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Figure 1: The BLINK Benchmark. BLINK contains 14 visual perception tasks that
can be solved by humans “within a blink”, but pose significant challenges for current
multimodal LLMs. These tasks are inspired by classical computer vision problems and
recast into multiple-choice questions for multimodal LLMs to answer. Notice that the
visual prompts and questions in this figure are different from the actual ones used in the
benchmark for illustrative purposes, and answers of the samples are provided in fn@

Abstract. We introduce BLINK, a new benchmark for multimodal lan-
guage models (LLMs) that focuses on core visual perception abilities
not found in other evaluations. Most of the BLINK tasks can be solved
by humans “within a blink” (e.g., relative depth estimation, visual cor-
respondence, forensics detection, and multi-view reasoning). However,
we find these perception-demanding tasks cast significant challenges for
current multimodal LLMs because they resist mediation through nat-
ural language. BLINK reformats 14 classic computer vision tasks into
3,807 multiple-choice questions, paired with single or multiple images
and visual prompting. While humans get 95.70% accuracy on average,
BLINK is surprisingly challenging for existing multimodal LLMs: even the
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best-performing GPT-4V and Gemini achieve accuracies of 51.26% and
45.72%, only 13.17% and 7.63% higher than random guessing, indicating
that such perception abilities have not “emerged” yet in recent multimodal
LLMs. Our analysis also highlights that specialist CV models could solve
these problems much better, suggesting potential pathways for future
improvements. We believe BLINK will stimulate the community to help
multimodal LLMs catch up with human-level visual perception.

Keywords: Multi-modal Large Language Models - Vision-Language
Benchmark - Visual Perception Evaluation

1 Introduction

Compared to today, computer vision was originally attempting to interpret images
as projections of 3D scenes, not just processing 2D arrays of flat “patterns” |25
59./62]. In this pursuit, early research developed a series of intermediate tasks:
they focused on understanding optical properties like reflectance |12,[79], 3D
primitives through multi-view reasoning [38,/60], geometric reasoning through
depth estimation [76], instance recognition through visual correspondence [56],
affordance through keypoint grounding [37], and forensics through intrinsic
images [9]. Yet in the modern era of large language models (LLMs), we, as a
community, have focused less on such perceptual tasks, and instead have developed
new tasks, mostly expressed in natural language, emphasizing the vision-language
connection learned by multimodal LLMs [3}/6}|181/20}24,[261/51}(52}/57}63}66173}80].
This might be because many traditional computer vision tasks resist mediation
through natural language, due to the inherent imprecision of language (e.g., it is
challenging to precisely pinpoint a spatial keypoint through language).

This paper aims to highlight crucial aspects of visual perception that have been
overlooked when evaluating multimodal LLMs. To appropriately position our pa-
per, let us revisit how we currently evaluate perception through using multimodal
LLMs [44}/45]48}53)54},/58,90]. While many of these benchmarks have been popu-
larized as the de facto evaluation measures for influential models like GPT-4V and
Gemini-Pro, they conflate perception with language knowledge and reasoning. At
the risk of singling out one benchmark, let us consider two questions highlighted
in the popular MMBench [53]: “<image 1> Why is this hummingbird called
ruby-throated?” and “<image 1> What will happen next? A: the person
is gonna laugh B: the person is gomnna cry.” For the first question, the
vision subpart is to recognize the hummingbird. For the second, it only needs a
coarse description of the image. Everything else is left to the language model to
solve. Such a conflation has also been reported for other benchmarks by previous
work [11,/3987]. Our experiments show that this conflation reductively evaluates
perception as a dense captioning task. In other words, by replacing the image
with a task-agnostic dense caption, our experiments show that a “blind”
GPT-4 performs well on these “multimodal tasks”.

In response, we propose BLINK. BLINK reimagines traditional computer vi-
sion problems through a format that allows us to evaluate multimodal LLMs.
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Figure 2: Comparison between BLINK and previous benchmarks. BLINK has
several novel features: (1) BLINK incorporates diverse visual prompts, like circles, boxes,
and image masks, while previous benchmarks only have text questions and answers.
(2) BLINK evaluates a more comprehensive range of visual perception abilities, like
multi-view reasoning, depth estimation, and reflectance estimation. Prior benchmarks
are generally more focused on recognition-based VQA. (3) BLINK contains “visual”
commonsense problems that humans can answer within seconds, while prior benchmarks
like require domain knowledge. The samples of previous benchmarks are from @7

@,lQ_O]. Part of our samples are curated from m,@,@,@,@,lﬁ@_l].

