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| Why Separate Pixels and Tokens?

Representation mismatch in multimodal agents

AR VLM imageE pixel patch2, textE discrete token .2 % 2|5h= 0|5 1}o|
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Perceive Everything as Pixels
A single pixel space
[ Output ] Tradition Framework - , v PEAP Framework [ Output ]
[ Language Model D — ” | [ Language Model ]
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1 _T?)_(t_ 1"13_"_“_"9’{'9[‘_, __Q_CER__E‘ E{_ i : [ VIT ] [ Text Instruction ] Vision Language ModelE
Unified Input Vision Encoder Language Decoder
text - table - code - diagram ViT patch encoding instruction following
— rendered pixels without explicit OCR and answer generation
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| Benchmark & Data construction

Text-only (6) Structured (1) Multimodal (4)

- GLUE - SuperGLUE - ARC9] 2Jn] o|3] - TableBench 9] fact checkingd} data analysis - MathVerse - MMMU-Pro2| AlZt =&
- MMLU-Pro - GSM8K2] A| 4] - 428} =& - numerical reasoning®} visualization - SlidesVQA 9] slide understanding

- MBPP2] programming capability - text - image - semi Y= FA4] v

- Wiki-SS€] long-context document QA

Original Input Modality Transfer

text prompt —> image synthesis —>
table /document or OCR extraction

Paired Evaluation

same instruction
two representations

Rendering Variation Robustness Noise Evaluation Protocol

- adaptive width 512-1024 px, fixed height 256 px - radial-horizontal-vertical distortion - instruction sensitivity & < °|+= zero-shot 7}

- font size 15-25 pt, padding 5-30 px - Multi-Gaussiana} high-frequency noise - &Y W&2| modality transferd| &

-2 dojof 2 3tH U= HE} « A4 camera capture®] g TAL



| Experiments

Token input versus pixel input

Model

* Qwen2-VL- 2B

- Phi-3.5-Vision-3.2B
. Qwen2VL- 7B

- Gemini-Flash

- GPT-40

Classification
- MMLU-Pro-ARC-MathVerse2| accuracy
- GLUE-SuperGLUEZ]| task-specific metric

Generation
- GSM8KZ2| exact match accuracy

- MBPP2O| pass@1 code execution rate

QA
- SlidesVQA-WikiSS-TableBench2| ROUGE-L

- 0| =1} E 2| longest common subsequence
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| Results

Models Comparison across Datasets and Modes on Text-Only Input
Dataset(Mode)
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Results

100 Models Comparison across Datasets and Modes on TableBench
Dataset(Mode)
B FactChecking(text) Emm DataAnalysis(text) mmm NumericalReasoning(text) mm  Visualization(text)
mm FactChecking(semi) [ DataAnalysis(semi) B NumericalReasoning(semi) mm Visualization(semi)
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’ Qwen2_VL 2B Phi_3 5 vision Qwen2_VL 7B Gemini_Flash GPT4o
Semantic tasks Reasoning tasks Semi setting

- Fact Checking-Data AnalysisOllA] textet F-AFS - Numerical Reasoning®] 2t 4=%] Z2}oj A] -text A& +image E7F F @ BAEO AF S22 5
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| Results

Multimodal inputs benefit from visual context

100 Models Comparison across Datasets and Modes on Multimodal Input VlSU.al ConteXt
Dataset(Mode)
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| Analysis
Similar attention, redundant patches

Task: BoolQ

The BoolQ task requires the model to answer a yes/no question based
on a given passage.

Question: will there be a sequel to the movie predators

Passage: Predators (film) -- Predators is a 2010 American science-fiction
action film directed by NimrA%d Antal and starring Adrien Brody, Topher
Grace, Alice Braga, Walton Goggins, and Laurence Fishburne. It was
distributed by 20th Century Fox. It is the third installment of the Predator
franchise (the fifth counting the two Alien vs. Predator films), following
Predator (1987) and Predator 2 (1990). Another film, The Predator, is set
for release in 2018.

