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ABSTRACT

Multimodal LLMs can fail to read text embedded in an image’s coarse structure—
text a human recovers by squinting—and report that no text is present. We name
this class Squint Text and study it as a recognition deficiency, motivated by cases
from a production moderation pipeline. We introduce SQUINTBENCH, compris-
ing 1076 production-derived moderation images, and SQUINTCTRL, a controlled
synthetic suite for mechanism diagnosis. Frozen-weight analysis shows that hid-
den text leaves a coarse signal while glyph identity is weakly represented; iden-
tity becomes substantially more accessible when the correct spatial regions are
supplied, implicating spatial selection as a major bottleneck. Suppressing high-
frequency content also improves reading at a fixed visual-token budget, while vi-
sual token count may also contribute. These findings motivate SQUINT OPSD:
a frozen teacher receives a downscaled view and the ground-truth transcription
as privileged context, and its token-level distributions supervise a student along
on-policy trajectories. At inference, the student reads the original image alone.
SQUINT OPSD reaches 88.61 ANLS on SQUINTBENCH, versus 26.50 for the
unadapted backbone, 24.44 for the best general-purpose model on the original
view, and 68.60 at best for an off-the-shelf model under a downscaled view. These
results substantially narrow the gap between available visual evidence and its gen-
erated read-out without auxiliary views at inference.

1 INTRODUCTION

Multimodal LLMs can miss text embedded in an image’s coarse structure even when a human can
recover it by squinting or viewing the image at reduced scale. We call this failure Squint Text; we
study why the visual evidence is difficult for current models to access and show that the corrective
viewing condition can be internalized through training, enabling original-only inference.

Modern VLMs are strong scene-text readers, yet this capability breaks sharply on Squint Text. As
Figure E] shows, frontier commercial and open-source models (Singh et al. [2026; [Bai et al., 2025)
can report that no text is present even when the hidden string is readily recoverable by a person. The
failure also persists with model scale (Table [3). Downscaling or low-pass filtering recovers part of
the missing text, but leaves a substantial residual. Squint Text therefore exposes a specific recognition
deficiency that stronger generic perception and inference-time preprocessing do not reliably remove.

This deficiency matters in deployment. Images are widely used to carry illicit promotion and other
policy-violating content (Meta, 2026czb; X Corp., {2026} [TikTok, [2026), and the harmful semantics
can reside in text drawn into the image rather than in the depicted scene (Guo et al [2024a; [Kiela
et al.||2020;|Wu et al.|, 2025b)). In production moderation traffic, we observe domains, contact strings,
and slogans embedded into coarse image structure so that human viewers can read them while the
reviewing model reports no text. Such examples create a direct blind spot at the visual-review stage
of an automated moderation pipeline (Metal, 2026a).

To study the failure, we introduce SQUINTBENCH, containing 1076 production moderation images,
and SQUINTCTRL, a controlled synthetic suite for isolating what the model represents and where the
failure arises. Frozen-weight diagnostics show that hidden text leaves a strong coarse signal, while
glyph identity is only weakly represented; identity becomes substantially more accessible when
the correct spatial regions are supplied. Controlled image interventions on SQUINTBENCH itself
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Figure 1: Squint Text, and why the deployed defence does not remove it. (a) Pipeline images
whose embedded string a human reads—directly or by stepping back—while GPT, Gemini and
Claude each answer “No text in this image”, on the original and the scaled view alike. (b) Down-
scaling before review recovers only part of the hidden text for every off-the-shelf model.

further show that suppressing high-frequency content can substantially improve reading at matched
visual-token budgets, implicating high-frequency interference as a major contributor while leaving
room for a secondary token-count effect. These findings motivate SQUINT OPSD: during training, a
frozen teacher receives a downscaled view and the ground-truth transcription as privileged context,
and its token-level distribution supervises a student that sees only the original image. At inference,
the student receives the original image alone.

SQUINT OPSD reaches 88.61 ANLS on SQUINTBENCH, compared with 26.50 for the base model
and 58.96 when the corrective view is supplied only at inference. The capability transfers to ex-
ternal hidden-text benchmarks while retaining substantial general vision-language capability with
measurable, task-dependent trade-offs. Analysis after training shows that glyph representations be-
come more discriminative, reading depends causally on glyph-bearing regions under our visual-
token embedding intervention, and the residual candidate distribution becomes more visually struc-
tured. Code and the evaluation suite are released at https://anonymous.4open.science/
r/Squint_Text—-3456.

Contributions.

* A deployment-grounded failure mode and two complementary datasets. We define
Squint Text and introduce SQUINTBENCH, comprising 1076 production moderation im-
ages, for realistic evaluation, together with SQUINTCTRL for controlled diagnosis of
hidden-text representation, localization, and recoverability.

* A diagnosis of why current MLLMs miss Squint Text. Hidden text leaves a strong
coarse signal but weak glyph identity; the identity signal becomes more accessible at glyph-
bearing locations, and high-frequency interference is a major contributor, with token count
a possible secondary factor.

* A diagnosis-driven training method. SQUINT OPSD uses a downscaled privileged
view together with a ground-truth hint to provide token-level distributional supervision
for original-only inference, reaching 88.61 ANLS on SQUINTBENCH.

2  PRELIMINARIES AND DATA

2.1 PROBLEM SETTING

Given an image x and an instruction to transcribe its text, the model must report every string a
human reader would, including text carried in the image’s coarse structure. We use read-out to refer
to the mapping from encoded visual representations to the generated transcription. Let v = g(x)
denote a bicubically downscaled view of x, at 1/8 linear scale unless stated otherwise. We compare
a single-image input  with a two-view input (x, v) to test whether changing the viewing condition
makes the same underlying visual evidence easier for a frozen model to use. Section [3] performs
this comparison with identical off-the-shelf weights; the training method is introduced separately in
Section [l
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On SQUINTBENCH we report ANLS (Biten et al., 2019), with predicted and reference regions
matched as a set before scoring so that a correct transcription written in a different order is not
penalised.

2.2 DATASETS

Showing that the phenomenon occurs in deployment requires real model failures; attributing the fail-
ure to a particular mechanism requires controlled examples. We therefore use two complementary
datasets.

SQUINTBENCH comprises 1076 squint-text images collected from a production moderation
pipeline. All 1076 examples are production-derived. These images are typically profile photos,
in which a human reader recognizes the embedded text almost effortlessly. Human annotators tran-
scribe all visible and hidden text. Thus, SQUINTBENCH is used as the realistic end-to-end evaluation
set.

