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Abstract
Where someone looks is a nonverbal commu-
nication cue that children and adults readily
use. How well can Vision-Language Models
(VLMs) infer gaze targets? To construct eval-
uation stimuli, we captured 1,360 real-world
photos of scenes in which a person gazes at
one of several objects on a table. Importantly,
we also controlled the gazer’s head orientation:
sometimes it was directed toward the gaze tar-
get, sometimes toward a distractor object, and
sometimes left unconstrained. We found a sub-
stantial performance gap between VLMs and
humans, ruled out alternative explanations such
as resolution and object-naming skills, and iden-
tified the main reason for the gap as VLMs infer-
ring gaze direction using head orientation rather
than eye appearance. Such a bias is likely due
to data rather than architecture, as suggested
by a proof-of-concept experiment finetuning a
transformer-based vision model. Future work
should investigate whether these findings hold
broadly across various deep learning methods
trained on existing data, and whether better data
mitigates this problem for all architectures. Pin-
pointing the reason sets the stage for technolo-
gies that can interpret gaze targets to have more
efficient interactions with humans.

1 Introduction
Gaze is a nonverbal communication channel that
grounds verbal communication in the visual world,
making it essential for both humans and technolo-
gies designed to engage with humans. It contains
information about conversational partners’ uncon-
scious knowledge and mental states, including their
visual focus (Posner and Petersen, 1990), linguis-
tic knowledge (Golinkoff et al., 1987), intention to
speak during conversation turn-taking (Kendrick
et al., 2023), and intended motor actions (Land,
2006). For conversational robots specifically, when

†Equal Contribution. Correspondence: zory@brown.edu
*Equal Advising.

they resolve what a conversational partner is refer-
ring to, gaze compensates for incomplete knowl-
edge of the conversation topic (Prasov and Chai,
2008) and differing perceptions of the shared envi-
ronment (Liu et al., 2013), thereby leading to more
successful cooperation (Qian et al., 2023).

Nonetheless, integrating gaze inference into in-
teractions is computationally challenging and in-
volves a trade-off between specialization and gen-
erality. Gaze-related skills can be divided into (1)
the stepping stone of recognizing where someone
is looking and (2) downstream skills that build on
this foundation, like resolving conversational ref-
erence ambiguity. For the first part, specialized
gaze-estimation models appear to be approaching
human-level precision (Erel et al., 2023; Han et al.,
2021; Ryan et al., 2025), although our results sug-
gest that their apparent success may be overesti-
mated. Their relative success typically relies on
supervised learning with explicit gaze target anno-
tations. However, how to address the second part
regarding skill integration remains unclear for these
approaches. Recent advances in Vision-Language
Models (VLMs; Team Gemini, 2023; Liu et al.,
2023, inter alia) offer promising hosts for skill in-
tegration and domain generality. These large-scale
computational artifacts sometimes exhibit abilities
that were not explicitly trained and can apply them
across tasks and modalities. Due to the lack of ex-
plicit training (in terms of gaze-specific training
objectives), they might not have the same level of
gaze inference competence. Still, they remain po-
tential candidates for solving the second challenge
in principle, while specialized vision models are
not powerful candidates for it. This makes it neces-
sary to understand how well VLMs can accurately
infer gaze targets in zero-shot settings and produce
insights that future improvement endeavors, such
as finetuning, can build upon. This study aims to
address this empirical question and recommend po-
tential improvement methods based on observed
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Gaze Target

Head Target

   Which object is this person looking at?

A. Tulips    B. Kettle    C. Bunny

    

    

Figure 1: Example stimulus before size downscaling.

patterns.
To this end, we formulated a task where VLMs

are presented with an image and a multiple-choice
question, illustrated in Fig. 1. Each image depicts
a single gazer seated at a table with two to four
objects, looking at exactly one of them, with no
other people present. VLMs are asked which ob-
ject the person is looking at, with answer choices
corresponding to the object names.

To arrive at targeted improvement suggestions,
we go beyond benchmarking and characterize the
gaze inference skill. Although there is prior work
that benchmarks VLMs’ zero-shot gaze target in-
ference (Gupta et al., 2024), only characterization
can potentially yield recommendations for improve-
ment. This theoretical superiority comes with prac-
tical difficulty. For example, blindly analyzing inter-
mediate reasoning traits does not necessarily offer
understanding (Manuvinakurike et al., 2025; Barez
et al., 2025). One solution prevalent in cognitive
sciences is a combination of piloting, systematically
controlling variables, pre-determining hypotheses
through pre-registration, and conducting statistical
analysis. By observing how manipulated factors
affect behavior, we can constrain plausible theories
about VLMs’ underlying inferences by ruling out
accounts that cannot explain the results. Specifi-
cally, we control the number of objects on the table,
the photo-shooting angle, the proximity between
objects, which object the gazer looks at, and, in
some conditions, the gazer’s head orientation.

As a toy example of constraining hypotheses, if
the performance is lower when objects are closer
to each other, then we at least know that VLMs are
using the visual information in a task-relevant way
and probably not bottlenecked by their (in)ability to

Eye-aware: Infer gaze targets 

with below-human precision, 

but not heavily biased by 

head orientations.

Gaze-competent: Infer eye 

gaze targets with human-level 

precision.

Gaze Target Inference Character izations

Head-only: Largely ignore 

(or fail to use) eye 

appearance, leading to 

below-human precision.

Pay Close Attention to Eyes

Largely Ignore Eyes

Heavy Bias toward 

the Head Target

Appropr iate Head Bias

Head-dominant: Cannot 

resolve gaze targets with 

high precision, consequently 

heavily relying on head 

orientations as a heuristic 

while only coarsely 

considering eye appearance.

Eye-head ambivalent: "Flip a 

coin" to decide between gaze 

targets and head targets, rather 

than correctly prioritizing gaze 

targets.

GPT-5.2, Qwen3, (GazeLLE)

GPT-4o, InternLM, (Moondream2)

Figure 2: Vision-Language Models and baselines (brack-
eted) grouped by their inferred gaze target inference
behavior. We found consistent head-orientation biases.

locate eyes. This kind of characterization is impor-
tant because it can lower the likelihood of theories
such as the Approximate Retrieval account (Kamb-
hampati, 2024), which posits that language model
performance depends on a test stimulus’ similar-
ity to training data and predicts little correlation
between performance and the proximity between
objects when all other scene elements remain con-
stant (as in Fig. 4 Subfigure b).

The main contribution of this work is a series of
tests that allow us to sort any computational method
into one of five hypothesized categories, as illus-
trated in Fig. 2, by presenting 10 repetitions of 1360
high-quality stimuli to each VLM. Characterization
categories are important because different mecha-
nisms require different methods to improve. The ex-
periment design, stimuli, VLM sample size, power
analysis script, and statistical analysis plan of the
main study were pre-registered. The main study is
driven by a pre-pilot and a pilot that evaluated 111
VLMs on 900 pilot stimuli. The main study and the
pilot stimuli do not overlap and are both publicly
accessible.1

2 Experiment Settings

2.1 Choice of VLMs
After testing 111 VLMs in the pre-pilot, we
chose GPT-4o-2024-08-06, GPT-5.2 (OpenAI,

1The pre-registration is at Open Science Framework: https:
//osf.io/tj2wn
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2025), Qwen3-VL-30B-A3B-Instruct (Bai et al.,
2025), InternLM-XComposer2-vl-7b, and GLM-
4.6V (Team et al., 2025) for the main study. To
contextualize the results, we additionally tested
two methods: Moondream2 2025-01-09 (Moon-
dream.ai, 2025), a hybrid VLM with a specialized
gaze inference function that involves Monte Carlo
Sampling, and GazeLLE (Ryan et al., 2025), a
finetuned vision model with a frozen pretrained
transformer-based encoder backbone. See details
at Appendix A.1.

2.2 Task Formulation
The gaze target inference task features commit-
ments that make it an experimental proxy to, rather
than a comprehensive benchmark of, the underlying
gaze inference skill, stemming from a need to trade
off between isolating the core capacity of interest
and accurately reflecting performance in the wild.

At the stimuli level, they are novel (i.e., photos
that likely few in the training data resemble, at least
not superficially), focused (e.g., no body orientation
inference is needed; only a single person is present;
and almost no background distractors), but still real-
world photos (rather than synthetic images that may
not share the same statistical regularities like shade
and light with reality). Firstly, the novelty feature
mitigates the confounding factor of perceptual simi-
larity to the training data. Secondly, focused stimuli
are easier to solve, such that the effect of manipu-
lated variables is stronger. Only when VLMs can
solve these cases, more complex scenarios become
interesting to test on. Lastly, because deep-learning-
based methods are good at discovering statistical
correlations not visible to human eyes, real-world
photos serve as a better starting point than synthetic
pictures.

