Know When to Zoom: How Small Is Too Small for Vision-Language Models?
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Abstract

Online vision-language models often miss small details in
large images, because the service shrinks the image, or
rejects it, before the model ever sees it. A car 20 pixels wide
in an 8000 by 6000 drone photo reaches Claude about 6
pixels wide, and OpenAl’s default rejects the photo outright.
We measure how much detail survives for seven models from
four vendors, using an eye exam of printed codes and 601
questions about small objects in real photos. The smallest
text a model reads half the time grows from 6 pixels or
less on a small image to a predicted 10 to 13 pixels on a
7680 by 4320 photo at default settings. Zooming wins much
of the detail back. Splitting each photo into up to nine
tiles raises accuracy by 11.1 to 14.5 percentage points for
Claude and Gemini, and by avoiding rejections it lifts GPT-
6.1 Sol from 50.7% to 83.7%. A two-step zoom, in which the
model first names the region it needs, matches or beats tiles
on Gemini and comes within 2.5 points of them on Claude,
with about 40% of their image tokens. When a detail is
lost, Claude and Gemini both say they cannot tell about half
the time, but they fail differently in the rest: Gemini gives
a confident wrong answer in 43% to 48% of these cases,
Claude in only 5% to 9%. A check based on detail size, run
before the call, misses most of the gain from tiles on Claude
and Gemini, but Claude’s own reply is a reliable trigger:
tiling only after an unsure reply comes within 1.4 points of
always tiling with 62% to 70% of the image tokens. We turn
these findings into five rules for when an agent should zoom,
and release the eye exam, every model answer and code at
https://siddvoh.com/know—-when—to—zoom.

1. Introduction

Many questions about images turn on small details. A satel-
lite scene may show a vehicle only a few pixels wide, and a
security camera frame may hold a license plate in one corner.

Work done by Siddharth Vohra does not relate to the position he cur-
rently holds at Amazon Web Services Al Native. *Corresponding author.
This study used only public benchmarks and images we generated.

Imagine asking a vision-language model about the color of
one car in an 8000 by 6000 drone photo of a parking lot,
where the car is 20 pixels wide. Claude shrinks the photo
to less than a third of its width before the model sees it, so
the car arrives about 6 pixels wide. OpenAl, at its default
setting, rejects the photo outright. A user who does not know
these rules cannot tell whether a wrong answer came from
the model or from the shrinking.

This happens because every service we tested fits images
to its own limits. Newer Claude models shrink a large image
to at most 2576 pixels on its long side [4], and Gemini turns
any image into at most 280 to 2,240 tokens, the small units a
model reads, depending on a setting [10]. OpenAlI’s guide
says that for GPT-6 Astra the default keeps the full image
but rejects very large ones [23], and the two OpenAl models
we tested behave the same way.

An agent that answers such questions should therefore
first ask whether the detail will survive the trip to the model.
If it will not, the agent should zoom in, by cropping or tiling
the image, before it sends the question. The hard part is
knowing when. This paper asks the three questions an agent
built on these services must answer to make that decision.
How small can a detail be before a service erases it? What
does the model say when the detail is gone? And can a
simple check before the call say when to zoom?

We tested seven models: Claude Haiku 5.5 and Sonnet
5.5, Gemini 3.5 Flash-Lite and 3.8 Flash, GPT-6 Luna and
GPT-6.1 Sol, and the open model Qwen3.8-27B. From here
on we call them Haiku, Sonnet, Flash-Lite, Flash, Luna, Sol
and Qwen. For the first question, we gave them an eye exam,
much like the letter chart at an optometrist’s office. Each
test image shows a random five-character code, printed at
one of ten text sizes on a plain gray background, the canvas.
We call the smallest text size a model reads half the time its
readable size. We print the same text sizes on four canvases,
from small to large. The larger the canvas, the more a service
may shrink it, so comparing the canvases shows how much
detail the shrinking removes. For the other two questions,
we asked 601 questions about small objects in large photos,
taken from three public benchmarks [30, 31, 33]. We sent
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each question in up to five ways: as is, at the highest setting,

as 4 tiles, as 9 tiles, or as a two-step zoom, in which the model

first names the region it needs and then sees that region, cut
from the original, next to an overview of the photo.
We make three contributions.