SQUINTCTRL supplies the controlled counterpart. A glyph string is rendered as a binary condition-
ing image and embedded into a scene using QR Code Monster v2 (Monster Labs| [2023), a Con-
trolNet (Zhang et al., |2023)) over Stable Diffusion 1.5 (Rombach et al., [2022), with scene prompts
sampled from JourneyDB (Sun et al., 2023)). For each controlled comparison, non-target generation
variables are held fixed; because the conditioning image is known, each sample also has an exact
token-level glyph mask without detector or human annotation.

The four subsets serve distinct diagnostics. SQUINTCTRL-PAIR contains 500 matched text-
present/text-free pairs for testing whether hidden-text presence is encoded. The text-free member
is regenerated through the same ControlNet branch using an all-black conditioning image, avoiding
a synthesis pipeline shortcut. SQUINTCTRL-GLYPH contains two 500-image closed vocabularies
over ten Chinese glyphs (1% 7] E 4% A 5 & M%) and ten Latin letters for glyph-identity and lo-
calization analyses. SQUINTCTRL-STRENGTH varies 200 scenes across 5 conditioning strengths
to study the recoverability boundary. SQUINTCTRL-READ contains 200 open-vocabulary images
for end-to-end read-out and post-training analysis. Detailed generation and control protocols are
provided in Appendix [F.6] and representative examples of each subset are shown in Figure[§]

3 DIAGNOSING SQUINT TEXT

Unless stated otherwise, all diagnostic experiments use Qwen3.5-9B (Qwen Team, [2026) with
frozen weights. We report set-matched ANLS for transcription and out-of-fold AUC for probing.
The failure is not confined to this checkpoint: four commercial and open-weight MLLMs obtain
only 8.3-24.4 ANLS on the original SQUINTBENCH images (Table [3).

3.1 HIDDEN-TEXT REPRESENTATION

To test what survives in the vision encoder, we fit logistic-regression probes to frozen, pre-merger
patch features at blocks L6/12/18/24/27. Each probe uses mean-pooled features and is evaluated out
of fold against shuffled-label controls; fitting it does not update the MLLM. On SQUINTCTRL-PAIR,
whose 500 pairs differ only in whether a string was embedded, text presence reaches 0.956-0.981
AUC. Label shuffling returns chance-level performance (0.47-0.52 AUC), while matched generation
paths control for synthesis-pipeline artefacts (Appendix [A.3). Going beyond mere presence, we
further test how well each individual glyph can be read out on the closed-vocabulary SQUINTCTRL-
GLYPH set. Glyph identity is weaker than presence but remains above chance: Chinese macro-
AUC peaks at 0.718 at L18 and averages 0.676 across the five blocks, with Latin at 0.612 and
0.581, respectively. Thus, the encoder detects hidden text, although glyph identity is only weakly
represented.

3.2  SPATIAL LOCALIZATION

We extract visual features before the patch merger and, using the known SQUINTCTRL-GLYPH
mask, compare three poolings of the same features: ORACLE averages vectors at glyph-bearing lo-
cations, GLOBAL averages all vectors, and RANDOM averages a random subset of the same size as
the ORACLE set. RANDOM controls for sample count: its mean estimates the global mean and empir-
ically differs from it by at most 0.004 AUC. Averaged over five blocks, ORACLE/GLOBAL/RANDOM
reach 0.799/0.676/0.675 AUC on Chinese and 0.664/0.581/0.580 on Latin, respectively (Figure[2h),



(a) Correct locations improve (b) Frequency and (c) A corrective view

glyph read-out token count improves read-out
@~ oracle % global random homophones, all read "1i"
0.80 3 z .
0.7565 > = Original
] 0.7425 0.7295 g 9
0.75 0%{? 3 39.3 67.0 'g
3 &
0.701 = 7
0.6615 ] = 3l
8015 g36s o oF A mwm N
0.65 1 0.632 =" "= 0631 = > '
JB”T 06605 Boem | s 3 £ + Downscaled view
0.5805 _%0.6295 0635 g6315| 2o & =
0.60 1 = i chance = g _g
0.5805 “ n‘? all share radical “§
03 e 12 Lz ALy
400 tok 64 tok ¥ B B B R

Figure 2: Three diagnostics on frozen off-the-shelf weights. (a) Restricting the read-out to glyph-
bearing tokens improves glyph-identity prediction, supporting spatial selection as a major bottleneck
(per-layer expansion in Appendix [A)). (b) At a fixed 64-token budget, suppressing high-frequency
content raises squint-text ANLS from 29.2 to 67.0 (per-o results in Appendix [B). (¢) For the same
target glyph %, adding a 1/8-scale view of the same image shifts the base model’s phonetic predic-
tions toward visually matching glyphs, indicating stronger visual grounding.

$0 ORACLE improves by about 0.10 AUC over both controls. Glyph identity is therefore substan-
tially more accessible at the correct locations, identifying spatial selection as a major bottleneck

(Wu & Xie|, 2024} [Zhang et all, [2025). Passing these features through the patch merger changes
separability by at most 0.018 AUC (Appendix [A.2).

3.3 FREQUENCY AND TOKEN COUNT

That downscaling or low-pass filtering makes such text legible is already established—HC-Bench
evaluates after downscaling and Illusory VQA after low-pass filtering
2025)). What is not established is which property of those transforms is responsible, and the
answer determines what one should build: (H1) high-frequency texture masks the glyph structure;
(H2) too many tokens dilute attention; (H3) it is a contrast problem.

We test these explanations on SQUINTBENCH images (Figure Zb). At the original token budget
(median 400), Gaussian low-pass filtering raises ANLS from 26.4 to 39.3, showing that suppressing
high frequencies helps without shortening the visual sequence. Restricting the visual input to 64
tokens yields 29.2; applying a stronger low-pass transform at the same token budget raises ANLS
to 67.0. This matched-budget comparison independently supports Hl. However, constructing the
64-token input also alters its frequency content, so H2 cannot be fully disentangled from H1. We
additionally test H3 with contrast-only transforms, which yield substantially smaller gains than fre-
quency suppression (Appendix [B]), making contrast an unlikely primary explanation. Overall, these
results identify high-frequency interference as a major contributor, while visual token count may
also contribute, although its effect is not fully disentangled from frequency.

3.4 CORRECTIVE VIEWING

We next give the same frozen model the two-view input (x,v), with no change to its weights or
prompt. On SQUINTBENCH, adding the 1/8-scale view raises ANLS from 26.50 to 58.96. Fig-
ure 2k shows the corresponding shift from phonetic alternatives toward candidates that share the
target’s visual structure. Because v = g(z) is deterministic and lossy, the gain is consistent with the
same frozen weights exploiting coarse visual evidence more effectively under a different viewing
condition. The result motivates learning a similar read-out behaviour while retaining original-only
input.

