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Abstract

Visual text compression is an emerging
paradigm for rendering text as images for pro-
cessing by vision-language models (VLMs),
enabling higher information density per con-
text token. However, the robustness of VLMs
under dense, text-based visual inputs remains
unevaluated. We introduce FICO, a benchmark
designed to assess VLM robustness across
seven controlled variants of visual fidelity
and information density. FICO spans docu-
ments of 8k to 64k tokens and includes three
tasks of increasing semantic granularity: op-
tical character recognition (OCR), needle-in-
a-haystack (NIAH) retrieval, and visual ques-
tion answering (VQA). Evaluating 13 general-
purpose VLMs and 3 OCR-specialized mod-
els reveals three consistent trends: perfor-
mance drops sharply under increased den-
sity or reduced resolution; cross-task trans-
fer between OCR, NIAH, and VQA is lim-
ited; and VQA is comparatively robust, sug-
gesting that low-level details are lost before
semantics. By exposing failure modes that
remain invisible under conventional VLM
evaluations, FICO establishes a rigorous test-
bed for visual text compression. Data and
code are available at https://github.com/
wang-research-1lab/fico-bench.

1 Introduction

Despite the strong performance of large language
models (LLMs) across a wide range of complex
tasks, the quadratic O(n?) computational cost of
the self-attention mechanism (Vaswani et al., 2017)
remains a fundamental bottleneck for long-context
processing (Zhao et al., 2025; Tay et al., 2023). To
mitigate these issues, prior work has explored vari-
ous self-attention alternatives (Yuan et al., 2025a;
Katharopoulos et al., 2020) and context compres-
sion methods (Ge et al., 2024; Jiang et al., 2023).
More recently, visual text compression has been
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Figure 1: Accuracy of 13 VLMs across 7 rendering vari-
ations, averaged across OCR, NIAH, and VQA tasks.

proposed to directly reduce token counts by repre-
senting text in the pixel space, as illustrated in Fig-
ure 2. Studies, including DeepSeek-OCR (Wei
etal., 2025) and Glyph (Cheng et al., 2025), demon-
strate that strong performance can be preserved at
compression rates up to 10x (i.e., representing the
same text with images using roughly one-tenth the
tokens), showing promise toward general-purpose,
efficient language models that process text visually.

While DeepSeek-OCR (Wei et al., 2025) and
Glyph (Cheng et al., 2025) are explicitly trained
for visual text compression, any vision-language
model (VLM) is capable of visual text compression
to various degrees of effectiveness. This raises a
fundamental question: Are VLMs proficient and ro-
bust when reasoning over long, dense, text-centric
image contexts? While recent benchmarks have
evaluated VLMs’ abilities to retrieve facts or an-
swers to multi-hop questions from multimodal doc-
uments (Wang et al., 2025a; Ma et al., 2024; Zou
et al., 2024; Mathew et al., 2021), rendering text
as images introduces new challenges that can im-
pact the reliability of VLMs (Cheng et al., 2025;
Zhao et al., 2025). Deliberate choices between fi-
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Figure 2: Comparison of visual text compression (top)
and traditional text-based inference (bottom).
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delity and efficiency, e.g., font size, color space,
and dots per inch (DPI), are crucial in balancing
compression and performance.

To systematically study these trade-offs, we in-
troduce Fidelity-compression Bench (F1C0), the
first benchmark designed to evaluate the fidelity-
scale trade-off in long-context vision-language
models. FICO studies three tasks of increasing
abstraction, namely optical character recognition
(OCR), needle-in-a-haystack (NIAH), and visual
question answering (VQA), under various levels of
visual fidelity and compression. In doing so, we
evaluate models’ abilities to recognize low-level
characters and reason over high-level semantics un-
der two orthogonal perturbation axes: information
density, which alters the effective compression ra-
tio through font size and DPI changes, and fidelity,
which introduces visual degradation via binariza-
tion, JPEG compression, and upscaling blur. Build-
ing on an existing long-context language bench-
mark, we construct a vision-language dataset with
7 rendering variants that systematically cover both
dense and sparse text layouts, as well as high- and
low-fidelity visual conditions.

Through extensive experiments with 16 VLMs
(including 3 specialized OCR models), we obtain
the following key findings: (1) Current VLMs ex-
hibit limited robustness to long, dense image in-
puts, with consistently high error rates in OCR and
NIAH, and pronounced performance degradation
when visual context is used as a substitute for tex-
tual context in VQA. (2) Each task relies on distinct
vision-language capabilities with limited inter-task
generalization. For instance, Kimi-VL-A3B (Du

et al., 2025) and Glyph (Cheng et al., 2025) achieve
strong performance on NIAH and VQA tasks, yet
exhibit high OCR error rates. (3) Across tasks,
performance is most sensitive to information den-
sity. Dynamic native-resolution models, such as
Qwen2.5-VL (Bai et al., 2025a), achieve strong
OCR and NIAH results under high-resolution in-
puts, but are highly vulnerable to changes in reso-
lution and text-density, particularly in the low-DPI
and dense-text regimes. In contrast, tile-based and
static-resolution models generally attain lower peak
performance but degrade more gracefully across
resolution and density shifts, demonstrating greater
robustness. (4) For VQA, models remain largely
robust to both density and fidelity perturbations,
with only minor performance variations. This sug-
gests that high-level semantic information can be
efficiently compressed and preserved, whereas low-
level literal recognition (e.g., characters and exact
spans) requires substantially larger token budgets.

The key contributions of this paper are as fol-
lows:

¢ We introduce F1C0, a benchmark for evaluat-
ing the fidelity-compression trade-off in long-
context vision-language models across three
complementary tasks of increasing abstrac-
tion: OCR, NIAH, and VQA.

* We construct a large-scale image-rendered
dataset with seven rendering variants with dif-
fering levels of information density and visual
fidelity, enabling controlled analysis of robust-
ness under various compression ratios.