* We give the readable text size for every model and setting
we tested, along with the rules each service applies (Tabs. |
and 2, Fig. 3). For Claude, the documented resize explains
much of what the model can read. It fits Haiku closely and
Sonnet less well. Gemini sees more than its token count.

* On real photos, up to nine tiles raise accuracy by 11.1 to
14.5 percentage points for Claude and Gemini, and the
two-step zoom matches or beats them on Gemini with
about 40% of their image tokens (Fig. 4). When a detail
is lost, both say they cannot tell about half the time, but
Gemini answers the rest with high confidence (Fig. 5).

* We show which signals tell an agent when to zoom. A
check on detail size, made before the call, misses most
of the gain from tiles on Claude and Gemini, while on
Claude, tiling only after an unsure reply nearly matches
tiling every photo. We turn these results into five rules, and
release the eye exam, every model answer and the code.

2. What the services do to images

Before asking what models can read, we need to know what
each service does to an image (Tab. 1). Every service mea-
sures an image in tokens. For most, a token is a small square
patch of pixels, so a token limit is also a pixel limit.

Claude. Claude 4.7 and later models shrink an image until
its long side is at most 2576 pixels and it fits in 4,784 tokens,
each a square of 28 by 28 pixels [4]. We call this the native
setting. Earlier Claude models used a smaller standard limit
of 1568 pixels and 1,568 tokens. Instead of shrinking, the
API can also be asked to reject an oversized image with an
error [4]. To see what the native setting gains, we also test
Claude at the standard setting, applying its rule ourselves.

Gemini. Gemini works differently. Its media resolution
setting has four levels, low, medium, high and ultra high,
which cap an image at 280, 560, 1,120 and 2,240 tokens [10].
Leaving the setting unset, the default, gives the same 1,120
tokens as high. In our measurements, the tokens form a grid
shaped like the image: at high, a 4:3 image becomes 38 by
28 tokens, whether it is small or huge. Google does not say
how many pixels each token covers, so we estimate it in
Sec. 4.2. In Tab. 1, the 12 MP photo uses the long side we
estimate on our 4096 by 3072 canvas, and the 8K photo the
one on our 8000 by 6000 canvas.

OpenAl. OpenAT’s default does not shrink a large image,
but it may reject it. Its guide describes patches of 32 by 32
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Figure 1. The eye exam. Left: a test image, with a red ring around
the label. Right: labels at six of the ten text sizes, scaled to the
same width.

pixels, and says an image is rejected if it still needs more
than 30,000 patches after any resizing [23]. The guide does
not cover Luna or Sol, so we measured their rules ourselves.
At the default auto setting, both keep the image at full size.
The service rejected exactly the images that need more than
30,000 patches. A 7680 by 4320 photo needs 32,400, so
the default rejects it. A rejected image returns an error
message, and the model never answers. The high setting
instead shrinks any larger image to at most 2,500 patches.
Both settings count 1.2 tokens per patch.

Qwen. For the open model Qwen, the service that hosts
it follows the model’s released image processor [25], which
shrinks an image only when it needs more than 16,384 to-
kens, each 32 by 32 pixels. So Qwen sees far more pixels
than Claude, Gemini, or OpenAI’s high setting.

We checked all these rules against the token counts the
services reported. After allowing for the tokens of our fixed
text prompt, the counts these rules predict matched the re-
ported ones for every eye-exam image the services accepted.
Gemini’s image tokens also matched in all 6,447 photo calls
that got an answer. An agent can therefore estimate, before
the call, how many pixels a detail will keep. What it still
needs to know is how many pixels the model needs, and that
is what the eye exam measures.

3. Study design

Models. We compared the vendors at two matched tiers.
The small tier has Haiku [2], Flash-Lite [11] and Luna [22].
The mid tier has Sonnet [3], Flash [12] and Sol [21]. The
open model Qwen serves as a reference [25]. Every model
got the same prompt, the same image files and the same
answer format. Each ran at a low reasoning level with an
output limit of 8,192 tokens. We asked once more when we
could not read a reply. Our release holds every prompt and
setting, and the model version each service reported.

