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Abstract

Optical context compression, as pioneered by DeepSeek-OCR, presents a powerful but

lossy method for scaling LLMs. This paper argues from first principles that the rate-

distortion performance of such single-stage optical encoders is fundamentally limited

by the high linguistic redundancy of their raw text input. We introduce PhO-Compress,

a deterministic, two-stage framework invented by Christian Heinrich Hohlfeld, which

acts as a lossless pre-optimizer to solve this problem. Stage I (Linguistic Reduction)

decouples the input text into a normalized phonetic (IPA) stream and a lossless side-

channel U. This side-channel perfectly preserves all structural, orthographic, and ho-

mophonicinformation, guaranteeing an orthographically-lossless reconstruction (D =
0). A"PhenomEncoder” then applies reversible predictive coding to the phonetic stream,
achieving a lossless linguistic compression Cy. Stage II (Optical Compression) renders

only the reduced phonetic sequence Zpcnom and applies a standard lossy visual en-

coder (&y), incurring distortion Dy. The total compression Cr.t.; = Cr. -Cy is multiplica-

tive. By removing linguistic redundancy *before* the optical stage, PhO-Compress en-

ables &y to achieve a superior rate-distortion trade-off, either reaching a higher com-

pression Cy for the same Dy or a lower Dy for the same Cy.

1 Introduction

The scaling of Large Language Models (LLMs) is fundamentally constrained by the quadratic
complexity O(L?) of the self-attention mechanism (Vaswani et al., 2017), despite optimiza-
tions like FlashAttention (Dao et al., 2023). A promising and potent solution is optical con-
text compression, employed by models like DeepSeek-OCR (Wei et al., 2025) and Nougat
(Blecher et al., 2023). These methods render text into compact images to be processed by
an efficient visual backbone, effectively bypassing the O(L?) text-processing bottleneck.

This paper argues from first principles that these current single-stage encoders are information-
theoretically sub-optimal. They apply a single lossy compression function (£y) to a highly
redundant input: raw text. This forces the encoder to simultaneously compress two dis-
tinct types of redundancy: (1) low-entropy visual redundancy from the text rendering, and
(2) high-entropy linguistic redundancy (e.g., syntax, grammar, semantic predictability). We
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hypothesize that this conflation leads to an inefficient rate-distortion trade-off; the en-
coder must expend "bits” (or model capacity) to compress linguistic patterns that could be
removed more efficiently.

We propose **PhO-Compress**, a two-stage framework that decouples these redundan-
cies. It functions as a lossless, information-preserving pre-optimizer for any optical com-
pression system.

The Grapheme-to-Phoneme (G2P) transformation is the critical first step that enables this
decoupling. It provides three key advantages: (1) It separates semantics from orthogra-
phy (case, punctuation), allowing orthography to be compressed losslessly in a separate
side-channel U. (2) It maps homophones (e.g., "there”, "their”) to a single phonetic rep-
resentation, which is perfectly disambiguated by a small bit-index in U. (3) It normalizes
the text into a uniform alphabet (IPA) (International Phonetic Association, 1999), creating
a statistically simpler stream for subsequent compression.

The two-stage pipeline is thus:

1. StageI(Orthographically-Lossless Reduction £;): We apply a G2P transform Tg2p,
to get a phonetic stream X;p4 norm @and a lossless side-channel U. A reversible "Phe-
nomEncoder” &, (see Sec 2.4) then removes predictable phonetic information (e.g.,
based on Zipf (1949)), yielding a compressed stream Zppe,om- This stage is fully re-
versible and incurs zero distortion (D7, = 0).

2. Stage II (Lossy Optical Compression £y/): The resulting sparse "Phenom” sequence
Zphenom 1S rendered and fed to a standard optical encoder (e.g., DeepSeek-OCR’s
backbone). This stage incurs the system’s *only* distortion, Dy .

Our hypothesis is that by feeding the optical encoder &, a pre-compressed, linguistically
dense sequence Zppenom, £y €an focus *only* on the visual compression task it was de-
signed for. This allows it to achieve a much higher effective compression ratio for a given
distortion budget Dy than it could on the original, redundant L.

2 Architecture of PhO-Compress

The pipeline is a deterministic chain of one lossless and one lossy encoder, preceded by
necessary transformations.

