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Abstract

Robots and augmented-reality systems must track objects
as their cameras move. A model may name an object cor-
rectly yet place it in the wrong direction after the camera
turns. Recent benchmarks test this ability. They report
one pooled accuracy per model, and guard against guess-
ing with balanced answers, human references and text-only
controls. By that measure the strongest models look close
to solving the task. We show that a pooled score hides a
failure those guards do not catch. These benchmarks ask
where an object will be after a stated camera turn, and that
turn alone rules out some answers. A model can therefore
score well from the turn and never use the image. We call
this an action-only shortcut. We present EgoShift, a bench-
mark of 12,786 questions in simulated indoor scenes. A
model must match an object across two views, say where
it lies after a stated turn, and judge whether it is visible,
out of view, or hidden. Our main contribution is a test for
the shortcut. The camera geometry determines which an-
swers each turn can produce. We compute the highest score
the shortcut can reach, then build every turn to sit exactly
there. The test catches what the usual guards miss. An ear-
lier version of our data looked balanced, yet a system that
saw only the stated turn scored 72.3%. Across 36 mod-
els, accuracy does not fall as the turn grows larger. At 90◦

and 180◦ no frontier configuration scores above 50%, and
most give the same answer they give with no image. Trained
annotators score far higher. A benchmark whose ques-
tions state an action should report accuracy per action. A
pooled number reports progress that has not happened. The
benchmark, model responses and audit code are public at
https://github.com/UTSA-VIRLab/EgoShift.

1. Introduction

A teapot sits on the table in front of you. Turn 90◦ to the
right and it is on your left. The teapot has not moved; you

have. Robots and augmented-reality assistants do this con-
stantly. They must also tell whether an object has left the
camera’s view or is hidden behind something else. Figure 1
shows an example from EgoShift, where a 90◦ turn moves
a cart from the right of the view to straight ahead.

Several recent benchmarks test this ability [17, 20, 38].
They report one pooled accuracy per model, and they
use the usual controls against guessing: balanced answer
choices, a text-only arm, and a human reference score. By
these measures the strongest vision–language models now
look close to solving the task. We find that the pooled score
hides a failure those guards do not detect.

The cause is a shortcut in questions that name an action.
When a question states how far the camera turned, that turn
alone makes some answers likelier than others. A model
can then answer well from the action and never look at the
image. We call this an action-only shortcut. This shortcut
is a form of the language priors reported in visual question
answering [9, 11]. It is also the kind of leak that bench-
mark designers are told to remove before release [3]. An-
swer balancing does not remove it. The imbalance is inside
each turn, not across the whole question set. We address it
with a number we compute in advance and then build the
benchmark to match.

EgoShift is a benchmark of 12,786 held-out questions
in simulated indoor scenes built with AI2-THOR and Proc-
THOR [7, 18]. It has three tasks (Fig. 1), with 5,838, 1,098
and 5,850 questions respectively. Task A shows two views
and asks whether a marked object is the same one. It is a
control. Task B shows one view, states a camera turn, and
asks where the object will be afterwards without showing
the result. This is the primary task. Task C asks whether
an object seen earlier is still visible, has left the view, or is
hidden behind something else.

For each turn angle and direction in Task B, we com-
pute the highest score a predictor can reach from the action
alone. Five angles and two directions give ten such groups,
and we build each one to have exactly that score (Sec. 3.3).
The value follows from the geometry, and it is fixed before
any model runs, so it cannot be adjusted to suit a result.

https://github.com/UTSA-VIRLab/EgoShift
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Figure 1. Examples from EgoShift, all from the development split. The red rectangle is the box, which marks the object in question. On
the Task-B dial, teal is the correct answer and red is the answer a model gets by assuming the cart started straight ahead. In the Task-C
occluded view a desk lamp 0.80m from the camera covers the chair. Walls, doors and windows are never allowed to be the covering object.

This check is not redundant with the usual ones. An ear-
lier version of our data was balanced by every conventional
measure, yet an action-only predictor still scored 72.3% on
it (Sec. 3.3).

Perspective change, spatial updating, occlusion, hu-
man references and text-only baselines all appear in recent
benchmarks, SCOPE most directly [17]. None of them de-
rives the exact score the stated action alone can reach, turn
by turn, before any model is evaluated. EgoShift adds that
derivation, and it lets us report accuracy one action at a
time. The recipe is not specific to EgoShift. Any bench-
mark whose questions state an action can compute the score
reachable from that action alone. It can then build against
that score before balancing. In summary, we make three
contributions.
1. A construction test for the action-only shortcut. We

define the shortcut precisely, derive the best score it can
reach for each turn, and require the built data to match
that value. We release the derivation, an independent
checker, and a record of which scenes were ever used
during development. The test found a 72.3% shortcut in
data that conventional answer balancing had passed.