* We benchmark 13 general-purpose and 3
OCR-specialized VLMs, revealing limited ro-
bustness to dense contexts and weak cross-
task transfer.

* Our study uncovers a task-dependent
efficiency-fidelity trade-off: high-level
semantics remain stable under compression,
whereas low-level literal recognition is highly
sensitive to text density.

2 Related Works

Long-context modeling. The quadratic complex-
ity of self-attention is a key bottleneck for scaling
language models to long contexts (Vaswani et al.,
2017; Tay et al., 2023), which is necessary in long-
horizon or deep-reasoning tasks such as agentic
coding or mathematical problem solving (Jimenez



et al., 2024; Rando et al., 2025; Chen et al., 2025;
Shao et al., 2025). Autoregressive inference be-
comes prohibitive at long contexts due to the grow-
ing key-value cache. Many techniques have been
proposed to improve the efficiency of language
models on long contexts, including architectural
solutions (Yuan et al., 2025a; Katharopoulos et al.,
2020; Yang et al., 2025; Gu and Dao, 2023; Poli
etal., 2023; Hutchins et al., 2022), context compres-
sion methods (Ge et al., 2024; Jiang et al., 2023),
and selective context management techniques (Yu
et al., 2025; Yuan et al., 2025b; Sun et al., 2025).
VIST (Xing et al., 2025b) is an exploration of com-
pressing text contexts using visual tokens with a
learned perceiver-resampler module that encodes
high-signal context information. DeepSeek-OCR
(Wei et al., 2025) systematically studies the trade-
off between OCR performance and compression
rate, showing that a 96% accuracy is achievable us-
ing 10% of equivalent tokens. Concurrently, Glyph
(Cheng et al., 2025) and SeeTok (Xing et al., 2025a)
build an instruction-following model with up to 4x
token savings. A separate line compresses the vi-
sual tokens that already encode image content via
merging (Shang et al., 2024), pruning (Chen et al.,
2024), or in-context aggregation (Gao et al., 2025),
targeting image redundancy rather than the textual
density we study.

Multimodal long-context & robustness bench-
marks. Needle-in-a-haystack (NIAH) (Kamradt,
2023; Hsieh et al., 2024) and long-context ques-
tion answering (Bai et al., 2024, 2025b) evalu-
ate the effectiveness of language models on long
texts. In the multimodal setting, MM-NIAH (Wang
et al., 2025a) evaluates a model’s ability to re-
trieve, count, and reason with long multimodal doc-
uments, while Wang et al. (2024) requires a model
to extract the relevant image needle. Moreover,
MMLongBench-Doc (Ma et al., 2024) is a ques-
tion answering (QA) benchmark with long PDF
documents featuring interleaved image and text
paragraphs, and MMLongBench (Bai et al., 2025b)
expands the scope by designing a diverse problem
set, including summarization, visual retrieval aug-
mented generation, and in-context learning tasks.
MLLM-IC (Qiu et al., 2025) and MMC-Bench
(Zhang et al., 2024) are image benchmarks that
test VLMs under common corruptions, including
color space shift, occlusion, and patch artifacts.
However, these benchmarks are not tailored to test
long-context abilities, and the perturbation types

are unlikely in the text rendering pipeline.

3 Fico

Visual text compression offers a new perspective
on long-context modeling, particularly in scenarios
where large external documents are provided as
auxiliary context. Formally, given a long text-only
document T' = [ti,...,tn,], where Ny denotes
the total number of text tokens, we apply a text
rendering pipeline R, implemented using the Re-
portLab library (ReportLab Inc., 2024), to render
the text into images: [ = R(T') = [I1,...,In],
where M denotes the total number of rendered im-
ages. The vision encoder ¢y of a VLM transforms
and encodes each image into a set of visual tokens:
Ny = 3’1 |#v(1i)|, where Ny denotes the sum
of all vision tokens for document 7. We thereby
define the compression ratio R, = JJ\\;—‘T/ , which
measures the effective reduction in context length.
Notably, the number of visual tokens ultimately
consumed by a model can vary substantially across
architectures due to differences in image prepro-
cessing pipelines and vision tokenizers (Du et al.,
2025; Wei et al., 2025; Team, 2025b,a).

Parameter Value
Font style NotoSans
Font size 11
Line height 12
DPI 96
Margin 10
Aspect ratio A4

Table 1: Default rendering configuration.

Task Documents Instances Images
OCR 76 5312 5,312
NIAH 185 3,885 19,672
VQA 185 185 19,672

Table 2: Dataset statistics for FICO. Documents denotes
the number of source documents, instances denotes the
number of evaluated samples, and images denotes the
total number of rendered images consumed by the mod-
els.

To evaluate general performance, we adopt a rea-
sonable default rendering configuration (detailed
in Table 1) following prior studies (Zhao et al.,
2025; Cheng et al., 2025), balancing the com-
pression ratio and visual fidelity. We then con-
struct a set of perturbed variants by modifying the
rendering configuration or applying image post-
processing operations. Overall, we curate a seed



text-only dataset derived from LongBenchv2 (Bai
et al., 2025b), containing documents of 8k-64k to-
kens, with extreme-length cases removed to ac-
commodate a broader range of VLMs. Under the
default rendering configuration, each document is
rendered into 5-42 images, with only 3-20 images
in the densest setting.

3.1 Visual Text Compression Tasks

To provide a holistic analysis of VLMs, we de-
liberately design 3 tasks spanning different levels
of abstraction, ranging from low-level character
recognition to high-level semantic reasoning.

OCR The OCR task represents the most fine-
grained evaluation, challenging models to faithfully
reconstruct the source text from rendered images.
This task tests low-level visual recognition, requir-
ing models to attend to fine-grained details while
avoiding hallucination or paraphrasing.

