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ABSTRACT
Modern applications commonly leverage large, multi-modal foun-
dation models, in complex workflows that demand the storage and
usage of similar models in multiple precisions. A straightforward
approach is to maintain a separate file for each model precision
(e.g., INT8, BF16), which is indeed taken by model providers such as
HuggingFace and Ollama. However, this approach incurs excessive
storage costs as a higher precision model (e.g., BF16) is a superset of
a lower precision model (e.g., INT8) in terms of information. Unfor-
tunately, simply maintaining only the higher-precision model and
requiring every user to dynamically convert the model precision is
not desirable because every user of lower precision models must
pay the cost for model download and precision conversion.

In this paper, we present QStore, a unified, lossless compression
format for simultaneously storing a model in two (high and low)
precisions efficiently. Instead of storing low and high-precision
models separately, QStore stores low-precision model and only
residual information needed to reconstruct high-precision models.
The residual information size is significantly smaller than the origi-
nal high-precisionmodels, thus, achieving high storage cost savings.
Moreover, QStore does not compromise model loading speed: The
low-precision models can still be loaded quickly, while the high-
precision models can also be reconstructed efficiently by merging
low-precision data and the residual with QStore’s lightweight de-
coding. We evaluate QStore for compressing multiple precisions of
popular foundation models, and show that QStore reduces overall
storage cost by up to 2.2×while enabling up to 1.7× and 1.8× faster
model saving and loading versus existing approaches.
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1 INTRODUCTION
Foundation models have become highly accessible to users thanks
to the availability of model hosting platforms such as Hugging-
Face [84], Ollama [12], and ModelScope [79]. Developers download
pre-trained models hosted on these platforms (e.g., from cloud
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Figure 1: QStore stores conditional bit representation of high-
precision weights alongside common low-precision, quan-
tized weights to store both model precisions using fewer bits.

storage), then apply them to tasks such as fine-tuning [26, 77, 81],
distillation [89, 95] and inference [37, 38, 65, 85, 93, 96]. Different
tasks demand different model precisions; for example, fine-tuning is
often performed with higher precisions such as FP16 [63], then, the
fine-tuned model would be quantized to a lower precision such as
INT8 [13, 51] for faster inference. Hence, many workflows require
accessing the same model under different precisions: in addition
to fine-tuning-then-inference, other tasks with this requirement
include Model Cascade [27, 94] and Chaining [23, 82, 86]. More-
over, data scientists and researchers also iterate between different-
precision models for testing and benchmarking [10, 11, 53].

Storing Multiple Models is Costly. Currently, a common approach
to maintaining multiple varying-precision models during the afore-
mentioned tasks is to store them as is (i.e., separately storing the
versions) [10, 11]. Yet, as newer, more complex tasks demand ever-
increasing model sizes (e.g., Mistral-7B [50] being sufficient for
simple math, while complex, multi-modal tasks [85] require larger
models such as Qwen2.5-VL 32B [21]), storage ofmultiplemodel ver-
sion can become costly — for example, 91.8 GB is required to store
just the BF16 [52] and INT8 (quantized) versions of Deepseek-Coder
33B [97]. Space cost is a significant issue for model developers, and
also increases cloud storage costs for model hubs like HuggingFace,
Ollama, and ModelScope, which end up storing multiple precisions
of these models separately to account for anticipated user accesses.

One potential approach to reduce storage cost is to only store
the highest-precision model (e.g., FP16 or BF16), then quantize in-
memory if lower precisions (e.g., INT8) are needed [39]. However,
retrieving a low-precision model with this approach is inefficient
as it requires (i) loading more data than necessary (i.e., the high-
precision model) and (ii) an expensive quantization process (e.g.,
up to 21 GPU minutes for a 13B model [39]). Alternatively, models
can be compressed with an algorithm such as LZ4 [3], ZSTD [4],
or ZipNN [42]. However, these algorithms either use generic tech-
niques that underperform on ML weights (e.g., LZ4 and ZSTD), or
are tailored to specific precisions (e.g., ZipNN for FP16/BF16).
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Our Intuition. We propose QStore, a data format for efficiently
storing varying precision model versions. We observe that despite
being quantized, a lower-precision (e.g., INT8) model version con-
tains information that is also in a higher-precision (e.g., FP16, BF16)
version. Hence, versus separately compressing and storing a high
and low-precisionmodel pair, it is possible simultaneously represent
both models (Fig 1): much information in the high-precision FP16
model is already in the low-precision (i.e., quantized) INT8 version.
Hence, given an already stored low-precision model, we can also
store the high-precision model using few additional bits per weight
as ‘extra information’ not in the low-precision model (i.e., the ‘FP16
| INT8’ conditional model). Such a unified data format would (1)
save storage space versus storing models separately (regardless of
compression), (2) enable faster loading of the lower-precision model
versus loading a high-precision model and quantizing it, while (3)
still enabling fast loading of the high-precision model.

