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Abstract. In this paper, we study depth perception of vision-language
models (VLMs) to isolate the effects of pictorial depth cues and dis-
entangle vision and language influences on model performance. To this
end, we combine depth-ordering and odd-one-out psychophysical tasks:
the VLMs are presented with images where one object is at different
depth relative to other, otherwise identical, objects, and must determine
whether the odd-one-out target is closer or farther to the observer. To
create stimuli, we generate 2D views from simulated and real 3D scenes
while controlling the presence of individual pictorial depth cues, enabling
a fine-grained analysis of cue-level contributions. Language effects are ex-
amined by varying referring expression clarity. We also introduce a novel
metric to quantify vision-vs-language sensitivities. Applying this method-
ology, we create the Odd-One-Out Depth (O3-D) dataset with 37K real
and synthetic images and 147K image-question pairs. Evaluation of 12
open-source and commercial models on O3-D shows under-utilization of
depth cues and depth-ordering accuracies between 47% and 56%, with no
model above chance level. At the same time, our metric reveals strong
linguistic bias in the answers. Neither chain-of-thought (CoT) nor in-
context learning (ICL) significantly improves performance, suggesting
that static image data alone may be insufficient for depth understand-
ing. All code, the image generation pipeline, and the O3-D dataset are
publicly released at https://github.com/lyiqian/03-dl
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1 Introduction

Extracting rich spatial structure from images is one of the fundamental com-
puter vision problems. Historically, it has been approached from multiple angles,
such as monocular depth estimation [2], object detection |57], segmentation [37],
and 3D scene reconstruction [44]. The most recent generation of vision-language
models (VLMs) aims to perform scene understanding as a single system.
Despite being trained only on static images, VLMs demonstrate a range of
depth-related abilities. For example, past benchmarks [3}|7}/12}13}[19}26}/32,50]
showed evidence of VLMs understanding size, distance, and structure of objects.
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Fig. 1: O3-D probes VLM depth and language understanding. We start by construct-
ing synthetic and real 3D scenes with diverse backgrounds and objects. Each scene
contains 5 objects of the same class, one of which (the target) is of different size and
placed at a different depth plane. We then generate a number of 2D views with one
or two depth cues by controlling the camera, light position, etc. For each image,
we create prompt variations: multiple-choice (shown in green) and yes-no (yellow).
Within each prompt, we vary the target referring clarity (more specific references are
shown in darker shades of blue in the Target ref. variations box) and distractor
descriptions (Distractor ref. variationms).

However, utilization of individual depth cues by these models remains understud-
ied. Another challenge in evaluating VLMs is posed by their inherent bimodal
nature. As most VLM evaluation protocols are based on Visual Question An-
swering (VQA), both vision and language modalities interact, making it difficult
to disentangle their individual effects on the overall performance.

To address the limitations of existing depth benchmarks, we propose the Odd-
One-Out Depth (03-D) dataset and evaluation metrics for systematic evaluation
of VLMs’ depth understanding capabilities while taking into account complex-
ities arising from the language dimension (Fig. . We approach the problem
from a psychophysical standpoint by using a depth ordering task 6] within an
odd-one-out setup [46]. Specifically, we construct a series of synthetic 3D odd-
one-out scenes where one object is at different depth relative to other, otherwise
identical, objects (Fig. . We then generate a number of 2D views from these
3D scenes while controlling for 9 common pictorial depth cues [23,/43}/52] to
isolate cue-level contributions (Fig. . Additionally, O3-D includes real-world
odd-one-out-depth images from two sources: captured in a custom setup and se-
lected from [25]. Along the language dimension, we consider referring expression
comprehension, which commonly deals with language ambiguity [18]. Referring
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to objects is especially challenging in visual contexts with multiple similar ob-
jects, thus we experiment with the referring clarity. In addition, we introduce a
novel metric for measuring the relative sensitivities of vision and language input
modalities. Lastly, we test whether common techniques such as chain-of-thought
(CoT) and in-context learning (ICL) can improve VLMs’ depth perception. Our
main contributions are summarized as follows:

— We propose a challenging dataset, O3-D for the odd-one-out depth ordering
VQA task to evaluate VLMs depth capabilities along vision and language
dimensions. For the former, we test utilization of individual pictorial depth
cues. For the latter, we vary the clarity of referring expression.

— We design a novel pipeline for constructing synthetic odd-one-out scenes
with configurable objects, environments, cues, and prompt variations.