Following OmniDocBench (Ouyang et al., 2025)
and DocVQA (Mathew et al., 2021), we adopt the
Normalized Edit Distance (Levenshtein, 1965) and
report the Character Error Rates (CER). These met-
rics are widely used in OCR evaluation because
they directly measure character-level fidelity and
remain robust to length variations. To isolate the
impact of visual text compression and image-level
perturbations, we restrict the OCR task to single-
image inputs. Despite the absence of multi-image
context, each image contains, on average, 1,600
and 3,600 tokens for the original and dense set-
ting, respectively, ensuring that the task remains
challenging.

NIAH The NIAH (Kamradt, 2023; Hsieh et al.,
2024) task is a standard evaluation for understand-
ing models’ effective context length, measuring
whether a model can retrieve a small but precise
piece of information embedded sparsely within a
long context dominated by irrelevant content. Con-
cretely, a model is required to report a target value
associated with a queried key, which is surrounded
by substantial distractor text.

Following previous works (Hsieh et al., 2024;
Zhao et al., 2025), we formulate a multi-key NIAH
retrieval task by programmatically injecting text
needles into the original document before render-
ing. To control needle depth, we insert five nee-
dles per document, each placed uniformly at ran-
dom within one of five non-overlapping context
intervals (0-20%, 20-40%, 40-60%, 60-80%, and
80-100%). Each needle follows a fixed key-value

template, “The secret {key} is {value}.” We
ensure that all keys and values are unique and do
not appear elsewhere in the context. This setting
explicitly evaluates a model’s ability to isolate the
correct information in the presence of multiple dis-
tractors, requiring both fine-grained recognition
and semantic grounding. We evaluate performance
using Exact Match (EM), in which a prediction is
only assigned credit if the target value is correctly
identified in the parsed model output.

VQA This task challenges a model to perform
multi-hop reasoning over long documents, requir-
ing high-level semantic understanding and complex
reasoning to deduce the correct answer. We reuse
the questions from LongBenchv?2 (Bai et al., 2025b)
but render the input context as images. Each ques-
tion takes the form of a multiple-choice question,
spanning 5 subtasks: single-document QA, multi-
document QA, codebase and structured data un-
derstanding, multi-turn history understanding, and
long in-context learning. We measure accuracy,
computed by parsing the predicted answer and com-
paring it against the ground-truth answer.

3.2 Perturbation Variants

Previous work (Cheng et al., 2025; Zhao et al.,
2025) has shown that VLMs can be sensitive to
rendering and preprocessing choices. To compre-
hensively evaluate model capability and robustness
under common and practical rendering conditions,
we construct seven splits in total for each of the
three tasks introduced above: one original (unper-
turbed) split and six perturbed splits. The config-
uration of the original split is detailed in Table 1,
while representative examples of the six perturba-
tion splits are shown in Figure 3.

1. Binarization: We convert grayscale images to
1-bit black-and-white using a global thresh-
old of 128 (8-bit scale). This enforces clear
foreground-background separation but per-
turbs fine character strokes and contours.

2. JPEG: We apply JPEG encoding with a qual-
ity factor of 10, inducing severe quantization
of Discrete Cosine Transform (DCT) coeffi-
cients, resulting in characteristic blocking arti-
facts and ringing around high-contrast edges.

3. Dense: We decrease the font size from 11 to
7 and the line height from 12 to 8 to increase
the character density, forcibly increasing the
compression ratio for all models.
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Figure 3: Examples of the default rendering and 6 perturbation variants.

4. Low DPI: We decrease the DPI from 96 to 56
to downscale the image resolution, increasing
character density for native-resolution models
while having minimal effect on models that
rescale inputs to a fixed size.

5. High DPI: We double the DPI from 96 to
192 to increase the resolution, yielding more
visual tokens for dynamic-resolution models
and a lower effective compression ratio.

6. Upscale: We bilinearly upscale images ren-
dered at 56 DPI to the 96 DPI image size.
Although the spatial dimensions match the de-
fault setting, high-frequency details are lost,
resulting in blur.

The Binarization, JPEG, and Upscale perturba-
tions don’t impact the compression ratio relative to
the default rendering configuration. Per-model es-
timated compression ratios for the remaining vari-
ants are reported in Appendix E, where we also
analyze their compute implications.

4 [Experiments

4.1 Setup

We evaluate 11 open-source general-purpose
VLMs, including Qwen3-VL-8B and Qwen3-VL-
2B (Team, 2025b), Qwen2.5-VL-7B (Bai et al.,
2025a), InternVL3.5-8B (Wang et al., 2025b),
Kimi-VL-A3B (Du et al., 2025), Glyph (Cheng
et al., 2025), Gemma3-27B and Gemma3-12B

(Team, 2025a), Qianfan-VL-8B (Dong et al.,
2025), GLM-4.6V and GLM-4.1V-9B (Hong
et al., 2025), 3 OCR-specialized models, namely
PaddleOCR-VL (Cui et al., 2025), MinerU2.5 (Niu
et al., 2025), and DeepSeek-OCR (Wei et al.,
2025), as well as 2 proprietary frontier models,
GPT-5.2 (high image detail, no reasoning effort,
low verbosity) (OpenAl, 2025) and Gemini-3-
Flash (medium media resolution, minimal thinking
level) (Google DeepMind, 2025), covering a di-
verse range of model architectures and dynamic res-
olution strategies. If applicable, we select their “in-
struct” variants or disable thinking through prompt-
ing. GLM-4.6V, Gemini-3-Flash, and GPT-5.2 are
accessed through APIs. All other models are served
on NVIDIA RTX 6000 Pro Blackwell GPUs using
the vLLM backend (Kwon et al., 2023). Additional
hyperparameters are provided in Appendix D.

4.2 Main Results

We report the OCR, NIAH, and VQA scores of
each model under the original and the 6 perturbed
rendering strategies in Table 3.

