) is plumbed to the learner, making some
few-shot learners unable to benefit from the auxiliary task.

On the other hand, even with off-the-shelf captions from BLIP-2, LLM-based methods still fail to
close the human-machine gap. We hypothesize the reason to be two-fold: 1) distractors, without
awareness of the Bongard-OpenWorld task and other images in the current problem, the captions
BLIP-2 produces could be distracted by irrelevant content and miss description needed by the visual
concepts; 2) hard negatives, as illustrated in Figure 1, the conceptual similarity between positives
and negatives could perplex the concept induction of the LLM. Due to space limitation, we defer
qualitative results of explicit concept induction of LLM-based method to the Appendix G.

Different few-shot learners. Many previous benchmarks (Nie et al., 2020; Jiang et al., 2022) have
demonstrated that some few-shot learners are generally better than others in few-shot visual reasoning.
Our winner here is SNAIL, a memory-based learner with a transformer architecture. It even surpasses
the strong GPT-4 baseline on all measures. We hypothesize that the memory-based approach could
suit Bongard-OpenWorld better as our dataset does not offer a huge amount of few-shot training
episodes. Therefore, additional inductive biases like the sample retrieval in SNAIL could make the
learner more data efficient.

Limitations of current VLMs. The results in Table 3 indicate that combining VLMs & LLMs in
a zero-shot fashion, specifically using InstructBLIP to generate more complex captions, leads to a
significant drop in the performance of ChatGPT. We hypothesize this drop is due to InstructBLIP
introducing excessive noise that interferes with the reasoning of ChatGPT, while the robustness of
GPT-4 remains unaffected. We attribute this to the limitations of current caption model in accurately
representing open vocabulary free-form visual concepts, abstract visual attributes, and commonsense
factual knowledge in Bongard-OpenWorld. Additionally, even powerful end-to-end pre-trained VLMs
(e.g., OpenFlamingo, Otter) still face challenges with multi-image reasoning, which is a unique and
particularly difficult aspect of Bongard-OpenWorld.

Neuro-Symbolic also failed. While performing logical operations directly on visual concepts may
initially appear as an ideal solution, but the results are not satisfactory. GPT-4’s ability to comprehend
and extract concepts is unquestionable. However, we observed that the accuracy of inducing the
true concept is disappointingly low, with a significant presence of irrelevant noise concepts, due
to the inability of the concept extractor, i.e. the VLM. This leads us to point that, as mentioned
earlier, developing a powerful model capable of multi-image reasoning and accurately inducing open
vocabulary free-form visual concepts still requires tremendous effort.

5 CONCLUSION

We have introduced Bongard-OpenWorld, a benchmark for evaluating real-world few-shot reasoning
for machine vision. It combines the best of few-shot learning and complicated real-world visual
concepts. The diverse nature of these concepts including abstract visual attributes and commonsense
factual knowledge impose great challenges to AI. State-of-the-art few-shot learners and even sophisti-
cated systems reconcile LLMs & VLMs, largely fall behind human contestants. We invite people
from different AI communities to join our challenge for this grand challenge.
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