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OmniZip: Learning a Unified and Lightweight Lossless Compressor for
Multi-Modal Data

Supplementary Material

The supplementary material includes deeper explana-
tions of the proposed method and extended experiments,
covering: (1) detailed descriptions of the modality-unified
tokenization, modality-routing context learning, modality-
routing feedforward design, and reparameterization training
strategy; (2) implementation details of multi-modal datasets
and training/testing process; (3) extended lossless compres-
sion performance using adjusted bits/Byte as the metric.

1. Backbone Selection

We compare three common backbone architectures for the
probability prediction model: Transformer [28], Mamba
[16], and RWKYV [23]. These models are evaluated in terms
of compression efficiency (bits/Byte), computational cost
(MAC:s), and inference speed (KB/s).

As for Transformer, We use a causal, decoder-only
Transformer implemented in JAX/Haiku. Input tokens are
embedded, scaled, and summed with sinusoidal positional
encodings, then processed through a stack of eight multi-
head self-attention (8 heads) and feed-forward layers, each
followed by residual connections and LayerNorm. For
Mamba and RWKYV, we adopt their official implementa-
tions'?. The trained models are converted into CoreML
packages and benchmarked on a MacBook Pro 2024 with
an Apple M4 chip using CPU inference.

2. Modality-Unified Tokenization

To enable multi-modal lossless compression, we design a
reversible modality-unified tokenization strategy that maps
heterogeneous data into a shared token space. The main
challenge arises from the fundamentally distinct structures
of different modalities. Moreover, to ensure lossless recon-
struction, the tokenization process must be fully invertible.
For text-like data, including natural language, gene se-
quences, and databases, we follow [32] and adopt a Senten-
cePiece BPE tokenizer [27] with a vocabulary size of 16K.
To better adapt to domain-specific characteristics, we ex-
tend the vocabulary with symbolic tokens: like nucleotide
bases (A, T, G, C) for gene sequences, and common SQL
keywords (e.g., SELECT, FROM, WHERE) for databases.
Formally, given a text string S, the tokenizer performs:

SPM BPE

Slext ;InL T € Vtexh |Vtext| = 16K.

D

I'Mamba: https://github.com/state-spaces/mamba.
2RWKYV: https://github.com/BlinkDL/RWKV-LM.

[T1,22,. ..

For image-like data, including natural, medical, and
tactile images, we partition each image into 16 x 16 x
3 patches to preserve local spatial correlations. Pix-
els within each patch are flattened in raster-scan or-
der, and each RGB channel is expanded sequentially:
[R1,G1, B1, Ra, G, By, . ..]. We treat each 8-bit sub-pixel
as an independent token (i.e., |Vimage| = 256), thereby
maintaining inter-pixel and inter-channel correlations. For
grayscale medical images, each 8-bit intensity value is di-
rectly mapped to a single token. Tactile data are handled in
two ways: visual tactile maps are processed as regular RGB
images, while 3D tactile force vectors (z,y, z) are linearly
mapped into pseudo-RGB triplets for tokenization.

Speech is continuous and hard to discretize without loss.
Hence, we adopt a next-byte prediction scheme, reading the
raw byte stream and treating each byte as a token:

Sspeech (t) ECh—b)ie_)
yielding a 256-size vocabulary shared with image-like
modalities (i.e., [Vspeech| = 256).

After tokenization, we merge all modality vocabularies
into a single unified token space:

[X1,@2,...,x,], x; €1[0,255], (2)

Vini = Viext U Vimage U Vspeech~ (3)

Each sequence is prefixed with a modality identifier token,
i.e., <image>, <medical>, <tactile>, <text>, <gene>,
<database>, or <speech>, allowing the model to learn
modality-aware priors during probability estimation.

Before softmax and arithmetic coding, we apply
modality-specific masking to restrict the active token propa-
bilities and improve the compression efficiency. For exam-
ple, during image compression, only tokens in Vipaee are
retained, and all others are zeroed out:

pimage(mi|x<i) = SOftmaX(0($i|x<i) O} Mmage)a 4)

where Mimage is a binary mask selecting image tokens,
o(z;]z«; is the output logit before softmax.