This collection of images does not and is not
meant to comprehensively resemble the rich visual
experience that people will perceive in their daily
lives. These artificially-constrained stimuli serve
the end of isolating core capacity, rather than a mea-
surement of VLM’s gaze inference in a wide range
of cases ("in the wild"). Performance in the wild in-
volves not just the core capacity of interest, but also
other factors like context, commonsense knowledge
(e.g., people tend to look at things in their hands),
and heuristics (e.g., focusing on body and head ori-
entation without analyzing eye appearance). We
take the isolation of core capacity as the first step
in an evaluation process. Imagine an agent that ex-
cels in the wild but performs poorly when tested

on the core capacity of interest with no peripheral
information available. It likely does not possess
that capacity in the first place and will tend to be
brittle in the edge cases. Conversely, if VLMs are
equipped with a robust core capacity of gaze infer-
ence, they will likely excel in the wild, due to their
advantage of general knowledge. If this first step
indicates a robust capacity in simple cases with few
confounders, in-the-wild evaluation will be better
supported. Indeed, many in-the-wild evaluations
involve internet images where a head-orientation
heuristic is often sufficient. To pressure test VLMs,
we isolate the core capacity by using stimuli that
necessitate fine-grained analysis of eye appearance.

At the task level, three more commitments are
made. Firstly, we use a multiple-choice question for-
mat, rather than an open-ended, free-naming ques-
tion without options or asking for coordinates. The
choices are names of objects on the table, in a ran-
domized order for each trial. This format avoids ask-
ing for coordinates as outputs, as in most gaze infer-
ence works (Erel et al., 2023; Han et al., 2021; Ryan
et al., 2025; Gupta et al., 2024), which unnecessarily
penalizes a correct answer on the sole basis of being
different from the “ground truth” coordinate points
decided by benchmark labelers, even if both coor-
dinates are on the same correct object. Secondly,
we ask VLMs not to report intermediate reasoning
and to output the option letter directly. This instruc-
tion does not inherently prevent VLMs from free
responding, as they might still choose to be verbose
and reason. Our evaluation pipeline is compatible
with reasoning models by mapping free responses
onto options (See Subsection 2.4 for details). Lastly,
we instruct VLMs that they cannot refuse and ask
them to make their best guess. Because this task
is particularly challenging for VLMs, some VLMs
tend to refuse to choose an answer and simply give
up. Based on pilot results, asking them to make
a best guess does not lead to performance change
(p > 0.23 using a two-proportion test) while poten-
tially bringing the benefit of a higher response rate.
These task-level commitments are reflected in the
main study prompts, listed in the Appendix 6.

2.3 Characterizing VLM Gaze Inference
Through Tests

Controlling where the gazer looks and how they
orient their heads allows the investigation of how
VLMs integrate eye appearance and head orienta-
tion cues when inferring gaze target. Head orienta-
tion is an informative heuristic, particularly when
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 Test 2: Head Bias. At least 3 claims are true?

(2.1) Choose head targets more? often than 

gaze targets (when they differ).

(2.2) Mostly the same response when head 

targets are the same but only gaze targets vary.

(2.3) Perform much better? in the Congruent 

Condition than in the Incongruent Condition.

(2.4) Hold the gaze target constant. As the 

head target moves farther away from the gaze 

target, their responses also tend to be farther 

away from the gaze target.

Test 1: Overall Per formance. It solves many 

fewer? evaluation problems than humans? NO

YES, there is a performance gap.

YES, the head orientation bias is strong.

 Test 3: Gaze Responsiveness. Hold the head 

target constant. As the gaze target moves 

farther away from the head target, do their 

responses also tend to be farther away from 

the head target?

NO

Empir ical Tests Character izations

NO

YES, it does not ignore eyes completely.

Eye-head ambivalent: "Flip 

a coin" to decide between 

gaze targets and head 

targets, rather than correctly 

prioritizing gaze targets.

Gaze-competent: Infer eye 

gaze targets with 

human-level precision.

Eye-aware: Infer gaze 

targets with below-human 

precision, but not heavily 

biased by head orientations.

 Test 4: Coin Flipping. Frequency of 

"choice=head target" goes down? only when 

Distance (head target, gaze target) goes from 0 

to 1, but stays the same as the distance 

continues to increase?

NO, frequency continues to drop.

YES

Head-dominant: Cannot 

resolve gaze targets with 

high precision, consequently 

heavily relying on head 

orientations as a heuristic 

while only coarsely 

considering eye appearance.

Head-only: Largely ignore 

(or fail to use) eye 

appearance, leading to 

below-human precision.

               More often than chance, Choice in                    =                   =            

                                           Performance for                    >                   ,            

         Choice of                  is more left than                  and much more left than

      Likelihood of choosing the head target in                    >                   =

Gaze TargetHead Target Head Target Gaze TargetHead Target = Gaze Target

Congruent Condition Incongruent Condition

(same order as above)
Test 2.2 If positive, P(eye-aware)?.

Test 2.3 If positive, P(eye-aware)?.

Test 3 If positive, P(head-only)?.

Test 4 If positive, P(eye-head ambivalent)?.

Test 2.4      Despite the same gaze target, the responded choice becomes farther away from the 

correct answer (gaze target) as the head target moves farther away. If positive, P(eye-aware)?.

Figure 3: The first example involves holding
HeadTarget constant when varying GazeTarget, while
the second example is the opposite.

the gazer’s eyes are not clearly visible. Nonethe-
less, to excel on our stimulus set, VLMs need to
weigh less on the head orientation cue and instead
base their judgments largely on how the gazer’s eyes
look. This reflects the idea that a full understanding
of gaze requires weighing head orientation and eye
appearance cues based on the situation.

We propose to use a series of tests to identify
what kind of cue weighing VLMs implement, sum-

marized and illustrated in Fig 3. The exact content
of each test is described in Section 3. The Overall-
Performance Test (Test 1) clarifies whether VLMs
infer gaze targets with human-level precision, as
human gaze inference serves as a standard to com-
pare against. If there is a performance gap between
VLMs and humans, the next question is whether
this difference is driven by VLMs’ over-reliance on
head orientation cues. The Head-Bias Test (Test 2)
consists of 4 sub-tests. A positive result of each in-
dicates a manifestation of the head orientation bias.
If there are at least 3 positive results from these 4
tests, then we can be confident about the VLM’s
over-reliance on head orientation.

If there is a heavy head bias, it is possible that the
VLM effectively ignores eyeball appearance. The
Gaze Responsiveness Test (Test 3) examines this
possibility by asking if VLMs are sensitive to which
object is the gaze target at all. If they do, their re-
sponses should be affected by the degree to which
the gaze target is located far from the head target.
If so, there are still two possibilities. VLMs might
know which is the gaze target, but only fail to link
this back to answer the question about "looking at"
by prioritizing gaze targets (when available) above
head targets. VLMs sometimes respond with the
head target, sometimes with the gaze target, as if
they are "flipping a coin" to decide between the two.
Alternatively, they can only coarsely consider eye
appearance, leading them to loosely select choices
that lie between the gaze target and the head tar-
get. These two possibilities are distinguished by the
Coin Flipping Test (Test 4), which asks whether the
number of objects located between the gaze target
and the head target matters.

2.4 VLM Evaluation Procedure
Each presentation to a VLM includes a visual stim-
ulus and a textual prompt. There are 1360 photos in
the main study stimulus set. Each VLM is presented
with each photo 16 times, corresponding to one of
the 16 prompt templates, randomly sampled with-
out replacement. The prompt includes a multiple-
choice question, formatting instructions, and po-
tentially some additional hints. The 16 prompts
are listed in the Appendix 6. This makes 21760
(1360 times 16) trials for each VLM. We justify
the sample size by performing a priori sensitivity
power analysis. For an alpha of 0.05 and a power
of 80%, this sample size can detect what we found
about proximity and photo-shooting angles in the
pre-pilot.
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To allow VLMs to freely respond within the
multiple-choice question setup, we follow the
pipeline developed by Duan et al. (2024). Parame-
ters like the response decoding temperature and the
maximal number of tokens are set to the ones recom-
mended by each corresponding VLM provider. Af-
ter VLMs had made their full response, we matched
their response with their options (A, B, C, or D).
This is done by first some manually defined match-
ing templates, followed by semantic matching us-
ing a large language model judge (Meta-Llama-
3.1-70B-Instruct) if template matching did not re-
solve the category, and then followed by authors’
manual review if still not resolved. The matching
templates and the semantic matching process were
hand-examined by sampling to ensure quality. Re-
sponses that were truly not recognizable to human
eyes are counted as incorrect responses, since they
are often nonsensical responses when the problem
is too difficult for the VLMs. There are only 3 such
instances in the main study, all of which are from
the InternLM claiming that the gazer looks at the
camera. GPT-5.2 did not engage this procedure
at all, perfectly following the instruction of only
outputting the options.