Design requirements. The diagnosis yields three requirements. (D1) Original-only inference: the
solution should receive = alone, because the needed evidence already survives in its representation.
(D2) Localization-bearing supervision: a transcript says what the glyph is but not where its ev-
idence lies, whereas predictions elicited by the downscaled view reflect evidence that has become
easier to select. The method should transfer this implicit spatial information; whether it does so is



Table 1: Candidate solutions under the requirements of D1 uses original-only inference, D2
uses localization-bearing supervision, and D3 uses a distributional target. A dash denotes a method
with no training target. Only SQUINT OPSD satisfies all three.

D1 D2 D3
ground-truth SFT v X X
sparse-reward RL v X X
downscaled view at inference X — -
ground-truth-conditioned teacher v X v
SQUINT OPSD (view + hint teacher) v v

tested in §6] (D3) Distributional targets: at each step the teacher assigns probability mass over
possible next tokens, not only the ground-truth one; the relative probabilities of alternatives retain
which glyphs remain visually plausible — information a one-hot label cannot express.

4 METHOD

Table [T] suggests supervising the student under a viewing condition in which Squint Text is easier
to read. During training, the teacher receives privileged context consisting of the downscaled view
and the ground-truth output, while the student receives only the original image. Inference remains
original-only. Figure [3]illustrates the training framework.

4.1 SQUINT OPSD

Let x be the original image, v = g(z) its downscaled view, ¢ the task instruction, and h the ground-
truth output provided only to the teacher. The student is py(y | x, ¢) and the teacher is a frozen copy
of the initial backbone conditioned on (x,v,q, h). At each update, we first sample a trajectory ¢
from the current student policy and treat the sampled prefixes as stop-gradient states:

9~ sglpe(- | z,q)]. (1)

‘We then minimize token-level Jensen—Shannon divergence between teacher and student distributions
along that student-generated trajectory:

T(9)
Lopsp(0) = By Bgsglpy (e Y ISDBr(- | 2,v,4,0,9<0) || Po(- | 2,4,9<0)) ()
t=1
where gradients flow only through the student logits. For each step, the teacher’s top- K tokens define
the explicit support; probability mass outside this support is aggregated into a single tail bucket for
both teacher and student before computing JSD. We use K = 100. Rollouts terminate at EOS or the
maximum response length. Full rollout and optimization details are given in Appendix [F3]

The privileged view and the ground-truth hint play different roles. The view changes the visual
condition under which the teacher reads the image, whereas the hint supplies privileged label infor-
mation. Their contributions are separated empirically in Table 4] and Appendix

4.2 PRIVILEGED VIEW

Since v = g(z) is a deterministic, lossy transform of the original image, it does not introduce new
Shannon information conditional on x. Its value is therefore computational (Xu et al., |2020): the
same visual content can become easier for a fixed model to exploit after high-frequency suppression
and scale change. The ground-truth hint h, by contrast, does provide privileged label information.
Accordingly, we do not assume that the complete teacher distribution pr(- | z,v, ¢, h) is exactly
realizable from (x, ¢) alone. Our objective is empirical: transfer the components of the teacher’s
reading behavior that the student can acquire while retaining original-only inference.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Datasets and metrics. We train on 5905 prompts, including 3489 synthetic hidden-text images,
1213 OCR samples, and 1203 VQA samples. Our primary evaluation is set-matched ANLS on all
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Figure 3: Overview of SQUINT OPSD. The teacher receives the original image, the downscaled
view v = g(z), the task instruction, and the ground-truth output as privileged context. Its token
distributions supervise the student along stop-gradient, student-generated trajectories. Gradients

flow only through the student logits, and inference uses the original image alone.

Table 2: SQUINTBENCH performance and general vision-language capability.

SQUINTBENCH general
AI2D  DocVQA OCRBench
BASE 26.50 86.66 95.93 879
BASE +1/8 view (two-view) 58.96 52.36 95.37 834
SFT (full, single) 72.47 85.52 64.73 722
DAPO 73.55 82.12 92.31 728
SQUINT OPSD 88.61 85.33 92.98 833

1076 deployment-derived SQUINTBENCH images. We further evaluate transfer on Illusory VQA
(Rostamkhani et al.|[2025), AdvOCR (Xu et al.|[2026), and HC-Bench (Li et al.| |2025), and general
vision-language capability on AI2D (Kembhavi et al., 2016), DocVQA (Mathew et al., [2021]), and
OCRBench (Liu et al.l [2024)). We reserve a 1,045-example held-out validation split from the same
source mixture as training.

Baselines. We compare against the pretrained backbone (BASE), appending a downscaled view
at inference (BASE +1/8 view, two-view), single-view SFT, and DAPO (Yu et al. 2025). For
trained baselines, we focus on methods that use the original image at inference, matching the deploy-
ment constraint of SQUINT OPSD. We also report four off-the-shelf MLLMs as external references:
claude-opus-5, gemini-3.1-pro, gpt-6-astra, and Qwen3-VL-235B-Think.

Model and training. All trained methods use Qwen3.5-9B. Unless stated otherwise, all parame-
ters, including the vision tower, are updated. In the current experiments, the teacher is a frozen copy
of the initial backbone and receives the privileged downscaled view and ground-truth hint, while the
student receives only the original image. SQUINT OPSD, DAPO, and SFT are all trained for three
epochs. Full optimization and rollout details are in Appendix [F.3} the held-out mixture is described
in Appendix [F2]

Inference. SQUINT OPSD receives only the original image at inference. Additional scaled views
are provided only to baselines explicitly marked with them.

5.2 MAIN RESULTS

Target performance. SQUINT OPSD reaches 88.61 ANLS on SQUINTBENCH, compared with
26.50 for BASE and 58.96 when the corrective view is appended only at inference (Table J2). It also
exceeds single-view SFT (72.47) and DAPO (73.55). SFT improves the target metric only partway
and forgets heavily: its DocVQA falls from 95.93 to 64.73 and OCRBench from 879 to 722. SFT
warm starts likewise underperform direct OPSD, suggesting that first fitting a hard one-hot target



Table 3: Comparison with the base model and off-the-shelf MLLMs on SQUINTBENCH and three
external hidden-text benchmarks. WER is lower better. The “only” conditions replace the original
image with the reduced view, applied before the model preprocessor; further protocol details are in

Appendix [B.1]

SQUINT Qwen3.5- claude- gemini- gpt-6- qwen3-vl-
benchmark cond. OPSD 9B base opus-5 3.1-pro astra 235b-think
orig. 88.61 26.50 2226 1815 833 24.44

SQUINTBENCH 1/8 only 49.64 38.22 22.41 27.90 8.13 34.37
40x40 only  76.12 68.60 11.07 4491 6.26 66.88