2. EgoShift. A three-task benchmark of 12,786 questions
covering cross-view identity, direction after a stated turn,
and visibility. Development and test questions come
from separate rooms, and all three tasks carry a trained-
human reference.

3. A per-action analysis of 36 models. We show that
pooled accuracy hides a failure confined to 90◦ and
180◦, where no frontier configuration scores above 50%.
Nearly every frontier error matches one rule: a model
that assumed the object lay straight ahead, then applied
the stated turn, would give the same answer. At those
two turns the models return their no-image answer. Peo-
ple find those turns hard too, but never fall to that score.
Raising the reasoning budget does not help.

2. Related Work

Keeping benchmarks from being solved the wrong way.
CLEVR [15] rendered every scene programmatically, so an
answer can be checked against the known scene state rather
than against a label. GQA [12] and VQA v2 [9] then ad-
dressed a different problem: a model can answer from the
question alone. They used scene graphs and paired im-
ages to even out the answer priors. Work on question-only
bias [1], annotation artifacts [11] and shortcut learning [8]
showed how general the problem is. Adversarial filtering
[19] responded by training a model to find the shortcut, then
removing the questions it catches. TsT/IBP [3] makes the
same argument for benchmark designers today: train blind
predictors on the fields a benchmark publishes, then remove
the questions they exploit. How far it goes depends on how
well a learned predictor does.

EgoShift instead bounds one shortcut that can be written
down in advance: answering from the stated camera turn
with no image at all. We declare the camera geometry, so
the best score that shortcut can reach follows from the ge-
ometry and not from any model. We hold each turn to that
score. The two approaches answer different questions and
we use ours alongside learned attacks, not in place of them.

Exact labels are not enough on their own. Work on
unanswerable questions [10] and on re-annotating test sets
[2, 26, 28] shows that items which are ambiguous to people
can move both scores and rankings. We therefore check la-
bels against the simulator and check answerability against
raters, and report what the raters scored.

Spatial benchmarks, and what they already cover.
Early diagnostics found that models fail on static spatial
relations [16, 22]. Later suites widened the target to met-
ric 3D, perspective taking and multi-task spatial reasoning
[14, 24, 31, 37], and SpatialScore alone spans 30 tasks [33].
EgoShift is far narrower and claims no broad coverage.



OSI-Bench [34] and Unreal3DSpace [25] sit at opposite
ends of simulated indoor evaluation. OSI-Bench moves out
to the open world, and Unreal3DSpace controls the scene
closely. We stay inside simulation because it gives us exact
labels for the camera’s own motion.

Turning the camera, and matching across views. Sev-
eral benchmarks already ask what a scene looks like from
somewhere else. ViewSpatial-Bench [20], SAT [27], Spin-
Bench [41] and CVT-Bench [30] cover perspective taking,
rotation, and viewpoints whose image is withheld. SCOPE
[17] covers updating and occlusion across eight viewpoints,
with a text-only baseline, a human reference and correla-
tions with embodied evaluations. PCSR-Bench is the clos-
est benchmark to ours by task, with 84,373 questions on
egocentric rotation, re-anchoring and visibility under a lim-
ited field of view [4]. Ego-ST Bench extends egocentric
evaluation to video [35]. We therefore do not claim view-
point updating or egocentric rotation as new.

The same holds for the other two tasks. Multi-image
suites test what a model builds from limited views [38, 39].
Cross-view work covers correspondence, visibility and oc-
clusion in real imagery [23, 29, 32, 43]. TriViewBench
varies object count and occlusion in controlled synthetic
scenes [5], and MindEdit-Bench asks what happens when
an object moves [40]. Task A is accordingly a control and
not a contribution. Task C differs from MindEdit-Bench in
what moves: our camera turns while the room stays still.

Models built for spatial reasoning. A separate line of
work improves the models rather than the benchmarks. It
includes multi-frame training [36], cross-view supervision
that transfers to manipulation [13], reinforcement learning
aimed at transformations [21], latent 3D imagination [6]
and camera-guided fusion [42]. SITE and SCOPE relate
benchmark scores to embodied evaluations [17, 31]. For
this reason our panel includes spatially tuned checkpoints.
We report no downstream result of our own.