2.5 Manipulated and Dependent Variables
There are 3 conditions for how head orientation
and ground truth interact. In the Natural Condition,
the gazer oriented his head however he wanted as
long as he looked at the instructed eye gaze target
comfortably. The pilot stimuli would have fallen
under this condition. In the Congruent Condition,
the gazer oriented his head towards an instructed
target while also looking into the same target. The
gazer adjusted his head orientation until he felt con-
fident that his eye gaze and head orientation agreed.
Although self-perception might not be perfectly ac-
curate, its quality is good enough for this experi-
ment. In the Incongruent Condition, the gazer kept
his head still and moved his eyes to look at other
objects on the table one by one, making the eye
gaze target different from the head orientation tar-
get. Therefore, when switching from the Congruent
Condition to the Incongruent Condition, and when
switching within the Incongruent Condition, the
only thing that differed was the eye appearance, and
the head orientation remained constant, making the
basis for Tests 3 and 4. To avoid carry-over effects,
the gazer looked at the ceiling before every change
of head orientations in all conditions.

In summary, along with those variables briefly

View = Front View = LeftView = Right

Proximity = 1

Proximity = 2

Proximity = 3

#Objects = 2

#Objects = 3

#Objects = 4

(a) (b) (c)

Figure 4: Manipulation of View (left/right/front),
Proximity (1, 2, or 3), #Objects (2-4), and Objects

(13 combinations of 11 distinct items) across 1360 main
study stimuli and 900 pilot stimuli. Stimuli in Subfigure
(c) have a Proximity value of 2. Those shown are pilot
stimuli, while main study stimuli follow the same logic
but additionally control HeadTarget (not shown here).

introduced earlier, the manipulated variables are:

• #Objects: The number of objects on the table,
from 2 to 4. A fixed effect.

• Objects: The specific combination of objects on
the table. There are a total of 11 distinct objects
in the main study stimuli. There are 13 combina-
tions, which are made up of 2 to 4 samples from
these objects. A random effect of 13 levels.

• View: Three possible values. Two views show the
gazer’s left and right profile (View=left/right),
and one shows a frontal view directly facing the
gazer (View=front). A fixed effect.

• Proximity: The distance between Objects (be-
tween each other, not to the gazer). Integer 1,
2, and 3, where a value of 3 represents the high-
est relative proximity (i.e., smallest distance). A
fixed effect.

• PromptID: Indicates which prompt template is
presented. A random effect of 16 levels.

• StimulusID: A unique identifier of the stimulus.
A random effect of 1360 levels.

• GazeTarget: The object the gazer looks at—the
correct answer.

• HeadTarget: The object the gazer’s head orients
to. This variable does not exist in the Natural
Condition, in which the gazer oriented his head
in a way he felt comfortable and natural.

Dependent variables:

• Choice: The response for each trial. The object
that VLMs pick as the gaze target.

• Wrongness: A magnitude of error, as a propor-
tion of the maximum possible error. Computed
by dividing the distance between Choice and
GazeTarget (between 0 and 3) by the maximum
possible distance conditioned on GazeTarget of
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this trial. Here, the distance is one plus the num-
ber of objects between them on the table. For
example, if #Objects=4, with the correct an-
swer being the second from left, but a VLM
chose the third from left, then Wrongness=1/2
and E(Wrongness)=1/2. For any given Proximity
and #Objects, wrongness indicates the relative
angular distance between the correct answer and
chosen answer, with the gazer as the anchor point.
It reflects the precision of gaze target inference
to a finer grain size than accuracy, serving as the
default measure of performance.

• DistEyeHead: The distance between the
GazeTarget and the HeadTarget on the table.
Only for the Congruent and Incongruent
Conditions (where HeadTarget exists).

3 Performance Gap and Head-Bias

The investigation of Proximity and View effects in-
volves the Natural and Congruent Condition, as the
Incongruent condition is too different from pilot
stimuli, where we first found the existence and the
lack of these effects. Except for Test 2.1, the rest
of the tests involve the Congruent and the Incon-
gruent conditions, because they are when the head
orientation is controlled.

As Robitzsch (2020) suggested, we treated
#Objects and Proximity as continuous variables
because they represent an underlying scale. We
mean-centered them for all tests. DistEyeHead is
similarly treated in all but the Coin Flipping Test, in
which it is treated categorically to distinguish Head-
dominant and Eye-head ambivalent. For most tests,
we fit multiple generalized linear mixed-effect mod-
els (GLMMs) and selected the most suitable one
using a top-down model selection strategy. We
began by first exploring the random effect struc-
ture, while fixing the random effect maximally com-
plex. The most complex random effect structure
that can lead to converged models was used. Then,
for better interpretability, we examined whether a
no-interaction model is sufficient, using a Likeli-
hood Ratio Test. If yes, no-interaction models were
used for coefficient reporting, while the complex
ones were still used for visualization and marginal
effect estimations.

3.1 A Performance Gap Between VLMs and
Humans (Test 1)

We first tested 111 VLMs in the pre-pilot and 59
human participants in the pilot. Each VLM saw

Accuracy 2 Objs 3 Objs 4 Objs

Humans (n=59)* 94% 88% 76%

GazeLLE-DinoV2-VitL14 78% 67% 47%
Moondream2 (Hybrid) 78% 58% 41%

GPT-5.2 64% 46% 31%
GPT-4o-20240806 65% 41% 30%
GPT-4o-20240806* 58% 43% 33%
Qwen3-VL-30B 59% 39% 28%
Qwen2.5-VL-72B* 54% 40% 30%
GLM-4.6V-Flash 62% 43% 30%
GLM-4V-9B* 54% 42% 33%
InternLM-XComposer2-VL-7B 64% 43% 29%
InternLM-XComposer2-VL-7B* 54% 45% 31%

Guessing Baseline 50% 33% 25%

Table 1: Natural condition results. Moondream2 results
were obtained by calling its specialized gaze function.
(*) These results were extracted from the pilot study,
which is roughly equally hard.

the whole pilot stimulus pool of size 900, while
each participant saw 45 questions sampled from the
pool (see Appendix A.4 for human response collec-
tion details). On the one hand, human participants
can successfully infer the gaze target in 89% of the
questions. On the other hand, the accuracy of most
VLMs is very close to the expected accuracy of a
machine that randomly selects a valid option in the
multiple-choice question (E(Accuracy) ≈ 42%).
Indeed, a two-sided test for proportions, assuming
a normal approximation to the binomial distribution
(i.e., a z-test), revealed that 94 of the 111 VLMs in
the pre-pilot failed to perform significantly better
than chance (α = .05). The pre-pilot performance
summary is in Appendix A.5.

The same substantial performance gap persists
for main study VLMs and even extends to base-
lines (Moondream2 and GazeLLE) when tested
on the main study stimuli, Natural Condition.
The results are summarized in Table 1. Note
that both GazeLLE and Moondream2 (Hybrid)
achieved human-level performance on GazeFollow
(Recasens et al., 2015), a benchmark that features
in-the-wild stimuli from the internet.

3.2 Proximity and View Effects
Fig. 5 depicts an intuitive summary of these two ef-
fects, while trends in the log-odds space (where
effects are detected) are in Appendix A.7. The
Proximity effect posits that as Proximity increases
(i.e., Objects become closer to each other), per-
formance decreases, manifesting as an increase in
Wrongness. The View effect posits that Wrongness
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Figure 5: The estimated marginal means of Wrongness.
The lower, the better. The random-guessing baseline is
indicated by dashed lines. Statistical models are sepa-
rately fitted for each VLM.

is higher when viewing from the sides (left/right)
compared to the front. While these effects can be
defined using accuracy, Wrongness is a finer-grain
measure. The presence of a Proximity effect in-
dicates that VLMs utilize visual information in a
task-relevant way. A lack of the View effect in-
dicates low sensitivity to eye appearance, as eye
appearance differences are smaller when viewing
from the sides. A strong View effect, on the other
hand, can be due to sensitivity to eyes, but can also
be due to lower competence in three-dimensional
direction tracking from a side view.