As partially demonstrated in Figure Eﬂ BLINK consists of 14 classic computer
vision tasks, ranging from low-level pattern matching (e.g., visual correspon-
dences estimation) to mid-level reasoning (e.g., relative depth estimation), and
extending to high-level visual understanding (e.g., visual similarity). The image
tasks are meticulously selected such that they are difficult to solve by reducing
the evaluation using dense captioning; instead, the models must perceive the
contents of the image(s) to answer. We recast each traditional task into a modern
question-answering format, where answer choices are either images or text. BLINK
contains 3.8K questions across 7.3K images, where questions may contain multiple
images that are curated from a wide range of datasets ,
encompassing indoor household scenes as well as outdoor urban or natural en-
vironments. The questions and choices are either derived from the datasets, or

5 The answers of the examples in Figure are as follows. Relative depth: B; jigsaw: A;
multi-view reasoning: right; visual correspondence: A; semantic correspondence: C;
forensics detection: final image; IQ test: D; visual similarity: upper one; functional
correspondence: A; relative reflectance: they are about the same.
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manually written by humans. On average, each question can be solved by a
human subject within a BLINK of an eye, except the IQ test.

We carefully evaluate 17 multimodal LLMs with various sizes (i.e., 7B,
13B, 34B) on BLINK. We observe the paradox that while these problems
are easy for humans (95.70% average accuracy), they are extremely
hard for existing machinery — even GPT-4V model can only achieve 51.26%
accuracy on average, which is 44.44% worse than humans, and 13.17% better than
random guessing. We also experiment with specialist vision models and find that
they perform much better than multimodal LLMs. For example, the specialist
outperforms GPT-4V by 62.8% on visual correspondence estimation, 38.7% on
relative depth estimation, and 34.6% on multi-view reasoning, in terms of absolute
accuracy. Our findings indicate that the perceptual abilities of multimodal LLMs
have been previously overestimated. Furthermore, these models may benefit from
integrating insights from specialized models that excel in these areas. We believe
BLINK can serve as an effective testbed for bridging the gap between traditional
notions of perception and the modern generative capabilities of multimodal LLMs.

2 Related Work

Multimodal models: Inspired by the impressive success in recent large language
models (LLMs) [13,/21,/63,/77,/93|, a sequence of studies explore multimodal
LMDMs that can jointly understand vision and language information and generate
textual answers through adding a modality adaption structure between a frozen
visual encoder [27,65,/71] and a frozen LLM [77,(93]. Flamingo |3] and BLIP-
2 |46] are two of the earliest works to explore these transformer-based multi-
modality conjunction structures. They first pre-train on image-text matching
datasets [15,/42,47,/67] and then fine-tune on task-specific datasets such as
visual question answer (VQA) [4,134]. Starting from LLaVA [49,[51], people use
LLM synthesized instruction-following chat data (which are in VQA format)
for instruction tuning and achieve much better results |7/16,24.(73|. There have
been extended studies that explore further capabilities of multimodal LLMs,
especially on VQA reasoning [30-33,[39,/40,/68,/78,84,92]. However, they mainly
focus on the textual reasoning abilities [83] within the multimodal LLMs and do
not emphasize visual perceptions.

Multimodal benchmarks: Traditional vision-language datasets are designed to
assess single-task capabilities, such as optical character recognition (OCR) [55],
image captioning [47|, and visual question answering [4,34|. However, these
datasets are often not comprehensive enough to holistically assess multimodal
LMMs on general perception and reasoning abilities. Many recent papers have
built more comprehensive benchmarks. MME [28] is one of the earliest holistic
benchmarks containing multi-modal Yes/No questions on the defined visual
perception and language reasoning tasks. MM-Vet [89] includes six sub-features
from the previous datasets including recognition-focused questions, OCR, and
math, providing a diverse while discrete evaluation set. MMBench [53] covers
more subjects and provides a more robust circular evaluation setting. Seed-
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Bench [44,/45] benchmark has a more diverse source of inputs, including multiple-
image inputs and video, and includes more tasks. However, the visual perception
questions in MME, MMBench, MM-Vet, and Seed-Bench are mainly extracted
from existing VQA datasets or generated by GPT [63| from image descriptions
such as COCO-Caption [47], and are recognition focused, covering topics such as
object (attribute)recognition, and OCR. In contrast, we focus on multiple distinct
nuanced perception abilities and recognition-level perception is only one of our
focus. Some other multimodal benchmarks have distinct focuses. MMMU [90]
aims at achieving expert-level artificial general intelligence by collecting domain-
knowledge-required questions. HallusionBench [35] mainly tests the language
hallucination and visual illusion phenomena. MathVista [58| presents exclusively
mathematical domain visual questions based on images such as charts, tables,
and diagrams. These benchmarks do not require human-level perception abilities
as in BLINK and therefore cannot measure model visual perceptions holistically.