Where that leaves EgoShift. EgoShift introduces no new
spatial task. SCOPE [17] and PCSR-Bench [4] are the clos-
est by task. SCOPE reports updating and occlusion across
eight viewpoints, and PCSR-Bench reports egocentric ro-
tation and limited-field-of-view visibility. EgoShift adds a
construction target instead. We compute the highest score
the action-only shortcut can reach and hold every turn to it.
We then test the items separately for other shortcuts, and
for whether people can answer them. The supplement com-
pares EgoShift with the closest existing benchmarks, one by
one.

3. Building EgoShift
EgoShift holds 12,786 held-out questions across 4,698
rooms, with a further 15,761 released for development. Ta-
ble 1 of the supplement gives the composition of each task.

3.1. Scenes and camera
Scenes are furnished indoor rooms generated with AI2-
THOR and ProcTHOR [7, 18] and rendered at 640×480.
The rooms are simulated, so they contain no people and no
personal information. We restrict the camera, and we re-
strict it most for Task B. Every Task-B image is taken at
standing height, with a constant 30◦ downward tilt and a
120◦ vertical field of view. The stated turn is a rotation
about the vertical axis, made from that same spot. Only
the heading changes. That is why the construction test in
Sec. 3.3 is possible: the set of answers a turn can produce
is then finite, and we can compute it exactly. Tasks A and
C show two views, and for those the camera also moves
across the floor. Neither task states a turn, so nothing in the
derivation depends on their poses.

The rooms are simulated, so we do not read the answer
off the image. The simulator reports which pixels belong
to which object, where each object sits in three dimensions,
and where the camera is pointing. We re-render every saved
pose and take the answer from that record rather than from
the stored scene description. The re-render caught an earlier
build that recorded a 90◦ field of view for 120◦ frames.

3.2. The three tasks
The three tasks answer different questions and are never
combined into a single score. The held-out sets draw on
3,119, 736 and 1,334 rooms and cover 28, 45 and 49 object
categories. Task B comes last, because its question names
an action and needs the derivation in Sec. 3.3.

All three ask a multiple-choice question with a fixed an-
swer set, so scoring needs no judgement about free text.
Each task uses a single question template. Only the object
named changes, and for Task B the size and direction of the
turn. We shuffle the answer options in every question, so a
model that always picks the first option scores at the chance
rate. In the held-out sets each answer appears first about as
often as expected. The largest deviation is 2.2 percentage
points. Task A also shuffles which image is View 1.
Task A, the control: is it the same object? Two images
of one room each show a rectangle drawn around an object
of the same kind, for example two chairs. We call this rect-
angle the box. It tells the model which object the question
is about. The model answers whether the two boxes con-
tain the same physical object or two different ones. A target
must show at least 2,000 pixels and a tenth of its silhouette
in both views, so neither box contains a fragment too small
to identify.

Task A checks that a model can find a boxed object and
match it across two views under this renderer. A low Task-B
score therefore cannot be blamed on the imagery.

An earlier build had a cue that we removed. Targets fully
visible in both views were nearly always different. A differ-
ent question shows two fully visible objects. A same ques-



tion shows one object twice, and the second view usually
cuts part of it off. We select these questions to remove that
cue. We match same against different within object type,
and within bins of smallest coverage, largest coverage and
distance of the box from the image centre. Every object
type then has equal numbers of both answers. The class
prior and object type alone therefore each score 50%, and
the two answers end with almost the same coverage. When
we withhold the images, or give only one, the frontier con-
figurations score at the chance rate (Sec. 4.2).

Two things remain unsettled. A finer selection matches
on continuous statistics rather than bins, and gives a smaller
question set that we have not adopted. We have also not
run a classifier trained on the remaining visibility statistics.
Both belong with the learned attacks in Sec. 5.

Task C: can you still see it? The first image boxes a tar-
get. The second shows the same room after the camera
has turned. The model answers visible, out of view, or oc-
cluded. We calculate the correct answer from the simulator.
A target counts as visible when at least 300 of its pixels are
drawn, about a tenth of a percent of the frame. That thresh-
old comes from the raters. An earlier build used 30 pixels,
and every visible-class error the panel made was on a ques-
tion showing fewer than 300. When no pixels are drawn,
the target is out of view if its whole three-dimensional ex-
tent lies outside the region the camera can see. It is occluded
if it lies inside that region and a nearer object covers it, and
that object may not be a wall, door or window.

Task C questions come in matched triples. For each tar-
get we build one question per answer. All three share the
same first image and use different second images, so the
held-out set has exactly 1,950 questions per answer. Every
target appears once with each answer. A model that guesses
the most common class therefore scores 1/3, and so does a
model that recognises the target and recalls its usual answer.
That is a property we build in, not a claim that Task C has
no other shortcuts.