To test the reliability of these findings in VLMs,
we fit a binomial GLMM:

logit(Wrongness) ∼ β0 + logit(E(Wrongness))

+View × Proximity ×#Objects× Condition

+γStimulusID + γPromptID + γObjects,

where we treated Wrongness as a binomial propor-
tion, such that a Wrongness of 1

2 is treated as one
“success” and one “failure”. The log-odds func-
tion logit := p 7→ ln(p/1− p) is the inverse of the
logistic function σ(x) = 1/

[
1 + exp(−x)

]
. We in-

cluded a trial-specific offset term such that the fixed
and random effects need to account for the variance
of the log-odds of the ratio between the observed
and the trial-specific expected value of Wrongness.
See Appendix A.7 for details of modeling.

We then estimated the marginal effects to de-
termine the presence of Proximity and View ef-
fects. During pre-pilot, GLM-4V and Gemini
showed the Proximity effect (p=0.004, 0.001), but
not Qwen2.5 (p=0.150). None of them shows the
View effect, but humans do (p<0.001). In the main
study, GPT-5.2 showed Proximity and View effects
(both p < 1e − 4). The existence of the Proxim-
ity effect and the lack of the View effect is found

View Test 2.1 Test 3 Test 4 Types

(GazeLLE) - + - Neither Head-only
(Moondream2) - + + Head-dominant Head-dominant
GPT-5.2 + + - Neither Head-only
GPT-4o - - + Head-dominant Head-dominant
Qwen3-VL-30B - + - Neither Head-only
GLM-4.6V-Flash - - + Neither Unclear
InternLM - - + Head-dominant Head-dominant

Table 2: "+"/"-" indicates a positive/negative test result.
Moondream2 results were obtained by calling its spe-
cialized gaze function, while GazeLLE is a finetuned
model. Test 2.2, 2.3, and 2.4 results are all positive. All
exhibited the Proximity effect.

in GPT-4o, InternLM (both as in the pilot), GLM-
4.6V, and Qwen3.

3.3 Is There a Head Orientation Bias? (Tests
2, 3, and 4)

See Table 2 for a summary of test results. Test
2.1 asks whether VLMs chose HeadTarget More
Often than GazeTarget, for the Incongruent Con-
dition with #Objects>2. Qwen3 and GPT-5.2 are
positive, indicating an extremely strong head bias.
Test 2.2 asks whether VLMs responded with the
same Choice when only GazeTarget varied while
all other scene elements except eye appearance re-
mained constant. For all VLMs, the number of
scenes where this is true is significantly higher
than chance. It is also true for all VLMs that
their performance is higher when HeadTarget coin-
cides with GazeTarget than when they differ (Test
2.3), and that Distance(Choice, GazeTarget) In-
creases as Distance(HeadTarget, GazeTarget) In-
creases (Test 2.4). For all VLMs, the effects in
Test 2.4 are consistently stronger for stimuli with
smaller Proximity, potentially reflecting a heav-
ier reliance on head orientation in more difficult
cases. Gaze Responsiveness Test (Test 3) simi-
larly asks whether Distance(HeadTarget, Choice)
Positively Correlates with Distance(HeadTarget,
GazeTarget). Replicating the pattern in Test 2.1,
Qwen3 and GPT-5.2 again showed a head bias so
strong that it effectively ignored eye appearance.
Lastly, the Coin Flipping Test (Test 4) aims to rule
out the unlikely possibility that a VLM can infer
gaze targets accurately but only fails to understand
that the eye appearance cue precedes head orienta-
tion (Eye-head ambivalent).

4 Why is There a Head Bias?

We need to rule out alternative explanations before
we can attribute the performance gap to head orien-
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tation bias and eye appearance processing deficit.

• The ability to map names onto objects in the
scene. VLMs likely possess this ability, be-
cause Moondream3-preview-base (a 9B VLM
used for annotation to evaluate GazeLLE and
Moondream2) rarely finds a wrong coordinate of
a named object (only 25/8000 of the time for the
full-resolution version of the main study and pilot
stimuli, and it should not be significantly harder
after size downscaling). This is further supported
by the marginal improvement from providing ob-
ject names in the image from left to right in the
prompts (only GPT-5.2 and GPT-4o showed a sig-
nificant improvement by 2% and 1.5% on Natural
and Congruent Conditions, with two-sided paired
t-test, p = 0.002, 0.01, respectively).

• Task understanding. There is no significant
performance difference whether VLMs were
given explicit instruction on how to solve the
task or not, for all VLMs but InternLM (p =
0.03, accuracy difference = 0.8%, two-sided
paired t-test). See the list of prompts in Ap-
pendix 6.

• Evaluation procedure. GPT-5.2 output letters
only and did not engage the option matching pro-
cedure at all, such that the performance gap can-
not be explained away by the option matching
design.

It appears that there is a head orientation bias
and/or eye appearance processing deficit, but why?

• Resolution cannot be the only reason. Hu-
man participants who saw the same images of
the same resolution (448x448) were able to
solve most of the stimuli. In contrast, GPT-
5.2 solves around 39% of a random subset
of 100 main study stimuli with this resolu-
tion (95% CI = [0.366, 0.414]). Resolutions
of 896x896 (Maccuracy = 0.34, 95% CI =
[0.247, 0.433]) and 1024x1024 (Maccuracy =
0.39, 95% CI = [0.294, 0.486]) do not improve
accuracy.

• Attentional skill cannot be the only reason. VLMs
might find it hard to attend to the small eye regions
because of their limited adaptive attentional skills.
This still cannot be the sole reason, because they
also showed sub-human precision in the Congru-
ent Condition, where the head orientation alone

predicts the correct answer, while the head occu-
pies a much larger space. Failure to attend to the
feature of head orientation among many features
of the head can be a reason.

• Patch-by-patch processing cannot be the sole rea-
son. VLMs convert an image into patches, which
are in turn converted into tokens. There might
be limited information these tokens can contain,
given the context length limit. This is likely a rea-
son, but it cannot be the sole reason, as GazeLLE
also showed head orientation bias and eye appear-
ance processing deficit.

• Increasing parameter size is not helpful. Later
VLMs are not better. See Appendix A.6.

We think the most likely and major cause is the
training data. Images that contain faces and clear
eye details are sparse in VLM training data. In addi-
tion, humans, as deeply social and cultural creatures
both evolutionarily and individually, have a great
need to interact with other humans and recognize
their gaze. Training signals (or selection pressure
signals) of gaze inference come from not just the
physical domain but also the social domain. These
statistical correlations between the visual world and
the social world prevalent in the human social world
might be less reflected on the internet. Training
data that mostly consists of internet content might
teach VLMs very little about the interplay of differ-
ent visual cues and where someone looks. To test
this hypothesis that head-bias is mainly driven by
data, we provide a proof-of-concept experiment by
finetuning GazeLLE.

5 Mitigating Head-Bias: A
Proof-of-Concept Experiment

The preceding analysis suggests that the observed
head-orientation bias may arise from the distribu-
tion of training data, which likely overrepresents
cases where head orientation aligns with gaze di-
rection and underrepresents counterexamples re-
quiring fine-grained eye-based inference. Another
approach to further support this claim is conduct-
ing a proof-of-concept experiment by fine-tuning
GazeLLE on our stimulus set. The combined stim-
ulus set from the pilot and main study (of size
900 + 1360) is randomly split into training, valida-
tion, and test sets with a ratio of 7 : 1 : 2. Following
the original GazeLLE training setup, the training
objective is to minimize the Euclidean distance be-
tween the predicted gaze point and the ground-truth
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Pilot Congruent Incongruent Natural

GazeLLE (ViT-B/14) 63.80 62.82 15.65 65.22
Fine-tuned 85.77 ± 1.40 70.00 ± 5.01 34.15 ± 1.76 76.81 ± 2.90

Table 3: Test Accuracy (%) before and after finetuning
the pretrained GazeLLE model (mean ± std over 5 runs
of finetuning).
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Figure 6: Accuracy (%) of GazeLLE variants on the
validation set across finetuning epochs using our stimuli
(7:1:2 split). The shaded bands correspond to± one stan-
dard deviation around the mean over five independent
runs of finetuning. Incongruent condition performance
goes from below-chance to above-chance, indicating mit-
igation of head bias.

target location of the gaze referent object. We fine-
tune the model for 50 epochs using a cosine anneal-
ing learning rate schedule starting from 1e− 3 to
1e − 6. The training accuracy plateaus and con-
verges to approximately 98.10%, showing that the
model fits the training data effectively.