3 The BLINK Benchmark

Our goal is to faithfully evaluate the visual perception capabilities of existing
Multimodal LLMs. We seek to study the visual perception gap between humans
and machineries, and offer deeper insights into potential pathways towards achiev-
ing more generalized machine perception. Based on the observation that existing
benchmarks predominantly focus on evaluating visual recognition abilities, we
introduce a novel benchmark, BLINK, designed to enable both quantitative and
qualitative evaluation of the nuanced perception capabilities of multimodal LLM
across various dimensions. We unfold this section by illustrating the overall design
of BLINK ( and discussing its unique features comparing with previous bench-
marks. Then we describe each task in detail, providing an in-depth explanation
of the data curation process (§3.2).

3.1 Overview of BLINK

To ensure that one can effectively measure what Multimodal LLMs can or
cannot perceive, we carefully select 14 tasks (see for the full list) that are
difficult to solve by reducing the evaluation into text-only questions using dense
captioning. The tasks are drawn from either classic computer vision problems
or recent applications of Multimodal LLMs, each of which requires a nuanced
understanding of the visual data. They range from low-level pattern matching
(e.g., visual correspondence) to mid-level spatial reasoning (e.g., relative depth),
and up to high-level visual understanding (e.g., visual similarity). This variety
allows for a systematic exploration of Multimodal LLMs’ capabilities across
different perceptual complexity layers. Furthermore, these visual tasks vary in
granularity, ranging from pixels (e.g., relative reflectance) to patches (e.g., jigsaw)
and extending to the full image (e.g., forensic detection), enabling us to evaluate
models’ proficiency in observing at various scales.
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Figure 3: Statistics of BLINK. 14 tasks
range from pixel-level to image-level; from
low-level pattern matching (e.g., visual
correspondences) to mid-level reasoning
(e.g., relative depth), further to high-level
visual understanding (e.g., visual similar-

ity).
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Figure 4: Accuracies of multimodal LLMs
on BLINK test set. Please refer to Table [1]
and §4.2| for more results and discussions.

Art Style

To facilitate the evaluation of multimodal LLMs, we recast all tasks as multiple-
choice question-answering problems. The options for answers may include images
or texts, while the questions themselves can feature either single or multiple
images. Prompts are designed to be both textual and visual in nature. We
re-purposed several existing vision datasets as well as collected new data. In
total, we contribute 3.9K multiple-choice questions and 7.3K images, with an
even distribution between the validation and test sets. Numbers of each task are
reported in Figure [3] and more detailed statistics can be found in Appendix
Key features of BLINK: Comparing with previous benchmarks, BLINK has

the following novel features:

— Visual prompting: Unlike existing benchmarks that support only text
prompting, BLINK features a variety of visual prompts. This enables one to
highlight specific areas within images, facilitating the evaluation of Multi-
modal LLMs’ detailed understanding of these regions. It also offers an interface
for researchers to investigate the impact of visual prompting techniques.

Perception beyond recognition: Besides visual recognition, BLINK consid-
ers a diverse set of visual perception abilities, such as 3D reasoning, geometric

understanding, affordance reasoning, etc. The breadth allows one to evaluate
Multimodal LLMs from an unique array of perspectives.

“Visual commonsense’” that does not require domain knowledge:
The questions in BLINK are intentionally designed to be straightforward,

requiring neither domain-specific knowledge nor expertise to answer. They
are crafted in such a way that humans can solve them almost instantaneously,
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typically within a few seconds. This allows us to explore the fundamental gap
in visual perception gap between humans and Multimodal LLMs, highlighting
the paradox that problems easily solved by humans often pose significant
challenges for machines.