Eye exam. Printed codes make a clean test, because a read
is either exactly right or not. Each test image shows a random



Service and models Setting Rule 12 MP photo, 4000 x 3000 8K photo, 7680 x 4320
Claude native long side < 2576 px, < 4,784 tokens 2212 x 1659 2576 x 1449
Haiku 5.5, Sonnet 5.5 standard long side < 1568 px, < 1,568 tokens 1270 x 952 1456 x 819

low at most 280 tokens 266 tokens, about 1,300 px 264 tokens, about 1,300 px
Gemini medium at most 560 tokens 540 tokens, about 1,700 px 527 tokens, about 1,700 px

3.5 Flash-Lite, 3.8 Flash  high or unset  at most 1,120 tokens

1,064 tokens, about 2,300 px 1,100 tokens, about 2,600 px

ultra high at most 2,240 tokens 2,160 tokens, about 3,400 px 2,205 tokens, about 3,100 px
OpenAl auto (default) full size; rejected above 30,000 patches 4000 x 3000 rejected
GPT-6 Luna, GPT-6.1 Sol high at most 2,500 patches 1824 x 1368 2105 x 1184
Qwen
Qwen3.8-27B host default at most 16,384 tokens 4000 x 3008 5440 x 3072

Table 1. What each service gives the model. The last two columns give the image the model receives. Gemini reports only tokens, so we

add the long side Flash seems to keep (Sec. 4.2).

five-character code in black on a small white label (Fig. 1).
The characters come from 22 letters and digits, leaving out
look-alikes such as O and 0. A guess is right only one time in
22 per character, so a lucky full read is very rare. A thick red
ring around the label stays visible after any shrinking, so the
hard part is reading it, not finding it. We measure text size as
the cap height, the height of a capital letter in pixels, at ten
sizes from 4 to 128. The canvases are plain gray, at 1024 by
768, 2048 by 1536, 4096 by 3072 and 8000 by 6000 pixels,
and we name each by its long side. Each canvas and size has
20 codes, so each setting sees 800 images. Flash-Lite took
the exam only at high and ultra high. The model must return
the five characters exactly, say whether it could read them,
and give a confidence from 0 to 100. This confidence is the
number the model states, not a calibrated probability. No
model refused the task. We sent a fixed 10% of the images a
second time, and 84% to 100% of the repeated reads gave
the same code.

Real photos. Real questions ask about objects in whole
scenes, not about a marked label. We took 601 multiple-
choice questions about small details in large photos, from
three benchmarks. V*Bench gives 191 questions about
the attributes and positions of small objects in everyday
scenes [31]. From HR-Bench 8K we drew 150 questions,
75 from each of its two tasks [30]. From the Lite version of
MME-RealWorld we drew 130 remote sensing and 130 mon-
itoring questions [33]. The HR-Bench and MME-RealWorld
questions were drawn at random, with a fixed seed. To every
question we added one option: “The image does not show
enough detail to tell.” Choosing it counts as wrong, and so
does a rejected photo. A model that guesses instead can
therefore still be right by luck.

We sent each question in up to five ways. As is sends
the original file at the default setting. The 89 files over 20
MB were first re-encoded as JPEG at quality 95. Highest
setting sends it at Gemini’s ultra high level, since the other
services already give their maximum. Tiles send an overview

of the photo, shrunk to 2576 pixels on the long side if larger,
followed by a 2 by 2 or 3 by 3 grid of tiles cut from the
original. Each tile overlaps its neighbors by a tenth, and
the 3 by 3 grid is used only when the long side is at least
4000 pixels. Two-step zoom uses two calls. The first asks
the model for the region it needs, as its left, top, right and
bottom edges, each a fraction of the image’s width or height.
The second sends the overview together with that region, cut
from the original. The cut adds 20% on each side and spans
at least 512 pixels and a tenth of the long side. Tiles and
crops are JPEG files at quality 95, lowered to 85 to 94 for the
249 over 5 MB, which brought all but 49 crops under that
size. If the reply holds no such box, even after we ask once
more, the second call sends the whole photo instead. Like
Zoomer [24], this needs no access to the model’s internals.
Qwen received the photos as is only.