— We formulate a novel metric for measuring the relative influences of vision
and language inputs on the VLMs’ overall performance.

— Through extensive experimental validation, we demonstrate low individual
pictorial cue utilization as well as consistently high language influence across
12 commercial and open-source SOTA VLMs.

2 Related Works

Depth understanding of foundation vision and vision-language models.
Many works examined monocular depth understanding of vision models [15}[17]
291350)56] and VLMs [317112}/13}{19/261{32,50]. Generally, the depth understanding
ability was probed indirectly by testing models’ perception of size |12,[13}/15],
distance [71/12}/13|, structure [17/56], and spatial relations [15}261/32}50,/56]. More
explicitly, depth perception was tested by depth ordering of points [15}[19,[29],
regions [12,/56], or objects [3}7,/13]. Notably, the effects of the individual depth
cues were examined only in DepthCues [15]. The authors gathered images from
various datasets, labeled them with 6 pictorial depth cues and tested a range
of large vision models to show cue utilization. However, since mostly real-world
images were used, cues were not isolated. As a result, 60-80% of images contain
occlusion, height-in-plane, relative size and linear perspective cues, whereas other
5 cues appear in fewer than 10% of the imagesﬂ In contrast, O3-D covers a
broader set of 9 depth cues via novel synthetic and real images. This offers a
more precise control of the pictorial depth cues as well as excludes the possibility
of data leakage (Tab. [)).

Visual question answering (VQA). A recent survey [24] on VQA stressed the
importance of properly using visual information against language bias [38] via,
for example, weakening language priors or strengthening visual information |20].
Studies [9}/16] also showed that language had a larger impact on the response of
VQA. While common 3D VQA datasets [4,/34] contain certain level of question
variations, efforts were made to remove unclear and ambiguous questions. O3-
D incorporates question variations along many dimensions, including referring

% Based on the manual labeling of a random sample of 100 images from [15].
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Table 1: Comparison with related datasets. Most existing datasets do not support
cue-level analysis, except [15]. O3-D is the only dataset isolating specific cues and cue
combinations, allowing direct evaluation of cue utilization.

Pictorial depth cues

Dataset # cues # present Controlled # images # questions
GeoMeter 3] n/a  multiple X 2,000 11,200
3D-PC |[29] n/a  multiple X 7,574 n/a
DepthCues [15] 6 multiple X 35,753 n/a
03-D (ours) 9 1or 2 v 37,110 147,552

clarity (via general vs. specific expressions); together with depth cue variations
in O3-D, this allows testing and quantifying vision-language influences on the
VQA responses.

Visual grounding. The essence of visual grounding is associating language
description with corresponding visual stimuli [8,36,/39,/55]. This task is more
difficult when multiple objects of a same class are present [30] as wrong asso-
ciations might impact downstream tasks. Referring expression comprehension
(REC) and phrase grounding are the two main tasks of visual grounding, where
the former is concerned with fuller descriptions and the latter focuses on shorter
phrases [55]. A recent work [14] also explored referring by bounding box coor-
dinates in natural language. The visual grounding capability is helpful for VQA
because it encourages the model to consider visual information [24,/39]. In the
proposed O3-D, every image contains multiple same-class objects with similar
appearance, making visual grounding even more challenging.

3 0dd-One-Out Depth Dataset

To systematically evaluate depth perception of VLMs, the proposed O3-D dataset
incorporates two well-established psychophysical tasks: odd-one-out [46] and
depth ordering [6]. Each image in the O3-D contains multiple similar objects,
with only one object (the target) located at a different depth plane relative to
other objects (the distractors). To formulate it as a Visual Question Answering
(VQA) task, we design a set of prompts for each image with varying refer-
ring clarity. Referring expression comprehension [30] allows testing the language
abilities of the models. A detailed description of our methodology follows with
additional information available in the Supplementary Material.

Pictorial depth cues. To analyze depth perception, we use the following 9
common pictorial cues identified in the psychology literature [23}|43}52]: Height-
in-Plane (HP), Occlusion (OC), Relative Size (RS), Familiar Size (F'S), Light-
and-Shadow (LS), Texture Gradient (TG), Aerial Perspective/Saturation (SA),
Focusness (FO), and Linear Perspective (LP).