Fine-tuning leads to substantial improvements
across all conditions. We aggregate results over
five independent finetuning runs with different ran-
dom seeds using accuracy as the primary metric.
Table 3 breaks down test set performance by pilot
stimuli, congruent, incongruent, and natural con-
ditions. Performance on pilot and natural condi-
tions improves consistently, with gains of approxi-
mately 21.97% and 11.59%, respectively, suggest-
ing broader improvements in general gaze infer-
ence. The improvement in the congruent condition
is most modest (from 62.82% to 70.00%, with a
large standard deviation), indicating that the pre-
trained model already performs reasonably well
when head orientation aligns with gaze direction.
The most impressive gain is observed in the incon-
gruent condition, where accuracy increases from
15.65% to 34.15%, consistent with the prediction
that fine-tuning enables the model to rely less on
head orientation cues.

The finetuning dynamics further support this in-
terpretation. Figure 6 shows validation accuracy
across finetuning epochs. Accuracy in the Incon-
gruent condition increases rapidly during the first
10 epochs, whereas other conditions exhibit more
gradual and stable improvements. This early-phase
jump suggests that the model quickly adapts to the
case where head orientation is misleading, reduc-
ing its reliance on shortcut heuristics. Despite these
gains, performance in the incongruent condition re-
mains the lowest, indicating that head-orientation
bias is mitigated but not fully eliminated, poten-
tially driven by the small stimulus set size. De-
tailed per-run validation dynamics are reported in
Appendix 15.

6 Conclusion

Identifying likely causes of the performance gap
allows targeted recommendations that might bridge
this gap. Incorporating training data that explic-
itly captures the interaction between body orienta-
tion, head orientation, and eye appearance, particu-
larly in cases where these cues are misaligned, may
be beneficial. In addition, training examples that
minimize reliance on contextual cues or common
knowledge could encourage models to develop a
more robust understanding of gaze based on visual
evidence alone. Once equipped with this capabil-
ity, VLMs can be further trained to integrate gaze
inference into downstream tasks across domains,
enabling performance that more closely aligns with
human behavior (Linsley et al., 2025). These in-
clude combining contextual information with vi-
sual reasoning, grounding verbal communication
through gaze cues, inferring intentionality, and per-
forming perspective-taking (Linsley et al., 2024).
Targeted training data where gaze cues, but not
other factors, are necessary to make sense of the sit-
uation might be helpful for the acquisition of these
higher-level skills.

By employing a controlled study to probe core
capacity, we show that current VLMs are not yet
able to reliably infer human gaze direction. More
broadly, our work serves as a proof-of-concept for
the use of hypothesis-driven evaluation and con-
trolled behavioral probing, contributing to a grow-
ing body of research advocating for such method-
ologies in the study of vision-language models.
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7 Limitations

The incongruent condition is a central condition
for our study, but it might initially appear to lack
ecological validity. Gaze-target inference relies on
integrating at least three cues: body orientation,
head orientation, and eye appearance. To under-
stand how these cues interact when they do not
align, we manipulated the degree of incongruence
(HeadTarget). For example, a DistEyeHead of 1
indicates looking at an object while the head faces
an adjacent one. Because head-turning incurs a
higher biomechanical cost than eye movement, mi-
nor incongruencies (DistEyeHead of 1) are likely
both frequent and natural. While higher degrees of
incongruence are undeniably less common in real-
world interactions, they are not entirely rare, sug-
gested by the existence of a phrase for it (“sidelong
glances”). However, we currently lack empirical
data quantifying the exact real-world frequencies of
these specific cue misalignments, which constitutes
a primary limitation of this work.

A second limitation is the lack of a diverse set of
actors and actresses. There are two actresses in our
pilot and one actor in our main study. Besides the
severe resource constraint when it comes to human
models, it can be an additional confounding vari-
able if the gazer also varies when we systematically
control those manipulated variables, making our ef-
fects underpowered and difficult to detect. There are
also varieties across gazers, particularly facial fea-
tures like fake eyelashes and colored contact lenses.
Since we pre-registered the main study and do not
see substantial performance differences between
stimuli with these gazers, we believe that even if,
in the unlikely case that all these stimuli happen
to be extremely difficult for VLMs but not human
participants, the performance gap between VLMs
and humans cannot be solely attributed to this fac-
tor. We do agree that having a more diverse set will
solidify and contextualize our finding better.

8 Ethical Considerations

Gemini Pro was used for statistical advice and writ-
ing. Claude Pro was used for coding. We followed
the Terms of Service for proprietary (API-Based)
as well as licenses for openly distributed VLMs.

Societal Implications Our results have implica-
tions for understanding how VLMs might impact
our society. Importantly, the possibility of machines
that can understand gaze targets should be taken se-

riously. Users may not want machines to interpret
their nonverbal cues without their explicit consent,
for example, when they are inputting passwords on
a keyboard. Users of VLMs with such an ability
should be warned about their capabilities before
using them. Our results indicate that VLMs do not
currently possess this skill, yet the possibility re-
mains. Further development of this ability in VLMs
should be taken with great care.

Human Participants For human response collec-
tion, all methods were approved by the Johns Hop-
kins Institutional Review Board and were carried
out per relevant guidelines and regulations. Human
response is de-identified by only keeping the Pro-
lific ID. Our consent form informed that we will
collect limited demographics and contact details
(as required) for eligibility. Data are used only for
research; publications use aggregate/de-identified
results. De-identified data may be shared with qual-
ified researchers/regulators and retained long term;
identifiable records follow legal retention. All par-
ticipants are paid an hourly rate of 12 USD regard-
less of their residence.

The Human Actor and Actresses For stimuli
collection, the one actor and two actresses granted
us permissive, royalty-free rights to employ their
visual materials. To maximize reproducibility, the
stimuli that contain their faces are publicly acces-
sible. While we are unable to remove their faces,
which are the whole point of this study, the stim-
uli and annotation sheet do not contain identifiable
textual information like names. Actresses received
financial compensation, while the actor agreed to
volunteer. We thank them for their contribution.
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A Appendix
A.1 Choosing VLMs to Evaluate
In the pre-pilot, we tested 111 VLMs. Given that
most VLMs performed close to chance, it was only
meaningful to analyze the most performant ones
closely. Therefore, we ran a larger-scale pilot for 5
VLMs: GPT-4o-2024-08-06 (OpenAI, 2024), Gem-
ini 1.5 Pro 002 (Team Gemini, 2024), Qwen2.5-
VL-72B-Instruct (Team Qwen, 2025), InternLM-
XComposer2-vl-7b (Dong et al., 2024), and GLM-
4V-9B (Team GLM et al., 2024). They were five
of the top seven most-performant VLMs in the
pre-pilot, while InternLM-XComposer2d5-7b and
OpenAI-o1 were not selected for redundancy and
cost considerations, respectively. For the main
study, we tested: GPT-4o-2024-08-06, GPT-5.2-
2025-12-11 (OpenAI, 2025), Qwen3-VL-30B-A3B-
Instruct (Bai et al., 2025), InternLM-XComposer2-
vl-7b, and GLM-4.6V (Team et al., 2025). They are
mostly from the pilot or newer versions of those in
the pilot, except for GPT-5.2, which is chosen to rep-
resent the closed-source frontier because Gemini-
3-Pro-preview has too strict a rate limit. This way,
they not only represent the new frontier but also
connect with our pilot.

A.2 The Pilot and Main Study Stimuli
The pilot stimuli feature actresses X and Y. Crop-
ping is used to maximize the proportion of space
that relevant visual information occupies. The main
study stimulus features actor Z. The camera is an
iPhone 13 Pro with its default setup for square photo
shooting. There are different facial features, such
as fake eyelashes and colored contact lenses. Ex-
amples of actress X stimuli are shown in Figure 4.
Fig. 7 shows examples of actress Y.

Scene Construction All rooms were well-lit. No
catch light in the eyes. A diverse set of objects
(9 in the pilot stimuli and another 11 in the main
study stimuli). Mixed-effect modeling reveals that
objects as a random effect lead to singularity, so
no difference in this dimension explains the out-
come. There are 3 environments: blue wall, white
wall, and office (A.7.8). The blue-wall room has
no background. The pilot stimuli were collected
from the office, while the main study stimuli were
collected from the first two. The white-wall room
has a decorative wall canvas.

Proximity Rubrics For Proximity, a value of
one corresponds to putting objects farthest away

from each other on the table, while a value of three
means they are placed the closest possible, but not
touching. It represents the relative sparseness of
objects, rather than absolute distance.

Stimulus Cleansing Procedure We manually ex-
amined every photo we took and dropped all photos
taken in the middle of a blink. All cases with oc-
cluded eyes can be approached by considering the
head position, and there is no significant occlusion
of parts of the objects. Black padding was added
when resizing photos to 448 by 448 pixels for pilot
stimuli, while the main stimuli were already square.