Tc £ R £
XTea:t & (XIPA_norm; U) —L> (ZPhenoma U) — (IPhenom; U) —V> (ZVision7 U)

Note: The lossless side-channel U is extracted at the start and carried in parallel.
2.1 Stage I: Orthographically-Lossless Linguistic Reduction (£;)
The input X, is first processed by a deterministic and fully reversible transformation

Ta2p,- This function decouples the text into two distinct streams: a normalized phonetic
input X7pA norm and a comprehensive, lossless side-channel U.

(XIPA_norm7 U) = 7-GQPU (XTe:r:t)
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The side-channel U captures all information lost during the normalization and G2P pro-
cess. Its rigorous definition is provided in Section 3.3.

The PhenomEncoder &;, (the "linguistic reduction”) then operates only on the normalized
phonetic stream X;pa norm:

ZPhenom = ‘S‘L (XIPA_nm"m)

Definition 2.1 (Orthographically Lossless Reconstruction (D, = 0)). The Dy, = 0 mode is
the primary operational mode of this framework, guaranteeing bit-exact reconstruction of the
original text. This is achieved by the combined decoders (Dy, T;; ).

Let Dy, be the deterministic linguistic decoder inverse to £;, such that Xip A norm = PL(ZPhenom)-
Let T, ! be the deterministic inverse transformation (re-assembler) that uses the side-channel
U.

The total reconstruction is Xre,: = Tg; (X1pA norm, U)-

The framework is orthographically lossless (D, = 0) because £, and Dy, are designed as a fully
reversible pair (X1p A norm = X1PA norm) AND the side-channel U is comprehensive, guarantee-
ing:

Xrewr = Ty H(Dr(EL(Tezpy (Xreat)))s Taary (XText)2) = Xtext
In this mode, &, only removes phonetic/linguistic redundancies that are perfectly predictable
and reversible by Dy, while U preserves all orthographic and structural uniqueness.

Remark 2.2 (Semantic-Lossy (D, > 0) Variant). A secondary, semantic-lossy mode is theoret-
ically possible. In this variant, £;, would be a lossy encoder (e.g., a "semantic summarizer” in
the phonetic domain) that discards information to satisfy a semantic distortion budget Dy, > 0.
However, this requires a correspondingly complex decoder Dy, (likely a large LM itself) to "in-fill”
the lost meaning, making it computationally expensive and difficult to control. We therefore
focus on the Dy, = 0 mode.

2.2 Stage II: Lossy Optical Compression (&)

The reduced symbolic sequence Zpjenom is rendered by a deterministic, lossless function
R : Zphenom — Lphenom INtO @ compact image representation Ippenom. This image is then
encoded by a lossy visual encoder &y (e.g., a ViT or VLM backbone).

LVision = gV(IPhenom) = gV(R(ZPhenom))
This stage incurs a visual reconstruction distortion Dy .

Remark 2.3 (Fine-Tuning Requirement). The visual encoder &, and its corresponding de-
coder Dy (e.g., an OCR model) are typically pre-trained on images of natural text (graphemes).
To achieve optimal performance and minimize Dy, these models would require fine-tuning on
a synthetic dataset of rendered IPA sequences (I ppenom) generated by R.

2.3 Total Distortion

In the primary Dy, = 0 mode, the only source of loss is the optical stage.



Definition 2.4 (Total Distortion (D;, = 0 Mode)). The total semantic distortion Dt is the er-
ror introduced by the optical stage. Let the full decoder be X = T, 0 HDLR™YDv(Zvision))), U).
Since T;;', Dy, and R are lossless, the total distortion is:

A~

Drotar = E[dS(S(XTemt), S(X))] < Dy

Where Dy is the semantic impact of visual loss from &y.. The goal is to choose a Dy that is
sufficiently low for the target task S.

2.4 Proposed Architecture for the £, /D, Pair

The primary challenge of Stage I is to design a reversible pair (£, D) that achieves non-
trivial compression (C;, > 1). We propose a concrete architecture based on predictive cod-

ing.