Scene construction & cue control. Each O3-D scene contains 1 target and 4
distractors placed on a level surface. The target differs from the distractors only
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(a) Bird’s-eye view

(b) Ambiguous (base) view (c) Views with depth cues derived from the base view

Fig. 2: Each 3D scene in O3-D contains 1 target and 4 distractors, where the target is
larger (or smaller) and located on a different depth plane @ When a camera is placed
at a certain position, (]ED the target appears at the same depth as the distractors.
Gray arrows between the images indicate how disambiguated 2D views are generated
from the base view (in the center) by adding one or two pictorial depth cues.

in size and is placed at a different depth plane from the distractors (Fig. .
Positioning the camera in a certain way (Fig. creates views with scale ambi-
guity p. 53]. It is emphasized that scene and view are 3D and 2D concepts,
respectively. In other words, from a single 3D scene we generate multiple 2D
views with different depth cues. See Fig 1. in Supplementary Material for exam-
ples of each.

Fig. illustrates the cue control method and shows some resulting views.
From an ambiguous base view (Fig. center), individual depth cues are added
by manipulating the camera, objects, or environment. Translating the camera
horizontally and upward introduces the OC and HP cues, respectively; moving
the target along the optical axis results in the RS cue; adding directional light
so that near objects cast shadows on far ones gives the LS cue; adding textures
to objects creates the TG cue; removing textures from the ground controls the
LP cue ; using a larger camera aperture strengthens the FO cue; common
objects with similar shapes but different sizes are used for the F'S cue; finally, the
natural source of the SA cue is haze, which we simulate by a haze equation .
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Table 2: Image and question counts in O3-D dataset, grouped by number of pictorial
cues present in the images.

Cues Real imgs Sim imgs Img-ques pairs Reason to include

0-cue 16 1,443 5,796 as negative baseline

1-cue 99 13,746 55,170 controlled single-cue images
2-cue 79 21,556 86,244 controlled two-cue images
mixed 171 - 342 as natural baseline

total 365 36,745 147,552

While Fig. [2d only shows 4 single-cue and 4 two-cue views, O3-D dataset covers
9 individual cues as well as all possible second-order interactions among thenﬂ
Synthetic scenes. We use the Kubric [21] simulation environment to render a
set of images with the following characteristics:

— the target is randomly scaled to be 10% to 100% larger (smaller), and placed
on a farther (nearer) depth plane relative to distractors;

— 37 object classes selected from Kubric assets, with different shape complex-
ities, ranging from simple boxes to complex toys;

— 13 environments with diverse indoor and outdoor backgrounds and realistic
ambient lighting;

— 9 individual pictorial cues and 28 pairs of cues. For each cue except FS and
LP, we additionally generate images with various cue strengths. For example,
cue strengths of HP and OC can be measured by height difference and area
of occlusion, respectively.

Overall, we render 13,746 images with single cue and 21,556 with two-cue inter-
actions (see Tab. . Also obtained from the Kubric renderer are depth maps,
segmentation maps, as well as ground truth target and distractors. More infor-
mation on the Kubric setup is in Section 2 of Supplementary Material.
Real-world scenes. We set up real-world O3-D scenes in an indoor environ-
ment. Following the same procedure as in simulation, multiple views are derived
and captured for 3 object classes and 8 cues (excluding Saturation). The 3 ob-
ject classes are cube, clip, and cup, with the targets being 100%, 25%, and 27%
larger, respectively. We use a dark-colored desk as the level surface and a green
wall as the background. The above forms our 1-cue and 2-cue real images, as
summarized in Tab. 2l

Sensor settings & post-processing. In both simulation and real world, the
camera focal length is set close to 50 mm. When the FO cue is unwanted, we turn
off depth of field rendering in Blender, or use a small aperture (e.g. f/18). We try
to reduce undesired variations between shots: for each scene, auto-exposure is
run once and turned off; focus is manually set on the center object. The rendered
image size is 1024 x 1024, while real images were resized to 1024 x 683.

4 Except Linear Perspective (LP) which has to be tested with Height-in-Plane (HP)
because both cues are the result of moving camera above ground.
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Table 3: Referring expression variations. As referring to the target object in an O3-D
image is challenging, we explore referring expressions with different clarity.

Feature Clarity Example expression
saliency low Is the salient object ...
depth (z) med  Is the salient object due to its unique distance in the image ...
spatial (z,y)  high Is the object in the middle ...
marker highest Is the object marked with a red circle ...