Your final answer must be exactly Tiié' or 'False".
Please only provide your final answer after 'IiSiig:'|

Please use the following template:
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Pixels work for semantics, not yet for everything
Semantic understanding Reasoning boundary Multimodal potential
« 22 2ok 3A)of| A token baseline®}t §-AFsH A5 ey FEoA N EEE 2 AL ehet - &efo|=- 2 A 9] spatial context X &
. W A] A tokenization 1= ©]0] o] & 7F=A - CoT7} &3stA] gk A A SHA] 25h= symbolic gap - OCR noise®} cross-modal alignment H|-& 7+4 7158
- FAFSH global attentiong &3t £+ & language - Hdl R TRO 2 A EA] §f+= exact operation

transfer
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Text or Pixels? It Takes Half:
On the Token Efficiency of Visual Text Inputs in Multimodal LLMs

Yanhong Li’ Zixuan Lan* Jiawei Zhou
Allen Institute for Al University of Chicago Stony Brook University
yanhongl@allenai.org zixuanlan@uchicago.edu jiaweil.zhou.l1@stonybrook.edu
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Long Context Is Expensive Where It Matters

H| &2 context capacityZ} Ot'cl €| decoder X|2| ZO0|0f| A L/d

Transformer?| self-attentionit input lengthOfl H| 2510 F7t5t= AlLtZ-D 2 2|- X[ A Az

AL B89 HE Context window S22 S| A% A| = £A]

- 201 22 2] 2ol W2 attention AlAFI KV-cache ¥ &7t - 8 2 context window & 75 A 0| o] St ¥ 2] 2] v|-g-2] A7 7} obg
5 3o % decoder”t 9] = 4= Zolol mte}t F7Fsk= serving cost « AFEEHA] = A H 7] 25 decoder token Q.2 AYSt= LR A H| g

71& A9 oA A =R

- retrieval-summary-token pruningoll &gt g H & T= AA| 7+57d JH &4 glo] decoder”t A 2lsh= sequence lengthE E°|+= 48 U=

- compression model 353} task-specific tuningol] thet 27} o] &4 - 28 compressor’} otd 7] multimodal pathway2] & 754 1=
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| Visual Inputs Already Embody a Form of Token Compression

Vision encoderE 53+ 3 EH 9| Fof Decoder context length?] 2|3 Zt4
c HIAETL 3ISHE A o] 0] A& AISHE 7H4>2] visual embedding O = ¥ - = text token th4l k70 2] visual token@} query®t decoderoll 92
- YU JHE Y text tokenE T} -2 embedding sequence® XA g - attention ¥ KV-cache”} 2] &5h= decoder-side sequence length®] ZF4a
MEZL &4ZF 2do] old modality shifting o] =29 S A&
- H & 9] compressor &<50[Lf 7} supervision $1°] 7|& pathway & « A1 ZH4 text densityE ¥ = downstream performances 34|
- vision encoder®] projection layer”} Al&-sh= WA 4= 522 =74 - text-token tolerance®} A #)| latency trade-offol] thgt A 2F2] 24

Existing visual pathway = an untrained context-compression channel



| Rendering Long Passages as a Single Image

= 712 42 To|mafe]
- Text-only: context@} queryE 25+ decodero] text token .= Y

- Hybrid: context& sh42] o|n| A2 e gstal queryRt text= 4]
olu)A] 7|t gz 5

- Vision encoder”7} 4] o]u] 2] S 31 ¥ visual token sequence= B

&Y JHo] HED decoder input lengthe] A4S SAlo] T+

4 Text-only Input -
Query: Where is Sofia’s laptop now?

Context: Sofia arrived at the coworking

space at 9 a.m. and put her silver

MacBook on Desk 7. At 11 a.m. she 90 tokens
moved to the café corner for a video |

call, ...... Sofia finished her callat 1:15 Y

p.m. and headed to reception to grab a ,

\_coffee.
7~ | Text-image Hybrid Input m‘

Put:&th a Query: Where is Sofia’s M LLM
?

context '@ptop now? S
Dntu the Contest: Sofla arrlved at the coworking |
H . ard hi it MacBook on Desk —
image | mariiin

| gyt |50 tokens

Lovmrameas| » ‘to deme a prototype in Meeting Reom B, then left

It charging on thi windoesil im that room. -/,l

Figure 1: Illustration of our text-as-image compression
pipeline. Instead of feeding the entire 90-token context
to the model (top), we convert the context into a sin-
gle image and supply only the textual query alongside
the image (bottom). The multimodal LLM (MLLM)
reads the context from the image, so it processes just
50 visual tokens as input to the LLM decoder—cutting
token usage by nearly half while still providing all the
information needed to answer the question.
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From m Text Tokens to k Visual Tokens