Challenges. Designing a unified data format for simultaneously
and efficiently storing a high and low-precision model pair is chal-
lenging. First, we need to define ‘extra information’ absent from
the lower-precision model required to rebuild the higher-precision
model. Quantizing a higher-precision model to a lower-precision
one loses significant information (e.g., from operations like round-
ing); our definition should encapsulate this information gap for
lossless reconstruction. Identifying this information gap is nontriv-
ial, as a quantized weight may significantly differ from the original
in both bit representation and numerical magnitude (Fig 1). Second,
our representations of the lower-precision model’s information and
‘extra information’ should acceptably balance storage/processing
speed: for example, naïvely defining and storing information at
bit-level granularity would enable the most efficient model storage,
but can result in unacceptable model loading and saving times.

Our Approach. Our key idea forQStore is to design a generalized
compressed representation for conditional information that can
work well despite the differences between floats and integers; such
a format would allow us to load low and high-precision models,
regardless of their data type, with perfect accuracy.

First, for storage, given a high and low-precision model pair’s
weights, we separately encode the low-precision model weights and
conditional weights (i.e., the ’extra information’) with novel entropy
coding and intelligent grouping strategies to enable significantly
better compression ratios versus separately compressing the two
models using off-the-shelf compression algorithms.

Then, for model loading from QStore, we process the encoded
low-precisionmodel’s weights, or additionally the conditional weights,
to retrieve the low-precision or high-precision model, respectively.
We perform decoding at a byte-level granularity to ensure high
decoding speeds on common computing architectures [70]. Our
decoding is notably lossless (e.g., versus dequantization [69]).

Contributions. Our contributions are as follows:
(1) Format. We describe how QStore, a data format to effi-

ciently store a high and low-precision model pair. (§3)
(2) Usage.Wedescribe efficient encoding and decoding schemes

for storing/loading models to/from QStore. (§4)
(3) Evaluation.We verify on 6 foundation models that QStore

reduces model pair storage costs by up to 55%, enables up

to 1.6× and 2.2× faster loading and saving, respectively,
versus alternative methods, and generalizes to various data
types, quantization algorithms, and >2 model chains. (§6)

2 BACKGROUND
Efficiently storing and deploying large foundation models is chal-
lenging, which QStore addresses via efficiently and simultaneously
compressing multiple model precision versions. This section covers
related work on quantization (§2.1) and compression (§2.2).

2.1 Quantization
Quantization is commonly applied to models to achieve desired
quality-resource consumption tradeoffs. In this section, we overview
the pros and cons of common quantization techniques, and key
differences between QStore and quantization.

Common Quantization Targets. While 32-bit floating-point (FP32)
precisionwas once standard [68], the recent increases inmodel sizes
and corresponding increases in computational and memory require-
ments have driven the adoption of lower-precision, quantizedmodel
formats. For example, 16-bit precision (FP16 [43], BF16 [7, 52]) for-
mats have become a de-facto standard for training and fine-tuning
to balance between accuracy and resource consumption. For more
resource-constrained scenarios or latency-sensitive applications
(e.g., on-device processing [88]), further quantization is common—
typically to 8-bit (INT8) [34, 46], but sometimes more aggressively
to 4-bit (INT4, NF4) [35, 39, 64] or even lower [80]. Recently, FP8
quantization has also been used during inference [67].

Quantization Methods. There exists several notable classes of
quantization methods commonly applied to foundation models.
(1) RTN (round to nearest) rounds weights to the nearest low-
precision value (e.g., 42.25 → 42), which is fast, but can significantly
degrade model accuracy with outlier weights. (2) Channel-wise
quantization such as LLM.int8() [34] and SmoothQuant [87] apply
per-channel scaling and quantization to model weights to better
preserve outliers. (3) Reconstruction-based approaches such
as AWQ [64] and GPTQ [39] are also applied on a per-channel
or per-block level, but their quantization objective is to minimize
the original high-precision weights’ reconstruction error: While
capable of quantizing to very low precisions such as INT4 and INT3,
they incur higher computational overhead versus alternatives.

Quantization methods operate at a per-block level, since it al-
lows them to be efficient, permitting parallelization over multiple
threads (including GPUs), and requiring less metadata compared to
quantizing every element separately. We will later show how QS-
tore utilizes this standardized block-based approach to be generally
applicable to various quantization methods (§4.2).

QStore vs Lossy Quantization. Quantization is inherently a lossy
transformation aimed at reducing model complexity. QStore takes
an orthogonal approach to model storage by taking the quantized
and unquantized models as input, and subsequently performs loss-
less compression to store them efficiently into a unified format.
While we focus on storing a pair of models at two specific preci-
sions (e.g. FP16/BF16, INT8) in this paper for brevity, our approach
can be generalized to other datatypes (e.g., INT4) and to more-than-
two model chains, which we discuss in §5 and show in §6.
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2.2 Data Compression
Model hosting platforms (e.g., HuggingFace [84]) store foundation
models in wrapper formats such as Safetensors [9, 25], ONNX [6],
TensorFlow, and SavedModel [8] allowing transparent storage of in-
formation such as tensor names and quantization information along
with model weights. However, compression—another approach ex-
plored for reducing model storage costs—is currently unutilized by
these formats. We discuss the pros and cons of various compression
techniques applicable to foundation models.