Image baselines. O3-D contains two special subsets of images: 0-cue and
mixed-cue (Tab. [2). The O-cue set consists of all the ambiguous (base) view
images (e.g. Fig.[2b]) with no pictorial cues. For the mixed-cue set, we select 171
real-world images from O3 dataset where the odd target was behind or in
front of all the distractors. In these images, multiple pictorial cues exist and are
not controlled. We label them with two most prominent cues for reference. O3
images were resized to a max of 1024 pixels in the larger dimension.

Prompt templates. We generate a template-based question space of 1,026
unique prompts, with variations in 4 dimensions: query template, target refer-
ring, distractor referring, and response instruction.

Specifically, we obtain 9 templates by collecting depth questions from com-
mon VQA datasets , and rephrasing them with an LLM .
The query templates address various perspectives of depth ordering questions,
such as different vocabularies, regular vs. yes-no queries, and levels of formal-
ism (see Section 4 in Supplementary Material). Each template also contains two
placeholders for target and distractor referring expressions.

As shown in Tab. [3] the target referring expressions vary by their clarity.
We explore 4 levels of clarity with distinct referring features. The referring ex-
pressions of low and medium clarity require understanding the target as an odd
object, described by e.g. “salient” or “standing out”. Because REC in a context
with multiple similar objects is challenging , we additionally test a more
direct referring mechanism with visual markers placed on objects (Fig. . Our

. .
F— —
— =
= =
= =
= F—
E— —
—_— —_—

(a) Resized (b) Marked

Fig. 3: Image post-processing. @ Resize a real image to 1024 x 683. (EI) Optionally
add markers for easier referring (Tab. |3| bottom row), to gauge the effects of referring
expression comprehension (REC) on depth ordering responses.
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referring expressions across clarity levels cover all 3 common REC variations of
subject, location, and relation [41].

To simplify VLM response parsing, we use a multiple-choice question format,
as in [3/19,29]. Since only one object (i.e. the target) is at a different depth,
the depth order can be described with binary answers (e.g. closer or farther).
Therefore, the response instruction is simply a 2-item option list (e.g. A. farther.
B. closer.) followed by an instruction (i.e. Answer A or B.). The option list is
randomized, resulting in normal and reversed orders. We use the forced binary
choice because preliminary results showed that if a ‘not sure’ option was included,
VLMs almost always chose it, thus making the analysis less meaningful.

Prompts. For each image in O3-D, we sample depth ordering questions with
different target referring clarity from the prompt templates. This results in 147K
image-question pairs (Tab. .

4 Experiment Setup

We run 12 VLMs on O3-D and evaluate their VQA performance on various
question formats and pictorial cues.
Baseline. DepthAnythingV2 [54] is selected as the baseline for its robustness
to diverse scenes and ability to process high-resolution images. Since DepthAny-
thingV2 produces depth maps only, we further process the output to make com-
parisons with VLMs. Specifically, we compute the median depth of target and
distractors using their ground truth masks, then determine the depth ordering.
Evaluated VLMs. We evaluate the following VLMs: Kosmos2 [39], PaliGemma2
[47], Qwen2-VL [51], InternVL2.5 |11], DeepSeek-VL [33], LLaVA1.5 |31], VILAL.5
[28], BLIP2 [27], Phi3 |1], Cambrian [49], GPT4.1-mini, and Gemini 2.5 Flash-
Lite. All evaluated VLMSs are open-source, except GPT and Gemini. Out of these
VLMs, only the Cambrian model particularly focuses on utilizing visual infor-
mation. In addition to language referring, Kosmos2 supports region referring by
bounding boxes; results from both referring types will be reported.
Depth-focused SpatialRGPT [12] is not selected because it takes mask refer-
ring as part of the input and runs DepthAnything in the background, which is
equivalent to our baseline described above.
Metrics. We measure accuracy for all responses. In addition, we introduce the
standard deviation of within-group means (SDGM) metric (see Sec.[5.2) to mea-
sure VLMs’ sensitivities to cue and language variations in the depth ordering
task.
In-context learning (ICL) and chain-of-thought (CoT) prompting. For
5 of 12 VLMSs, we provide additional few-shot ICL & CoT prompting using the 1-
cue, 2-cue, and mixed-cue images (Tab. . As image similarity and order matters
[5], we retrieve two (target-far and target-near) demonstrations with the same
cues as in the main image, in randomized order. Within each demonstration, the
image is positioned before the depth question prompt followed by the expected
answer [42]. The CoT prompting in the demonstrations only addresses the depth
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Fig. 4: Performance summary of VLMs on depth ordering VQA. Both depth under-
standing (y-axis, see Sec. and language consistency (x-axis, see Sec. can be
probed using our O3-D dataset. Depth ordering accuracies of VLMs are close to ran-
dom guess and inferior to DepthAnythingV2 [54] baseline. VLMs’ language consistency
has a wide spread.