Text-only input budget Text-image hybrid budget Compression ratio
Tex =m + |q| Time =k +|q] P=Tiex/Timg = m [k
2 m7ie} query tokenS decoderol] g w2 oA k7l visual token®t query?F S A2 query 710l 4] text-to-visual token H|&

m : & HAEE F/4J5k= context text-token count
k :vision encoder®} decoder”} AE®= visual-token budget

m* : text-only baseline tjH] 445 #55 518 H 9 ol FA5k= 2 H text-token count
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How Much Can We Compress Without Losing Performance?

Text-only Text-image hybrid

- context m7l + query= text tokeno. 2 2| A& - contextZ image® A H 51 queryTt text® -F-A4|

- decoder?} ¥# HA|E *] 2|5t+= baseline - visual-token budget k2 text density S HSIA 7| = 27
Models Benchmark Metrics
- GPT-4.1-mini - RULER S-NIAH long-context retrieval - task accuracy@} text-token tolerance m*
- Qwen2.5-VL-72B-Instruct - 71 distractor context < Sh49] target number % - decoder token usage®} compression ratio

- parameter update®} fine-tuning 544 - 1007l random passage 7|45t exact accuracy - end-to-end wall-clock latency
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Accuracy Holds Until a Critical Point

1001 : 100 |
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117 visual-token budget kol|A] rendered text-token count m= 57+A|7|™ accuracy ¥3t 7

- text-only baseline¥ 3-AFgE QHg 717t 015 model-specific critical pointoll A 343 35 #3}

- B 2 ke Bl =2 text density 5 &34 518 7o m* = 2EE A0



| The Text-Token Tolerance

Number of Text Tokens
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| Nearly Half the Decoder Context, Same Accuracy

38-58%

RULER S-NIAHOj| 4] Z+4 3t decoder token footprint

Hybrid accuracy 97-99% - Text-only reference 100% - accuracy2t latency2l -5 i 4]

Model k Timeimg (s)]  Timeex (8)4

Model Text-Image (hybrid) Text-only
Image size k  Acc. (%) m*(k) Acc. (%) k/m*(k)l
GPT 600x800 783 99 1,272.4 100 0.61
600x1000 998 97 1,752.5 100 0.57
750x1000 1,258 98 2,352.2 100 0.53
QWEN 600x800 635 98 1,289.6 100 0.49
600x 1000 782 99 1,769.7 100 0.44
750x 1000 998 98 2,369.4 100 0.42

GPT™ 783 1.29 0.60
908 1.75 0.61
1,258 1.95 0.58
QWEN 635 2.81 3.61
782 3.04 4.16
9908 3.35 5.09

(a) RULER accuracy and token statistics. k is the visual token count,
m™ (k) the maximum text-token tolerance, and k/m™ (k) the relative token

footprint. Text-image input reduces the decoder tokens by 38-58%.

(b) End-to-end latency. Hybrid inputs add
modest overhead for GPT but reduce total time
for Qwen thanks to smaller decoder contexts.
“measured from API responses; see Appendix A.

Table 1: RULER S-NIAH long-context retrieval accuracy, text-as-image compression statistics, and model latency.
GPT refers to GPT-4.1-mini and QWEN denotes Qwen2.5-VL-72B-Instruct.
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| A Competitive—and Orthogonal—Alternative

Decoder token= 2F Xt o] Fo|HA] §A|H+=
- GPT 67%, Qwen 62% token reduction - 7AF compression rate2| Select-Context@} LLMLingua-2 CHH| =2
A5t

- task-specific compressor

summarization =3

&k glo] & H3k competitive result@} token pruning o] A%

reported metrics

7I5 3k orthogonal axis

Model Method Remaining k| BERTScore ROUGE-L ROUGE-1 ROUGE-2 ROUGE-Lgm
Baseline (text-only) m=693 86.25 16.26 23.78 8.60 18.91
GPT Text-as-image (ours) 225 (—67%) 85.33 15.31 21.98 7.40 17.75
Select-Context 295 (=57%) 85.01 12.79 18.82 5.30 15.71
LLMLingua-2 265 (—62%) 85.25 13.75 20.42 7.00 16.60
Baseline (text-only) m=726 86.37 17.70 25.18 9.47 20.77
QWEN Text-as-image (ours) 279 (—62%) 85.64 15.53 23.28 7.54 19.16
Select-Context 181 (—=75%) 84.60 13.40 20.36 5.13 17.63
LLMLingua-2 258 (—64%) 85.46 15.32 22.95 7.09 18.94