The zoom check. Finally, we turn the eye exam into a
rule an agent could use. The zoom check runs before each
call and does not call the model. It takes three inputs: the
image size, the service’s rule from Tab. 1, and the model’s
readable size in tokens from the eye exam. From these it
asks whether a detail of a given size, here 16 pixels tall, will
still be readable once the service is done with the image. If
so, the check sends the image as is. If not, it tries the highest
setting, then 2 by 2 tiles, then 3 by 3 tiles, and picks the first
under which the detail would be readable. If none works, it
uses the two-step zoom. We use 16 pixels because it is the
height of small but normal text. We score the check on each
question by the answer from the way it picked.

Statistics. For each model and setting, we fit an S-shaped
curve, a logistic regression with a small ridge penalty of
0.01 on its slope, to the share of codes read exactly against
the logarithm of text size. The readable size is where this
curve crosses 50%. We test four hypotheses, H1 to H4, each
stated with its result below, and correct the tests of H2 to
H4 together for multiple testing [13]. Intervals are 95% in-



Canvas long side (px)

Model Setting 1024 2048 4096 8000 HI1
Claude Haiku 5.5 native 47 48 8.1 14.4 yes
standard 44 6.8 125 24.8 yes
Claude Sonnet 5.5 native 42 44 6.5 12.0 no
standard 43 55 9.9 21.3 no
Gemini 3.5 Flash-Lite high 48 49 8.2 13.7 no
ultra high 42 44 54 10.8 no
Gemini 3.8 Flash low 44 72 132 26.7 no
medium 43 52 9.9 19.7 no
high 42 44 7.5 13.2 no
ultra high 42 42 52 10.8 no
GPT-6 Luna auto 4t06 42 4t06 rejected n/a
high 41 50 102 17.9 yes
GPT-6.1 Sol auto 43 45 4to6 rejected n/a
high 42 5.0 8.5 15.7 no
Qwen3.8-27B default 54 6.2 9.0 15.1 no

Table 2. Readable cap height in pixels on each canvas. Where
the fit does not cross half within our sizes, the cell gives the sizes
between which reads did. H1: whether tokens fit the reads better
and the canvases agree in tokens (n/a: OpenAl shrinks nothing).

tervals from 2,000 bootstrap resamples of items [9], except
for the rates in H2, which use exact binomial intervals [7].
Differences between two ways of sending the same ques-
tions use paired bootstrap intervals, and we quote them from
unrounded values, so they can differ slightly from the tables.

4. The eye exam

The eye exam answers our first question: how small can a
detail be before a service erases it?

4.1. Shrinking raises the readable size

The first result is simple: the more a service shrinks an
image, the larger the text must be before the model can read
it. On the smallest canvas, every model’s readable size was 6
pixels or less. Most settings shrink the two largest canvases,
and there the readable size grew (Fig. 2, top). Sonnet, for
example, needs 4.2 pixels on the 1024 canvas but 12.0 pixels
on the 8000 canvas. Flash at high, which matches its default,
needs 4.2 and 13.2 pixels on the same two canvases. Table 2
gives the readable size for every model, setting and canvas.
At OpenAl’s auto setting, the models also misread some
large text, so for three entries in Tab. 2 an S-shaped curve
does not fit. For those we give the range of text sizes over
which the share read correctly passes half.

Is shrinking the whole story? If it is, a letter that ends up
covering the same number of tokens should be equally easy
to read, whatever canvas it started on. The four curves in
Fig. 2 should then line up when text size is counted in the
tokens the model receives, instead of in original pixels. This
is our first hypothesis, H1, and for Claude and OpenAl the
curves move much closer (Fig. 2, bottom). We set two tests

for each model and setting. First, measuring text in tokens
had to fit the reads better than measuring it in pixels, by at
least 10 points of AIC, a standard criterion that weighs fit
against model size [1]. Second, the readable sizes from the
separate canvases, counted in tokens, had to agree within
25%. The token scale fit better wherever a service shrinks
images, by 39 to 358 points. Three settings passed both
tests: Haiku at both settings and Luna at high. Sonnet at
both settings and Sol at high came close: across canvases,
their largest readable size in tokens was 25% to 40% above
their smallest. Many single-canvas curves jump from few
correct reads to nearly all correct between adjacent sizes, so
these spreads depend somewhat on the fit’s penalty: for any
penalty from 0.0001 to 0.1, Haiku at standard and Luna at
high pass and Sonnet fails, while Haiku at native and Sol at
high fall on either side of the line. Gemini failed the second
test, for reasons we explain in Sec. 4.2. Qwen failed it too,
and shrinking alone cannot explain why: its host keeps the
three smaller canvases whole, yet its readable size grew from
5.4 to0 9.0 pixels.