understanding, not the referring comprehension. As an example, a demonstration
can be formatted as follows:

<image> Is the unique object positioned farther from or closer to the
observer than the remaining objects? A. Farther. B. Closer. Answer A
or B. (Let’s think step by step. The object of interest appears lower than
the others. Based on the height-in-plane pictorial cues, it is likely that
the object is closer than the other objects.) B.

Response parsing. We parse only the first sentenceﬂ in a VLM response. Most
responses are simply A or B, and we report accuracy against the ground truth.
Responses that do not follow the formatting instruction are scored as positive
only if their first sentence contains the correct answer option.

5 Experiment Results

As summarized in Fig. [@] we report the results of experiments that probed
VLMs’ understanding of pictorial depth cues (Sec. and question compre-
hension (Sec. . In addition, we discuss cue-level findings and a bias along
the near-far spectrum for the vision dimension, and address the consistency of
VQA responses for the language dimension. Additional experiment results are
presented in Section 6 of Supplementary Material.

5 CoT prompting occasionally caused extra outputs, which we removed before parsing.
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Fig.5: A combined heatmap of 1-cue and 2-cue mean accuracies of all tested VLMs
(bottom-left), vs. baseline (top-right). Red- and blue-tinted cells indicate performance
above and below chance level (0.5). The two main diagonal cells (within green dotted
rectangle) show accuracies for 1-cue depth ordering, whereas the other cells report 2-
cue interactions. The depth ordering performance is better whenever HP or RS cue
are present. (FO: Focusness, FS: Familiar Size, HP: Height-in-Plane, LS: Light-and-
Shadow, OC: Occlusion, RS: Relative Size, SA: Saturation, TG: Texture Gradient)

5.1 Vision Dimension

In order to reduce the interference of referring expression comprehension, the
results of vision dimension are reported only for the images with markers, i.e.
the highest referring clarity in Tab. [3] unless otherwise noted. When comparing
with 2-cue results (Fig. [5| and Tab. , we ensure the same cue strength across
the 1-cue and 2-cue images.

VLMs perform at chance level for single pictorial cues and 2-cue com-
binations. We find a performance gap (Figs. [d] and [f) between all tested VLMs
and the DepthAnythingV2 baseline in terms of depth ordering accuracy.

Fig. [5| is a cue-level heatmap of mean VLM accuracy (lower triangle) and
DepthAnythingV2 baseline accuracy (upper triangle). Red-colored cells indicate
better performance. The main diagonal cells (in the dotted rectangle) of the two
sub-heatmaps report 1-cue accuracies, and the other cells are for 2-cue. As shown
by the lower main diagonal, the VLMs perform the best on Height-in-Plane
(0.54), Relative Size (0.54) and Familiar Size (0.51), although only marginally
above the chance level (0.5). The largest performance gap between the VLMs
and the baseline are also from the best cues of HP (6 = 0.45) and RS (§ = 0.37).
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Table 4: Depth ordering accuracy comparing with model & image baselines. We run
DepthAnythingV2 on all images as a reference. DepthAnythingV2 has improved per-
formance for real images and when more cues present, whereas VLMs have a similar
pattern but much weaker.

Image set VLM mean DepthAnyV2
real (mized cues) 0.6051 0.9375
real (1-cue & 2-cue) 0.5392 0.9660
sim (1-cue & 2-cue) 0.5221 0.7090
0-cue 0.4865 0.5177
1-cue 0.5165 0.6535
2-cue 0.5282 0.7446

As one would expect, a combination of depth cues improves human depth
perception [53]|. For VLMs, we observe such trend but only to a limited extent,
shown by the 2-cue numbers (under the main diagonal in Fig. [5|) being slightly
greater than the 1-cue accuracies. The depth ordering are more accurate when-
ever HP or RS cue is present. Most other 2-cue combinations have insignificant
influence on VLMs. As summarized in Tab.[d] both VLMs and DepthAnythingV2
perform better when more cues are present.

The model-level accuracy gaps are similar to the aggregated means in Fig.