IVQA Illusion WER] 67.00 178.10  166.50 190.13 119.60  177.97
MIVQA Filtered WER| 64.87 76.80 83.53 70.00 65.27 91.33
orig. 66.7 3.7 3.7 3.7 11.1 3.7
AdvOCR 1/8 only 70.4 44.4 333 333 0.0 519
40x40only  70.4 51.9 222 44.4 44.4 55.6
orig. 44.6 1.8 54 54 1.79 1.8
HC-Bench 1/8 only 46.4 26.8 19.6 339 12.5 28.6
40x40only  19.6 19.6 8.9 19.6 12.5 25.0

Table 4: Ablations on SQUINTBENCH. We vary teacher input, target form, and trainable modules.
fThe mismatched-view row is paired with a matched-view run under the same setting (84.60), giving
a 6.0-point drop.

configuration SQUINTBENCH
teacher input
T (neither) 27.96
x+h (hint only) 41.79
Tx+v (privileged view only) 54.68
z+v+h (default) 88.61
T + Umis + h (mismatched view)' 78.60
T+ v+ hwrong (wrong hint) 64.00
target signal
ground truth, one-hot (SFT) 72.47
teacher, one-hot (SFT-distil) 68.31
teacher, top- K distribution (SQUINT OPSD) 88.61
trainable modules (SQUINT OPSD)
LM only, vision tower frozen 29.25
vision tower only, LM frozen 71.12
all parameters 88.61

is less effective than preserving distributional supervision from the outset. We also ran a series of
teacher-view ablations that vary only v in the fixed teacher input (z, v, ¢, h); none of the alternative
views or their aggregations improves on the default (Appendix [C).

External transfer. The capability transfers to external hidden-text benchmarks (Table [3). On
original inputs, SQUINT OPSD reaches 66.7 on AdvOCR and 44.6 on HC-Bench, compared with
3.7 and 1.8 for BASE. On Illusory VQA, it reduces WER from 178.10 to 67.00, even outperforming
BASE given the filtered view (76.80). Increasing model scale alone also does not remove the failure:
Qwen3-VL-235B (Bai et al.| 2025) reaches only 24.44 on the original SQUINTBENCH images, and
gpt-6-astra only 8.33.

General-capability trade-off. The hidden-text gain is accompanied by task-dependent degrada-
tion on the general benchmarks: AI2D changes from 86.66 to 85.33, DocVQA from 95.93 to 92.98,
and OCRBench from 879 to 833. Thus, the adaptation retains substantial general vision-language
capability, but introduces a measurable specialization trade-off.



5.3 ABLATIONS

Privileged teacher context. Neither signal alone gets far: hint-only teacher input yields 41.79,
view-only yields 54.68, and x-only yields 27.96. Combining the view and hint reaches 88.61, sub-
stantially above either signal alone. Independently, swapping the view for another sample’s down-
scaled image reduces the paired score from 84.60 to 78.60, and corrupting the hint with a wrong
transcription drops it to 64.00. The two privileged signals are therefore complementary, and each
must be aligned with the current sample: the view contributes sample-specific visual context rather
than merely extra low-resolution tokens, while the hint supplies label information beyond what the
view alone provides.

Distributional supervision. Replacing the teacher distribution with its one-hot prediction drops
performance from 88.61 to 68.31, below even ground-truth SFT (72.47). The gain therefore comes
from information carried by the distribution rather than from better teacher hard labels. Section [f]
examines this structure directly.

Where adaptation occurs. Updating only the language side reaches 29.25, whereas updating only
the vision tower already reaches 71.12. Joint adaptation further improves to 88.61. Thus, visual
adaptation accounts for a large part of the gain, while the strongest read-out requires both sides to
adapt. The same dependence appears under supervised fine-tuning (Appendix [F.4)), supporting the
representation change analyzed in §6]

Teacher and training variants. Entropy-based teacher selection, EMA teacher updates, and SFT
warm starts likewise underperform the fixed-teacher recipe (Appendix [C).

6 ANALYSIS

We analyze three changes induced by training: glyph representation, spatial selection, and
candidate-distribution structure. The probe and candidate-distribution analyses reuse the protocols
established in §3]

Glyph representations become more discriminative. Re-running the probes from glyph-
identity AUC rises from 0.718 to 0.975 on Chinese and from 0.612 to 0.779 on Latin, while near-
ceiling presence detection changes little. Together with the frozen-vision ablation in §5.3] this shows
that training reorganizes the visual representation to make glyph identity more accessible.

Reading becomes spatially grounded. After training, answer-token attention (Vaswani et al.,
2017) is more concentrated on glyph-bearing regions, with similar patterns under free generation
and teacher forcing (Figure[dp). We complement this correlational evidence with a visual-token em-
bedding intervention. Before the visual tokens enter the language model, we replace glyph-bearing
embeddings with the mean embedding of non-glyph tokens from the same image, while keeping
token count and positions unchanged. At dilation d = 2, this reduces SQUINT OPSD accuracy
from 90.5% to 71.5%, whereas replacing an equal number of randomly selected background-token
embeddings leaves performance nearly unchanged (90.5% to 91.0%). The result supports a causal
dependence of the learned reading behavior on glyph-bearing visual regions. Full intervention de-
tails are given in Appendix [E.5]

The distribution acquires visual structure. We compare non-target, high-probability candidates
on the same 120 glyph positions valid for all three models. We measure p,s as the Spearman cor-
relation between candidate probability and pixel-IoU similarity to the target glyph, and pja,g as the
correlation between candidate probability and its matched text-only probability. Visual organization
increases from pyis = 0.126 for BASE to 0.242 for SFT and 0.286 for SQUINT OPSD. Mean-
while, SQUINT OPSD retains a text-only-prior correlation close to BASE (pjang = 0.544 vs. 0.555),
whereas SFT drops to 0.334. Thus, SQUINT OPSD more strongly organizes high-probability alter-
natives by glyph compatibility while retaining language-side structure. Definitions and candidate-set
sensitivity are in Appendix [E. ]

7 RELATED WORK

Hidden and squint-visible content. HC-Bench studies hidden content with downscaling (L1 et al.,
2025), Iusory VQA applies low-pass filtering (Rostamkhani et al [2025), and AdvOCR/VACoT
learns when to zoom in or out at inference (Xu et al., [2026); training-free alternatives steer a frozen
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Figure 4: What changes after training. (a) Example next-token distributions for BASE, SFT, and
SQUINT OPSD. (b) Attention concentration on glyph-bearing regions and a causal visual-token
embedding knockout. (¢) Candidate-distribution structure on 120 matched glyph positions.

model’s search toward small visual details (Wu & Xie), 2024} [Zhang et al.},[2025)). These works alter
the viewing condition or the search process at inference. To our knowledge, SQUINT OPSD is the
first work on squint-visible hidden text to address this failure through post-training for original-only
inference. SQUINTBENCH adds deployment-derived failures and SQUINTCTRL supports controlled
diagnosis; the frequency effect is related to hybrid images (Oliva et all, [2006) and image-scaling
attacks (Quiring et al} [2020), a principle recently productized by hidden-content fonts

2026), while text-to-image generators render the coarse-structure channel increasingly accessible
(Wu et al., 2025a).