— Interleaved image-text formats: BLINK features a heterogeneous question-
answering format, wherein both questions and choices can be presented as text
or images. This diversity compels Multimodal LLMs to genuinely understand
the questions, pushing the boundaries of their interpretative capabilities.

— Diverse image sources: BLINK comprises a wide range of in-the-wild
images sourced from various origins, covering everything from indoor and
outdoor scenes to object-centric views and landscapes. This collection spans
abstract diagrams, synthesized images, and authentic photographs, ensuring
a comprehensive examination of visual perception

The design principles of BLINK are also illustrated in Figure 2. We will now
describe each task in detail.

3.2 Dataset Collection Process

BLINK comprises 14 tasks, all of which have been repurposed into a multiple-choice
question-answering format. These tasks utilize a diverse collection of images from
various sources and we ensure that each image is unique.

Visual correspondence: This task aims to evaluate the ability of Multimodal
LLMs to understand and identify the same scene point across various viewpoints,
lighting conditions, or time. We exploit HPatches [8] for this task. HPatches
contains a number of image sequences, each of which are composed of images taken
under different illuminations and/or viewpoints of a scene. For each question,
we randomly sample two images and an interest point within them. Then we
exploit the ground-truth homography to compute its correspondence. Finally, we
randomly select three more interest points to serves as other choices.

Relative reflectance: This task aims to compare the reflectance (albedo) of
two pixels. It allows us to evaluate Multimodal LLMs’ understanding of material
properties and their interaction with light, which is crucial for applications
requiring high-fidelity visual interpretations. We curate our samples using human
annotations from the Intrinsic Images in the Wild (IIW) dataset [10]. Each
question is based on an image and two specified points. The goal is to identify
which point is darker, or whether the two points have similar reflectance.
Relative depth: Humans are good at judging relative depth [19]. This task
can thus serve as a proxy to validate if the geometric understanding capabilities
of existing multimodal LLMs are close to human. We curate our samples using
human annotations from the Depth in the Wild |19] dataset. Given an image and
two specified points, the task is to determine which point is closer.

Spatial relation: Understanding spatial relationships between objects in a
scene is essential for interpreting complex visual environments. However, mod-
ern Multimodal LLMs often struggles with spatial concepts such as “left” and
“right” [88]. This task help us evaluate whether the models finally possess this
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Figure 5: Qualitative results on BLINK. For each task, we show the choice of LLaVA-
v1.6-34B , Qwen-VL-Max , Gemini Pro , GPT-4V , and humans. Red
choice indicates the ground truth. Notice that the markers are intentionally enlarged
for visualization purposes, and we make some images inset images to save space. For
1Q test, the third image is constructed by overlaying the first and second images.

vital skill. We curate our samples from the Visual Spatial Reasoning dataset.
Each sample contains an image and a claim. The task is to determine if the claim
is true or false. We reformat the claims into binary questions via GPT-3.5 .
Multi-view reasoning: This task is centered on evaluating the multi-view
reasoning capabilities of Multimodal LLMs. The objective is to deduce the
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relative camera motion based on two images of an object captured from different
viewpoints. Our data is sourced from the Wild6D dataset [91], which features
videos of various objects recorded in diverse settings. We select two random
frames from each video to calculate the relative camera motion. Recognizing that
even humans might struggle to precisely articulate 3D motion details, we simplify
the task by classifying motions into two broad categories: moving towards the
left or moving towards the right. Despite the simplicity of these questions, as we
will later demonstrate, they pose significant challenges for current models.

Jigsaw: This task assesses the ability of Multimodal LLMs to recognize and
group patterns, aligning patches based on continuity in shape, color, and texture.
We utilize images from the TARA dataset [32] and segment each of them into a
3x3 grid. We retain the three segments from the upper left corner as the reference
image, and treat the central segment along with a randomly chosen segment as
options. The objective is to identify the correct patch (i.e., the central patch).

Art style: This task evaluates Multimodal LLMs capability to analyze and
discern both local and global similarities in art styles among multiple images.
Although there have been prior efforts to incorporate art-related questions into
evaluation [90], such attempts primarily focused on questions requiring expert-
level knowledge, including deducing an artist’s name and understanding historical
contexts, rather than on direct image comparison. For this task, we collect
paintings and their stylistic information from WikiArt. Given one reference
painting image and two other paintings as options, the model is tasked with
identifying the one that most closely shares the art style of the reference painting.