OCR The OCR results show that optical char-
acter recognition remains challenging across most
settings: even OCR-specialized models achieve
character error rates (CER) no lower than 10% us-
ing the default rendering configuration. Among
open-source models, Qwen2.5-VL, Qwen3-VL,
and GLM-4.6V perform competitively and, in the
HighDPI setting, can even surpass specialized



Perturbations

Task Model Orig. LowDPI HighDPI Bin. Dense Upscale JPEG
GPT-5.2 6.54 36.37 4.50 7.55 37.94 7.14 9.83
Gemini-3-Flash 2.26 2.08 2.49 2.18 9.24 1.70 1.92
Qwen3-VL-8B 24.02 75.11 13.18 26.44 69.76 22.08 24.97
Qwen3-VL-2B 33.88 78.46 25.06 44.03 76.98 34.77 37.49
Qwen2.5-VL-7B 11.07 60.29 8.26 13.61 51.14 12.46 14.29

—_ InternVL3.5-8B 36.15 36.97 34.46 36.87 76.44 36.59 36.64

:’ Kimi-VL-A3B 47.41 75.89 45.69 47.58 76.39 45.72 46.01

= Glyph 47.46 72.47 35.70 47.42 73.53 4791 47.23

; Gemma3-27B 53.28 53.41 53.70 53.50 72.66 53.41 53.46

Q Gemma3-12B 57.53 58.14 58.00 58.23 72.73 58.57 58.11

c Qianfan-VL-8B 32.05 42.32 34.27 34.16 69.65 39.18 33.01
GLM-4.6V 20.09 71.55 7.03 22.17 67.82 20.78 21.05
GLM-4.1V-9B 50.22 82.56 29.22 51.30 78.52 49.92 58.01
PaddleOCR-VL T 17.33 73.38 12.80 23.78 72.48 21.66 40.09
MinerU2.5 17.72 63.58 14.76 18.83 72.79 18.82 22.39
DeepSeek—OCRT 21.21 22.31 20.92 21.14 41.01 24.09 30.99
GPT-5.2 84.50 18.01 96.04 74.77 21.62 83.42 68.29
Gemini-3-Flash 93.15 94.95 92.43 93.15 59.81 95.85 93.30
Qwen3-VL-8B 74.59 9.91 88.29 71.53 15.68 69.37 67.21
Qwen3-VL-2B 23.96 1.08 63.42 32.07 4.14 14.41 27.03

c Qwen2.5-VL-7B 85.59 25.41 82.88 83.60 38.20 83.42 84.14

] InternVL3.5-8B 27.21 24.86 26.13 25.41 11.71 23.60 25.59

s Kimi-VL-A3B 68.65 19.10 75.50 42.70 31.71 70.63 70.81

5 Glyph 81.08 27.03 87.75 81.26 36.94 78.20 80.90

= Gemma3-27B 19.64 19.64 20.54 18.20 8.29 20.00 18.56
Gemma3-12B 18.02 19.64 16.76 18.92 8.29 18.56 19.10
Qianfan-VL-8B 42.70 40.54 43.96 41.44 27.57 39.82 39.28
GLM-4.6V 77.66 30.45 91.89 77.48 40.90 77.66 70.99
GLM-4.1V-9B 71.89 21.62 55.32 74.23 31.17 72.43 74.95
GPT-5.2 46.48 36.21 49.72 42.16 40.54 42.16 41.62
Gemini-3-Flash 47.03 43.24 49.19 48.11 49.18 39.46 50.81
Qwen3-VL-8B 36.22 34.05 37.30 35.14 35.68 37.84 3891
Qwen3-VL-2B 3243 33.51 36.22 3243 34.59 38.38 29.73

o Qwen2.5-VL-7B 36.76 36.22 35.14 40.54 36.22 40.54 37.30

8 InternVL3.5-8B 18.38 22.70 22.70 17.84 24.32 23.78 23.24

< Kimi-VL-A3B 36.76 29.19 37.30 36.76 34.05 38.38 38.38

é Glyph 29.19 28.11 27.03 27.57 31.35 23.78 25.95

> Gemma3-27B 28.65 29.73 27.57 27.57 29.19 30.27 26.49
Gemma3-12B 27.03 29.73 25.95 27.03 32.97 28.65 28.11
Qianfan-VL-8B 21.08 19.46 20.54 22.70 29.19 19.46 20.00
GLM-4.6V 31.35 35.68 36.21 28.11 34.59 34.05 28.65
GLM-4.1V-9B 24.86 16.76 15.68 23.24 25.41 24.32 20.54

Table 3: Main results for OCR (Err |), NIAH (Acc 1), and VQA (Acc 1) across image perturbations. Bold: Best
score for each task and perturbation. t: Dedicated OCR-specialized models.

OCR systems. Both proprietary models demon-
strate strong performance overall. Gemini-3-Flash
outperforms the best general-purpose and OCR-
specialized models across all settings, while GPT-
5.2 achieves competitive results across most splits.

Despite their strong peak performance, the open
native-resolution models Qwen2.5-VL, Qwen3-
VL, and GLM-4.6V are highly sensitive to changes

in compression ratio, and GPT-5.2 exhibits the
same sensitivity. Their OCR error rate grows sig-
nificantly under LowDPI and Dense conditions
and only partially recovers in the Upscale set-
ting, indicating that scale alone does not resolve
this failure mode. In contrast, models that oper-
ate on fixed input resolutions (e.g., the Gemma3
family) or employ dynamic tiling (e.g., Qianfan-



VL-8B) exhibit greater robustness, as interme-
diate resizing mitigates extreme density shifts.
Among OCR-specialized models, PaddleOCR-VL
and MinerU?2.5 are also sensitive to increased text
density and further degrade under JPEG compres-
sion. DeepSeek-OCR is the most consistent open
model across perturbations, reflecting the benefits
of its compression-targeted training, while Gemini-
3-Flash is the only evaluated system that combines
frontier peak accuracy with uniform robustness
across density and artifact splits.