Text-rich reading and privileged supervision. Prior work improves pixel-text understanding
through reading-oriented data and architectures (Zhang et al, [2024), benchmarks text-rich com-
prehension 2024), and studies the symbolic-to-pixel modality gap (Sun et al., 2026}
2025). Global-local methods provide additional visual views (Lu et al.| 2026), and native
high-resolution input pipelines enlarge the visual budget available to small text (Guo et al,
Chen et al}, 2024). Related privileged-information and on-policy distillation methods use signals

available only during training (Vapnik & Vashist, 2009; [Hinton et al.| 2015} [Agarwal et al., 2024;

[Zhao et al., 2026}, [Yuan et al, 2026} [Li et al., 2026). These works largely target fine-grained visual
detail retrieval.

Probing visual representations. Linear probes test information in intermediate representations
(Alain & Bengio| [2018};[Burns et all,[2023), while VLM work localizes object information to visual
tokens (Neo et al.,[2025)) and identifies outlier artifact tokens that distort ViT feature maps
2024). We study coarse text whose identity becomes more accessible at the correct locations
and how this changes after adaptation.

8 CONCLUSION

We introduce Squint Text, SQUINTBENCH, and SQUINTCTRL to study text embedded in coarse
image structure that humans can recover but MLLMs often miss. Our diagnostics implicate spatial
selection and high-frequency interference, with visual-token count as a possible additional factor.
These findings motivate SQUINT OPSD, which uses a downscaled view and ground-truth tran-
scription as privileged training context while retaining original-only inference. SQUINT OPSD
reaches 88.61 ANLS on SQUINTBENCH versus 26.50 for the base model and transfers to external
hidden-text benchmarks with measurable general-capability trade-offs. After training, glyph iden-
tity becomes more discriminative, reading depends on glyph-bearing regions under our visual-token
embedding intervention, and high-probability alternatives become more visually structured while
retaining language-side structure. The method currently relies on recoverable visual evidence and
fixed privileged supervision.



ETHICS STATEMENT

SQUINTBENCH is derived from production content-moderation traffic and contains domains, contact
strings and policy-violating promotional material, so it raises privacy and dual-use concerns that the
fully synthetic SQUINTCTRL suite does not. The benchmark is hosted on Hugging Face and will
be released openly, but because its images embed real websites, access to the production-derived
portion is gated and granted on approved request; we study these patterns solely to improve the
robustness of visual moderation.

Al USE STATEMENT

We used generative Al tools for code implementation, translation of the Chinese prompt templates,
and language editing of the manuscript. All Al-assisted output was reviewed and verified by the
authors against the raw evaluation logs and the original sources, and we take responsibility for the
final content of this paper.

REPRODUCIBILITY STATEMENT

Code, the evaluation protocol and the synthetic SQUINTCTRL suite are released at https://
anonymous.4open.science/r/Squint_Text—-3456; SQUINTBENCH is hosted on Hug-
ging Face and will be open-sourced, with the production-derived portion gated behind an approved
request. Training, optimisation, prompt and preprocessing details are given in Appendices.
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A  ADDITIONAL DIAGNOSIS CONTROLS

A.1 PER-LAYER LOCALIZATION

Figure [5] expands Figure [2h across encoder depth and script. The ordering is stable: restricting the
probe to glyph-bearing tokens consistently improves glyph-identity separability, while RANDOM
closely tracks GLOBAL. Both scripts peak in the middle of the encoder, but the localization gap
persists across depth.

(a) Chinese subset (b) Latin subset
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Figure 5: Glyph identity is more accessible at the correct locations. Glyph-identity macro-AUC
on SQUINTCTRL-GLYPH by encoder block under the three poolings of §3.2] RANDOM uses the
same number of tokens as ORACLE but remains close to GLOBAL across depth and script.

A.2 PATCH-MERGER CONTROL

The probes in read pre-merger features, whereas the language model consumes features af-
ter a 2x2 patch merger. Table [5] shows that global glyph separability changes by at most 0.018
AUC across the merger. The localization gap therefore cannot be explained by information being
discarded at this architectural step.

Table 5: Glyph separability before and after the 2 x2 patch merger.

script checkpoint before  after A

Chinese BASE 0.707  0.700 —0.007
Chinese SQUINT OPSD  0.989 0.985 —0.004
Latin BASE 0.555 0573 +0.018

Latin SQUINT OPSD  0.699 0.713 +0.014

A.3 PRESENCE-PROBE CONTROL

The text-presence probe is sensitive to generation shortcuts if text-present and text-free samples
follow different synthesis paths. Bypassing the ControlNet branch for text-free samples inflates
AUC by roughly 0.03-0.05. All results in the paper therefore use matched generation paths, with
an all-black conditioning image replacing the glyph pattern in the text-free member. Shuffled-label
controls remain at 0.47-0.52 AUC.

A.4 GLYPH-IDENTITY PROBE AFTER TRAINING

For the before/after comparison in §6l we evaluate both checkpoints at L18, the strongest base
layer shared by the two scripts. Training raises Chinese macro-AUC from 0.718 to 0.975 and Latin
macro-AUC from 0.612 to 0.779, while presence detection was already near ceiling.
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Table 6: Presence-probe AUC on SQUINTCTRL-PAIR. The controlled columns use the same gener-
ation path for both members of each pair.

same pipeline different pipelines
block BASE SQUINT OPSD | BASE SQUINT OPSD
L6 0.964 0.977 0.996 0.996
L12 0.977 0.995 0.995 0.998
L18 0.981 0.995 0.993 0.996
L24 0.967 0.991 0.991 0.995
L27 0.956 0.991 0.984 0.996

Table 7: Glyph-identity macro-AUC at L18 before and after training.
script BASE  SQUINT OPSD A

Chinese 0.718 0.975 +0.257
Latin 0.612 0.779 +0.167

B FREQUENCY AND PREPROCESSING CONTROLS

B.1 EXTERNAL-BENCHMARK AND PREPROCESSING NOTES

HC-Bench contains 56 hidden-text images. Two readers, evaluated independently with squinting
permitted, recovered the hidden text in 35.7% of them on average. We therefore treat HC-Bench as
an external transfer benchmark rather than a human-legibility ceiling.