3. Modality-Routing Context Learning

As shown in Fig. 1, each RWKYV block [23] consists of two
components: a Time Mixing module and a multilayer per-
ceptron (MLP) [26]. The Time Mixing module serves as
a lightweight alternative to attention, modeling contextual
dependencies through a recurrent formulation. Instead of
computing pairwise attention, it maintains a running state
that summarizes past tokens, allowing linear-time inference.
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Figure 1. Key structural differences between RWKV-7 and Om-
niZip model. Left: an RWKV-7 block. Right: an OmniZip block.

As stated, different modalities exhibit distinct contex-
tual dependencies. For instance, text are one-dimensional
sequential and have mostly short-range semantic depen-
dencies. Images are two-dimensional and flattened into
sequences, with inter-pixel and inter-channel correlations.
Speech is continuous and temporally structured.

To enhance multi-modal adaptability, we integrate a
mixture-of-experts (MoE) mechanism [6] into the Time
Mixing module. MoE dynamically selects specialized ex-
perts based on input tokens, enabling conditional compu-
tation and reducing unnecessary activation. Specifically,
given an input token x;, a router network predicts a score:

exp(zi - Wye)

, (5
b exp(xi - W)

Gi,e = softmax(x; - W) =

where E is the expert count, ¥, is the routing projection.
gi,. means the likelihood that expert e should process ;.

To keep efficiency, we adopt top-k sparse routing, where
only the experts with top-k highest scores are activated, and
their outputs are aggregated as a weighted sum. We exper-
iment with applying MoE to different components and find
that the V layer benefits most from such adaptive routing.
Conceptually, the K layer serves as a semantic index, and
the R layer acts as a temporal gate, while the V layer en-
codes concrete contextual content. Allowing diversity in V
layer enables the model to adapt more flexibly to modality-
specific information. Hence, we apply MoE only to the V
layer, sharing K and R layers across all V experts. Formally,

Inference

fw=w,+4B!

High-Rank Reparameterization r

o

Figure 2. [llustration of the reparameterization training strategy.

the V-projection output in our MoE design is computed as:

V(zi) = Z Gise €(@i), (6)

ectop-k

where each expert e is a distinct V projection layer, and g; .
denotes the re-normalized routing score.

To ensure model compactness, we use ' = 4 experts
and k = 2. This setup increases the number of parameters
by only three additional V layers per Time Mixing module,
yet notably improves the multi-modal adaptability.

4. Modality-Routing Feedforward

In the RWKYV backbone [23], each block integrates a feed-
forward MLP that projects intermediate representations into
a higher-dimensional space, applies nonlinear transforma-
tions, and fuses contextual information from the Time Mix-
ing module. This structure enhances model expressiveness
but treats all tokens uniformly, regardless of their modality.
In fact, a single shared MLP is insufficient to capture the
distinct properties of heterogeneous modalities.

To better support multi-modal compression, we replace
this MLP with a modality-routing feedforward module
based on MoE. The routing mechanism follows the design
in Sec. 3, while the experts here are small MLPs instead of
V layers. Each MLP expert adopts a hidden factor of 2x,
half that of the original large MLP. With four experts and
top-k = 2, the number of activated parameters per token
remains nearly identical to the original design.

5. Reparameterization Training Strategy

Following [32], we adopt a high-rank reparameterization
training strategy to enhance OmniZip’s compression ca-
pacity without increasing inference complexity. During
training, each R, K, and V projection layer in the Time
Mixing module is augmented with an auxiliary high-rank
branch to improve representational power. At inference,
these auxiliary branches are merged back into the main path
through structural reparameterization, maintaining a com-
pact single-path design, as illustrated in Fig. 2.
Specifically, instead of using parallel branches like 1 x 1
convolutions or shortcuts as in [14], we follow the strategy
in [32] and reparameterize each branch as a product of two
high-rank matrices: A € R%*" and B € R"**, where the
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Table 1. Details of the utilized multi-modal datasets (16 datasets from 7 modalities).