Generic Compression. Standard compressors such as GZip [1],
ZSTD [4], LZ4 [3] are applicable to model weights, treating the
weight (sequence) as a generic byte stream and are agnostic to spe-
cific structural and numerical properties of model weights. ALP [20]
targets general 32-bit and 64-bit floats, so their method cannot be
directly applied to 16-bit models. Generic methods do not achieve
optimal compression ratios on model weights due to their high
entropy (e.g., the mantissa bits of floats [42]) rendering common
techniques such as dictionary coding [76] ineffective.

Compression for ML Models. Recently, approaches have been
proposed for specifically compressing ML models: ZipNN [42] com-
presses BF16 weights by reordering 16-bit floats into 2 byte streams
which are separately compressedwithHuffman coding. NeuZip [41]
uses lossy compression to speed up inference by quantizing man-
tissa bits, and losslessly compressing exponent bits with an entropy
coder to speed up training. Huf-LLM [91] uses hardware-aware
Huffman compression, breaking 16-bit values into non-standard bit-
level patterns and separately compressing streams for fast inference.
MLWeaving stores models in bit-major order, and utilizes FPGA
acceleration to enable models to be loaded at arbitrary precisions.

QStore (ours): Joint Compression. Unlike existing compression
methods, QStore targets the joint storage of a pair of models, and
achieves higher overall compression ratios for the model pair versus
compressing them separately via delta storage-like techniques [45]
for storing the conditional information (§6). Additionally, QStore
runs purely on CPU, and does not depend on the availability of
specific architectures (e.g., systolic arrays, TPUs/NPUs, FPGAs)
required by some of the aforementioned methods.

3 QSTORE OVERVIEW
This section presents the QStore pipeline. QStore is a format that
efficiently stores a pair of high and low-precision models: first, the
model pair is compressed using an encoder into the unified QStore
format. Then, a decoder is applied onto theQStore files to losslessly
retrieve the high or low-precision model (or both).

QStore Input. QStore’s encoding takes in the weights of the high
and low-precision model versions (𝑤 and 𝑄 (𝑤), respectively) as
input. QStore does not impose restrictions on the input format;
our approach can work within any format implementation as long
as it stores tensors separately (e.g., safetensors [9], PyTorch pickle
objects [2], TensorFlow SavedModel [8], etc. are acceptable).

Encoding. QStore’s utilizes an encoder to encode model weights:
the encoder first compresses the weights of the low-precisionmodel,
then compresses the conditional information present only in the
high-precision model (i.e., ‘extra information’, §1) (§4.2).

Input

High-
precision
Model

Low-
precision
Model

Encoder
(§4.2)

Our unified
compression

format (QStore)

conditional
weights

low-precision
model weights

Decoder
(§4.4)

Outputs
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precision
Model

Low-
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Figure 2: QStore pipeline. A high and low-precision model
pair is encoded into a unified, storage-friendly format (QS-
tore), from which both models can be efficiently retrieved.

Format. The unified QStore format, generated by encoding the
input model pair, consists of two files: the compressed low-precision
weights and the compressed conditional information (§4.3).

Decoding. QStore’s utilizes a decoder to act on the two files
withinQStore to reconstruct either the low or high-precision model
(or both): If the user requests the low-precision model, the decoder
is invoked on the compressed quantized model weights to recon-
struct it. If (additionally) the high-precision model is requested,
the decoder is invoked on the newly decompressed low-precision
model weights and the compressed conditional information (§4.4).

4 QSTORE: UNIFIED FORMAT
This section details the QStore format and its encoding and decod-
ing algorithms. We describe our intuition to encode conditional
information in §4.1, the encoding of a model pair into the QStore
format in §4.2, the QStore format itself in §4.3, and decoding to
obtain the original high or low-precision weights (or both) in §4.4.

4.1 Key Intuition
This section describes our intuition for compressing conditional
information present in the high-precision model but not in the low-
precision model. Without loss of generality, we will be describing
QStore’s operations with a FP16/BF16 and INT8 model pair.

Conditional Information. Given a high and low-precision model
pair, it is possible to derive the low-precision model from the high-
precision model (e.g., via quantization). Hence, all information
present in the low-precision model is contained within the high
precision model. Given the weights of the high-precision model𝑊
and a quantization function 𝑄 that maps it to the corresponding
quantized weights, we can model the information in the model pair:

𝐻 (𝑊 ) = 𝐻 (𝑄 (𝑊 )) + 𝐻 (𝑊 |𝑄 (𝑊 )) (1)
QStore aims to find an efficient bit-level representation corre-

sponding to 𝐻 (𝑄 (𝑊 )) +𝐻 (𝑊 |𝑄 (𝑊 )) in Eq. (1). Notably, the repre-
sentation of the conditional data𝑊 |𝑄 (𝑊 ) must be lossless regard-
less of the quantization function 𝑄 used, which QStore will not
know in advance (i.e., prior to compression). In particular, given
floating point𝑊 and quantized 𝑄 (𝑊 ), the key challenge is in find-
ing overlapping bit-level patterns in dynamic-precision floating
point data that is informed by the corresponding quantized data,
which the remainder of this section will aim to address.