For the reduced-view rows in Table [3] the model preprocessor enforces a minimum input area of
65536 pixels. Both the 1/8 and 40x40 conditions therefore reach the encoder at approximately
2562 pixels and 64 visual tokens. The labels in Tabledescribe the image before this preprocessing
step.

The 64-token condition of §3.3]is not the same manipulation as these rows, even though both end
at 64 visual tokens. Table [3|replaces the whole image with a reduced view and then lets the prepro-
cessor resize it, whereas pools the original view down to 64 tokens directly; the two therefore
differ in spectrum and in score (29.2 versus 38.22 for the base model). Neither number should be
read as a replication of the other.

B.2 SPECTRAL AUDIT OF THE REDUCED VIEWS

Because the two reduced conditions are matched in token count, their difference is primarily spectral.
Table [§] shows that the 40x40 condition retains a larger fraction of energy in the lowest band and
less energy in the higher bands than the 1/8 condition. This explains why nominal scale alone is an
incomplete description of the corrective view.

Table 8: Share of non-DC spectral energy by band, in cycles per pixel, for the three SQUINTBENCH
viewing conditions.

band (c/p) orig. 1/8  40x40

0-1/32 913% 943% 96.5%
1/32-1/16  6.5% 48%  3.3%
1/16-1/8  1.7% 087% 021%
>1/8 05% 0.08% 0.03%

B.3 FREQUENCY AT CONSTANT TOKEN COUNT

A Gaussian low-pass applied at full resolution leaves the visual-token count unchanged. Every
measured o improves over the unfiltered 26.44 ANLS baseline, by 5.2-14.4 points (Figure[6). The
curve is not monotonic in o, so we use it only to establish that suppressing high-frequency content
helps independently of sequence length.
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Figure 6: Frequency at constant token count. Hidden-text reading ANLS on all 1076 SQUINT-
BENCH images under Gaussian low-pass filtering. The dashed line is the unfiltered input; the visual-
token count is unchanged throughout the sweep.

B.4 CONTRAST CONTROLS

Contrast-only manipulation does not reproduce the frequency effect. CLAHE (Pizer et al.| |1987)
leaves the spectrum approximately intact and yields essentially no gain, whereas operations that
also flatten texture, such as bilateral filtering (Tomasi & Manduchi, |1998)), improve more (Table E])
We therefore treat contrast as an unlikely primary explanation for the corrective-view benefit.

Table 9: Contrast and band-selective controls on SQUINTBENCH, against the unfiltered 26.44 ANLS
baseline.

transform what it does ANLS A

CLAHE raises contrast, spectrum intact 2591 —-0.53
bilateral filter flattens texture, keeps glyph edges ~ 32.22 +5.79
posterise (3 levels) compresses range and texture 37.21 410.77
band-stop removes mid, keeps low 4 high 1122 —15.22

C TEACHER AND DISTILLATION CONTROLS

All reported default SQUINT OPSD results use a fixed teacher copied from the initial backbone.
The teacher-input ablation in Table [4] separates the privileged view from the ground-truth hint. The
view alone reaches 54.68, above the hint-only condition at 41.79; combining both reaches 88.61. A
stronger control replaces the teacher’s second view with the 1/8 downscaled view of another sample
while keeping the original image, hint, resolution, and visual-token budget unchanged. Under the
paired setting, the matched view reaches 84.60 and the mismatched view 78.60; the gap remains
through the third epoch. This isolates the benefit of sample-aligned corrective visual context.

The target-form ablation provides a separate control. Replacing the teacher’s top-K distribution
with its one-hot prediction reduces performance from 88.61 to 68.31, below ground-truth SFT at
72.47. Thus, the teacher is not simply a better source of hard labels; the distribution itself carries
useful supervision.

C.1 CORRECTIVE-VIEW AND TRAINING VARIANTS

In all experiments, the teacher receives the same original image x, task instruction ¢, and ground-
truth hint h; we vary only the corrective view v (Table . Replacing the default 1/8 view with
a fixed 40x 40 view retains nearly identical performance (88.09 vs. 88.61), while v = 1/4 reaches
78.51. We also tested whether complementary scales could be combined by averaging or selecting
among teacher distributions from v € {1/8, 1/4, 40x40}; none improves over the single default
teacher, with probability averaging reaching 83.05.

Beyond the view itself, updating the teacher by EMA (rate 0.05) reaches 79.12. SFT warm starts
reach 82.85 after one epoch and 81.35 after two epochs, both below direct SQUINT OPSD at 88.61.
One plausible explanation is that the supervised stage first concentrates probability on a one-hot
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Table 10: Teacher-view variants. All SQUINT OPSD teachers receive (x, v, ¢, h); only the corrective
view v or its aggregation is varied. Student inference always uses (zx, ¢) only.

teacher configuration  corrective view v SQUINTBENCH

default 1/8 88.61
fixed view 40x40 88.09
fixed view 1/4 78.51
probability mean 1/8, 1/4, 40x40 83.05
max-entropy selection  1/8, 1/4, 40x40 80.51
min-entropy selection  1/8, 1/4, 40x40 74.30

target, reducing the uncertainty over visually plausible alternatives that SQUINT OPSD is designed
to transfer. Starting with distributional supervision preserves this structure throughout training.

We initially hypothesized that corrective views at different scales might provide complementary
teacher signals. We therefore combine the 1/8, 1/4, and 40x40 teachers using probability aver-
aging, minimum-entropy selection, and maximum-entropy selection. None exceeds the best single
fixed teacher: probability averaging reaches 83.05, while maximum- and minimum-entropy selec-
tion reach 80.51 and 74.30, respectively. We think there are two reasons for this. First, the 1/8
and 40x40 teachers are individually strong (88.61, 88.09) while the 1/4 teacher is much weaker
(78.51); averaging their distributions therefore lets the weak 1/4 teacher drag down the two strong
ones, instead of complementing them. Second, min-entropy selection (74.30) does notably worse
than max-entropy selection (80.51): picking the most confident teacher discards exactly the uncer-
tainty that a distributional target is meant to preserve — the spread over visually confusable glyphs
— whereas retaining more uncertainty keeps more of the alternative candidates alive for the student
to learn from.

D RECOVERABILITY BOUNDARY

SQUINTCTRL-STRENGTH varies only the ControlNet conditioning strength over the same 200
scenes. Both BASE and SQUINT OPSD improve as the glyph signal becomes more visible, but
the largest useful margin appears in the partially recoverable regime. At strength 0.5, where strokes
are largely destroyed, BASE and SQUINT OPSD are statistically indistinguishable (0.597 vs. 0.615,
95% CI [—0.008, +0.063]; paired bootstrap, 100 resamples). At strength 0.9, SQUINT OPSD im-
proves from 0.886 to 0.944; at 1.2, both models are near ceiling. This empirically delineates the
recoverability boundary of the method: training can reorganize partially recoverable evidence, but
does not reconstruct glyph structure that is largely absent from the input.