Dataset Type Train Test Description

Kodak [12] image X v 24 film-scanned photos (768 X 512) with balanced natural and synthetic scenes. We use it for testing.
CLIC-P [9] image X v 41 high-resolution DSLR images (mostly 2K) with rich color and texture diversity. We use it for testing.
CLIC-M [9] image X v 61 smartphone photos (mostly 2K) containing real-world noise and artifacts. We use it for testing.

DIV2K [1] image v V' 900 2K-resolution images with a large diversity of contents. We follow the official split (800 train, 100 test).
Axial [5] medical v v' 2D knee MRI slices (256 x 256) in the axial plane. We follow the official split (~38K train, ~4.1K test).
Coronal [5] medical v v" 2D knee MRI slices (256 x 256) in the coronal plane. We follow the official split (~33K train, ~3.5K test).
Sagittal [5] medical v v' 2D knee MRI slices (256 x 256) in the sagittal plane. We follow the official split (~34K train, ~3.6K test).
TouchandGo [30] tactile v v A tactile dataset of 140 trajectories (640 x 480), with 60% for training and the rest for testing.
ObjectFolder [15] tactile v V' A tactile dataset of 1000 trajectories (120 x 160), with 60% for training and the rest for testing.

enwik8 [10] text v X The first 100MB of the English Wikipedia dump. We use it for testing.

enwik9 [11] text X v The first 1GB of the English Wikipedia dump. We use it for testing.

Gutenberg [25]  text v v A library containing 75K eBooks. We randomly select 2K and 1K books for training and testing, respectively.
GenoSeq [8] gene v v' 17 genomics sequencing dataset with FastQ format. We use 10 for training and 7 for testing.

DNACorpus [24] gene v v" DNA sequences of 15 species, we follow the official split (370MB for training and 246MB for testing).
Spider [31] database v V' 5693 SQL queries on 200 databases. We follow the official split (314MB for training and 60MB for testing).
WikiSQL [17] database v/ v' 24241 SQL queries from Wikipedia. We follow the official split (38MB for training and 12MB for testing).
LibriSpeech [22] speech v v" A 1000-hour English speech dataset. We follow the official split (1GB for training and 600MB for testing).

main-path’s weight is Wy € R4** and » > d, k. During
training, the layer’s output is the sum of the main branch
and the bypass branch. These branches are merged at infer-
ence via structural reparameterization: W = Wy + A x B,
resulting in a single-path structure that reduces both runtime
and memory usage. Importantly, although the branches are
merged during inference, the learned multi-branch parame-
ters are preserved, maintaining high capability.

In OmniZip, this strategy is applied to all the R/K/V lay-
ers in the Time Mixing module. Following [32], we set the
decomposition rank r to 4 x the embedding dimension.

6. Multi-Modal Datasets

We conduct experiments across seven data types, including
natural images, medical images, tactile signals, text, gene
sequences, databases, and speech, covering a total of 16
datasets for training and evaluation, as shown in Tab. 1.

To ensure balanced and stable multi-modal training, we
normalize the data scale across modalities by restricting
each modality’s training set to approximately 1 GB. For
large datasets, samples are randomly drawn to maintain
representative coverage of content diversity, while smaller
datasets are augmented through simple transformations
such as random cropping/flipping, token shuffling, or noise
perturbation (depending on the modality type).

During training, we also adopt a balanced batch sam-
pling strategy to prevent overfitting toward some modali-
ties. Specifically, the dataloader cycles through all modali-
ties in a round-robin manner, dynamically constructing each
batch by uniformly sampling from the shuffled indices of
every modality. This ensures that each batch contributes an
equal number of samples per modality, allowing the model

to learn modality-invariant patterns.

Regarding the model input format, as stated in Sec. 2,
for image-like data, each input corresponds to a flattened
16 x 16 x 3 patch, resulting in a sequence length of 768 to-
kens. Text-like and speech data are processed as sequential
streams, with each input sequence containing 1024 tokens.