Object localization: The ability to accurately detect and localize objects is
critical for scene understanding. While previous benchmarks [53] have explored
this task, their focus was primarily on coarse localization. For instance, they
might only ask the model if an object is located at the “top” or “right” side of an
image. BLINK, in contrast, aims for a more fine-grained evaluation. We exploit
images from LVIS [36], randomly sampling one object per image along with its
ground-truth bounding box. Then we add Gaussian noise to the ground-truth
box to create a confounding box. The goal is to select the correct one.

Counting: This task evaluate Multimodal LLMs’ abilities in detection, recogni-
tion, and compositional reasoning, particularly in complex scenes where objects
may overlap, be occluded, or vary in size and appearance. We select our questions
from the TallyQA dataset [2|, known for its challenging human-written counting
questions. Each sample comprises an image, a question, and a numerical answer.
In addition, we randomly select three numbers to serve as confounding options.

Forensic detection: Recent advances in generative Al have raised concerns
about malicious uses and have prompted calls for the automatic detection of
fake content. To evaluate whether Multimodal LLMs can fulfill such a role, we
construct sets of real and synthesized images that describe similar scenes and
ask the models to identify the real ones. Specifically, we first generate synthetic
images using Stable Diffusion XL [64], employing COCO captions [47] as prompts.
Then, we manually search online using these captions as descriptions and select
high-quality photographs as the real images.
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IQ test: This task evaluates the ability of Multimodal LLMs to engage in
graphical reasoning, without requiring any domain-specific knowledge. We manu-
ally collect test samples, along with human explanations, from various public,
license-friendly online sources. Given visual examples and a selection of images,
the objective is to identify the image that either continues the pattern established
by the examples or is spatially consistent with them.

Visual similarity: This task aims to verify whether Multimodal LLMs possess
a nuanced understanding of visual features, patterns, and aesthetics at a level
comparable to humans. We select our samples from the DreamSim dataset |29].
Given a reference image alongside two alternative images, the objective is to
identify the image that more closely resembles the reference image perceptually.
Semantic correspondence: This task focuses on identifying and matching
semantically similar yet visually distinct elements across images, thereby evaluat-
ing the ability of Multimodal LLMs to understand the underlying semantics of
object parts. Our samples are sourced from the SPair-71k dataset [61]|, which
features pairs of images with multiple corresponding semantic points. For each
task, we randomly select one semantic point in an image as a reference, and
provide the matching point alongside three random semantic points in the paired
image as options. The objective is to accurately identify the correct matches.
Functional correspondence: The task aims to identify points that are func-
tionally similar across objects. It challenges Multimodal LLMs to extend their
understanding beyond mere semantics, enabling them to infer the diverse func-
tions an object can perform in various contexts. Such capability is crucial for
applications in robotics. We derive our samples from the FunKPoint dataset [43],
which features paired images annotated for functional correspondences. Following
a method analogous to semantic correspondence, we present an action alongside
two object images. One image includes a reference point, while the other offers
four potential points. The objective is to select the point that best matches the
reference in terms of functional affordances.

Data quality control: To guarantee the quality of BLINK, we manually go
through all collected data and filter out data that are ambiguous.

4 Experiments

In this section, we first describe the experimental setup and the baselines (§4.1)).
Then we present a comprehensive evaluation of 16 recent multimodal LLMs (§4.2)).
We demonstrate that while humans can answer the questions with high accuracy,
BLINK is challenging for existing models. Finally, we provide detailed analyses
on multiple experimental settings, including the effect of reducing images to
captions, sensitivity to different visual prompts, and error analysis (§4.3)).

4.1 Experimental Setup

Multimodal LLMs: We evaluate BLINK on 16 recent models: MiniGPT-4-
v2 [16], OpenFlamingo-v2 [5], InstructBLIP (7B and 13B) |24], CogVLM [80],



BLINK 11

LLaVA(vl, v1.5, v1.6, internLM, and xtuner versions, model size 7B, 13B, and
34B) [231[26}/50-52], Yi-VL (6B and 34B)|3 Qwen-VL-MAX [7], Gemini Pro |73],
Claude 3 Opus [1] and GPT-4V (vision) [63]. See Appendix B for more details.
Evaluation setup: We follow standard setups as in the VLMEvalKit [22],
where the temperature is set to 0 and retry is set to 10. However, we do not resize
the images during any experiment. For the models that do not support multiple
images as input, we concatenate the images as input. We extract the choice from
the models’ output with a set of pre-defined rules and GPT-3.5-turbo [13]. We
refer the readers to Appendix [A] for more details on visual prompting, how we
generate the answers in BLINK, and the human evaluation protocol.