1.0 | =@ Squint OPSD
—— base
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1 1

reading accuracy
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Figure 7: Recoverability versus hiding strength. Reading accuracy for the base model and
SQUINT OPSD as conditioning strength varies, over the same 200 scenes. Stars mark strength
levels at which the 95% CI of the paired base-vs-SQUINT OPSD difference excludes zero (paired
bootstrap, 100 resamples); unmarked levels are not significant at this threshold, and 0.7 is borderline
and is left unmarked. The method provides its clearest benefit in the partially recoverable regime;
the two ends saturate for different reasons.
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E ANALYSIS DETAILS

E.1 CANDIDATE-DISTRIBUTION METRICS

For §6l we analyze 200 SQUINTCTRL-READ images. We retain examples whose ground-truth char-
acters are each represented by a single token, yielding 367 aligned glyph positions before candidate
filtering. At each position, we run the model under teacher forcing and take its top-20 next-token
candidates. We remove the ground-truth token, retain only tokens that decode to exactly one CJK
codepoint, and keep positions with at least five valid candidates. Thus, the analysis concerns non-
target high-probability alternatives rather than the full vocabulary tail.

For pyis, each candidate and target glyph is rendered with Noto Sans CJK SC, centered by its ink
bounding box, dilated with a 3 x3 max filter, resized to 64 x 64 with Lanczos resampling (Lanczos|
1964)), and binarized. Visual similarity is pixel loU. We compute a per-position Spearman correla-
tion between candidate probability and glyph IoU, subtract the mean correlation from 20 random
permutations of the similarity scores, and average over valid positions.

For prang, we evaluate the same checkpoint without the image, using the identical OCR prompt and
teacher-forced ground-truth prefix. We then compute the per-position Spearman correlation between
the image-conditioned candidate probabilities and their probabilities under this matched text-only
context. Multi-token ground-truth characters are excluded from the analysis.

E.2 MATCHED-POSITION ROBUSTNESS

The default filtering retains different numbers of valid positions for the three checkpoints be-
cause their top-20 distributions have different sharpness: 254 for BASE, 259 for SFT, and 164
for SQUINT OPSD. To remove this selection effect, the main-text comparison uses the intersec-
tion of valid positions across all three models (n = 120). Table [IT] shows that the ordering is
unchanged on this matched set, so the main-text comparison is not an artefact of position selection.
The same conclusion holds when intersecting all five analyzed conditions (n = 106), where py;s 1S
0.117/0.247/0.298 for BASE/SFT/SQUINT OPSD, respectively.

Table 11: Candidate-distribution structure before and after matching glyph positions across check-
points. Parentheses give the number of valid positions.

metric BASE SFT SQUINT OPSD
pvis, own valid set  0.079 (254)  0.160 (259) 0.243 (164)
Pvis, cOMmMonN set 0.126 0.242 0.286
Plang, cOMmon set 0.555 0.334 0.544

E.3 CANDIDATE-SET SENSITIVITY

Because a fixed top-K cutoff interacts with distribution sharpness, we sweep K €
{10,12,15, 20, 25, 30, 40, 50} and recompute the matched-position comparison at each cutoff. The
ordering SQUINT OPSD > SFT > BASE in ps is stable for K’ = 10-40. At K = 50, SFT exceeds
SQUINT OPSD (0.170 vs. 0.144; BASE=0.098). This sensitivity is consistent with the substantially
sharper SQUINT OPSD distribution: its top-20 contains fewer valid single-CJK alternatives on av-
erage (4.6, versus 8.4 for BASE and 7.8 for SFT), while its target confidence is substantially higher.
Expanding to a large fixed K therefore adds a larger low-probability tail relative to its effective
support. We accordingly scope the main claim to the organization of high-probability candidate
alternatives rather than the entire vocabulary tail.

E.4 ATTENTION-MASS DEFINITION

For each answer glyph position ¢ € .4, we renormalize attention over the visual tokens V and
measure the mass falling on the glyph-bearing set T, divided by its chance level:

1 . || . Gt
AMRyorm = — PP A I L B 3)
norm |.A| ;; J ‘V| J Ej’eV ag i

Here A includes only answer positions corresponding to transcribed glyphs, excluding formatting
tokens. The known glyph mask is downsampled through the same 2 x 2 merger as the visual features
before attention is measured. Thus AMR,om = 1 denotes chance-level allocation within the visual
tokens.
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E.5 VISUAL-TOKEN EMBEDDING KNOCKOUT

To test whether reading causally depends on glyph-bearing visual regions, we intervene on the output
embeddings of the vision tower before they are passed to the language model. The intervention is
applied once during prefill; no language-model attention logits or weights are modified.

Let T denote visual tokens whose receptive fields overlap the known glyph pattern. For the glyph
knockout, each embedding in 7" is replaced by the mean embedding of the non-glyph tokens from
the same image. This preserves sequence length, token positions, and the subsequent attention
computation. As a matched control, we sample the same number of tokens uniformly from the
non-glyph region using a fixed random seed and apply the identical mean-embedding replacement.

We additionally dilate the glyph mask by d € {0, 1, 2} iterations of a 3x3 neighborhood operation.
These interventions replace on average 169.0 (16.5%), 299.9 (29.3%), and 391.8 (38.3%) of the
1024 visual tokens, respectively. Generation is greedy with a maximum of 64 new tokens, and a
prediction is counted as correct when the ground-truth string occurs in the generated transcription
after whitespace removal.

Table [T2] shows that the effect is strongly spatially specific. At d = 2, SQUINT OPSD decreases
from 90.5% to 71.5%, while the matched random intervention changes accuracy only from 90.5% to
91.0%. BASE also degrades under glyph removal (26.0% to 15.0%), but begins from substantially
lower reading accuracy.

Table 12: Reading accuracy after visual-token embedding replacement. Glyph-region embeddings
are replaced by the mean embedding of non-glyph tokens from the same image; the random control
replaces an equal number of randomly selected background-token embeddings using the same oper-
ation. d denotes the number of 3x 3 dilations applied to the known glyph mask.

intervention BASE  SQUINT OPSD
none (baseline) 26.0 90.5
replace glyph tokens, d=0 19.5 87.0
replace glyph tokens, d=1 16.0 77.0
replace glyph tokens, d=2 15.0 71.5
replace random tokens, d=0  25.0 91.5
replace random tokens, d=1 25.0 91.0
replace random tokens, d=2  24.5 91.0

F TRAINING AND REPRODUCIBILITY

F.1 TRAINING MIXTURE

Table 13: Training mixture, 5905 prompts after removing 65 samples with corrupted annotations.
DocVQA contributes train-split samples only; its reported evaluation uses a disjoint test split.

group sources prompts
hidden text (synthetic)  AIGC collection 1143, self-synthesised ControlNet 1144,
FakeTextDetect 1267, minus 65 removed 3489
open-source OCR TextCaps 564, DocVQA 302, CASIA 150, RCTW 136,
POIE 56, FUNSD 3, ICDAR13 2 1213
VQA OCR-VQA 1203
total 5905

Dataset references: TextCaps (Sidorov et al., |2020), DocVQA (Mathew et al., [2021), CASIA (Liu
et al.l [2011), RCTW (Shi et al., 2017), FUNSD (Jaume et al., 2019), ICDAR13 (Karatzas et al.,
2013)), and OCR-VQA (Mishra et al.,2019).