Grouping by Quantized Weight. Most common recent quantiza-
tion schemes use a combination of scaling (e.g., normalizing weights
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Figure 3: Weighted entropy of different grouping strategies
on the Llama 3.1 8B Instruct model’s 16-bit weights. QStore’s
combined grouping achieves high entropy reduction (hence
compression ratio) versus alternative grouping strategies.

into a range) and rounding (§2.1). Given such quantization schemes,
we observe that two floats that quantize to the same value (with
the same quantization function, described shortly) can be expected
to have more overlapping bits compared to two randomly selected
floats, such as those that quantize to different values (Fig 3). Higher
bit-level overlap between floats is directly correlated with compress-
ibility (e.g., via entropy coding schemes); hence, QStore groups the
high-precision (floats) weights by quantized value during encoding.

Grouping by Quantization Function. Recent popular quantization
schemes apply multiple block-wise independent quantization func-
tions to a single tensor (§2.1). For example, LLM.int8() [34] uses
a different scaling factor to quantize each row (e.g., 𝑄𝑟𝑜𝑤=𝑖 (𝑤𝑖 ) =
𝑟𝑜𝑢𝑛𝑑 ( 128𝑤𝑖

𝑠𝑖
), where 𝑠𝑖 is row 𝑖’s scaling factor). The quantization

function is often chosen w.r.t. the weights; a common choice is
the magnitude-based 𝑠𝑖 =𝑎𝑏𝑠 (𝑚𝑎𝑥 (𝑤𝑖 )) [34, 64]. Hence, the condi-
tional information of a group of floating point weights w.r.t. their
quantized integer weights𝐻 (𝑊 |𝑄 (𝑊 )) changes with𝑄 (𝑊 ). While
grouping floats by applied quantization function alone achieves
negligible entropy reduction (as intra-group float distributions are
still largely random), we observe that a combined grouping of the
applied quantization function and quantized weight value achieves
significant compression benefits (e.g., versus grouping only by one
criteria, or randomly grouping with the same group count, Fig 3).

4.2 Encoding to QStore
This section describes how a high and low-precision model pair
is encoded into the QStore format. As described in §3, QStore’s
encoder compresses the low-precisionmodel and the high-precision
model’s conditional information w.r.t. low-precision model (§4.1).

Encoding Quantized Weights. QStore’s encoder utilizes an en-
tropy coding scheme to compress the (quantized) weights of the
low-precision model 𝑄 (𝑤). It follows zstd’s approach [4] to di-
vide 𝑄 (𝑤) into sequential, fixed-size chunks, on which per-chunk
Huffman compression is applied for up to 12% size reduction (§6.2).

Encoding Conditional Information. QStore’s encoder computes
conditional information using weights of both the high and low-
precision model (𝑤 and 𝑄 (𝑤)) as input. Following intuition de-
scribed in §4.1, the high-precisionmodel weights𝑤 are first grouped
according to applied quantization function (e.g., for LLM.int8() [34],
each group will consist of tensors with the same applied scale value).
Then, weights in each group are further divided into subgroups
of weights quantizing to the same value. For example, in 4, rows
𝑤1,𝑤3, and𝑤2 are quantized with distinct scale values (32 and 16),

hence their weights are placed into groups 1 (𝑠1 = 𝑠3 = 32) and 2
(𝑠2 = 16). In group 1, 𝑤11,𝑤13,𝑤32, and 𝑤33 quantize to the same
value (yellow) and are placed in one subgroup;𝑤12 and𝑤32 quantize
to another value (blue) and are placed in another subgroup.

Per-subgroup compression. Similar to how we compress the low-
precision quantized weights, QStore’s conditional encoder then
compresses conditional information using Huffman compression
on a per-subgroup basis. If a chunk is not compressible enough
(e.g., due to high entropy, or very few unique values in a subgroup),
QStore skips encoding and stores that chunk uncompressed.

Remark. The combined size of QStore’s compressed quantized
weights and conditional information is much lower than the original
uncompressed size of both models; in fact, QStore’s size is close to
only compressing the high-precision model (e.g., via ZipNN, §6.2);
however, QStore additionally allows the low-precision model to be
directly retrieved without requiring in-memory quantization (§6.6).

4.3 QStore Format
This section describes how QStore stores an encoded high and low-
precision model pair. Each QStore model pair consists of two files—
the compressed quantized weights and conditional information.

Compressed Quantized Weights. QStore stores compressed low-
precision model weights alongside a header—chunk count, tensor
dimensions, and per-chunk metadata of (1) whether compression
was applied and (2) compressed and uncompressed chunk sizes.

Compressed Conditional Information. QStore stores conditional
information following group (i.e., quantization function), then sub-
group (i.e., post-quantization value) order. It maintains a header,
which stores (1) group-to-position mappings in the original model
(e.g., row number), and within each group, (2) the aforementioned
per-subgroup data. Notably, despite QStore also reordering the
weights in each group based on subgroups, it does not store per-
subgroup (row) weight position mappings: this is because the quan-
tized weights already contain the information, e.g., 𝑤13 assigned
to group 1, subgroup 1 in Fig 4 can be inferred to be row𝑤1’s 3𝑟𝑑
element based on the corresponding quantized weights in 𝑄1 (𝑤1).