4.2 Main Results

Overall performance: As shown in Table[l] the mean accuracy of 7B and 13B
open-source Multimodal LLMs hover around 35-42%, which is similar to random
guess (38.09%). The most proficient open-source model, LLaVA-v1.6-34B, achieves
an accuracy of 45.05%. Even the most advanced models, GPT-4V and Gemini
Pro and Claude 3 OPUS, achieve accuracies of only 51.26%, 45.72%, and 44.11%
respectively. Their performance are merely 13.17%, 7.63% and 6.02% better than
random guessing and lag behind human performance by 44.44%, 49.98% and
51.59%. Notably, for certain tasks such as jigsaw, semantic correspondence, multi-
view reasoning, object localization, and relative reflectance, some multimodal
LLMs even underperform compared to random guessing. Some qualitative results
are shown in Figure [5} Detailed scores on the validation set are in Appendix [C!
In which tasks do multimodal LLMs show relative strengths and
weaknesses? Figure [4 shows the accuracies of the best-performing models on
BriNK: LLaVA-v1.6-34B [51]|, Gemini Pro [73], and GPT-4V [63]. We observe
that multimodal LLMs perform relatively better on spatial reasoning, art style,
and counting tasks, in which they are much better than random guessing. The
models also demonstrate some capability in relative depth and forensics detection.
Overall, they are doing relatively well on mid-level perception tasks. In terms
of granularity, the models in general perform better on image-level tasks and
struggle on pixel-level and crop-level tasks.

GPT-4V behaves differently: Figure [4 and Table [ show an interesting
phenomenon: GPT-4V’s performance pattern is different from other models.
Compared with its counterparts, GPT-4V is much better in visual similarity, art
style, jigsaw, and multi-view reasoning. Specifically, its performance on visual
similarity is 29% better than Gemini Pro, demonstrating that GPT-4V possesses
a nuanced understanding of visual patterns and aesthetics that is similar to
humans. In contrast, Gemini Pro and LLaVA have similar performance patterns.
Human performance: Human evaluators achieve over 95% accuracy across most
tasks, with an average accuracy of 95.70% [°| This performance disparity between