F.2 HELD-OUT VALIDATION MIXTURE

We reserve a held-out split of 1045 examples drawn from the same source mixture as the train-
ing data: 616 hidden-text examples, 269 open-source OCR examples, and 160 region-conditioned
OCR/VQA examples. The split is separate from the 5905 training prompts and is intended for
model-selection and validation under the same task mixture as training.
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F.3 OPTIMIZATION AND ROLLOUT SETTINGS

The default SQUINT OPSD run initializes the student from Qwen3.5-9B (Qwen Team, 2026) and
uses a fixed teacher copied from the same initial backbone. All student parameters, including the
vision tower, are updated. Training is configured for up to three epochs, with checkpoints evaluated
every 10 optimization steps.

Table 14: Main SQUINT OPSD optimization and rollout settings.

hyperparameter value

optimizer / learning rate AdamW (Loshchilov & Hutter, 2019), 1x107°
schedule / warmup constant / 10 steps

weight decay / grad clip 0.01/1.0

prompt batch 56 prompts per step

rollouts per prompt n=_8 (448 sequences/step)

inner epochs 1

maximum training horizon 3 epochs

teacher fixed initial-backbone copy

trainable parameters full model, including vision tower

distillation support top-K =100 with tail bucket

JSD symmetric, o = 0.5

max prompt / response length 8000 / 1024 tokens

rollout sampling T=1.0, top-p=1.0

validation decoding greedy (1'=0, n=1)

precision / training stack bf16, FSDP (Zhao et al.| 2023), gradient checkpointing
checkpoint evaluation every 10 steps

Student rollouts are sampled from the current policy and treated as stop-gradient trajectories. At each
sampled prefix, the teacher and student distributions are evaluated on the teacher’s top-K support
plus one tail bucket containing the remaining probability mass. Generation terminates at EOS or the
maximum response length, and gradients are propagated only through the student logits.

Supervised and RL baselines. SFT updates the full model for 3 epochs with learning rate
1x10~2, cosine decay, warmup ratio 0.03, effective batch size 64, and maximum sequence length
2048. DAPO (Yu et al., [2025)), which extends the clipped policy-gradient objective of GRPO (Shao
et al., 2024), is also trained for up to 3 epochs. It uses learning rate 1x 107>, rollout n=8, clipping
(€1ow, €nigh) = (0.2,0.28), and ANLS reward with threshold 7 = 0.5.

F.4 VISUAL ADAPTATION UNDER SUPERVISED FINE-TUNING

To test whether the importance of visual adaptation is specific to the OPSD objective, we repeat
supervised fine-tuning while changing which modules are trainable. With the vision tower frozen,
SFT reaches only 27.29 on SQUINTBENCH; updating both the vision tower and language model
raises this to 72.47. The same qualitative dependence therefore appears under a standard supervised
objective.

Table 15: Effect of visual adaptation under three-epoch supervised fine-tuning.

trainable modules SQUINTBENCH AI2D DocVQA OCRBench
LM only; ViT frozen 27.29 86.66 50.39 741
ViT + LM 72.47 85.52 64.73 722

F.5 TRAINING PROMPTS

The student receives the original image and the task instruction. The teacher receives the original
image together with its 1/8 downscaled view, followed by the same task instruction and output
format; the ground-truth output is provided only as privileged teacher context.

Student template.

<image>
{task instruction}
{task-specific format instruction}
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Teacher template.

<image>

<image>

B —aRIE R, 5 KB 9 R — 3K BT 1/8 T RAEEALA -
{task instruction}

{task-specific format instruction}

VP T IE R H o (gt} -

For OCR-style samples, the output format is a JSON list of {"text_content": "..."} ob-
jects, with [ ] used when no text is present. OCR-VQA and detection samples use the same schema
with task-specific wording.

F.6 SQUINTCTRL SYNTHESIS

The main synthetic branch uses Stable Diffusion 1.5 with QR Code Monster-style conditioning.
Images are generated at 512 pixels and upscaled to 1024, with ControlNet scale 1.2, two-stage CFG
5.0/7.5, and img2img strength 0.5. We use seed 42 and generate 10 samples per prompt. The
conditioning image is retained to derive the exact glyph mask used by the controlled diagnostic
experiments.

G QUALITATIVE DEPLOYMENT EXAMPLES

Figure 9] shows four production-derived SQUINTBENCH examples. Given the transcription instruc-
tion, two frontier commercial MLLMs report that no text is present, while SQUINT OPSD, still
reading only the original image, recovers the embedded promotional strings; a human viewer can
read the same strings when the page is viewed at reduced scale.
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SQUINTCTRL-PAIR

text-present text-free (regenerated)

SQUINTCTRL-GLYPH

Latin vocabulary

SQUINTCTRL-STRENGTH

weak conditioning strong conditioning

SQUINTCTRL-READ

open-vocabulary read-out

Figure 8: Two examples from each of the four SQUINTCTRL subsets. The embedded strings are
carried in the images’ coarse structure: they are hard to notice at full size but become legible when
the page is squinted at or viewed at reduced scale. SQUINTCTRL-PAIR: a text-present image and its
text-free counterpart, regenerated through the same ControlNet branch with an all-black condition-
ing image. SQUINTCTRL-GLYPH: conditioning on the closed vocabularies of ten Chinese glyphs
and ten Latin letters. SQUINTCTRL-STRENGTH: the same type of content under weak versus strong
conditioning. SQUINTCTRL-READ: arbitrary open-vocabulary strings.
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Figure 9: SQUINTBENCH deployment examples that commercial models miss. Four production-
derived moderation images, shown together with the answers of two frontier commercial MLLMs
and SQUINT OPSD to the transcription instruction. Both commercial models report that no text is
present on the original image, whereas SQUINT OPSD reads out the embedded promotional strings;
the same strings become legible to a human when the page is squinted at or viewed at reduced
scale. These examples come from the production-derived portion of SQUINTBENCH and contain no

personal data.
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