4.4 Decoding from QStore
This section covers how a model pair stored with QStore can be
losslessly decoded to retrieve the high and/or low-precision models.

Retrieving the Low-PrecisionModel. Themodel’s quantizedweights
are encoded toQStorewith per-chunk Huffman compression into a
file (§4.2). Hence, directly loading the compressed quantizedweights
from QStore, and applying per-chunk huffman decompression al-
lows the low-precision model to be retrieved losslessly.

Retrieving the High-Precision Model. As QStore stores the en-
coded conditional information for the high-precision model w.r.t.
the low-precision model, it requires the low-precision model to
be retrieved first. Then, QStore’s decoder first decompresses the
conditional information, which is applied onto the low-precision
model weights to retrieve correct per-group weight ordering (§4.3.
Finally, QStore uses the stored group-to-row mappings to losslessly
reconstruct the high-precision model’s weight tensor.
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Figure 4: Compressing a tensor in the model pair with QStore. Weights in the high-precision model are grouped by the
quantization function (scale) applied, then subgrouped by the post-quantization value from the low-precision model.

Remark. QStore’s loading of the high or low-precision model is
faster than loading the respective model uncompressed, and compa-
rable to loading the respective model (separately) compressed with
an off-the-shelf tool (e.g., ZipNN, §6.3). However, as QStore jointly
stores the model pair, QStore achieves significant time savings for
loading the low-precision model versus the common practice of
loading the unquantized model, then quantizing it in memory (§6.6).

5 IMPLEMENTATION & DISCUSSION
Choice of Encoding Scheme. Our implementation of QStore uses

the FiniteStateEntropy library’s near-state-of-the-art Huffman en-
coding Huff0 [5]. However, other entropy-based encoding schemes
can be used instead, such as the FiniteStateEntropy coder from the
same library or non-Huffmanmethods. (e.g., arithmetic coding [15])

Efficient Decode Pipelining. We pipeline QStore’s per-tensor de-
coding for model loading (§4.4), where one tensor’s decompression
overlaps with the next tensor’s read. However, other parallelization
strategies can be used in its place [62, 73, 75], such as completely par-
allelizing tensor read and decompression, which may bring larger
benefits on specific hardware (e.g., local SSD [24, 74]).

Lazy Model Loading. As QStore’s encoding and decoding of
model pairs operate independently on each tensor, it can be nat-
urally extended to support lazy loading (e.g., similar to Safeten-
sors [9]). For lazy loading, we would not apply decode pipelining,
and only read and decompress tensors when required; we defer
detailed performance optimization and engineering to future work.

Generalizing to Multiple Precisions & Datatypes. While the use of
model pairs is common, many modern deployments require models
in more than two quantization formats (e.g., 4-bit mobile inference,
8-bit cloud inference, and 16-bit training). In such situations, all low
precision models (4-bit, 8-bit) are created by quantizing the high
precision (16-bit) model. QStore can be extended to store more-
than-two model chains, only requiring that the same group size is
used for the quantization to different precisions (verified in §6.7):
for the prior example,QStorewould store the INT4 model, the INT8

Table 1: Summary of models used for evaluation.

Model Params. Model Pair Size Modality
Qwen 2 Audio [31] 7B 19.9 GB Audio-Text
Mistral v0.3 [49] 7B 19.5 GB Text
Llama 3.1 [40] 8B 19.5 GB Text
Gemma 3 [78] 27B 72.7 GB Image-Text
Qwen 2.5 VL [21] 32B 87.7 GB Video-Image-Text
Deepseek Coder [97] 33B 91.9 GB Text (Coding)

| INT4 conditional encoding, and the FP16 | INT8 conditional en-
coding. As mentioned in §1, this extension would especially benefit
model storage hubs like HuggingFace [84] which can store multiple
quantized representations of the same model with significantly
lower storage cost versus separately storing precisions.

Compatibility with Precisions and Datatypes. While we evalu-
ate QStore with LLM.int8() and GPT-Q [39] quantization and the
FP16/BF16/INT8/INT4 datatypes (§6), QStore can be extended to
support other datatypes and group-based quantization methods:
QStore directly applies byte-level entropy coding for storage (§4.2);
only the group-wise weight ordering (in the low-precision model)
and conditional information are required to losslessly reconstruct
the high-precisionmodel (§4.4), both ofwhich are datatype-agnostic.

6 EVALUATION
In this section, we empirically study the effectiveness of QStore’s
quantization-aware model storage. We make the following claims:

(1) Effective Compression: QStore achieves up to 2.2× com-
pression ratio for storing a high and low-precision model
pair—up to 1.6× better than the next best method. (§6.2)

(2) Fast Retrieval: A model pair stored with QStore can be
loaded up to 1.8× faster versus alternative formats (§6.3).

(3) Fast Storage: A model pair can be stored with QStore up
to 2.8× faster than uncompressed storage, and 1.7× faster
versus alternative storage/compression methods (§6.4).