(see Supplementary Material). None of the evaluated VLMs perform significantly
better than chance; the commercial (GPT4.1-mini & Gemini2.5) and vision-
centric (Cambrian) models are no exceptions.
Linear Perspective (LP) cue interacts positively with other cues. Based
on results in DepthCues [15], one of the best cues for depth perception was LP.
We test it in a negative way, where the LP cue is eliminated from a view by
removing ground texture |43|. In addition to confirming the claims in DepthCues
|15], our results show LP has mostly positive interactions with other cues. The
average accuracy gain due to LP is about 0.03, matching the best cues Height-
in-Plane (HP) & Relative Size (RS).

Following [15], we apply Spearman correlation to the 8 single-cue depth or-
dering accuracies of the evaluated VLMs, but obtain inconsistent results (see
Supplementary Material). While RS/HP had high correlation among cue tasks
in both |15] (0.82) and our analysis (0.60), another highly correlated pair of
RS/OC (0.75) in [15] is nearly uncorrelated (0.07) in our results. Our overall
correlations among different cues for depth ordering are lower, a sign of more
controlled pictorial cue analysis.

In-context learning and chain-of-thought prompting helps commercial
VLMs only, with limited improvements. Among the 5 VLMs tested with
ICL and CoT prompting, only the commercial GPT4.1-mini (6 = 0.068) and
Gemini2.5 (§ = 0.042) benefit from it. The additional few-shot demonstrations
hinder the performance of DeepSeek (6 = —0.022), Qwen2 (6 = —0.012), and
Phi3.5 (6 = —0.006). For all 5 VLMs, however, the performance differences are
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Fig. 6: Near-far bias. Both plots share the y-axis. Left: Boxes show variations across
cues. VLMs exhibit different extents of biases toward answering near vs. far, compared
with human reference . Right: None of the VLMs has consistent bias reduction as
cue strength increases, compared with DepthAnythingV2.

not significant across cues. The ICL and CoT prompting is most effective for the
RS cue (§ = 0.069) and least for FS (6 = —0.036).

VLMs have a wide range of biases towards answering near vs. far.
Most image sets in O3-D (Tab. [2)) are class-balanced, meaning that the number
of images with the target located near is equal to that of far. This near-far
balanced property allows us to explore VLMs’ biases towards near vs. far when
answering depth ordering questions (Fig. @

In this paper, the near-far bias of a VLM is defined as

biasy (M) = Acerp(M) — Acen (M), (1)

where Accy and Accp denotes the accuracy of a model M on the target-near
and target-far image subsets, respectively. We argue without proof that, given
near-far balanced dataset and randomized questions (see Sec. , biasy r should
reflect VLMs’ preferences on answering near vs. far. Namely, biasy g should be
zero when a VLM is unbiased. If a VLM always answers “far" or “near” ignoring
vision inputs, biasyp will be 1.0 or —1.0, respectively.

Fig. [6] reports biasyp (left panel) and its change (right panel) with increased
cue strengths for each benchmarked VLM. The VLMs have a wide spread of
biasy p ranging from —0.7 to 0.2. Majority of the VLMs prefer answering near
(below the 0.0 line). BLIP2, Phi3, and GPT4.1-mini are the three most near-
biased VLMs, whereas Qwen2-VL and PaliGemma?2 are far-biased. The human
baseline of —0.428 is computed based on [10], whose authors found a positive
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correlation between center pixels and nearness for human judgments on web
collected images. The baseline is comparable because we always have the target
close to the image center and the distractors more eccentric.

We also analyze whether increasing cue strengths will reduce the near-far
bias, and the answer is negative, as shown in the right panel of Fig.[6] Once again,
the difference between VLMs and the baseline is apparent. VLM biases (shown as
blue lines) do not converge towards 0 as cues become stronger. DepthAnythingV2
(orange line), in contrast, has a clear trend of bias reduction.

5.2 Language Dimension

Intuitively, if a VLM understands depth ordering in an image, the responses
should remain consistent for any equivalent questions. In other words, better
models should have higher language consistency and less variation. To measure
this, we introduce a variation-based metric. The standard deviation of within-
group means (SDGM) is given by

1 —\2
oalu) = ¢ T 2 @

where {2 defines a set of groups, and p, denotes a mean performance metric
within each group g. If, for example, {2 is the target referring clarity in Tab.
there will be 4 groups, and 4 within-group means {1y, }?_;. Then we can obtain
SDGM by computing the standard deviation of the means. For simpler analysis,
we use the target-near accuracy in Eq. as the metric, i.e. p:= Accy.