Generalizability Note that sometimes the back-
ground is messy: this increases the credibility of
our evaluation. Messy backgrounds mainly appear
when View=right, yet we do not observe signifi-
cantly worse performance in the View=right con-
dition, so such a background introduces minimal
confounding effect while adding realistic noise to
the stimuli and increases diversity. We thus expect
our results to have reasonable generalizability.

View = Front View = LeftView = Right

Proximity = 1

Proximity = 2

Proximity = 3

#Objects = 2

#Objects = 3

#Objects = 4

(a) (b) (c)

Figure 7: Examples of stimuli for Actor Y with different
View, Proximity and #Objects.

A.3 VLM Evaluation Details
See Table. 4, 5, and 6 for the list of prompt templates
we used for the pre-pilot, pilot, and main study,
respectively. The image tokens were inserted into
the place marked by the placeholder in the template.
\n indicates a change of line.

The encouragement of guessing when uncertain
is a response to VLM refusal. In the pre-pilot, they
were explicitly asked to guess when uncertain. In
the pilot, some prompts only said that they can-
not refuse to choose. No significant difference was
found between runs with different prompts, so the
problem does not lie in the explicit instruction of
guessing. There is still a chance that the firm atti-
tude failed some VLMs. Unfortunately, since this
task is particularly challenging for VLMs, many
VLMs will refuse to choose most of the time when
the forced-choice instruction is absent. Allowing
models to opt out would make it impossible to as-
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sess their performance comprehensively, as a ’strate-
gic’ model could achieve high accuracy simply by
answering only the easiest questions. Our approach
ensures we can characterize model behavior across
the full range of difficulty, which is essential for our
analysis.

Table 4: The full list of 12 prompt templates in the pre-
pilot, assuming that #Objects=3.

ID Prompt Template
1 <image> What is this person looking at?\n A. xxx\n B. xxx\n C. xxx\n

Please answer with the option’s letter A, B, C directly. If you don’t know,
you still must choose one, so you might select randomly. You cannot
refuse to choose.

2 <image> Where is this person looking?\n A. xxx\n B. xxx\n C. xxx\n
Please answer with the option’s letter A, B, C directly. If you don’t know,
you still must choose one, so you might select randomly. You cannot
refuse to choose.

3 <image> Which object is this person looking at?\n A. xxx\n B. xxx\n
C. xxx\n Please answer with the option’s letter A, B, C directly. If you
don’t know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

4 <image> What is she looking at?\n A. xxx\n B. xxx\n C. xxx\n Please
answer with the option’s letter A, B, C directly. If you don’t know, you
still must choose one, so you might select randomly. You cannot refuse
to choose.

5 <image> Where is she looking?\n A. xxx\n B. xxx\n C. xxx\n Please
answer with the option’s letter A, B, C directly. If you don’t know, you
still must choose one, so you might select randomly. You cannot refuse
to choose.

6 <image> Which object is she looking at?\n A. xxx\n B. xxx\n C. xxx\n
Please answer with the option’s letter A, B, C directly. If you don’t know,
you still must choose one, so you might select randomly. You cannot
refuse to choose.

7 <image> What is this person looking at in the image?\n A. xxx\n B. xxx\n
C. xxx\n Please answer with the option’s letter A, B, C directly. If you
don’t know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

8 <image> Where is this person looking in the image?\n A. xxx\n B. xxx\n
C. xxx\n Please answer with the option’s letter A, B, C directly. If you
don’t know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

9 <image> Which object is this person looking at in the image?\n A. xxx\n
B. xxx\n C. xxx\n Please answer with the option’s letter A, B, C directly.
If you don’t know, you still must choose one, so you might select randomly.
You cannot refuse to choose.

10 <image> What is she looking at in the image?\n A. xxx\n B. xxx\n C.
xxx\n Please answer with the option’s letter A, B, C directly. If you don’t
know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

11 <image> Where is she looking in the image?\n A. xxx\n B. xxx\n C.
xxx\n Please answer with the option’s letter A, B, C directly. If you don’t
know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

12 <image> Which object is she looking at in the image?\n A. xxx\n B.
xxx\n C. xxx\n Please answer with the option’s letter A, B, C directly. If
you don’t know, you still must choose one, so you might select randomly.
You cannot refuse to choose.

Table 5: The full list of 12 prompt templates in the pilot,
assuming that #Objects=3.

ID Prompt Template
1 <image> What is this person looking at?\n A. xxx\n B. xxx\n C. xxx\n

Please answer with the option’s letter A, B, C directly. If you don’t know,
you still must choose one, so make your best guess.

2 <image> Where is this person looking?\n A. xxx\n B. xxx\n C. xxx\n
Please answer with the option’s letter A, B, C directly. If you don’t know,
you still must choose one, so you might select randomly. You cannot
refuse to choose.

3 <image> Which object is this person looking at?\n A. xxx\n B. xxx\n C.
xxx\n Please answer with the option’s letter A, B, C directly. You cannot
refuse to choose.

4 <image> What is she looking at?\n A. xxx\n B. xxx\n C. xxx\n Please
answer with the option’s letter A, B, C directly. There is no need to
reason. If you don’t know, you still must choose one, so make your best
guess.

5 <image> Where is she looking?\n A. xxx\n B. xxx\n C. xxx\n Please
answer with the option’s letter A, B, C directly. There is no need to
reason. If you don’t know, you still must choose one, so you might select
randomly. You cannot refuse to choose.

6 <image> Which object is she looking at?\n A. xxx\n B. xxx\n C. xxx\n
Please answer with the option’s letter A, B, C directly. There is no need
to reason. You cannot refuse to choose.

7 <image> What is this person looking at in the image?\n A. xxx\n B. xxx\n
C. xxx\n Please answer with the option’s letter A, B, C directly. If you
don’t know, you still must choose one, so make your best guess.

8 <image> Where is this person looking in the image?\n A. xxx\n B. xxx\n
C. xxx\n Please answer with the option’s letter A, B, C directly. If you
don’t know, you still must choose one, so you might select randomly. You
cannot refuse to choose.

9 <image> Which object is this person looking at in the image?\n A. xxx\n
B. xxx\n C. xxx\n Please answer with the option’s letter A, B, C directly.
You cannot refuse to choose.

10 <image> What is she looking at in the image?\n A. xxx\n B. xxx\n C.
xxx\n Please answer with the option’s letter A, B, C directly. There is no
need to reason. If you don’t know, you still must choose one, so make
your best guess.

11 <image> Where is she looking in the image?\n A. xxx\n B. xxx\n C.
xxx\n Please answer with the option’s letter A, B, C directly. There is
no need to reason. If you don’t know, you still must choose one, so you
might select randomly. You cannot refuse to choose.

12 <image> Which object is she looking at in the image?\n A. xxx\n B.
xxx\n C. xxx\n Please answer with the option’s letter A, B, C directly.
There is no need to reason. You cannot refuse to choose.
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Table 6: The full list of 16 prompt templates in Main
Experiment, assuming that #Objects=3.

ID Prompt Template
1 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nIf you don’t know, you still must choose one, so make your best guess.

There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.
2 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. If you don’t know, you still

must choose one, so make your best guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.
3 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThe objects are placed on the table following the order of tulips, bunny,

and kettle, from left to right. If you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning.
Please answer with the option’s letter A, B, C directly.

4 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. The objects are placed on
the table following the order of tulips, bunny, and kettle, from left to right. If you don’t know, you still must choose one, so make your best guess. There is
no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

5 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nPlease focus on the eyes. If you don’t know, you still must choose one,
so make your best guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

6 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. Please focus on the eyes. If
you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning. Please answer with the option’s
letter A, B, C directly.

7 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThe objects are placed on the table following the order of tulips, bunny,
and kettle, from left to right. Please focus on the eyes. If you don’t know, you still must choose one, so make your best guess. There is no need to report
intermediate reasoning. Please answer with the option’s letter A, B, C directly.

8 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. The objects are placed on
the table following the order of tulips, bunny, and kettle, from left to right. Please focus on the eyes. If you don’t know, you still must choose one, so make
your best guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

9 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nFirst, locate the person’s face. Next, locate their eyes. Finally, trace the
line of sight to identify the target object. If you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate
reasoning. Please answer with the option’s letter A, B, C directly.

10 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. First, locate the person’s
face. Next, locate their eyes. Finally, trace the line of sight to identify the target object. If you don’t know, you still must choose one, so make your best
guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

11 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThe objects are placed on the table following the order of tulips, bunny,
and kettle, from left to right. First, locate the person’s face. Next, locate their eyes. Finally, trace the line of sight to identify the target object. If you don’t
know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C
directly.