Deeper Performance analysis of QStore (Ours)
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Table 2: QStore’s storage cost (GBs) for storing a high and low precision model pair versus baselines. QStore achieves up to 2.2×
and 1.6× space savings versus storing the models uncompressed (Safetensors) and the next best alternative (ZipNN + Zstd).

Method Safetensors lz4 Zstd ZipNN (high prec) + Zstd (low prec) QStore (Ours)
Model Low High Total Low High Total Low High Total Low (Zstd) High (ZipNN) Total Low High |Low Total
Qwen 2 Audio 7B 6.622 13.244 19.866 6.647 13.296 19.943 5.891 10.303 16.194 5.891 8.780 14.671 5.893 3.572 9.465
Mistral v0.3 8B 6.500 13.000 19.500 6.524 13.051 19.575 5.734 10.124 15.858 5.734 8.629 14.363 5.734 3.379 9.113
Llama 3.1 8B 6.500 13.000 19.500 6.523 13.051 19.574 5.746 10.083 15.829 5.746 8.629 14.375 5.746 3.295 9.041
Gemma 3 27B 24.223 48.446 72.669 24.317 48.636 72.954 21.230 37.450 58.680 21.230 32.153 53.383 21.230 11.848 33.078
Qwen 2.5 VL 32B 29.248 58.496 87.744 29.164 58.718 87.882 25.226 44.869 70.095 25.226 39.013 64.239 25.295 13.940 39.235
Deepseek Coder 33B 30.621 61.243 91.864 30.697 61.483 92.180 27.030 47.959 74.989 27.030 40.572 67.602 27.041 14.548 41.589

(1) Effective Under Constrained Bandwidth: QStore en-
ables up to 2.2× faster model loading versus loading un-
compressed models under I/O-constrained scenarios (§6.5).

(2) ComparisonwithOnlineQuantization:The low-precision
model can be loaded from QStore up to 2.5× faster versus
loading and quantizing a high-precision model (§6.6).

(3) Effective Compression of Multi-Level Model Chains:
QStore achieves up to 2.46× compression ratio when stor-
ing model chains with more than two precision levels; this
is up to 1.78× better than the next best alternative. (§6.7)

6.1 Experimental Setup
Dataset (Table 1). We select 6 popular foundation models for

evaluation, which we further divide into 3 ‘small’ (<20B parameters)
and 3 ‘large’ (≥20B parameters) models. For each model, we create
a high and low-precision model pair consisting of the (1) original
BF16 model and (2) quantized INT8 model (via LLM.int8() [34],
unless otherwise stated, e.g., in §6.6 and §6.7) weights.

Methods. We evaluateQStore against existing tools and methods
capable of storing the high and low-precision model pairs:

• Safetensors [9]: The default uncompressed model storage
format [16, 18] of HuggingFace’s transformers library [84].

• lz4 [3]:We use the default compression level of 1.
• Zstd [4]:We use a compression level of 2.
• ZipNN [42]: A Huffman-based compression algorithm that

targets compression of 16-bit model weights. Since it cannot
compress 8-bit weights, in order to compare the storage
cost of both precisions, we use ZipNN for high precision
and the best alternative baseline (Zstd) for low precision.

We implement all methods to sequentially process tensors to and
from a single file for model saving and loading. Tensor read/write
and (de)compression are pipelined to overlap I/O and compute (§5).

Environment. We use an Azure Standard E80is (Intel(R) Xeon
Platinum 8272CL, 64-bit, little-endian) VM instance with 504GB
RAM. We read and write (compressed) model data to and from local
SSD for all methods. The disk read and write speeds are 1.5 GB/s
and 256.2 MB/s, respectively,1 with read latency of 7.49ms.2

Time Measurements. We measure (1) save time to compress and
store a model pair onto storage, and (2) load time to read and de-
compress the selected model(s) into memory. We force full data

1Measured with 𝑑𝑑 with 1𝑀𝐵 block size, reading 1024 blocks from a model file.
2Measured with iostat -x.

writing (via sync [14]) and reading during model saving and load-
ing. We perform data reading and writing with a single thread and
compression/decompression with 48 threads for all methods.

Reproducibility. Our implementation of QStore and experiment
scripts can be found in our Github repository.

6.2 QStore Saves Model Storage Cost
This section studies QStore’s model storage cost savings. We store
model pairs to disk with each method, and compare the resulting
on-disk file sizes of QStore versus alternative methods in Table 2.

QStore’s file size is consistently smallest, and is up to 2.2× and
1.6× smaller versus Safetensors (uncompressed) and next best com-
pression method (ZipNN + Zstd), respectively. As hypothesized in
§2.2, Zstd and lz4 achieve suboptimal compression ratios due to the
traditional compression techniques they utilize being ineffective
on noisy, high-entropy model tensor data—notably, lz4 achieves no
benefits storage-wise. While ZipNN effectively compresses just the
high-precision model into a size smaller (up to 6.3%) versus QS-
tore’s model pair, its specialization for the FP16/BF16 data formats
leads to it having to rely on a different, less effective compression
algorithm (Zstd) for storing the low-precision model, leading to
QStore’s stored model pair being 1.6× smaller than the pair stored
with ZipNN + Zstd. QStore’s high compression ratio translates to
significant (52%-55%) space savings across model sizes: storing the
Deepseek Coder’s model pair with QStore takes only 42GB versus
the 92GB of storing the models as is without compression.