Task B, the primary task: where is it after you turn?
The model sees one image and a question naming the tar-
get by kind, for example the sofa. We draw no box. On all
1,098 held-out questions only one object of that kind is vis-
ible, so the name is enough. The question states an in-place
turn of 30◦, 60◦, 90◦, 120◦ or 180◦, left or right. It then
asks where the object will be: in front, behind, to the left, or
to the right. We never show the view after the turn. A model
must take the object’s direction in the image and update it
by the stated turn.

Three conditions make the answer unambiguous, and all
three hold on every held-out question. The target shows at
least 2,500 pixels, median 3,807, and at least 80% of its sil-
houette. All eight corners of its three-dimensional box land
in the same answer after the turn, not merely its centre. The
nearest corner is at least 15◦ from the boundary between

to the left in front to the rightanswer |S(z)|

30 2

60 2

90 3

120 2

180 3

-180 -135 -45 0 45 135 180

direction of the object after the turn (degrees; 0 is straight ahead)

Figure 2. Why some turns allow three answers and others allow
two. Dashed lines are the boundaries between the four answers,
at ±45◦ and ±135◦. Each bar is the band of directions the object
can occupy after a left turn of that size. The bands start from the
66.5868◦ band that construction allows. Right turns mirror it.

two answers, median 26◦, so no question is a near-tie. The
questions are also spread widely. No two share a target ob-
ject or a source image, no room contributes more than two,
and no category accounts for more than 55 of the 1,098.

3.3. Bounding the action-only shortcut
The turn stated in a Task-B question rules out some answers
on its own. A system that never sees the image can therefore
score better than chance by answering the most likely di-
rection for each turn. We call this the action-only shortcut.
Tasks A and C state no action, so they have no equivalent
shortcut, and the balancing above protects them instead. We
make the shortcut explicit, compute the highest score it can
reach, and hold the built data to that score.
The shortcut, stated precisely. Write z = (r, d) for the
turn stated in the question, where r is its size and d its di-
rection. Five sizes and two directions give ten such pairs,
and we call each one a cell. Consider a predictor given z
and nothing else, not the image, the scene, the object, the
camera pose or the wording. For each z, its best strategy
is to answer whichever direction is most common among
that turn’s questions. We call its accuracy the action-only
ceiling, and we want it as low as the geometry allows.

Let S(z) be the set of answers cell z can actually pro-
duce, given the range of starting directions construction al-
lows. Write p(z) for the fraction of questions in cell z. If
answers were spread evenly over S(z), the ceiling would be
Ceven =

∑
z p(z)/|S(z)|. A finite set of questions cannot

spread them perfectly. Let nz be the number of questions
in cell z, and let N =

∑
z nz be the total. In each cell,

some answer must then occur at least ⌈nz/|S(z)|⌉ times.
The lowest score the shortcut can be held to is therefore

C =
1

N

∑
z

⌈
nz

|S(z)|

⌉
. (1)



Turn z
questions

nz

answers
|S(z)|

cell
ceiling

commonest
answer met

30◦ left 135 2 68 68 ✓
30◦ right 135 2 68 68 ✓
60◦ left 135 2 68 68 ✓
60◦ right 135 2 68 68 ✓
90◦ left 117 3 39 39 ✓
90◦ right 117 3 39 39 ✓
120◦ left 134 2 67 67 ✓
120◦ right 134 2 67 67 ✓
180◦ left 28 3 10 10 ✓
180◦ right 28 3 10 10 ✓

Total 1,098 – 504 504 10/10

Table 1. The Task-B held-out set, one row per turn. The ceiling
⌈nz/|S(z)|⌉ is the fewest questions the most common answer can
cover, and “commonest” is how many it does cover. They match
in every row, holding the shortcut to 504/1,098 = 45.90%. Few
questions have 180◦ geometry, so those rows are small (Sec. 3.3).

A build meets this ceiling only under two conditions. Every
answer that occurs must lie in S(z), and the most common
answer in each cell must occur exactly ⌈nz/|S(z)|⌉ times.
Answer balancing across the whole set does not achieve ei-
ther, because the imbalance that matters is inside individual
cells.