Table 2: CNN/DailyMail document summarization with token compression baselines. GPT refers to GPT-4.1-mini
and QWEN denotes Qwen?2.5-VL-72B-Instruct. m is the uncompressed text length, &k the remaining decoder tokens
after compression. Percentage shows token reduction relative to m. At similar compression rates, rendering the
document as an image beats both token-level baselines on every metric.
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Conclusion

A 2] 2] 4]
- 71 text context”} multimodal LIM2] decoder token<= =614 AR

- vision encoderg &% 5 “gE 2] tf 2= decoder representation 7+s/d

A A
- RULER®I|A] accuracy 42} 38-58% decoder-token reduction

- 442 ?l+= summarization &4}t 2F 62-67% token reduction
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Text-as-image®] A#|
- contextE shFe] o] M A 2 A e Y SFal query Rt textZ 34| 5k= hybrid input

- m, k, m*, p= Z7d5F= model-specific quality-efficiency operating point
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[qasper]

[narrativeqa]

[multi_news)]

Qwen3.6-35B-A3B

Gemma-4-26B-A4B

Qwen3.6-35B-A3B

Gemma-4-26B-A4B

Qwen3.6-35B-A3B

Gemma-4-26B-A4B

score | reduction_pct score | reduction_pct score | reduction_pct score | reduction_pct score | reduction_pct score | reduction_pct
text 51.45 5206 (0.00%) 47.73 5181 (0.00%) 32.14 30704 (0.00%) 30.98 30746 (0.00%) 23.41 2699 (0.00%) 22.57 2798 (0.00%)
1.0 41.32 2094 (61.96%) 45.9 3248 (38.69%) 20.93 8153 (73.70%)| 27.56 1617 (62.44% 22.29 1097 (60.41%) 22.24 1894 (32.93%))
font10 1.1 43.18 2375 (56.36%) 45.72 3617 (31.30%) 26.09 9381 (69.69%)| 27.43 13385 (56.66% 22.8 1249 (54.67%) 22.02 20097 (25.54%))
1.2 45.8 2486 (54.15%) 44.58 3749 (28.65%) 25.9 9858 (68.13%)| 28.87 14087 (54.37% 22.74 1300 (52.74%) 22.21 2151 (23.57%)|
1.0 45.26 2711 (49.67%) 47.48 4050 (22.64%) 27861 10811 (65.02% 26.94 15260 (50.55% 22.59 1425 (48.04%) 22.4 2325 (17.25%)|
fant11 1.1 46.46 3030 (43.33%) 48.32 4544 (12.75%) 2942 12232 (60.37% 28.39 17314 (43.84% 23.12 1582 (42.14%) 22.24 2623 (6.41%)
1.2 47.41 3202 (39.89%) 45.76 4763 (8.38%) 28.36 12948 (58.03% 27.52 18405 (40.28% 23.19 1684 (38.29%) 22.14 2742 (2.08%)
1.0 48.72 3013 (43.67%) 48.07 4522 (13.19%) 30.5 12137 (60.69% 28.58 17251 (44.05% 22.98 1568 (42.66%) 22.2 2590 (7.59%)
font12 1.1 45.35 3407 (35.82%) 47.93 5031 (3.01%) 27.96 13833 (55.14% 28.75 19482 (36.76% 23.35 1772 (34.96%) 21.9 2815 (-0.60%)
1.2 45.33 3741 (28.17%) 46.5 5458 (-5.53%) 27.96 15406 (50.00% 27.98 21882 (28.93% 23.41 1859 (27.92%) 22.24 3114 (-11.48%
[multifieldga_en] [triviaga] [samsum]