Effective Conditional Information Storage. QStore’s compressed
conditional information (High|Low) only takes up to 39% of the total
size, and accordingly contributes only up to 40% of the model pair
loading time (Fig 5, Fig 6) across all 6 models. This shows QStore’s
conditional encoding’s effectiveness in reducing storage and load
time redundancies incurred by the typical approach of users storing
and using both the high and low-precision models as is (§1).

6.3 QStore Saves Model Load Time
We investigate QStore’s time savings for loading a model pair. We
store the model pair using each method, then measure the time
taken for loading one or both models from storage into memory.

We report results for loading both models in Fig 5. QStore saves
significant time in cases where simultaneous access to both models
(e.g., model cascade and chaining §1 or interactive computing [57–
60]) is required; it loads the model pair up to 2.2× and 1.8× faster
than separately loading the twomodels stored without compression
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Figure 5: Decoding time when we need both high-precision
and low-precisionmodels, versus storage costs:QStore’s loads
the model pair up to 2.2× and 1.8× faster versus loading un-
compressed models and compression baselines.
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Figure 6: Decoding time when we only need high-precision
models, versus storage costs: QStore loads the model up to
1.4× faster versus loading uncompressed, comparable (±5%)
to loading with a specialized compression algorithm (ZipNN).
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Figure 7: QStore’s encoding time for saving a model pair ver-
sus baselines. QStore saves the models 2.8× faster versus un-
compressed storage, and is up to 1.7× faster than storing the
models with an applicable compression algorithm.

(Safetensors) or with an applicable compression algorithm (Zstd),
respectively; one significant cause of faster loading is the QStore’s
model pair size being significantly smaller than that of by separately
storing the two models with alternative approaches (§6.2), which
saves I/O costs especially under constrained bandwidths (§6.5).

Comparable High-Precision Model Load Time (Fig 6). QStore
loads the high-precision model up to 1.4× faster versus loading
uncompressed (Safetensors), and has comparable loading times ver-
sus loading it with a specialized method (±5%, ZipNN). QStore still
saves storage space in this case as it jointly stores the low-precision
model (when it is needed): While storing the low-precision model is
not required for the latter to load the high-precision model (unlike
QStore), the alternative of not storing the low-precision model can
result in high online quantization costs (§6.6).

6.4 QStore Enables Faster Model Storage
This section investigates QStore’s time for storing model pairs. We
measure the time taken for storing a model pair from memory into
storage with the QStore format versus alternative methods.

Table 3: Average bits per weight to store each model pair.

Model Safetensors Zstd QStore (Ours)
Qwen 2 Audio [31] 24 19.564 11.434
Mistral v0.3 [49] 24 19.518 11.216
Llama 3.1 [40] 24 19.482 11.127
Gemma 3 [78] 24 19.379 10.925
Qwen 2.5 VL [21] 24 19.173 10.732
Deepseek Coder [97] 24 19.591 10.865
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Figure 8: QStore’s decoding time (secs) versus read bandwidth
for two selected models. QStore’s smaller incurred storage
size saves loading time by 2.2× at lower bandwidths.

We report results in Fig 7. QStore’s model pair storing time is
up to 1.7× and 2.8× faster compared to the next best compression
scheme and non-compression method, respectively. Notably, given
each model pair, uncompressed methods need to write 24 (16 + 8)
bits per model weight to disk, whereas QStore significantly reduces
the bit count to 10.7-11.5 (Table 3), which is also smaller than the
19.1-19.6 bits incurred by separately compressing both models with
Zstd. Expectedly, QStore’s number of incurred bits is in alignment
with QStore’s high compression ratio (Table 2).

6.5 High Savings on Constrained Bandwidths
This section studies the effect of I/O bandwidth on QStore’s time
savings. We perform a parameter sweep on bandwidth from SSD
by throttling with systemd-run [19] (verified using iostat [17])
and measure the time to load a model pair stored with QStore vs
uncompressed storage (Safetensors) at various bandwidths (Fig 8).

While QStore is faster than uncompressed loading at all band-
widths, the speedup increases from 1.7× (500MB/s) to 2.1× and 2.2×
in the lowest bandwidth settings (20MB/s) for the small Llama 3.1
model and large Qwen 2.5 VL model, respectively. Notably, the ab-
solute time saving of QStore versus uncompressed is 2483 seconds
for loading the Qwen model at 20MB/s; this time saving signifi-
cantly improves user experience in the common scenario where
models are downloaded from cloud storage with limited network
bandwidth (typically 30MB/s [42], grey vertical lines in Fig 8).

6.6 Faster Versus Online Quantization
This section studies QStore’s time savings for loading the low-
precisionmodel versus online quantization.We create QStoremodel
pairs for the same high-precision model quantized with different
quantization algorithms (GPT-Q and LLM.int8()), then measure
time taken for QStore to load the (i) low-precision model versus (ii)
loading the high-precision model and then quantizing it on-the-fly.