12 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. The objects are placed on
the table following the order of tulips, bunny, and kettle, from left to right. First, locate the person’s face. Next, locate their eyes. Finally, trace the line of
sight to identify the target object. If you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning.
Please answer with the option’s letter A, B, C directly.

13 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nFirst, locate the person’s face. Next, locate their eyes. Then, enumerate
each object in the image to imagine how the eyes would look if the person were looking at that object. Finally, choose the option that best matches the
actual eye appearance. If you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning. Please
answer with the option’s letter A, B, C directly.

14 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. First, locate the person’s
face. Next, locate their eyes. Then, enumerate each object in the image to imagine how the eyes would look if the person were looking at that object. Finally,
choose the option that best matches the actual eye appearance. If you don’t know, you still must choose one, so make your best guess. There is no need to
report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

15 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThe objects are placed on the table following the order of tulips, bunny,
and kettle, from left to right. First, locate the person’s face. Next, locate their eyes. Then, enumerate each object in the image to imagine how the eyes
would look if the person were looking at that object. Finally, choose the option that best matches the actual eye appearance. If you don’t know, you still
must choose one, so make your best guess. There is no need to report intermediate reasoning. Please answer with the option’s letter A, B, C directly.

16 <image> Which object is this person looking at?\n A. kettle\n B. tulips\n C. bunny\nThis person is looking at one of the objects. The objects are placed on
the table following the order of tulips, bunny, and kettle, from left to right. First, locate the person’s face. Next, locate their eyes. Then, enumerate each
object in the image to imagine how the eyes would look if the person were looking at that object. Finally, choose the option that best matches the actual eye
appearance. If you don’t know, you still must choose one, so make your best guess. There is no need to report intermediate reasoning. Please answer with
the option’s letter A, B, C directly.

A.4 Human Response Collection Details

We used Prolific to recruit 59 participants around
the globe who are fluent in English and use Desk-
top browsers to access our survey (created us-
ing JsPsych; developed by de Leeuw et al. 2023).
The pilot stimuli are split into 20 predetermined
stimulus lists with 45 test stimuli per list. There
are additionally 7 attention-check stimuli with
#Objects=2 and Proximity=1 while covering a
range of Objects, all three Views, and both Gazers.
Each participant was assigned to one of the stimu-
lus lists and received a mix of 45 test stimuli and
7 attention checks with random presentation order.
Although some participants failed at least one atten-

tion check, we did not exclude them from analysis.

Attention Checks The attention checks are the
same across participants and are meant to be the
simplest cases that a focused person should not fail.
Indeed, within participants who are correct on all
attention checks, the non-attention-check questions
with #Objects=2 and Proximity=1 (meaning that
they are as difficult as the attention checks) have a
mean accuracy of around 99.30%.

Human Participant Demographics See Fig. 8
for the demographics of the 59 participants. De-
mographic data of some participants is missing
and hence not plotted. All participants are paid an
hourly rate of 12 USD regardless of their residence.
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Figure 8: The demographics.
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Figure 9: The prediction made by a logistic regression
model (response time shown here as the 99th percentile
range).

Human Accuracy vs. Response Time See Fig. 9.
We submitted the response time details for every
trial of valid participants (who passed all attention
checks). The higher the response time of the trial
is, the lower the likelihood of getting the correct
response (p < .001). This indicates that people
tend to spend more time on harder cases and still
tend to fail on them.

Details of the Survey See Fig. 10 for screenshots
of the survey. The participants click a button to en-
ter full-screen mode and start reading instructions
(they have to press different keys on the keyboard
to ensure they read the instructions). Then, they
go through three practice trials based on 3 of the
seven attention checks with correctness feedback
(in the form of a check mark or a cross mark with no
sound). After that, they complete the 45 (test stim-
uli) + 7 (attention check) questions with a progress
bar to motivate them, as the questions are relatively

easy, but no correctness feedback is available. The
stimuli in the three practice trials will appear again
as attentional checks that look the same as the other
trials. Four other pre-determined attention checks
will also appear. Participants do not know which
are attention checks, and they are warned to try their
best for all questions. Even if they failed attention
checks, they were still paid, regardless of the warn-
ing. Participants cannot go back and forth to make
changes, but they can take as long as they want to
answer the questions.

(a) The first instruction page after being put into full-screen
mode.

(b) The second instruction page explains the existence of at-
tention checks.

(c) An example of the question pages where participants click
one of the buttons to make their choice and proceed to the next
question.

Figure 10: Screenshots from the human survey.

A.5 Pre-pilot Results

See Fig. 11. Note that responses collected in the pi-
lot for the 5 selected VLMs are excluded to preserve
equal sample sizes among VLMs for fair compari-
son.
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Figure 12: No strong linear relation between VLM ac-
curacy and release date was found.

40% 50% 60% 70% 80% 90%

Humans
o1-2024-12-17
gemini-1.5-pro

gpt-4o
Qwen2.5-VL-72B-Instruct

glm-4v-9b
internlm-xcomposer2d5-7b
internlm-xcomposer2-vl-7b

NVLM-D-72B
emu2-chat

LLaVA-NeXT-Video-32B-Qwen
emu3-chat

llava-onevision-qwen2-7b-ov-chat-hf
internlm-xcomposer2-vl-1_8b

InternVL2_5-8B
360VL-70B

InternVL2_5-26B
claude-3-5-sonnet-20240620

Llama-3.2-90B-Vision-Instruct
WeMM-Chat-2k-CN

deepseek-vl-1.3b-chat
internlm-xcomposer2-4khd-7b

InternVL2_5-1B
VILA1.5-40B

deepseek-vl-7b-chat
llava-onevision-qwen2-0.5b-ov-hf

Molmo-72B-0924
deepseek-vl2-small

llava-onevision-qwen2-72b-ov-hf
MolmoE-1B-0924

Monkey-Chat
internlm-xcomposer2-7b

deepseek-vl2-tiny
gemma-3-27b-it

llava-onevision-qwen2-72b-ov-chat-hf
VideoLLaMA2-72B

Llama-3.2-11B-Vision-Instruct
gemma-3-4b-it

InternVL2_5-38B
LLaVA-Video-72B-Qwen2

Parrot-7B
gemma-3-12b-it

moondream2
Pixtral-12B-2409

Qwen2.5-VL-7B-Instruct
VideoLLaMA2-7B-16F

JanusFlow-1.3B
deepseek-vl2

llava-onevision-qwen2-7b-si-hf
MGM-7B-HD

VideoLLaMA2.1-7B-16F
Chat-UniVi-13B

MiniMonkey
instructblip-vicuna-7b
instructblip-vicuna-13b

llava-onevision-qwen2-7b-ov-hf
TransCore-M
VILA1.5-3B-s2

WeMM
Llama-3.2V-11B-cot
Molmo-7B-D-0924

Llama-3-MixSenseV1_1
WeMM-Chat-CN

Qwen2.5-VL-3B-Instruct
Llama-3-LongVILA-8B-1024Frames
Llama-3-LongVILA-8B-256Frames

Molmo-7B-O-0924
MiniGPT_4_V2

Yi-VL-6B
Janus-Pro-1B
Parrot-14B

llava-onevision-qwen2-0.5b-si-hf
yi-vision-v2
Janus-1.3B

VideoChat2_stage3_Mistral_7B
Janus-Pro-7B

Aquila-VL-2B-llava-qwen
blip2-flan-t5-xl

Llama-3-LongVILA-8B-512Frames
VideoChat2_HD_stage4_Mistral_7B_hf

InternVL2_5-2B
Phi-4-multimodal-instruct

moondream1
instructblip-flan-t5-xxl

InternVL2_5-4B
mplug-owl2-llama2-7b

video_chatgpt-7B
video_chat_13b

Llama-3-VILA1.5-8B
blip2-flan-t5-xxl

instructblip-flan-t5-xl
paligemma-3b-mix-448

Llama-3-LongVILA-8B-128Frames
VILA1.5-13B

Yi-VL-34B
Llama-3-VILA1.5-8B-Fix

VideoLLaMA2-7B
Monkey

Video-LLaVA-7B
XVERSE-V-13B

llava-onevision-qwen2-72b-si-hf
OmniLMM-12B
falcon-11B-vlm

fuyu-8b
blip2-opt-6.7b
visualglm-6b

OpenFlamingo-9B-vitl-mpt7b
VILA1.5-3B

video_chat_7b
Aria

blip2-opt-2.7b
Chat-UniVi

Figure 11: Full comparison of the overall accuracy of
Humans and VLMs. 95% CIs are drawn horizontally,
while the random guessing baseline of 42% is drawn
vertically.