Qwen3.6-35B-A3B Gemma-4-26B-A4B Qwen3.6-35B-A3B Gemma-4-26B-A4B Qwen3.6-35B-A3B Gemma-4-26B-A4B
score | reduction_pct score | reduction_pct score | reduction_pct scare | reduction_pct score | reduction_pct scare | reduction_pct
text 58.9 7234 (0.00%) 54.7 7105 (0.00%) 92.18 12362 (0.00%) 87.96 12185 (0.00%) 41.31 9507 (0.00%) 41.43 10027 (0.00%)
1.0 48.23 2360 (68.00%) 56.83 3693 (48.47%) 91.47 4443 (68.43%)| 85.18 6236 (52.17%))| 35.58 2768 (72.28%) 38.47 4137 (59.90%)|
font10 1.1 48.18 2709 (63.12%) 54.76 4050 (43.39%) 91.47 4990 (63.71%)| 85.45 7031 (45.20%) 35.62 3147 (68.23%) 38.93 4665 (54.52%)|
1.2 50.27 2835 (61.36%) 54 4288 (40.02%) 91.57 5206 (61.84%) 85.95 7332 (42.56%) 35.52 3305 (66.53%) 38.63 4921 (51.92%}_
1.0 51.96 3104 (57.62%) 54.15 4610 (35.44%) 91.47 5638 (58.10%) 86.06 7890 (37.67%) 35.82 3607 (63.28%) 38.8 5311 (47.96%)
font11 1.1 55.83 3485 (52.30%) 53.93 5239 (26.50%) 91.47 6270 (52.65%)| 84.89 B746 (30.16% )| 36.31 4050 (58.54%)) 39.39 5952 (41.44%)
1.2 55.24 3710 (49.16%) 55.58 5532 (22.34%) 91.07 6603 (49.77%)| 85.56 9258 (25.67%))| 36 4277 (56.11%) 38.88 6257 (38.34% )|
1.0 51.65 3446 (52.85%) 55.75 5181 (27.33%) 91.47 6235 (52.95%) 86.58 8712 (30.45%)| 35.93 4011 (58.95%) 39.79 5909 (41.87%)
font12 1.1 53.25 3937 (46.00%) 54.48 5775 (18.89%) 91.22 6994 (46.39%)| 85.35 9755 (21.31%)] 36.48 4550 (53.18%)) 39.7 6608 (34.76%)|
1.2 55.62 4359 (40.11%) 55.3 6434 (9.52%) 92.07 7695 (40.34%) 84.67 107486 (12.62% 36.53 5025 (48.07%) 40.14 7290 (27.83%)
[gmsum] [gov_report]
Qwen3.6-35B-A3B Gemma-4-26B-A4B Qwen3.6-35B-A3B Gemma-4-26B-A4B
score | reduction_pct score | reduction_pct score | reduction_pct score | reduction_pct
text 22.55 14325 (0.00%) 22.91 14309 (0.00%) 3141 10628 (0.00%) 28.78 10603 (0.00%)
1.0 22.01 4440 (69.38%) 21.67 6413 (55.48%) 30.55 4246 (60.33%)| 28.27 6275 (41.02%)|
font10 1.1 2216 5098 (64.76%) 21.89 7371 (48.75%) 30.75 4872 (54.41%)| 28.46 7142 (32.80%)
1.2 22.33 5360 (62.92%) 21.65 7731 (46.22%) 30.42 5128 (51.98%) 28.27 7501 (29.39%))
1.0 22.67 5888 (59.22%) 22.85 8531 (40.60%) 30.53 5620 (47.34%)| 28.53 B169 (23.07%)
font11 1.1 22.66 6629 (54.02%) 22.14 9520 (33.65%) 30.55 6352 (40.41% )| 28.69 8177 (13.51%)
1.2 22.43 7037 (51.16%) 22.58 10172 (29.07%) 30.85 6727 (36.87%)| 28.68 9748 (8.10%)
1.0 2219 6580 (54.36%) 22.37 0487 (33.80%) 30.82 6311 (40.80%) 28.67 9124 (14.02%)
font12 1.1 22.88 7510 (47.83%) 22.8 10762 (24.93%) 30.66 7185 (32.55%) 28.75 10318 (2.70%)|
1.2 231 8357 (41.89%) 22.93 11985 (16.33%) 30.69 7992 (24.91%) 28.6 11453 (-8.05%
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