" More details are at the official website at https://www.01.ai/
8 Note that the human score for IQ test is annotated by authors. It may not reflect
typical human performance, which is also expected to vary.
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Validation  Test Similarity Counting Depth Jigsaw Art Fun.Corr.
(1,901)  (1,906) (136) (120) (124) (150) (117) (130)
Random Choice 38.09 38.09 50 25 50 50 50 25
Human 95.67 95.70 96.70 93.75 99.19 99.00 95.30  80.77
Open-source multimodal LLMs
MiniGPT-4-v2 |16] 34.23 34.57 52.94 10.83 49.19 26.00 47.86  18.46
OpenFlamingo-v2 |5] 39.18 38.32 55.15 21.67 54.03 46.00 52.14  36.15
Instruct BLIP-7B |24] 39.72 38.65 46.32 29.17 50.81 54.00 47.86  23.85
Instruct BLIP-13B [24] 42.24 39.58 46.32 30.83 50.00 54.00 50.43 22.31
LLaVA-internLM2-7B |74] 37.71 36.06 52.94 52.50 52.42 34.67 30.77  23.08
Yi-VL-6B D 38.72 41.24 46.32 46.67 56.45 50.00 53.85  23.85
Yi-VL-34B 41.68 42.78 50.00 58.33 53.23 54.00 46.15 39.23
LLaVA-v1.5-7TB-xtuner |23] 39.36 40.81 46.32 53.33 50.81 54.00 47.86  23.85
LLaVA-v1.5-13B-xtuner 23]  42.00 41.31 46.32 45.00 54.03 53.33 47.86  26.15
CogVLM [80] 41.54 39.38 46.32 38.33 50.81 52.67 49.57  23.85
LLaVA-v1.5-7B |49] 37.13 38.01 46.32 43.33 51.61 11.33 47.86 21.54
LLaVA-v1.5-13B |49] 42.66 40.55 46.32 50.00 47.58 54.00 47.86  20.77
LLaVA-v1.6-34B |51] 46.80 45.05 46.32 68.33  64.52 56.67 47.01  30.77
API-based models
Qwen-VL-Max [7] 40.28 41.94 51.47 55.83 58.87 3.33 37.61 28.46
Gemini Pro |73] 45.16 45.72 55.88 65.00 50.00 54.00 49.57  32.31
Claude 3 OPUS |[1] 44.05 44.11 70.59 49.17 57.26 32.67 60.68  22.31
GPT-4V (ision) |63] 51.14 51.26 83.09 60.83 58.87 62.67 78.63  31.54
GPT-4 Turbo [63] 54.61 53.89 83.09 60.83 66.94 66.00 81.20 31.54
GPT-4o [63] 60.04 59.03 65.44 51.67 64.52 58.00 82.91 39.23
Sem.Corr. Spatial Local. Vis.Corr. Multi-view Reflect. Forensic 1Q
(140) (143) (125) (172) (133) (134) (132)  (150)
Random Choice 25 50 50 25 50 33.33 25 25
Human 96.07 98.25 98.00  99.42 92.48 95.14  100.00 80.00
Open-source multimodal LLMs
MiniGPT-4-v2 |16] 26.43 51.75 56.00 23.84 52.63 31.34 1742  19.33
OpenFlamingo-v2 |5] 23.57 46.85 52.00  25.00 41.35 43.28 1591 23.33
InstructBLIP-7B [24] 25.00 55.24  44.80 22.67 58.65 29.85 29.55 23.33
InstructBLIP-13B |24] 22.86 64.34  52.00 20.93 54.14 46.27 13.64  26.00
LLaVA-internLM2-7B |74] 22.14 74.13  48.00 21.51 41.35 32.84 3.79  14.67
Yi-VL-6B D 26.43 72.73  49.60 29.65 48.12 29.85 20.45 23.33
Yi-VL-34B 21.43 70.63 54.40 23.84 41.35 46.27 17.42  22.67
LLaVA-v1.5-7B-xtuner |23] 24.29 74.83 45.60  23.84 42.11 26.87 36.36  21.33
LLaVA-v1.5-13B-xtuner 23]  22.14 77.62 48.00 22.09 41.35 46.27 29.55 18.67
CogVLM |80] 23.57 67.13 43.20  20.93 57.14 26.87 24.24  26.67
LLaVA-v1.5-7B |49] 32.14 70.63 48.80  20.35 49.62 36.57 28.03 24.00
LLaVA-v1.5-13B |49] 23.57 67.83 47.20  20.35 41.35 45.52 27.27  28.00
LLaVA-v1.6-34B |51] 27.86 76.22 41.60  27.33 46.62 29.85 41.67  26.00
API-based models
Qwen-VL-Max |7] 29.29 77.62 49.60 22.67 53.38 49.25  47.73  22.00
Gemini Pro |73] 22.14 67.13  46.40 37.21 41.35 46.27 45.45 27.33
Claude 3 OPUS |[1] 20.71 57.34 46.40 31.40 57.89 27.61 62.12 21.33
GPT-4V (ision) |63] 30.00 72.03  50.40 37.21 58.65 38.81 30.30 24.67
GPT-4 Turbo [63] 32.86 67.13 48.80 42.44 57.14 34.33 51.52 30.67
GPT-4o |63] 45.71 76.92 56.00 71.51 60.15 38.81 85.61 30.00

Table 1: Results of different models on the BLINK test set. The first row shows
task names and number of test data. Average scores on validation set are also included.

humans and multimodal LLMs highlights the significant visual perception gap
that exists between current machine learning models and humans in perceiving,
processing, and understanding complex visual and textual context.
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Figure 7: Accuracy of GPT-4V with different
visual prompts (e.g., different circle sizes, colors)
on relative depth, relative reflectance, and visual
correspondence tasks. More discussions in

Figure 6: Performance of using im-
age caption + text-only GPT-4 vs.
GPT-4 Vision on MMBench [53],
MMMU [90], and BLiNk (§4.3).

4.3 Analysis

Is dense captioning all you need for a multimodal LLM benchmark? To
answer the question, we reduce multimodal benchmarks to a text-only problem.
Specifically, we convert images into task-agnostic dense image captions with
GPT-4V. The dense caption describes detailed information about the image
and the visual prompts (e.g., where each circle is), using language. For each
multimodal question, we prompt the text-only GPT-4-0125-preview model with
image captions and the textual question and evaluate if the “blind” GPT-4 can
answer the question. We call this Caption + LLM. This experiment is predicated
on the hypothesis that captioning involves predominantly recognition-centric
perception. If using captions along with text-only LLMs yields performance
comparable to or surpassing that achieved through the integration of images with
multimodal LLMs, then the perception demands of that benchmark are primarily
confined to recognition only.