7. Training and Testing Process

To accelerate the overall pipeline, we incorporate optimiza-
tions like Cython [3], Numba [19], and distributed paral-
lelization. For model evaluation and deployment, we test
OmniZip across three hardware platforms: (1) NVIDIA
A100 GPU (for training and high-throughput testing), (2)
MacBook Pro 2024 (Apple M4 CPU), and (3) iPhone 17
Pro (A19 NPU). For CPU and NPU evaluation, we convert
the trained PyTorch models into CoreML packages [18] and
conduct profiling via Xcode Instruments. For GPU evalua-
tion, we switch the GPU to performance mode and ensure
no other processes are running on the device. We then mea-
sure inference latency by executing the model 1000 times
consecutively and report the average runtime.

8. Adjusted Multi-Modal Compression Results

To provide a more realistic evaluation of deployment effi-
ciency, we adopt the adjusted bits-per-Byte metric, which
incorporates model size into the compressed data size. It
penalizes large models and reflects the trade-off between
compression performance and model storage overhead.

As shown in Tab. 2 and Tab. 3, OmniZip-S achieves
superior adjusted compression efficiency across all seven
modalities, including image-like, text-like, and speech
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Table 2. Adjusted compression performance (bits/Byte) on image-like (natual image, medical image, and tactile) datasets. * denotes
pretrained LLMs, 1 indicates that some results are reprodeced by us. Other values are taken from their papers.

Compressor #Params.| Multi

Adjusted bits/Byte

Modal | Kodak CLIC-P CLIC-M DIV2K | TouchandGo ObjectFolder | Axial  Coronal Sagittal
Llama3*T [13] | 8B v 8490321 971320 553618 291465 | 322642 214197 693352 750368 970961
RWKV*T [13] | 7B v | 7429031 849906 484417 255032 | 282312 187423 606683 656573 823341
DLPR*t [2] 22.3M X 23670 2710 1545 815 900 601 - - -
L3C*t [21] 5M X 5310 610 349 185 203 138 439 473 594
P2LLM [7] 8B X 8490319 971318 553616 291463 | - - - - -
aiWave [29] 695M X - - - - - - 59372 64254 80574
BCM [20] 12.5M X - - - - - - 1088 1176 1475
OmniZip-S 4.8M v | 5097 586 335 178 195 132 421 454 570
OmniZip-M 38M v 40332 4618 2632 1387 1534 1020 3298 3568 4475
OmniZip-L 152M v 161319 18458 10521 5540 6131 4072 13178 14261 17883

Table 3. Adjusted compression performance (bits/Byte) on text-like (natural language, gene sequence, database) and speech datasets. *
denotes pretrained LLMs, { indicates that some results are reprodeced by us. Other values are taken from their papers.

Multi Adjusted bits/Byte|
Compressor #Params

Modal enwik9 Gutenberg Spider WikiSQL GenoSeq DNACorpus LibriSpeech
Llama3*T [13] 8B v 129 362459 2125 10835 500 1138 212
RWKV*T [13] 7B v 113 317152 1859 9480 437 996 186
tszip [4] 169 X 4 7658 46 230 13 26 -
L3TC [32] 12 X 2 546 6 18 3 4 -
OmniZip-S 4.8M v 1 219 3 8 2 3 4
OmniZip-M 38M v 2 1723 11 52 4 7 5
OmniZip-L 152M v 3 6888 42 207 11 23 8

datasets. OmniZip-M and OmniZip-L also exhibit satisfac-
tory balance between compression efficiency and deploy-
ability. Among modality-specific compressors, Mentzer
etal. [21] and Zhang et al. [32] achieve competitive adjusted
compression efficiency on image-like and text-like datasets,
respectively. Though [13] demonstrate strong compression
efficiency on text-like and speech datasets, their massive pa-
rameter sizes dominate the total compression cost, resulting
in significantly higher adjusted bits-per-Byte values.
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