Which answers a turn can produce. S(z) depends on
how far off-centre the target may start. Construction re-
quires the target’s centre to lie within 66.5868◦ of straight
ahead. We did not choose that figure. It is the horizontal
half-angle of a 640×480 frame at a 120◦ vertical field of
view, arctan

(
(640/480) tan 60◦

)
. It was written into the

build before the poses were replayed. Under it, the numbers
of reachable answers at 30◦, 60◦, 90◦, 120◦ and 180◦ are
2, 2, 3, 2 and 3, for either direction. Fig. 2 shows why. A
turn shifts the whole band of starting directions around the
circle, and the band covers three answers only at 90◦ and
180◦. A larger turn does not widen the band, so a larger
turn is not a harder question.

Two independent implementations compute S(z): an in-
terval derivation, and an enumerator that sweeps 200,000
starting directions. They share configuration values but no
code. We run both over ten camera configurations, 96 cells
in all, and they agree on every one. Ours is one of the ten.
Six of the rest vary the width of the starting band, from 45◦

to 75.1◦, or rotate the answers by 15◦. Three vary the turn
set. The width matters most, because it is the one quantity
we picked and the derivation has to change with it. It does
change: at 45◦ only one answer is possible in four of the ten
cells, and the ceiling for an equal mixture of cells rises to
70%. At 75.1◦ it drops to 1/3.

The held-out set meets the ceiling in all ten cells (Tab. 1),

holding the shortcut to 504/1,098 = 45.90%. We use that
figure throughout because it counts every question once.
The ten per-cell rates average 43.96%, and Ceven is 45.60%.

Two earlier builds passed conventional balance checks
and failed this test. The first was balanced on every conven-
tional measure: the most common answer overall scored
25.0%, and so did the most common answer per turn direc-
tion. Yet a predictor using turn size together with direction
scored 833/1,152 = 72.3%, because some cells held only
part of the answer set their geometry allowed. The second
was balanced to 43.33% by the even-spread formula. When
we replayed its poses, 304 of its 988 source rows violated
the centring condition that formula assumes. Balanced mar-
gins are not enough, and a calculation from geometry is
only as reliable as the assumptions we check it against. We
evaluate neither build anywhere in this paper.

The same geometry explains why the cells differ in size.
The two 180◦ cells hold 28 questions each, against 117 to
135 elsewhere. Those answers need the target to start be-
tween 45◦ and the edge of the permitted band, and the 15◦

boundary margin leaves only about 6.5◦ of that usable. We
mined the available questions first, and the supply set the
cell sizes. The build recorded the smaller cells and recom-
puted Eq. (1) before any model ran, so the ceiling is specific
to this build and could not be adjusted afterwards.

3.4. Splits
Questions used for development and questions held out for
testing never come from the same room. We match rooms
by content rather than by filename, so a room saved un-
der two names counts once. The 4,701 identifiers reduce to
4,698 distinct rooms, and no room appears in both roles.

We also track which rooms we ourselves have looked
at. A record marks 3,715 rooms whose outcomes we saw
during evaluation, annotation, pilot analysis or inspection
by the authors. We draw held-out questions only from the
remainder, and the audit reports zero seen rooms in every
held-out split. This accounts for our own history with the
data, not for what a model may have seen in pretraining.

Availability and licence. The public artifact at https:
//github.com/UTSA-VIRLab/EgoShiftis reach-
able without contacting us. It holds the questions for ev-
ery split, the development answers, the construction, scor-
ing and audit tools, and every raw model response behind
our tables. A reader can therefore recompute our numbers
instead of trusting them. We withhold only the held-out
answer key, which keeps the benchmark usable as a test.
The artifact ships Croissant metadata with the Responsible
AI fields. Our annotations, questions and audit outputs use
the CC-BY-4.0 licence. We redistribute the rendered frames
under the upstream Apache-2.0 terms. We audited all 9,838
staged houses, and all 1,465 distinct object assets in them
come from the AI2-THOR library. No artifact contains a

https://github.com/UTSA-VIRLab/EgoShift
https://github.com/UTSA-VIRLab/EgoShift


Model A B C

Gemini 3 Pro (thinking) 91.4 83.6 88.0
Gemini 3 Flash 96.6 83.5 89.3
Gemini 3 Pro 91.8 81.9† 88.2†

Claude Fable 5 94.8 81.4 88.4
GPT-5.6 Sol (thinking) 93.2 81.1 88.0
Claude Opus 5 (extended) 95.1 80.2 84.3
Claude Opus 5 91.6 80.1 83.2
Claude Sonnet 5 92.6 77.1 75.8
GPT-5.6 Sol 93.4 76.3 87.2
Gemini 3 Flash Lite 96.2 53.0 67.3
Claude Haiku 4.5 71.2 45.4 38.8
GPT-5.1 90.8 42.0† 73.1