NIAH The retrieval (NIAH) results exhibit pat-
terns broadly consistent with those observed in
OCR. Gemini-3-Flash attains the highest accu-
racy on every split except HighDPI, where GPT-
5.2 edges it out at 96.04%. Among open-source
models, native-resolution architectures again set
the ceiling, with Qwen2.5-VL-7B reaching ~85%.
However, these peak gains come at the cost of ro-
bustness: for both open native-resolution models
and GPT-5.2, accuracy degrades sharply as text
density increases, while Gemini-3-Flash maintains
strong LowDPI performance. Notably, despite high
error rates in OCR, Glyph, Kimi-VL-A3B, and
GLM-4.1V-9B perform competitively on NIAH
and, in some cases, can even outperform the Qwen
models. This discrepancy further supports the con-
clusion that OCR fidelity and long-context retrieval
rely on distinct capabilities. Moreover, when com-
paring Glyph and its counterpart GLM-4.1V-9B,
we find a significant performance boost likely due
to Glyph’s focused training.

Across models, tolerance to visual artifacts such
as binarization, upscaling blur, and JPEG compres-
sion varies considerably. Most models experience
modest performance drops under these perturba-
tions. For example, relative to the default config-
urations, InternVL3.5-8B degrades by 3.5 points
in the upscale setting, and Qwen3-VL-8B drops
by 7 points under JPEG compression. In contrast,
Kimi-VL-A3B shows limited robustness, suffering
a severe 26-point drop under binarization. Surpris-
ingly, while seeing occasionally large performance
drops, GLM-4.1V-9B also slightly benefits from
certain perturbations, exhibiting gains of up to 3
points. Overall, these results reinforce that the
effective compression ratio is the primary determi-
nant of retrieval performance, while also revealing
substantial variation in models’ resilience to fidelity
perturbations.

To examine how retrieval performance varies

with needle depth and context length, we present
a detailed analysis of Glyph, Kimi-VL-A3B, and
Gemma3-27B in Figure 4, and report scores for
the other models in Appendix H. For Glyph and
Kimi-VL-A3B, we observe a consistent trend: re-
trieval accuracy is highest for shorter contexts and
shallow needle placements, and degrades progres-
sively as both context length and needle depth in-
crease. In Glyph, the gap between the best- and
worst-performing regions approaches 30 percent-
age points, indicating that even models with spe-
cific training for visual text compression exhibit
uneven information retention across context po-
sitions. In contrast, Gemma3-27B demonstrates
poor long-context proficiency and shows no depth-
dependent structure. Instead, performance appears
largely uncorrelated with either needle depth or
context length, with accuracies remaining below
20% across most regions and isolated outliers rang-
ing from 47% to as low as 0.8%. While VLMs
demonstrate promising potential for long-context
retrieval, their ability to attend to fine-grained in-
formation is highly non-uniform across context po-
sitions.

VQA Unlike OCR and NIAH, VQA cannot
be solved by literal string matching and instead
requires multi-hop reasoning over the context.
Across both proprietary and open-source models,
we observe markedly stronger robustness on VQA
than on the other two tasks. The two proprietary
models outperform the best open-source baselines
on every split, and, echoing the OCR and NIAH
trends, GPT-5.2 is weaker under LowDPI and
Dense settings while Gemini-3-Flash is more uni-
form. Among open models, native-resolution sys-
tems such as Qwen2.5-VL and Qwen3-VL that col-
lapsed under text-density shifts in OCR and NIAH
retain their VQA accuracy, and Qwen3-VL-8B still
reaches 38% under JPEG compression. Taken to-
gether, these results suggest that for models capable
of leveraging native-resolution inputs, input modal-
ity is not the bottleneck for context understanding:
high-level semantic information is preserved un-
der visual text compression even when fine-grained
character details are lost.

To directly compare the VQA performance be-
tween visual text compression (using the default
rendering configuration) and the traditional text-
based baseline, we provide each model the context
as text instead of as rendered images. Figure 5
plots the performance for each model. While most
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Figure 5: Accuracies of VLMs on VQA with image context using FICO default rendering (blue) and direct

LongBenchV2 text context without any images (pink).

models perform better with the text-based context,
both Glyph and GLM-4.1V-9B exhibit significant
performance degradation relative to their text-only
baselines. While the former can likely be attributed
to its specialized visual text compression train-
ing, GLM-4.1V-9B’s weaker performance likely
stems from limited text-only capabilities, which
can constrain its reasoning ability regardless of in-
put modality. This limitation has been noted by the
community and acknowledged by the GLM team
in the GLM-4.6V release.!

To analyze performance as a function of docu-
ment length, we aggregate results across all ren-
dering variants into five context-length intervals
and provide results in Table 4. Across most open-
source models, performance peaks at intermedi-
ate context lengths (24—32k) and degrades notice-
ably as the context extends to 48k and 64k to-
kens. This pattern suggests these models fail to
utilize very long contexts, likely due to the in-
creased presence of noisy information. In contrast,

"https://huggingface.co/zai-org/GLM-4.6V

GPT-5.2 and Gemini-3-Flash sustain their accu-
racy through 48-64k, indicating that long-context
degradation on VQA is not intrinsic to the visual-
text-compression setting but reflects limits of cur-
rent open models. Models with shorter maximum
context windows exhibit more pronounced failures.
In particular, InternVL3.5-8B and Qianfan-VL-8B
show substantially reduced accuracy in the 48—-64k
interval due to their 32k context limitation.