Definition 2.5 (Predictive PhenomEncoder). We can model £, and Dy, as identical, determin-
istic, predictive models (e.g., a simple Markov model, n-gram model, or a small, fixed-weight
RNN) trained on the statistics of the phonetic stream X1p A norm-

1. Encoder (£1): The encoder iterates through the input X;pa norm. At €ach step t, it uses
its internal state (based on p;_1,p.—o, ...) to predict the next phoneme p,.

« If the prediction is correct (i.e., p, == py), the encoder outputs nothing (or a 1-bit
"match” token) to Zphenom.

« If the prediction is incorrect, the encoder outputs the *actual* phoneme p, (or a
“mismatch” token followed by p;) to Zppenom.

It then updates its state with the *actual* phoneme p; to remain synchronized with the
decoder.

2. Decoder (Dy): The decoder is an identical model. It reads the compressed stream Z ppepom.-

« If it reads a "match” token, it knows its prediction p, was correct, so it outputs p; to
the reconstructed stream X;p A norme

« Ifit reads a "mismatch” token (or a full phoneme), it knows its prediction was wrong,
so it reads the *actual* phoneme p, from the stream and outputs p;.

It then updates its state with p,, remaining perfectly synchronized with the encoder.

This architecture is fully and deterministically reversible (D, = 0) and achieves compression Cy,
proportional to the predictability of the phonetic stream.

3 Mathematical Foundations

The information-theoretic bounds govern the entire system E = £y o R o £, 0 Taap, -



3.1 Impossibility of Universal Lossless Compression

Theorem 3.1 (No Universal Lossless Compression). There exists no lossless code C that can
guarantee a compression rate r < 1 for all possible input strings x (Kolmogorov (1965); Cover
and Thomas (2006)).

Implication: This theorem is why PhO-Compress must be a lossy framework (Dy > 0) to
guarantee compression (Croe; > 1) on all inputs. The Dy = 0 stage only re-arranges
information and removes predictable redundancy.

3.2 Rate-Distortion Bounds (End-to-End)

The theoretical limit for the entire PhO-Compress pipeline is the semantic rate-distortion
function for the task S.

Theorem 3.2 (Zero-Distortion Lower Bound). If the task S must be preserved perfectly (Do =
0), the minimum achievable bit-rate R is bounded by the entropy of the task representation:

1 1
R = —E|Zvision| = —H S(Xx"
LB\ Zyisonl > H(S(X™)

This requires both £;, and &y to be S-lossless (Shannon, 1948).

Theorem 3.3 (Semantic Rate-Distortion). For a tolerable distortion Dty > 0 (Where Dy <
Dy), the optimal asymptotic rate R for the end-to-end system is given by the semantic rate-
distortion function (?):

Rs(Drotal) = inf I(S(X); X)

Py x Elds (S(X),S(X)]<Drotar

PhO-Compress attempts to approximate this bound by optimizing Cr, (which is lossless, Dy, = 0)
and Cy (which is lossy, Dy > 0).

3.3 Side-Channel U for Lossless Reconstruction

The lossless side-channel U is the key to the D;, = 0 mode. We provide a rigorous defini-
tion.

Definition 3.4 (Comprehensive Side-Channel U). The side-channel U is a deterministic, loss-
less data stream generated by the parser Tga2p,. It captures all information required to invert
the phonetic normalization and reduction, ensuring Xtewt = Xtog. Uis @ composite of disjoint
streams: U = (Ustructs Uortho)-

1. Ugruct (Structural/High-Frequency Data): This stream losslessly encodes structure-critical
tokens such as code, numbers, URLs, and other spans ill-suited for phonetic processing.

2. Uyrtno (Orthographic Disambiguation): This stream captures all orthographic and lay-
out information removed during normalization.

* Uqses A bit-mask (e.q., 2 bits/token) storing the capitalization state (lower, Title, UP-
PER, MiXeD) for all tokens.



* Upunet/ws* A deterministic representation (e.g., RLE-encoded) of all inter-token whites-

pace and punctuation.

* Unhom (Homophone/Homograph Disambiguation): For any phonetic sequence p
generated by Taop, that maps to a homophone class H(p) = {ws, ..., wy} with k >
1, Upom Stores a unique index i € [0..k — 1] for the original grapheme w;. The bit-cost
for this token is [log, k]. (e.g., for (there, their, they're), k = 3, cost=2
bits).