InternVL3-38B 96.1 65.1 65.2
Qwen3-VL-32B 95.6 47.7 59.3
SenseNova-SI-1.3-Qwen3-VL-8B 93.6 33.3 61.7
Qwen2.5-VL-7B 60.8 18.9 41.4

Nominal random 50.0 25.0 33.3
Action-only ceiling – 45.9 –

Table 2. Main-arm accuracy (%). Twelve frontier configurations
above the rule, four open-weight systems below. All 36 are in the
supplement. Parse failures count as incorrect, as do the † cells,
where a retry returned a second valid answer on six GPT-5.1 Task-
B and on twenty-three and ten Gemini 3 Pro Task-B and Task-C
questions.

human response file, a participant name or a pseudonym
map. The supplement’s datasheet gives the full contents and
the release plan.
4. Model and Human Results
We evaluated 36 systems (Tab. 2). Twelve are configura-
tions of current proprietary models. Three of those twelve
are the same model rerun at a raised reasoning setting. The
rest are open-weight models and checkpoints tuned for spa-
tial reasoning. Where we compare open-weight models by
size, larger means 32 to 78 billion parameters and smaller
means 2 to 14 billion. We score Task A on a fixed 1,192-
question subset, Task B on its complete 1,098-question
held-out set, and Task C on a 1,200-question subset drawn
as whole matched triples. Per-class accuracy for all 36 sys-
tems is in the supplement.

4.1. Accuracy does not fall as the turn grows larger
Over the twelve frontier configurations, Task-B accuracy
averages 86.8% at 30◦, 82.1% at 60◦ and 84.3% at 120◦,
but only 38.3% at 90◦ and 36.8% at 180◦ (Fig. 3). The
95% scene-clustered bootstrap intervals over 2,000 draws
are [85.5, 88.1], [80.0, 84.3], [82.3, 86.3], [32.8, 44.1] and
[25.9, 48.8]. The 120◦ and 90◦ intervals do not overlap,
and no configuration exceeds 50.0% at either hard turn. The
180◦ cell holds 56 questions, so we also report the two hard
turns together: 38.0% over 290 questions, interval [32.9,
43.1]. A 120◦ turn is answered correctly more than twice
as often as a 90◦ one, so a single pooled score hides this
difference entirely.

People find the same two turns harder, so the shape is

not only about models. On the 120 questions the panel and
the models share, rater accuracy falls from 93.1% at 30◦

to 74.1% at 90◦ and 77.8% at 180◦. The action-only ceil-
ing separates them. Raters stay 41 to 42 percentage points
above that ceiling at both turns. The model average comes
within 5.0 percentage points at 90◦ and within 1.1 at 180◦.

Models answer on the wrong axis rather than near the
right answer. At 90◦ Claude Opus 5 answers 100.0% of
the to the left and to the right questions correctly, against
1.3% of in front and 2.6% of behind. At 180◦ the pattern
reverses, and Gemini 3 Flash and Claude Fable 5 behave
the same way. The turn stated in the question decides which
axis is wrong.

One rule reproduces that pattern. We call it the straight-
ahead rule. The model ignores where the target actually is,
assumes it lies straight ahead, and then applies the stated
turn correctly. It predicts zone(δ) for a signed turn δ. It
matches 98.7% of Claude Opus 5’s answers at 90◦ and
100.0% at 180◦. It agrees with the correct answer only 33%
of the time there, and about 50% elsewhere. We rejected a
simpler account, that these models never update at all. A
model that answered in the un-rotated starting frame would
score 25.0%, and that rule matches what the models said on
only 27–33% of 90◦ questions. The pattern therefore fits a
rotation applied to an assumed direction rather than to the
one in the picture. Section 5 states what this evidence does
and does not settle.

Fig. 4 shows the substitution on a mirrored pair. There
are 127 held-out questions at 90◦ and 180◦ where the five
strongest configurations all give the assumed-ahead answer.

At 90◦ and 180◦ the picture does not change the answer.
We can also test this without the rule. For each model we
compare its answer with its own no-image answer. Across
the twelve frontier configurations the two agree on 59.4%
of 30◦ questions, 63.0% at 60◦ and 65.6% at 120◦, against
94.8% at 90◦ and 89.9% at 180◦. The intervals are [48.9,
70.1], [48.1, 78.1], [50.8, 79.5], [91.3, 97.9] and [86.5,
93.2], from 24 questions per turn per model. This compares
a model with itself on identical questions, so neither model
ranking nor question difficulty explains the gap.