Claude’s two settings give a second, direct test. On our
two largest canvases, the token limit, not the long-side limit,
decides how far each setting shrinks the image, so the native
setting keeps 1.74 times as many pixels per side. If shrinking
is the whole story, the readable size at the standard setting
should be 1.74 times the readable size at the native setting.
On the 8000 canvas, this ratio was 1.73 for Haiku and 1.78
for Sonnet, close to the prediction. On the 4096 canvas, both
measured about 1.55, below the prediction; Sonnet’s 95%
interval excludes it, and Haiku’s only just reaches it.

4.2. Gemini sees more than its token count

Gemini’s curves did not line up in tokens, except roughly at
its lowest setting. At high, Flash could read letters 0.15 of a
token tall on the 1024 canvas, but letters only 0.06 of a token
tall on the 8000 canvas. In other words, a token on a large
image carries more detail than a token on a small one, and
the token count understates what Gemini sees.

A simpler picture fits the data, at least for Flash. Flash
behaves as if it shrinks each image to a fixed long side, set
by the resolution setting, and leaves smaller images alone.
To estimate this long side, we assume that Gemini keeps the
1024 canvas whole at ultra high. The readable size there
is then what Flash needs in the pixels it receives, and how
much larger the readable size is on another canvas shows
how far that canvas was shrunk. On the two largest canvases,
the long side Flash keeps comes out at about 1,300 pixels at
low and 1,700 at medium. It is about 2,300 to 2,600 at high
and 3,100 to 3,400 at ultra high. Spread over the token grid,
each token therefore covers a patch roughly 60 to 70 pixels
square. Flash-Lite gives similar values on the large canvases.
On the two smaller canvases, though, its readable size is
4.8 and 4.9 pixels at high, against 4.2 and 4.4 at ultra high,
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Figure 3. What survives on one 8K photo. Left: the predicted
cap height each model reads half the time on a 7680 by 4320 photo.
Right: the number of tokens the photo becomes.

which the simpler picture does not predict. The 4.2-pixel
size we compare against sits near the 4-pixel floor of our
scale, so these estimated long sides may be too large.

4.3. What a whole 8K photo keeps

The same fits tell an agent how small text can be on a single
8K photo (Fig. 3). For most models we use, for each setting,
the single curve fit in tokens across all four canvases, like
those dashed in Fig. 2. For Gemini we use the fixed long

side of Sec. 4.2. Under that long side, a 7680 by 4320 photo
is shrunk by almost the same factor as our 8000 canvas, so
we take the size measured on that canvas and scale it to the
photo’s width. Each size below is the cap height read half
the time, and the fits predict that smaller text is read less
often. On a 7680 by 4320 photo, Sonnet would need letters
11 pixels tall and Haiku 13. Flash and Flash-Lite at high,
which matches the default, would need 13 pixels, and Flash
would need 26 at its lowest setting. OpenAI’s default rejects
such a photo, and its high setting would need 14 to 16 pixels.
Qwen’s fit gives 10 pixels, but this estimate is loose, since
its readable size grew even on canvases its host keeps whole.

4.4. Models rarely claim to read erased text

We also asked whether models pretend to read text they
cannot see. On printed codes, they mostly do not. Our sec-
ond hypothesis, H2, expected models to answer confidently
when the text was far too small to read. We took every image
whose text, in received tokens, was under half the readable
size from the single curve for its model and setting, and
counted the answer as confident if the model called the code
readable or gave a confidence of 70 or more. H2 held if
the 95% interval of this share lay above 70% and the test,
corrected for multiple testing, passed. It held for Sonnet and
Sol, at 98% each, and failed for the other five models, at 0%
to 14%. But the two passes are misleading. In every such
confident answer, the model said the code was not readable,
and its high confidence was in that judgment. Counting only
claims to have read the code, H2 fails for all seven models.
No model read a single code correctly in this range.