A good model should yield a low SDGM, the variation metric, only when
the groups in {2 are equivalent in terms of model performance. Our question
variations do not alter the essence of the depth ordering questions, so they satisfy
this condition. Therefore, out of the 1,026 unique prompts, we define question
groups {27, by tagging the prompts from 5 perspectives, ending up with 42 groups.
For example, one group may have the tags: high clarity, close-far vocabulary,
formal, yes-no query, and normal order. With a minor modification, we can
use SDGM to analyze language consistency for a specific dimension of question
variation, e.g. normal vs. reversed order (see Supplementary Material). Finally,
the language consistency metric in Fig. |4|is given by C = 1 — o, (Acen).

We also exploit SDGM more generally, using it to represent the influence of
the grouping criteria on the model performance. In other words, the SDGM of
a model will be high if the model is (over-)sensitive to the differences among
groups. To compare language influence with vision, we define cue groups {2y
consisting of the 8 single-cue and 28 two-cue cases. The total 36 cue groups is
comparable to the 42 question groups when computing SDGM.

Language has a much larger influence on VQA responses than vision.
Fig.[7reports the quantified vision (o, ) and language (o, ) influences for each
VLM. The language influence is uniformly larger than that of vision. InternVL2.5
has the least blind faith in text [16] and the smallest difference between vision
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Vision Influence Language influence
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I BLIP2 I
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o(Acc) a(Acc)

Fig. 7: Vision vs. language influence on depth ordering VQA. Bars show the standard
deviations of mean accuracy (SDGM, see text), as a measure of influence. Language
influence is uniformly larger than vision.

and language. The high language sensitivity of the VLMs is consistent with
results in IEII

Inconsistencies are mainly caused by varying depth order vocabu-
lary and yes-no/multi-choice query. Depth order vocabulary has three tags:
close-far, front-rear, and before-after, which describes the depth relation
between the target and distractors using different pairs of words. This source of
variations causes the largest inconsistency (o = 0.2166).

Whether a question is yes-no (Is it behind?) or multi-choice (Is it closer or
farther?) also gives rise to a large undesired performance deviation (o = 0.1931).
InternVL2.5, as discussed above, is significantly more consistent against the yes-
no query variation. Most VLMs are biased towards answering positive to the
yes-no queries compared with the more neutral multi-choice queries. DeepSeek-
VL and PaliGemma2 are two exceptions in that they answer “no” more often,
which could be a result of over-correction (see Supplementary Material).

The normal /reversed order variation affects just a few VLMs. We tag
a prompt as reversed order when the response options are reversed from the
expression in the question (e.g. Is it closer or farther? A. farther. B. closer.).
The most negatively impacted VLMs are VILA1.5 (o = 0.5608) and Qwen2-VL
(o = 0.3719), followed by LLaVA1.5. This is in line with similar findings for large
language models [40]. The remaining VLMs have a similar level of robustness
against different option orders (see Supplementary Material).

Referring clarity slightly helps depth ordering. As referring clarity (Tab.
increases, the overall depth ordering accuracy slightly improves for both syn-
thetic and real-world images. Adding markers results in the largest but still
marginal improvement. Similarly, referring with bounding boxes by Kosmos2
brings a negligible improvement (see Supplementary Material). This suggests
that referring expression comprehension is not a major hurdle, rather depth is.
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6 Conclusion

In this work, we introduced O3-D, a dataset for testing VLMs and vision models
on depth ordering. To the best of our knowledge, our work was the first system-
atic investigation of VLM performance across a set of pictorial cues, thanks to
the novel scene construction and cue control method. Language complexity was
also addressed, both independently and in combination with vision. Our exper-
iments showed that all evaluated open-source and commercial VLMs performed
around the chance level, regardless of utilized depth cues, their cue strengths,
level of visual realism, and referring clarity. We quantified vision & language
influences on the VQA responses, and found that the VLMs were significantly
more sensitive to language input than vision. These results have implications for
applications involving VLMs, such as robotic manipulation and human-robot in-
teraction. Major future work includes extending current focus on pictorial cues
to motion-based monocular cues, and further to binocular ones. We hope that
the data and evaluation approach presented in this paper will help bridge the
gap between language and vision components of VLMs, as well as bring machine
vision closer to its biological counterpart.
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