* Usov A dictionary for any Out-Of-Vocabulary graphemes that the G2P model Tgap,
cannot handle deterministically.

Information-Theoretic Implication: The final representation of Stage I is the joint pair
(Zphenom, U). The minimum rate R for Dy, = 0 (@ssuming Dy = 0 as well) is bounded by
the joint entropy of the full information:

1 1
= i > = "
R nE’(ZstwnaU)‘ - nH(X )

The goal of PhO-Compress is to minimize the size of Zpjenom Via £ (Which is passed to the
lossy £y) and leverage the fact that H(U) < H(X™") (i.e., the orthographic side-channel is
information-theoretically small and can be passed losslessly).

4 Proportionality and Multiplicative Compression

We define the compression factors based on symbolic lengths (e.g., tokens, phonemes,
visual patches). Let Lp.,; be the number of text tokens, Lppenom the number of phenom-
symbols, and Ly, the number of final visual tokens.

Definition 4.1 (Compression Factors). The Stage I (Linguistic) compression factor is:

LTewt

Cr =
LPhenom

The Stage II (Optical) compression factor is:

CV _ LPhenom

LVision
Proposition 4.2 (Multiplicative Compression). The total symbolic compression factor is the
product of the stage-wise factors:

LTemt LTemt LPhenom
= : =Cr-Cy
LVision LPhenom LVision

CTotal =

Remark 4.3 (Non-Triviality). This multiplication is non-trivial. It posits that total compression
is the product of two distinct reduction strategies. The core hypothesis of PhO-Compress is that
Crotal CaN be maximized by optimizing C;, and Cy jointly. By feeding &y a linguistically sparse
input Z ppenom, We hypothesize £y can achieve a higher effective Cy (or lower Dy) than it could
by directly processing the redundant Xr..;.



5 Complexity and Decoder Cost Analysis

The viability of this framework hinges on the decoder cost being substantially lower than
the savings from attention.

Definition 5.1 (Revised Total Cost). The total inference cost Ty,: includes all encoding, decod-
ing, and final LLM processing. The decoders are split into the linguistic/phonetic decoder Dy,
and the deterministic orthographic re-assembler T;; .

Tiot = T(Taopy) + T(EL) + T(R) + T(Ey) + T(Dv) + T(Dr) + T(T; ") + Tros (Lvision)

Where T(Ta2p, ) is the G2P and U extraction, T(Dy) is the optical decoder/OCR, T(Dy,) is the
linguistic reconstructor, and T(T;; ") is the re-injection of the side-channel U.

Hypothesis 5.2 (Practical Viability in D;, = 0 Mode). The PhO-Compress framework is viable
if the pre- and post-processing overhead is less than the savings from O(L?) attention:

T(Taory,Ens - Doy T Y) < Toonm(Lrest) — oo (Lvision)

This hypothesis is strong in the D; = 0 mode. Here, both T(Dy,) (the predictive decoder
from Sec 2.4) and T(T;;'") (dictionary lookups, string appends) are computationally cheap, low-
complexity operations. The viability cost is dominated by the optical T'(Dy ) (OCR), which is a
known, manageable cost, rather than a large, semantic LM.

6 Positioning and Related Work

Enhancement for Optical Context Compression. PhO-Compress is not a competitor to
optical methods like Wei et al. (2025) or Blecher et al. (2023); itis a pre-optimizer for them.
These systems define the Xr7..: — & — Zyision Pipeline. Our framework enhances this
pipeline by transforming it into X, — (E0,U) — & — Zyision. We provide a method to
losslessly ‘clean’ and compress the input *before* it hits their encoder, thereby improving
the Cy they can achieve for any given Dy, .

Prompt Compression. Jiang et al. (2LOS 2023) and Jiang et al. (2024) perform a function
analogous to our &, (S-sufficient reduction) but operate directly in the text-token space,
not the phonetic space, and do not typically guarantee orthographically-lossless recon-
struction as our U-channel does.

7 Conclusion

The PhO-Compress framework, invented by Christian Heinrich Hohlfeld, provides a novel,
first-principles path to enhancing optical context compression. By decoupling the prob-
lem into two distinct stages—(I) reversible phonetic reduction (£1) and (II) lossy optical
encoding (&y)—it solves the information-theoretic bottleneck of single-stage encoders.