Model 8-16k 16-24k 24-32k 32-48k 48-64k
GPT-5.2 37.04 4182 5294 5122  50.00
Gemini-3-Flash ~ 37.04  47.27 44.12 5854  42.86
Qwen3-VL-8B 4021 3948 4453 3170 2397
Qwen3-VL-2B 29.62 3480 36.55 37.63 2755
Qwen2.5-VL-7B  40.74 36.10 4243  42.85 23.46
InternVL3.5-8B 1640  26.75  33.61 19.86 6.12
Kimi-VL-A3B 37.56 3584 4243 3135 3265
Glyph 29.10  30.64  26.89 26.82 2193
Gemma3-27B 19.57 34.02  30.67 2891 2295
Gemma3-12B 36.50  29.61  26.05 2508  26.53
Qianfan-VL-8B  14.28  36.88  37.39 5.92 3.57
GLM-4.6V 21.69 36.10 3991 40.76 1581
GLM-4.1V-9B 529 2701 18.06  14.98 12.24

Table 4: VQA Accuracy (%) by context-length interval.


https://huggingface.co/zai-org/GLM-4.6V

4.3 Reasoning Variants

To assess whether reasoning capability affects ro-
bustness under visual text compression, we eval-
uate three additional variants: Qwen3-VL-8B-
Thinking and Kimi-VL-A3B-Thinking, which are
reinforcement-learning post-trained for extended
reasoning, and GLM-4.6V, which exposes reason-
ing via a prompt-level toggle. Table 5 shows that
OCR worsens for all three models, as reflected by
consistently higher OCR error. NIAH also declines
for the two RL-trained variants, though GLM-4.6V
is an exception with a small gain. VQA is mixed:
GLM-4.6V improves substantially, Qwen3-VL-8B
improves slightly, and Kimi-VL-A3B declines. In
contrast, Text VQA improves consistently across
all three variants. Overall, these results suggest
that reasoning can help higher-level question an-
swering, but often at the cost of low-level visual
recognition under compression.

Model OCRErr| NIAHAcc? VQAAcet  Text VQA 1
Qwen3-VL-8B  46.65 (+10.14) 51.32(—5.33) 38.06 (+1.61) 52.43 (+10.81)
Kimi-VL-A3B  59.96 (+5.00) 47.23(—6.92) 33.90(—1.93) 37.84 (+5.95)
GLM-4.6V 34.17 (+1.24)  68.72 (+2.00) 44.00 (+11.34)  57.30 (+8.11)

Table 5: Averaged results for reasoning variants, with
deltas from the non-thinking baselines. Text VQA de-
notes scores with text-only inputs.

4.4 Error Analysis

To provide a qualitative analysis, we summarize
common patterns of model failures for each task
and use Gemini-3-Flash as an automated classifier
to assign each error to a predefined category. Full
error definitions and distributions are provided in
Appendix A. In OCR, Gemma3-12B is primarily
hallucination-dominant, whereas Qwen3-VL-8B-
Instruct and Qianfan-VL-8B are prone to degener-
ate repetition loops or heavily distorted outputs. In
contrast, NIAH and VQA failures across all models
are dominated by grounding errors. For NIAH, the
most prominent failure mode is Incorrect Value,
where models such as Qwen3-VL-8B-Thinking
and Kimi-VL-A3B-Thinking often misspell the tar-
get string or produce a plausible substitute rather
than recovering the exact answer. For VQA, the
most frequent error mode is Incorrect Recall, in-
dicating that failures arise primarily from the re-
trieval of the relevant textual evidence. Overall, the
results indicate that OCR failures are often driven
by model-specific generation pathologies, whereas
NIAH and VQA failures more often reflect break-
downs in evidence retrieval and use.

5 Efficiency Analysis

We present an efficiency analysis by estimating the
compression ratio of selected open-source mod-
els and the prefill cost of Qwen3-VL-8B as a
function of input context length. Table 15 shows
that compression is highly model- and rendering-
dependent: dynamic-resolution models achieve
substantial compression under Original, Dense,
and LowDPI rendering, but often lose this ad-
vantage under HighDPI, whereas fixed-resolution
models exhibit more stable but less adaptive be-
havior across splits. Consistent with this pattern,
Table 6 verifies the trend: Original, Dense, and
LowDPI consistently incur lower prefill cost than
the text-only baseline, while HighDPI is more ex-
pensive. Moreover, the cost advantage of these
compressed visual inputs becomes larger as con-
text length increases. Table 16 demonstrates that
the fraction of total computation attributable to
the vision tower steadily decreases with longer in-
puts, indicating that the benefit of shortening the
LM sequence increasingly dominates in the long-
context regime. Overall, visual text compression
is compute-favorable under reasonable rendering
settings.

Ctx. Original Dense LowDPI HighDPI Text
8K 88.29 35.82 27.29 495.14 130.01
16K 187.72 73.61 55.88 1162.65 297.76
32K 419.98 155.12 116.97 3014.78 746.52
64K 1018.12  341.82 254.75 8787.47  2097.02

Table 6: Prefill cost (TFLOPS) for Qwen3-VL-8B
across context lengths.

6 Conclusion

We present F1CO, a benchmark for evaluating
vision-language models under optical compression.
Experiments across OCR, multi-key NIAH, and
long-context VQA show a clear efficiency-fidelity
trade-off: low-level textual recognition is highly
sensitive to compression and density shifts, while
high-level semantic reasoning remains compara-
tively robust. Native-resolution models achieve
strong peak accuracy but degrade sharply under
resolution changes. In contrast, fixed-resolution
and tiling-based models trade peak performance for
greater robustness. FICO offers a unified protocol
and valuable insights for selecting rendering config-
urations that balance token savings with reliability,
and it motivates future work on compression-aware
modeling.



Limitations

This study evaluates one specific form of long-
context compression: rendering text as images and
relying on VLM visual processing, rather than al-
ternative strategies such as visual-token pruning
or merging. Although we benchmark a diverse
set of open-source and proprietary systems, model
coverage remains limited: most open models are
below 30B parameters, and several frontier models
are accessed only through APIs, reducing control
over inference details. Our benchmark also focuses
on text-heavy documents, excluding richer layouts
with tables, figures, and complex formatting, and
does not exhaustively explore the rendering space,
instead considering a discrete set of settings within
acommon and reasonable range. Finally, document
context lengths do not extend to extreme regimes
with millions of input tokens. Future work should
expand architectural coverage, incorporate richer
document layouts, and study continuous scaling
of text density and resolution to better character-
ize task-dependent trade-offs and identify optimal
compression regimes.
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A Error Analysis

To characterize failure patterns beyond aggregate
metrics, we employ Gemini-3-Flash for error anal-
ysis by first instructing it to review per-model
failures and summarize five representative failure
modes. Then, after the proposed categories stabi-
lize after manual checking, we apply the model
to assign each failure from all three tasks (OCR,
NIAH, and VQA) to the predefined categories or
"Other". In this section, we report frequencies for
the named categories in OCR, NIAH, and VQA be-
low, while the frequency of "Other" is not shown.