Two kinds of error cover almost every frontier mistake.
An error is assumed-ahead when the answer is the one the
rule predicts. It is single-axis when the model answers on
one axis for more than 80% of questions and errs there.
Together they cover 96.3% of the 3,670 frontier errors.
Assumed-ahead alone accounts for 82.0%, and for 86.9 to
100.0% of the errors made by the eight strongest configura-
tions. These systems are not making many different spatial
mistakes. They are making one mistake repeatedly.

The proportions reverse for the smaller open models,
where single-axis errors dominate at 44.0% and assumed-
ahead explains 27.4%. Held-out answers are 47.3% left-or-
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Figure 3. (a) Task-B accuracy against stated rotation. Thin lines are the twelve frontier configurations. (b) The percentage of answers
identical to the same model’s answer with no picture.
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Figure 4. Two held-out questions where the five strongest frontier
configurations all gave the same wrong answer. The correct an-
swer is behind in both (teal); all five answered the side zone (red).
The mirroring rules out a sign error in our geometry.

right and 52.7% front-or-behind, so a model answering al-
most entirely on one axis is capped well below chance. That
is why eleven of the 36 systems fall below the 25% random
rate without guessing randomly. It is also why GPT-5.1,
which answers left or right on 93% of questions, ranks last
in the frontier group. Per-model tables are in the supple-
ment.

More reasoning does not help at the two hard turns.
Three configurations ran at a raised reasoning setting
against their own default. All three already reason by de-
fault, so the contrast is one of degree. Over the whole task,
GPT-5.6 Sol gains 4.8 percentage points, Claude Opus 5
changes by 0.1, and Gemini 3 Pro loses 0.3. At 90◦ and
180◦ all three score lower: −0.9 and −7.1, −0.4 and 0.0,
−2.1 and −1.8. The extra computation goes to turns other
than the two where the failure appears. That is what the
straight-ahead rule predicts. Poor reasoning about a direc-
tion the model had already located would not predict it.

4.2. Controls and the human reference
What the models score with the images withheld. Ev-
ery control arm runs on the same 120 questions the anno-
tators saw. With both images withheld, the twelve fron-
tier configurations average 46.1% on Task A against a
50.0% random rate, and 29.7% on Task C against 33.3%.
No system exceeds 53.3% or 35.8%, against 71.2–96.6%
and 38.8–89.3% for the same systems on the same items
with the images shown. Two fall below the random rate,
which we read as refusal rather than as guessing worse
than chance. The twelve open models score 46.7–53.3%
and 31.7–35.0% blinded, and one view leaves them at the
chance rate. A model cannot answer Tasks A and C from
the wording or from a single view.

Task B is different, because the turn a question states re-
ally does narrow the answers. All twelve frontier configura-
tions score between 42.5 and 44.2% blinded, mean 43.4%,
close to this subset’s action-only ceiling. A spread of 1.7
percentage points across twelve systems makes that a prop-
erty of the questions, not of any model. A score above the
45.9% ceiling is therefore not evidence that a system used
the image. The comparison in Sec. 4.1 settles that.

The trained-human reference. The institution’s review
board determined before collection that the study does
not constitute human subjects research requiring oversight.
Nine paid lab annotators worked from a written instruc-
tion sheet with practice items and attention checks. They
returned 25 complete sessions between 24 and 27 August
2026. One rater completed Tasks B and C on 29 August, af-
ter that date. We added both to the panel, which brings the
total to 27 sessions. The supplement reports the effect. We
pseudonymise responses on arrival. Mean rater accuracy is
98.1% on Task A, 84.6% on Task B and 89.6% on Task C.
Panel majorities are 100.0, 96.7 and 91.7%, with Fleiss’ κ
of 0.960, 0.681 and 0.820. Two-way cluster bootstrap in-
tervals over raters and scenes stay well above the random
rates. On Task B the lower endpoint of 77.3% clears the
43.4% action-only ceiling for this subset. We call this a



trained-human reference, never a human ceiling.
Models and raters share all 120 Task-B questions, where

every frontier configuration scores between 41.7 and 75.8%
against the panel’s 84.6%. For Tasks A and C the model
subsets overlap the human questions on only 25 and 23
items, too few to compare. Raters find one Task-C class
hardest. They reach 74.4% on occluded questions against
97.8% out of view and 96.7% visible. Three departures
from the written protocol limit this reference, and the sup-
plement lists them in full. We exceeded the five-rater target
and kept every valid session, rather than selecting five after
seeing scores. No rater followed the intended Task-B-first
ordering, so that estimate may carry familiarity from the
other tasks. Every Task-A session and six of eight Task-C
sessions missed one shared attention-check item. We report
this as a fault in the instrument rather than grounds for re-
moving anyone.How to report results on EgoShift. Report Task B one
turn at a time and Task C one answer class at a time, and
treat questions from the same room as dependent. Compare
each score against the random rate, that turn’s action-only
ceiling, and the trained-human reference. A score above the
ceiling is necessary but not sufficient, because a system can
reach it without using the image. Do not tune on the held-
out questions. The supplement states the full protocol.