Model Asis Highest 2x2 3x3 Zoom Check
Claude Haiku 5.5 59.2 n/a 732 737 735 594
Gemini 3.5 Flash-Lite 58.6 64.1 70.5 70.5 722 589
GPT-6 Luna 38.6 n/a 67.1 657 70.2 65.6
Claude Sonnet 5.5 72.4 n/a 82.0 835 810 724
Gemini 3.8 Flash 68.1 71.7 78.5 80.5 83.0 679
GPT-6.1 Sol 50.7 n/a 83.5 83.7 822 83.0
Qwen3.8-27B 71.5 n/a n/a n/a n/a n/a

Table 3. Accuracy (%) on 601 questions. Highest is Gemini’s
ultra high setting, and 3 x 3 falls back to 2 x2 for photos under 4000
pixels. Check is the zoom check’s pick, and bold is best per model.

5. Real photos and the zoom check

Printed codes are idealized. On real photos, the object sits
somewhere in a whole scene, and the model can guess.

5.1. Tiling and zooming raise accuracy

Tiling recovers much of the lost detail. Sent as is, the photos
gave accuracies of 38.6% to 72.4% (Tab. 3). Sending 3 by
3 tiles, or 2 by 2 tiles for photos under 4000 pixels, raised
accuracy by 14.5 points for Haiku, 11.1 for Sonnet, 12.0 for
Flash-Lite and 12.5 for Flash. For these models the gain was
positive on every question set: 8 to 18 points on V*Bench,
10 to 18 on HR-Bench, 14 to 21 on remote sensing and 2
to 11 on monitoring. On remote sensing, 3 by 3 tiles lifted
Sonnet from 60.0% to 80.8%. The highest setting added
only 5.5 points for Flash-Lite and 3.7 for Flash.

Not all of this gain comes from undoing the service’s
shrinking. Claude receives the photo at full size for 304 of
the 601 questions, and even there tiles added 12.2 points for
Haiku and 5.3 for Sonnet. On the other 297 questions, whose
photo Claude shrinks, tiles added 16.8 and 17.2 points. We
believe tiles also help because a small object fills more of
each image the model sees. Earlier work also found that
adding an enlarged crop of a small object helps [32].

OpenAl’s default rejected the photo for 215 of the 601
questions, including 144 of the 150 HR-Bench questions. On
the 386 photos it accepted, Sol scored 79.0% as is, so its low
overall score reflects rejections more than poor perception.
Tiles avoid the rejection, and they lifted Sol from 50.7% to
83.7% overall. For comparison, Qwen, whose host keeps far
more pixels than Claude or Gemini, scored 71.5% as is.

The two-step zoom needs far fewer image tokens than
tiles. Counting both calls, it used about 40% of the image
tokens of 3 by 3 tiles (Fig. 4). On Gemini it scored highest
of all five ways: 72.2% for Flash-Lite and 83.0% for Flash,
against 70.5% and 80.5% for 3 by 3 tiles, though the paired
95% intervals of these gains include zero. It did this even
though Gemini did not always return a valid box: four frac-
tions between 0 and 1, with left less than right and top less
than bottom. Flash-Lite did so for 87% of the questions and

Flash for 96%, and for the rest the second call sent the whole
photo. The other four models returned a valid box every
time. On Claude, the zoom nearly matched 3 by 3 tiles with
Haiku, at 73.5% against 73.7%, but trailed them with Sonnet,
at 81.0% against 83.5%. Luna did best with the zoom, 4.5
points above 3 by 3 tiles with a paired 95% interval of 1.5
to 7.5 points, and Sol came within 1.5 points of its best tiles.
On remote sensing, the two-step zoom scored highest for
five of the six models, lifting Flash from 61.5% to 79.2%
and Sol from 36.2% to 84.6%. OpenAl’s default rejected
the zoom’s second call for one HR-Bench question with
Luna and three with Sol, because the crop, with its margin,
covered the whole photo, which the default rejects.