A.1 OCR Error Modes

We classify OCR outputs into five reported cat-
egories: Omission (missing spans of the source
text), Hallucination (content not present in the
image), Layout Error (incorrect reading order,
merged columns, broken tables), Language Er-
ror (output that code-switches into an unintended
language, e.g., English source transcribed into Chi-
nese), and Corrupted Output (repetition loops,
gibberish, or truncated sequences). Representative
qualitative examples are shown in Table 10.

Model Omis. Hallu.

Gemini-3-Flash 10.0 62.9 43 0.0 18.6
Qwen3-VL-8B-Instruct 6.9 25.8 3.8 0.2 62.9
Qwen3-VL-8B-Thinking  16.6 29.4 43 0.0 34.3

Layout Lang. Corrupt

Kimi-VL-A3B-Instruct 322 20.0 11.6 2.4 33.6
Kimi-VL-A3B-Thinking ~ 20.0 48.9 8.9 0.9 20.9
Glyph 38.2 444 10.0 0.4 6.9
Qianfan-VL-8B 10.4 31.1 1.8 0.4 54.9
Gemma3-12B 7.1 88.4 0.0 0.0 4.2

Table 7: OCR failure-mode distribution (%).

A.2 NIAH Error Modes

We define five NIAH failure categories: Incor-
rect Value (correct needle located but wrong value
emitted), Wrong Needle (a distractor needle is re-
trieved), Distraction (surrounding context is emit-
ted instead of the needle value), Needle Omission
(the model claims the needle is absent), and Non-
sensical Response (irrelevant, random, or unintel-
ligible text).

Model Incor. Val. Wrong Ndl. Distract. Ndl. Omis. Nonsense
Gemini-3-Flash 85.71 9.52 0.00 2.38 2.38
Qwen3-VL-8B-Instruct 31.15 2.96 17.80 46.29 1.78
Qwen3-VL-8B-Thinking 50.92 791 14.77 25.06 1.31
Kimi-VL-A3B-Instruct 50.91 12.80 3.04 0.00 33.23
Kimi-VL-A3B-Thinking 56.89 17.98 7.88 11.33 591
Glyph 38.93 6.55 20.90 21.31 11.88
Qianfan-VL-8B 62.39 19.83 4.13 8.67 4.13
Gemma3-12B 67.54 18.01 11.64 2.32 0.46

Table 8: NIAH failure-mode distribution (%).

A.3 VQA Error Modes

For this analysis, we exclude models that emit only
succinct multiple-choice letters without justifica-
tion. The remaining responses are classified into:
No Answer (no definite option selected), Fabri-
cation (invented evidence supporting an incorrect
option), Incorrect Recall (cited context contra-
dicts the ground truth), Fact Omission (the model
claims a fact stated in the prompt does not exist),
and Incoherency (reasoning supports the correct
answer but the selected option is wrong).

Model No Ans. Fabric. Incor. Rec. Fact Omis. Incoher.
Gemini-3-Flash 3.70 3.70 67.59 8.33 16.66
Qwen3-VL-8B-Thinking 3.16 5.06 72.15 3.16 15.82
Kimi-VL-A3B-Thinking 7.28 5.29 61.58 16.55 6.62
Gemma3-12B 0.90 17.27 61.81 13.63 4.54
Glyph 28.48 3.79 50.63 443 10.75

Table 9: VQA failure-mode distribution (%).

B Common OCR Failure Examples

Here, we demonstrate three observed problematic
OCR predictions. Occasionally, models refuse to
conduct the OCR task, claiming to be incapable
of the task or having low confidence in the output.
The code switch example shows that the model
translates the English citations to Chinese without
explicit instruction, implying potential overfitting
to a specific language. However, this type of error
is rare compared to the other categories. The repet-
itive loop is the most common type of Corrupted
Output, where a model repeatedly outputs the same
text sequence until exhausting the max generation
limit.

Failure Mode Example Output

Refusal I’m unable to convert this PDF im-
age to Markdown format as requested.
The image contains very dense aca-
demic text with numerous references
and citations that are challenging to

convert accurately.

2. [Zhengxing Zeng, et al. 2023.]
[43] ... CVPR 2023: HELfHH
FRAQ I P OB . Arxiv preprint
arXiv:2303.07906.

#include <sctrin> #include <sctrin>
#include <sctrin> #include <sctrin>
#include <sctrin> #ifndef _sctrin>
#include <sctrin> #include <sctrin>
#include <sctrin> . . .

Code Switch

Repetitive Loop

Table 10: Representative OCR failure modes observed
in OCR-capable vision-language models.



Model Orig. LowDPI HighDPI Bin. Dense Upscale JPEG

Qwen3-VL-8B-Thinking 33.57 (+9.54) 88.15 (+13.04) 16.61 (+3.44) 35.55(+9.11) 85.88 (+16.11) 32.95(+10.86) 33.83 (+8.86)
Kimi-VL-A3B-Thinking 56.34 (+8.93) 78.33 (+2.44) 40.82 (—4.87) 55.40 (+7.81) 79.22 (+2.83) 54.64 (+8.92) 54.95(+8.93)
GLM-4.6V 22.54 (+2.45) 67.78 (—3.78) 13.34 (+6.31) 23.07 (+0.91) 66.82 (—1.00)  23.40 (+2.62) 22.23 (+1.19)

Table 11: OCR character error rate (%, lower is better) for reasoning variants across rendering splits. Deltas are

computed against the non-thinking counterpart.