The primary innovation is the Dy, = 0 orthographically-lossless Stage I, which functions as
a pre-optimizer. It uses a lossless side-channel U to solve the ambiguity and information-
loss problems that plague purely semantic approaches. We posit that this two-stage ap-

7



proach is not merely an alternative, but a necessary step to achieve the theoretical rate-
distortion limits for optical compression by allowing each stage to specialize: £, on lin-
guistic redundancy and &y on visual redundancy.

Availability & Licensing

Areference implementation will be released under a dual license (AGPL-3.0 + Commercial);
model weights under a responsible-Al license; datasets under ODC-BY 1.0. For enterprise
licensing and support, please contact the author.

License & Use

© 2025 Christian Heinrich Hohlfeld. This work is licensed under Creative Commons Attri-
bution 4.0 International (CC BY 4.0): https://creativecommons.org/licenses/by/
4.0/. Commercial use is permitted with attribution. No patent claims are asserted.
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A Appendix: Didactic Stage-I Prototype (Python)

The following code provides a simplified, didactic prototype of the Stage I PhenomEncoder
(€r). It demonstrates the Xpe.: — Xipa — Zphenom Chain by using simple stop-word
removal as a proxy for true semantic reduction. (Note: This prototype omits the rigorous
side-channel U implementation for clarity).

import re
from typing import List, Dict

class PhenomEncoderPrototype:
"""Simulates the linguistic compression (E_L) via simple filters."""
def __init_ (self, ipa_map: Dict[str, str], stop_words: List[str]):
self.ipa_map = ipa_map
self.stop_words = set(stop_words)
# This regex is a placeholder for a real U_struct extractor
self.critical_pattern = re.compile(xr'\b\d+[\d,.]1*\b|[A-Z_1{2,}")

def _g2p_transform(self, text: str) -> (List[str], List[str]):
"""Didactic G2P and word tokenizer."""
words = re.findall(r'\b\w+\b', text.lower())
ipa_tokens = []
for w in words:
ipa_tokens.append(self.ipa_map.get(w, f'<{w}>"))
return ipa_tokens, wozrds

def encode_linguistic(self, text: str) -> List[str]:
Performs Stage I (E_L) reduction.
This example uses stop-word removal as a simple proxy
for S-sufficient reduction.

nun

ipa_tokens, original_words = self._g2p_transform(text)
phenom_tokens = []

for word, ipa in zip(original_words, ipa_tokens):
# A real implementation would check U_struct here
# This proxy filter removes stop words and OOV tokens
if word not in self.stop_words and not ipa.startswith('<'):
phenom_tokens .append(ipa)

return phenom_tokens



if __name__ == '__main__"':
# Didactic dictionary (Example IPA)
IPA_DICTIONARY = {
"die": "/di/", "der": "/de?r/", "ist": "/?st/", "wurde": "/vUrde/",
"system": "/zYs'te:m/", "architektur": "/?arCitek'tu:r/",
"neue": "/'n0OY@/", "hybrid": "/hy'bri:t/", "entworfen": "/?Ent'vOrf@n/"
}

STOP_WORDS_LIST = ["die", "der", "ist", "und", "ein", "eine",
IldaSH, Ilals", Ilwurde"]

enc = PhenomEncoderPrototype(IPA_DICTIONARY, STOP_WORDS_LIST)
text = "Die neue Hybrid Architektur wurde als ein System entworfen."
z_phenom = enc.encode_linguistic(text)

orig_len_words = len(text.split())
phenom_len_tokens = len(z_phenom)

c_1l = (orig_len_words / phenom_len_tokens) if phenom_len_tokens > @ else 0

print(f"Original Text (Words): {orig_len_words}")

print(f"ZPhenom (Tokens): {phenom_len_tokens}")

print(f"ZPhenom Stream: {' '.join(z_phenom)}")

print(f"C_L (Didactic Semantic Rate): {c_1l:.2f}x")

print("\nThis ZPhenom sequence would now go to Stage II (Rendering")
print("and lossy optical encoding).")

Listing 1: Simplified PhenomEncoder (Stage I) Prototype
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