5.2. When the detail is lost, Gemini stays confident

What does a model say when the detail it needs is lost?
Figure 5 looks at the questions where tiles found the right
answer and the full photo did not. Tiles cut from the same
photo found the answer, so the detail was there, and the full
photo most likely lost it. Chance explains some of these
cases, since answers also flipped the other way, right as is
and wrong with tiles, on 8 to 37 questions per model. For
OpenAl’s models, most of these photos had been rejected.
Claude and Gemini both said they could not tell in about
half of these cases: 53% for Haiku, 49% for Sonnet, 52%
for Flash-Lite and 57% for Flash. The difference lies in
their other wrong answers. Claude gave most of them with a
confidence below 70, so only 9% of these cases for Haiku
and 5% for Sonnet were confident wrong answers. Gemini
gave every one of them with a confidence of 70 or more,
which made 48% of these cases confident wrong answers
for Flash-Lite and 43% for Flash. With our prompt and
settings, Claude’s stated confidence warned of a lost detail,
and Gemini’s did not.

Gemini’s confidence here differs from its answers on
printed codes too small to read, where it claimed a read or
high confidence at most 14% of the time (Sec. 4.4). We
believe the format explains much of the difference: a code
must be read exactly, while a multiple-choice question al-
ways offers a plausible guess.

5.3. A check at 16 pixels misses most of the gain

Could an agent have known before the call which photos
needed tiles? Our third hypothesis, H3, was that the zoom
check would come within 2 points of 3 by 3 tiles, with 95%
confidence, while using at most 60% of their tokens. It failed
for all six models that received tiles. For Claude and Gemini,
the check judged a 16-pixel detail readable on almost every
photo. That follows from the eye exam: at default settings,
the readable sizes the check uses for an 8K photo are at most
about 14 pixels, close to those in Fig. 3. So the check sent
the photo as is for at least 96% of the questions, and scored
11 to 14 points below tiles. For OpenAl, it tiled the rejected
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to the photo sent as is, on questions that tiles got right and the photo
as is got wrong. The number of such questions is on the right.

photos and came within 1 point of tiles on average, but its
95% interval reached 2.7 to 3.5 points below them, and it
used 86% of their tokens. Our fourth hypothesis, H4, was
that the photos the check flags, those it would not send as is,
score lower when sent as is. It also failed. For Claude and
Gemini, the check flagged at most 21 of the 601 questions,
too few to test well, and for Flash the flagged ones even
scored higher. For OpenAl, it flagged exactly the rejected
questions, which the test omits, and for Qwen none.

V*Bench, the only benchmark that marks where each
target object is, shows one reason the check failed. The
median target there is 36 pixels across its shorter side, well
above the check’s 16 pixels, yet tiles still raised Claude and
Gemini accuracy there by 8 to 18 points. We believe the
main reason is the check’s bar. The readable size marks
where printed text is read half the time, and a detail that size
is far from enough to answer a question about an object.

Checking for smaller details helps. At 8 pixels, the check
recovered about half of the gain from tiles for both Claude
models, using about half the tokens. For Gemini it recovered
about half for Flash-Lite and a quarter for Flash. Even so,
it did not beat the two-step zoom on Claude. Two simpler
signals need no detail size at all. The first asks only whether
the service will shrink the photo, using Tab. 1. Tiling just the
297 photos Claude shrinks would add 8.3 points for Haiku
and 8.5 for Sonnet, over half of the full gain, but would still
use over 90% of the image tokens of tiling every photo. The
second signal is the reply itself. On the lost-detail questions
of Fig. 5, Claude said it could not tell, or gave a confidence
under 70, in 91% of the cases for Haiku and 95% for Sonnet,
against only 52% for Flash-Lite and 57% for Flash. An agent
that sends the photo as is and tiles it only after such a reply
reaches 72.4% with Haiku and 82.9% with Sonnet, within
1.4 points of always tiling, with 62% to 70% of the image
tokens. On Gemini, it falls 2.7 to 3.7 points behind always
tiling, as its replies flag fewer lost details. With the two-step
zoom as the fallback instead, Claude stays within 3 points of
always tiling with 36% to 39% of those tokens.