Model Orig. LowDPI HighDPI Bin. Dense Upscale JPEG
Qwen3-VL-8B-Thinking 63.96 (—10.63) 9.54 (—0.37)  78.73 (—9.56) 60.54 (—10.99) 16.39 (+0.71)  67.56 (—1.81)  62.52 (—4.69)
Kimi-VL-A3B-Thinking 54.23 (—14.42) 20.90 (+1.80) 59.28 (—16.22) 54.23 (+11.53) 27.93(-3.78) 58.74 (—11.89) 55.32(—15.49)
GLM-4.6V 80.72 (+3.06)  32.79 (+2.34) 91.17(—0.72) 7747 (—0.01) 43.42(+2.52) 78.01 (+0.35)  77.47 (+6.48)

Table 12: NIAH retrieval accuracy (%, higher is better) for reasoning variants across rendering splits. Deltas are

computed against the non-thinking counterpart.

Model Orig. LowDPI HighDPI Bin. Dense Upscale JPEG
Qwen3-VL-8B-Thinking ~ 38.37 (+2.15) ~ 34.05 (+0.00)  37.83 (+0.53)  40.54 (+5.40) 37.29 (+1.61) 39.45(+1.61)  38.91 (+0.00)
Kimi-VL-A3B-Thinking 3621 (—0.55) 30.81 (+1.62) 23.78 (—13.52) 40.00 (+3.24) 34.59 (+0.54) 31.35(—7.03) 40.54 (+2.16)

GLM-4.6V 43.69 (+12.34) 44.32 (+8.64)

51.89 (+15.68)

41.08 (+12.97) 42.16 (+7.57) 42.70 (+8.65) 42.16 (+13.51)

Table 13: VQA multiple-choice accuracy (%, higher is better) for reasoning variants across rendering splits. Deltas

are computed against the non-thinking counterpart.

C Impact of Reasoning

We report per-split results for the three reasoning
variants discussed in Table 5. For each entry, we
show the raw score and, in parentheses, the delta
relative to the non-thinking counterpart of the same
base model. For OCR, positive deltas indicate
higher error (worse); for NIAH and VQA, posi-
tive deltas indicate higher accuracy (better).

D Inference Hyperparameters

We use the recommended inference configurations
disclosed by the official model team if specified.
Otherwise, we do not explicitly override the default
values in vVLLM. For models using dynamic tiling,
we fix the maximum number of tiles to 12.

Model Family Temp. Top-k Top-p Rep. Pen.
Gemma3 Family 1.0 64 0.95 1.0
Qwen3 Family 0.7 20 0.8 1.0
Qwen2.5 0.01 - - 1.05
Kimi-VL-A3B 0.2 - - -
Glyph 1.0 - - -
GLM-4.6V 0.8 2 0.6 1.1
GLM-4.1V-9B 0.8 2 0.6 1.1

InternVL3.5-8B -
Qianfan-VL-8B - - - -
PaddleOCR-VL - - - -
DeepSeek-OCR - - - -

Table 14: Inference hyperparameters used across all
evaluated model families. “~" denotes parameters that
are not explicitly set.

E Efficiency Details

This section presents the estimated compression
ratios in Table 15 and the fraction of prefill cost
attributable to the vision tower to complement the
Qwen3-VL-8B efficiency analysis in Table 6. We
show that the effective compression ratio is depen-
dent on the vision encoder architecture as well as
the rendering configuration. All models achieve a
higher compression rate in the Dense setting with a
smaller font. However, changing the rendering res-
olution (DPI) only impacts models with dynamic
resolution, while InternVL3.5-8B and Gemma3
models are not affected due to resizing.

Model Original Dense HighDPI LowDPI
Qwen3-VL-8B 1.84 4.36 0.46 5.41
Qwen3-VL-2B 1.84 4.36 0.46 5.41
Qwen2.5-VL-7B 1.41 3.34 0.35 4.14
InternVL3.5-8B 0.89 2.12 0.89 0.89
Kimi-VL-A3B 1.41 3.34 0.35 4.14
Glyph 1.41 3.34 0.35 4.14
Gemma3-27B 6.25 14.84 6.25 6.25
Gemma3-12B 6.25 14.84 6.25 6.25
Qianfan-VL-8B 0.89 2.12 0.89 0.89
GLM-4.6V 1.40 3.34 0.35 4.14
GLM-4.1V-9B 1.40 3.34 0.35 4.14
PaddleOCR-VL 0.36 0.84 0.11 1.08
DeepSeek-OCR 2.44 5.79 1.09 3.51

Table 15: Estimated compression ratio R, = Nr /Ny
per model across rendering variants. Binarization,
JPEG, and Upscale preserve the compression ratio of
the original split and are omitted.



Ctx. Original Dense LowDPI HighDPI
8K 2533%  2630%  22.02% 34.63%
16K 23.83% 25.58% 21.51% 29.50%
32K 21.30% 2428%  20.56% 22.75%
64K  17.57%  22.04%  18.88% 15.61%

Table 16: Share of prefill TFLOPS attributable to the
vision encoder and connector for Qwen3-VL-8B, as a
fraction of the totals in Table 6. The vision share shrinks
monotonically with context length, confirming that the
quadratic language-model cost dominates in the long-
context regime.

F The Use of AI Assistants

LLM-powered Al assistants were primarily used to
support paper writing, including identifying typos
and grammatical errors, polishing human-written
paragraphs, and improving the organization of writ-
ten content. In addition, Al-powered coding tools
were employed during dataset development under
human supervision to assist with grammar checks,
code completion, and debugging. All Al-generated
content was reviewed and verified by the authors to
ensure accuracy, soundness, and appropriateness.
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H Needle Depth and Context Length Analysis
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Figure 9: Needle-in-a-haystack accuracy across needle depth and context length for four representative models.
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