We report results in Fig 9. QStore saves up to 47.3× loading time
versus online quantization with the nonlinear, 2𝑛𝑑 order method
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Figure 9: QStore’s decoding via loading the low precision
model saves up to 47.3× time versus loading then quantizing
the high precision model on-the-fly.
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Figure 10: QStore’s storage costs for a 3-model chain versus
baselines.QStore’s conditional compression of high-precision
models w.r.t. low-precision models saves up to 2.46× and
1.78× space versus uncompressed storage and ZipNN +Zstd.

GPT-Q (Fig 9a), whose complex and loss-aware quantization takes
∼7 minutes on the Mistral 7B model. Even versus the much faster
quantization method LLM.int8() (as implemented in bitsandbytes),
which only performs grouping, scaling and rounding in < 2 seconds
on Mistral 7B, QStore still saves up to 2.53× in end-to-end model
loading time as QStore’s compressed model pair is significantly
smaller than the uncompressed high-precision model (Fig 9c).

6.7 Handles Multi-Level Model Chains
This section studies QStore’s generalizability to more-than-two
model chains. We create a 3-model chain of FP16, INT8, and INT4
precisions using GPT-Q quantization with group size of 512, then
compare storage cost of storing the model chain with QStore (fol-
lowing procedures described in §5) versus alternative methods.

We report results in Fig 10.QStore achieves up to 2.46× and 1.78×
savings versus Safetensors and ZipNN +Zstd, respectively.QStore’s
largest savings come from the FP16 and INT8models: this is because
QStore stores the INT8 model as a conditional of the INT4 (i.e.,
INT8|INT4), then stores the FP16 model as a conditional of the INT8
(i.e., FP16|INT8). By bypassing the storage of redundant information
(§6.2), QStore achieves up to 4.46× and 2.98× savings for the FP16
portion alone versus Safetensors and ZipNN, respectively. Note
that these savings are even greater than the model pair storage case
because of the nature of our conditional encodings.

7 RELATEDWORK
Matrix Compression for Machine Learning. Matrix compression

has been extensively explored for ML model weights [22, 36, 54, 56,
72]. These works exploit specific properties present in ML model
weight matrices such as inherent sparsity, column correlations, and
low distinct value counts [92] to apply custom compression schemes

more effective than off-the-shelf compression algorithms, aiming to
fit the weight matrices in memory for performing efficient computa-
tions directly on the compressed data [56, 72]. Grouping techniques
are prevalent in these works, for example, CLA [36] jointly performs
column grouping and selection of per-column-group compression
algorithms to apply, SLACID [54] and [22] performs per-group
compression on a matrix block granularity, and TOC [56] applies
compression on minibatches of input data. In comparison, QStore
exploits the natural grouping incurred by quantization schemes to
perform joint compression on multiple models of varying preci-
sion on LLM weights, which are more difficult to compress due to
different properties such as inherent randomness and density [47].

Mixed-Strategy Compression. Works have explored applying dif-
ferent compression algorithms on different data subsets to achieve
higher compression rates [44, 45, 48, 71, 90]. DeepSqueeze uses au-
toencoders to store tuples in tabular data, then applies per-dataset
code-to-tuple mappings with the best compression algorithm found
by brute-force (e.g., run-length, delta compression). HIRE [90] uses
reinforcement learning to estimate the best compression algorithm
for each point in a timeseries. While QStore orthogonally studies
multi-precision model storage, incorporate these works’ techniques
into QStore such as replacing our current Huffman compression
on a per-model basis (§4.2) can be valuable future work.

Adaptive Data Formats for Machine Learning. There exists works
that adapt to the input data for ML model weights [32, 33, 55, 66,
83] and learned indexes [28–30, 61]. These works have influenced
recent quantization schemes (e.g., LLM.int8() [34]), focusing on
dynamically selecting the per-group exponent bit count for vectors
based on data distribution (e.g., max/min values [32, 83]). Groups are
often user-defined (e.g., tensors [32, 83] or group size 𝑛 [33]), while
per-group exponent bit count selection can be done either reactively
(e.g., increasing on overflow [32, 83]) or proactively (e.g., tracking
value trend during model training [55]). QStore complements these
methods, being in principle applicable to these works’ group-based
techniques (now also seen in quantization) to reduce data sizes.

8 CONCLUSION
In this paper, we introducedQStore, a unified file format for storing
a high and low-precision model pair. QStore defines a novel repre-
sentation for storing conditional information present in the high-
precision model but not in the low-precision model. For storage,
QStore stores the low-precision model and applies novel grouping
techniques on the conditional information to achieve high com-
pression ratios. Then, a model pair stored in the QStore format
can be losslessly decoded to load the low or high-precision model
(or both). We showed via experimentation that QStore reduces the
storage footprint of model pairs by up to 2.2× while enabling up to
2× and 1.6× faster model pair saving and loading versus existing
approaches, respectively, while also generalizing to a wide range of
datatypes, quantization methods, and more-than-two model chains.
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