We experiment with BLINK, MMBench [53] and MMMU [90], as illustrated
in Figure[6l Surprisingly, we find that the Caption + LLM setting achieves better
results on MMBench than GPT-4V (with 5.7% increase in accuracy). On MMMU,
Caption + LLM achieves 47.2% accuracy, which is 9.6% lower than GPT-4V
performance, but is still much better than random guessing. On BLINK, Caption
+ LLM fails, achieving random guessing performance. These results indicate that
dense captions cover the visual information needed for MMBench. For MMMU,
image captions carry a large portion of visual information needed to answer
the domain-knowledge-specific questions. Meanwhile, the performance decrease
observed in BLINK suggests the necessity for advanced perceptual abilities beyond
what is currently attainable with general captions. This variance highlights
the limitations of existing multimodal LLM benchmarks in addressing the full
spectrum of visual perception.

Effect of visual prompting on BLINK: Several BLINK tasks involve visual
prompting. Prior work [69] shows that factors like shape, size, and color may affect
task performance, and circles give the best overall performance. Following [69],
we adopt circles in BLINK and analyze the effect of circle sizes and colors on
multiple tasks in Figure|7} We experiment with relative depth, relative reflectance,
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Task ‘ Vis.Corr. Depth Multi-view Sem.Corr. Forensic Reflect.

Random 25.00 50.00 50.00 25.00 25.00 33.33

Human 99.56 99.59 92.10 94.60 100.00 99.63

Gemini Pro| 42.44 40.32 44.36 26.62 50.76 45.52

GPT-4V 33.72 59.68 55.64 28.78 34.09 38.81

Specialist |DIFT |72] DepthAnything [86] LoFTR |70] DIFT [72] DIRE [82] Ordinal Shading |14]
96.51 97.58 90.22 71.22 68.94 77.61

Table 2: Comparison between multimodal LLMs, specialists, and human performance
on the BLINK dev set. The specialists perform much better than multimodal LLMs.

and visual correspondence, with 100 validation set samples per task. The images
are all reshaped to 1024px height. We experiment with circles with 5px, 10px,
and 15px radius, and with red or gray color. We find that red is better than
gray for all tasks. Also, the optimal circle size is task-dependent. On average
10px circles work the best, and we use it for all evaluations in this paper. The
experiments suggest that visual prompting can have a big impact on multimodal
LLM performance, and improving visual prompts or improving model robustness
to prompt variation is a promising direction for future research [85].

Can specialist models solve BLINK tasks? Specialists can serve as a proxy
upper bound of how good multimodal LLMs could be. We download the trained
checkpoints for six specialist models and evaluate them on BLINK. As shown
in Table 2, the specialists perform much better than GPT-4V and Gemini
Pro, outperforming the best multimodal LLM by 18% to 57% on these tasks.
Specifically, DepthAnything [86] and DIFT [72] achieve human-level performance
on depth estimation and visual correspondence, whereas multimodal LLMs fail
miserably. This sheds light on the possibility that multimodal LLMs may progress
on these tasks given the correct data and training strategy. For instance, one
possible way is to distill existing specialist models into multimodal LLMs [41].
Error analysis of GPT-4V: We randomly sampled 140 error instances made
by GPT-4V on BLINK, 10 per task, and meticulously examined them. The
most common types of errors are: Hallucinate fine-grained patterns and
attributes (24.2%): the model hallucinates the nuanced details of objects. This
error is most common for relative reflectance, forensics detection, and jigsaw tasks.
Hallucinate visual prompt locations (20.0%): the circle location described by
the model is wrong. This is common for visual correspondence and relative depth
tasks. Other errors include Failures on capturing overall setting or style (8.6%),
and Failures on grounding an object (5.7%). More details are in Appendix

5 Conclusion

We introduced BLINK, a new multimodal LLM benchmark that evaluates core
visual perception abilities not found in existing evaluations. While these tasks
seem trivial for humans to solve “within a blink”, we find they pose significant
challenges for current multimodal LLMs. Ultimately, Blink provides an effective
testbed for multimodal LLMs to catch up with human-level visual perception.
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