A.6 Scaling Does Not Help

We collected VLM release date information for
75 of the 111 VLMs (excluding smaller-size ver-
sions when the full-size versions are present) and
size estimates for 106 VLMs (excluding outliers
with estimated size larger than 100 billion parame-
ters). They cannot linearly predict accuracy (R2 <
0.03, 0.01 respectively), as shown in Fig. 12 and
Fig. 13, respectively.
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Figure 13: The higher the accuracy, the better. Accuracy
does not improve as the number of parameters increases.
The 95% confidence intervals for linear regression are
drawn as shaded areas. Standard deviations are reported
for variables drawn as horizontal lines.

A.7 Main Study Mixed-Effects Modeling
Details

We fitted mixed-effects logistic models in R (Ver-
sion 4.4.3) using the lme4 package (Version 1.1-38;
Bates et al. 2015).

A.7.1 Proximity and View Effects
Figure 14a shows the estimated marginal means
obtained by fitting a mixed-effects model for each
group. Dashed lines are the random-guessing base-
lines. The figures on the left depict variable rela-
tions with the wrongness in the zero-to-one space,
while the figures on the right depict them in the logit
space. Note that averaging is always performed in
the logit space, as this is part of the reason why the
link transformation is used in the first place. No
significant difference between marginal means for
View=left and right.

A.7.2 Choosing HeadTarget More Often than
GazeTarget (Test 2.1)

Model Take results in the Incongruent Condi-
tion with #Objects>2 and Choice being either
HeadTarget or GazeTarget. Fit a binary logis-
tic GLMM logit(IsHeadTarget) ∼ β0 with afore-
mentioned random effects for each VLM, where
IsHeadTarget is the binary variable of whether or
not Choice equals HeadTarget.

Results The intercept β0 represents the ratio of
choosing the HeadTarget (when Choice being ei-
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(a) View effect

(b) Proximity effect

(c) Number of Candidate effect, exploratory

ther HeadTarget or GazeTarget) for a stimulus
that induces "median" level head bias. For GPT-5.2,
the intercept β0 is positive (p < 1e−4), indicating a
positive answer to the test question. Indeed, it chose
HeadTarget 62% of the time when Proximity=1.
This rate returns to 52% when Proximity=3, which
is not surprising because when these two choices
are spatially closer, the head bias can be less salient.
The test is taken to be positive for GPT-5.2. For
Qwen3, it chose HeadTarget 57% of the time when
Choice was either HeadTarget or GazeTarget.
As the bimodal pattern made the statistical model
not reliable for Qwen3, its test result is taken to be
positive, per a t-test (p < 1e − 3). The model is
similarly unreliable for GLM, but its t-test result is
negative (51.6%, p = 0.15). This test is negative
for GPT-4o and InternLM.

A.7.3 Respond the Same When HeadTarget

Stays the Same (Test 2.2)
Model Take results in the Congruent and Incon-
gruent Conditions. Fix a combination of (Objects,
Proximity, View, HeadTarget, PromptID), vary
only GazeTarget (2-4 levels) and see whether
Choice stays the same. Calculate the number of
combinations where this is the case.

Results GPT-5.2 chose the same option across
those 2 to 4 stimuli that only differ in the eye ap-

pearance around 58% of the time, much higher
than chance (chance ≈ 20%, p < 3e − 16,
combination-level directional one-sample t-test).
Specifically, around 29% of the time, it always
chose HeadTarget across stimuli within a com-
bination, a rate again much higher than chance
(chance ≈ 10%, p < 3e−16), leading to a positive
result. Similar results for all other VLMs.

A.7.4 Perform Worse When HeadTarget ̸=
GazeTarget (Test 2.3)

Model Fit logit(IsCorrect) ∼ β0 +
logit(E(IsCorrect)) + View × Proximity ×
#Objects × Condition with aforementioned
random effects, where IsCorrect is the bi-
nary variable of whether or not Choice equals
GazeTarget.

Results GPT-5.2 solved 45% of the problems in
the Congruent Condition, but only 28% in the Incon-
gruent Condition, a strong positive result. Similar
results for all other VLMs.

A.7.5 Distance(Choice, GazeTarget)
Increases as Distance(HeadTarget,
GazeTarget) Increases (Test 2.4)

Model Fit logit(Wrongness) ∼ β0 +
logit(E(Wrongness)) + View × Proximity ×
#Objects × DistEyeHead with aforementioned
random effects.

Results For GPT-5.2, the marginal slope indi-
cates that each time DistEyeHead increases by 1,
the odds of Wrongness increase by 10 percent on
average (p < 1e − 13). Similar results for all
other VLMs. This effect is stronger for stimuli
with smaller Proximity, consistently for all these
VLMs.

A.7.6 Distance(HeadTarget, Choice)
Positively Correlates with
Distance(HeadTarget, GazeTarget)
(Test 3)

Model Fit logit(DistToHeadTarget) ∼
β0 + logit(E(DistToHeadTarget)) + View ×
Proximity × #Objects × DistEyeHead
with aforementioned random effects, where
DistToHeadTarget is the relative distance be-
tween Choice and HeadTarget, defined in a way
similar to Wrongness.

Results There is no such effect for Qwen3. For
GPT-5.2, the marginal slope indicates that when
Proximity=1, as DistEyeHead increases by 1, the

10387



odds of DistToHeadTarget increase by 5 percent
on average (p = 0.028). This effect becomes
marginal when averaging across different values
of Proximity (p = 0.054), so we still take GPT-
5.2 to have a negative answer to this question. For
GPT-4o, InternLM, and GLM, this test is positive.

A.7.7 Whether Frequency of Choosing
HeadTarget Changes Within the
Incongruent Condition (Test 4)

Model Take results in the Congruent and In-
congruent Conditions with #Objects greater
than 2. Fit logit(IsHeadTarget) ∼ β0 +
logit(E(IsHeadTarget)) + View× Proximity×
#Objects × DistEyeHead with aforementioned
random effects. Crucially, DistEyeHead is treated
as categorical. Separately looking at #Object=3
and 4.

Inference If the marginal means of
IsHeadTarget for DistEyeHead=1 and 2 when
#Object=3 (or 1, 2, and 3 when #Object=4) are
not significantly different from each other, but are
all significantly lower than when DistEyeHead=0
(the Congruent Condition), then the type 5 is
supported. Otherwise, if the marginal mean
decreases overall, then the type 4 is supported.

Results GPT-5.2 marginal means of
IsHeadTarget did not change as DistEyeHead

changes. Because of this lack of support for
either type 4 or 5 and its negative Test 3 result,
we categorized it as type 3. It is similarly the
case for Qwen3 and GLM. Curiously, GLM also
showed a positive result of Test 3, meaning that it
is responsive to eye appearance, but not in a way
described by types 4 or 5. In contrast, for GPT-4o,
the marginal means of IsHeadTarget dropped as
DistEyeHead goes from 1 to 2 when #Object=3,
as well as when DistEyeHead goes from 2 to 3
when #Object=4 (p = 0.007, 0.034, respectively).
This makes GPT-4o a prototypical member of type
4. For InternLM, it only dropped as DistEyeHead
goes from 1 to 2 when #Object=3 (p < 1e−3) but
not for #Object=4. Since no difference between
DistEyeHead=0 and 1 was found for both values
of #Object, InternLM is more likely a member of
type 4 than 5.

A.7.8 Other Exploratory Analysis
Ability to Ignore Background Distractors
VLMs can ignore background distractors. Main
study stimuli were collected in two locations–a blue

room and a white room (see Fig. 3 for examples
from each). There are no background distractors
for blue room stimuli and only a decorative wall
canvas for white room stimul. Since no perfor-
mance difference is detected between these two
cases, we effectively presented scenes with mini-
mal visual distractions, and VLMs can ignore such
a simple distractor. Additionally, in the pilot stim-
uli, there are only cluttered background distractors
when View=right. Since there is almost no View
effect found in the pilot (except for Gemini 1.5 Pro),
VLMs are not greatly distracted by a more cluttered
background either.

A.8 Finetuning Dynamics Across 5 Runs
Variants of GazeLLE There are 4 variants of
GazeLLE. Its backbone can be DINOv2 ViT-L or
DINOv2 ViT-B. We can supply the bounding boxes
for faces or not (annotated by Moondream3-preview
and all manually checked). We evaluated all and
showcased the one that performed best—GazeLLE
DINOv2 ViT-L with annotated face bounding boxes,
while other variants performed pretty well too.

GazeLLE Finetuning Results We visualize the
training trajectories for each of the five independent
runs across all conditions Most importantly, the im-
provement in the Incongruent condition is reliable
across different runs.
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Figure 15: Validation accuracy across fine-tuning
epochs for five independent runs across conditions.
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