Where models still have room to improve. The pooled
score puts Task B’s best configuration at 83.6%, against a
trained-human mean of 84.6%. When we read the score one
turn at a time, those two numbers stop matching. At 30◦,
60◦ and 120◦ the best model beats the panel by 6.9, 8.6
and 11.4 percentage points, while at 90◦ and 180◦ it trails
by 24.5 and 27.8. Progress on EgoShift should therefore ap-
pear as higher scores at those two turns. A system that raises
its pooled score while leaving them at the action-only ceil-
ing has not improved at what the benchmark measures. Task
C has room to improve only in its occluded class. There the
best model (88.0%) already exceeds the panel (74.4%), so
we do not treat the human number as a bound either.

5. Limitations
Every scene is simulator-rendered at one resolution and one
field of view, and the only action a question states is an in-
place turn. The benchmark has no photorealism, no sen-
sor noise, no changes in pitch and no multi-step navigation.
Nothing here shows that the results transfer to natural im-
ages or to a robot. Object categories follow the AI2-THOR
asset library, so neither the objects nor the room layouts rep-
resent real interiors. Task A is a control and carries no dif-
ficulty claim. The systems we evaluated are not a random
sample, so comparisons between them are descriptive.

The ceiling in Sec. 3.3 bounds only one shortcut: an-
swering from the stated turn with no image. A build that
attains the ceiling has shown nothing about wording, meta-

data, or a cue that some future model finds and we did not
anticipate. Learned attacks against the built questions are a
separate check, with a protocol fixed in advance and stated
in the supplement. We do not claim the questions are free
of shortcuts in general.

The straight-ahead rule is an interpretation of the evi-
dence, not an established mechanism. Three tests converge
on it: the answer-axis pattern, the agreement with the no-
image arm, and the failure of extra reasoning to help at 90◦

and 180◦. We have not run the matched counterfactuals that
would settle it. Those would vary the stated turn while hold-
ing the picture fixed. A model that behaved this way for
another reason would produce the same evidence.

The human reference comes from a small trained lab
panel of nine raters per task. It estimates trained task per-
formance, not a bound on what people can do, and Sec. 4.2
lists three protocol deviations that limit it further. Raters
also lose accuracy at 90◦ and 180◦, so part of the difficulty
at those two turns belongs to the questions rather than to
the models. On the 120 questions raters and models share,
the panel tied or disagreed with the simulator on four Task-
B questions and on ten Task-C questions. All ten Task-C
cases are in the occluded class. Rater accuracy without
those questions rises from 84.6 to 86.3% on Task B and
from 89.6 to 94.8% on Task C. The gap we report between
raters and models is therefore conservative. We changed
no question and removed none, and we collected no rater
demographics, so we cannot say how representative it is.

6. Conclusion
We introduced EgoShift, a benchmark of 12,786 held-out
questions in simulated indoor rooms. It asks whether a
vision–language model still knows where objects are once
the camera turns. A model must match an object across two
views, place an object after a stated turn, and judge whether
an object is visible, hidden, or out of frame. The bench-
mark’s contribution is how it is built. A question that states
how far the camera turned can be answered from that turn
alone, with no image. We declare the camera geometry, so
we compute the highest score that shortcut can reach, turn
by turn, before any model runs. We build every turn to sit
exactly on that value.

Ordinary answer balancing does not achieve this. An
earlier version of our questions passed every conventional
check, while a system that saw only the stated turn scored
72.3%. Across 36 systems, accuracy does not fall as the
turn grows larger. Accuracy drops sharply at 90◦ and
180◦, where no frontier configuration scores above 50% and
most return the answer they give with the images withheld.
Trained annotators find those two turns harder too, yet stay
far above that no-image score.

A pooled score hides all of this. When a benchmark
question names an action, the score reachable from that ac-



tion alone can be computed in advance. That score should
be reported beside the results. EgoShift, its derivation, an
independent checker and every model response are public.
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