6. Related work

Zooming into large images. Several methods find small
details by searching or cropping. SEAL, from the V* pa-
per, searches an image under the guidance of a language
model [31], ZoomEye explores a tree of zoomed views with
open models [27], and DC? splits 4K and 8K images into
patches and combines what the model says about each [30].
Zoomer chooses which parts of an image to keep under a
limit on image tokens, and works with closed models [24].
DeepEyes learns through reinforcement learning to crop
the regions it needs while it reasons [35]. Other methods



crop using a model’s attention and gradient maps, which
online services do not expose [32]. Closest to our ques-
tion, one study works out from vendors’ documented rules
how many image tokens an object spans, links missed small
objects to that number, and gives a rule for when to en-
large or split an image [28]. It also proves, under stated
assumptions, when splitting an image into views cannot
lower recall. Benchmarks such as V*Bench, HR-Bench and
MME-RealWorld collect questions about small details in
large images [30, 31, 33], and RSHR-Bench does the same
for remote sensing [8]. None of them measures what each
service’s own resizing and rejections do to the smallest read-
able detail and to answers about real photos.

Resolution and preprocessing. FineSightBench finds the
smallest patterns models perceive, but on 448 by 448 can-
vases that no service shrinks [16]. Res-Bench tests whether
accuracy stays stable across input resolutions [15]. Upscal-
ing or padding an image without changing its content can
lower the accuracy of open models [26]. Small resizes that
change how an image is tiled can also turn right answers into
wrong ones [17]. Other work picks the input resolution for
each task [19], or relates accuracy to the size of the language
model and the number of image tokens [34]. In document
question answering, giving retrieved pages more image to-
kens raises accuracy [14]. One study compares token counts
for code shown as images across providers, without mea-
suring accuracy [6], and another shows that attackers can
exploit image scaling in production systems [20]. We instead
measure, for the services and settings we tested, which detail
sizes reach the model.

Answers without the evidence. Models describe images
they never received [5] and give diagnoses without the im-
age [29]. In medical imaging, they stay confident as image
quality drops [18]. In our setting the image is sent in full,
yet part of it never reaches the model, and models differ in
how often they then answer wrongly with confidence.

7. Practical rules

Our results suggest five rules for an agent.

1. On Claude, send the photo as is and tile it whenever the
reply says it cannot tell or gives a confidence under 70.
This came within 1.4 points of tiling every photo with
62% to 70% of the tokens. Where accuracy matters most,
tile every photo.

2. On Gemini, always use the two-step zoom, since its con-
fident replies hide lost details. It matched or beat tiles
with about 40% of their tokens and beat the highest set-
ting. Check that each box is valid (Sec. 5.1), and send the
whole photo if it is not.

3. On OpenAl’s default setting, use tiles for any image
above 30,000 patches, since the service rejects it, or a
zoom whose crop stays under that limit.

4. Before the call, use Tab. 1 to see whether the service will
shrink the image. A size check like ours should use a
detail size well below 16 pixels.

5. Except on Claude, whose confidence warned of lost de-
tails in our tests, treat a confident answer about a small
detail with suspicion.

8. Limitations

Vendors can change their rules, but the released eye exam
can measure a service again. We collected one answer per
question and setting, so our intervals cover the choice of
questions, not the variation between calls. All models ran at
a low reasoning level, and stated confidence may not mean
the same thing across vendors. Qwen received photos only
as is, so we cannot say how much tiles help a model that
keeps far more pixels. We tested no medical or radar images.

9. Broader impact

Vision-language services are asked to read satellite, security
and medical images, and our results show that a confident
answer may rest on detail the model never saw. The simple
rules above should make such errors less likely.

10. Conclusion

Online services shrink, squeeze or reject large images before
the model sees them. On an 8K photo at default settings, our
fits predict that text under 10 to 13 pixels is read less than
half the time. On real questions about small objects, up to
nine tiles add 11.1 to 14.5 percentage points for Claude and
Gemini, and the two-step zoom comes within 2.5 points of
tiles or beats them with about 40% of their image tokens.
When the full photo misses a detail, Gemini gives a confident
wrong answer in 43% to 48% of cases, against 5% to 9%
for Claude, so on Claude the reply itself tells an agent when
to zoom. Elsewhere, since tiles helped even on V*Bench,
whose median target is 36 pixels across its shorter side, we
would zoom in for small details in large photos.
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