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Abstract

As Vision-Language Models (VLMs) grow increasingly large and so-
phisticated, they face growing demands in memory, computation, and en-
ergy consumption, limiting their accessibility and sustainability. This has
led to an urgent need for more efficient training and inference techniques,
among which low-precision training has emerged as a particularly promis-
ing paradigm. Low-precision training refers to representing and comput-
ing model parameters, activations, and gradients using reduced-bit for-
mats (e.g., 8-bit, 4-bit, or even binary), rather than the conventional 32-
bit floating-point representation. This approach offers significant reduc-
tions in memory footprint, bandwidth requirements, and computational
cost, enabling faster training cycles, larger batch sizes, and more affordable
hardware deployment. However, applying low-precision training to VLMs
presents a unique set of challenges due to the multimodal nature of these
models, which combine visual and textual inputs and often rely on complex
attention mechanisms and cross-modal fusion modules. These components
are sensitive to numerical precision, and naive quantization can lead to un-
stable training dynamics, misalignment between modalities, and substantial
accuracy degradation.

This survey provides a comprehensive and detailed overview of the cur-
rent landscape of low-precision training for large VLMs, synthesizing re-
cent advances across algorithmic, architectural, and empirical dimensions.
We begin with the mathematical formulation of quantized training, intro-
ducing the key concepts of discretization, straight-through estimators, and



quantization-aware optimization. We then review a wide range of quantiza-
tion techniques, including post-training quantization (PTQ), quantization-
aware training (QAT), mixed-precision strategies, learned step size quan-
tization (LSQ), and state-of-the-art post-hoc methods such as GPTQ and
AWQ. Each method is analyzed in terms of its applicability to VLM com-
ponents, such as vision encoders, language models, and multimodal fusion
layers. We also introduce quantization-aware architectural designs, illus-
trated with schematic diagrams, that show how precision can be allocated
strategically across different model stages to balance efficiency and accu-
racy. Empirical evaluations are extensively discussed, highlighting how low-
precision training affects model performance on key vision-language tasks
like visual question answering (VQA), image-text retrieval, and image cap-
tioning. We compare accuracy retention, memory savings, and training
throughput under different quantization regimes, and present case studies
that reveal the design decisions behind successful quantized VLMs such as
BLIP-2, Flamingo, and MiniGPT.

Despite the progress made, several open problems remain, including
the lack of theoretical tools to predict quantization sensitivity, the dif-
ficulty of stabilizing training in ultra-low-bit settings, the underdevelop-
ment of hardware-software ecosystems for low-precision training, and the
insufficiency of current evaluation metrics in capturing multimodal fidelity
and alignment under quantization. We discuss these challenges in depth
and propose a roadmap for future research, emphasizing the importance
of quantization-native architectures, robust training algorithms, hardware-
aligned design, and new benchmarks that reflect the nuanced requirements
of VLMs. We argue that low-precision training is not merely a technical
optimization, but a foundational shift that enables more scalable, sustain-
able, and inclusive multimodal AI. As VLMs continue to scale and move
toward broader deployment in real-world applications—from interactive as-
sistants to mobile devices and embedded systems—Ilow-precision methods
will be critical to ensuring that these systems are not only powerful, but
also efficient and widely accessible. This survey aims to serve as both a
reference and a call to action for researchers, practitioners, and system de-
signers working at the forefront of efficient vision-language learning.

Keywords: Vision-Language Models, Low-Precision Training, Quantization, Mul-
timodal Learning, Efficient Deep Learning, Model Compression, Transformer Op-
timization

1 Introduction

In recent years, Vision-Language Models (VLMs) have experienced an unprece-
dented surge in development, driven by breakthroughs in deep learning archi-



tectures, increased availability of large-scale multimodal datasets, and growing
computational resources [1]. These models, which aim to jointly process visual
and textual modalities, have demonstrated remarkable performance across a wide
array of tasks, including image captioning, visual question answering (VQA), vi-
sual reasoning, and zero-shot classification [2]. Examples of such models include
CLIP, ALIGN, Flamingo, BLIP-2, and many more. While these advancements
have been transformative, they have also led to a dramatic increase in the size
and complexity of the underlying architectures. Consequently, the training and
deployment of VLMs have become exceedingly resource-intensive, often requiring
hundreds of GPUs and vast energy consumption. This raises concerns not only
about accessibility and scalability but also about sustainability and environmen-
tal impact [3]. To address these concerns, there has been a growing interest in
developing methods that reduce the computational burden associated with train-
ing and fine-tuning large VLMs [4]. Among the most promising approaches in this
space is low-precision training, which refers to the practice of representing and ma-
nipulating model parameters and activations using fewer bits than the standard
32-bit floating-point (FP32) format. Techniques such as mixed-precision training,
quantization-aware training, and fully quantized low-bit training (e.g., 8-bit, 4-bit,
and even binary formats) have gained traction as potential enablers of efficient
large-scale model training. The appeal of these methods lies in their potential to
significantly reduce memory footprint, lower bandwidth requirements, and accel-
erate computations, all while preserving, or minimally degrading, model accuracy
[5]. Low-precision training is not merely a hardware optimization; it is a com-
plex algorithmic endeavor that requires carefully designed quantization schemes,
robustness to numerical instability, and fine-grained calibration of training dy-
namics [6]. These challenges are exacerbated in VLMs due to their dual-modality
nature, where vision and language components often require different forms of
representation and optimization. Vision backbones (such as ViT, ResNet, or Swin
Transformer) and language models (such as BERT, T5, or GPT) respond differ-
ently to quantization, with varying sensitivity to reduced numerical precision [7].
Furthermore, multimodal fusion modules—responsible for integrating visual and
textual features—pose additional obstacles due to their intricate design and their
dependence on cross-attention mechanisms that can be particularly vulnerable to
precision-induced noise [8]. The need for low-precision techniques becomes even
more pronounced when considering scenarios such as continual learning, domain
adaptation, or real-time inference on edge devices, where computational budgets
are severely constrained [9]. Moreover, the democratization of VLMs depends
heavily on the ability of researchers and practitioners with limited resources to
train and fine-tune large models [10]. Low-precision training offers a pathway to-
ward this goal, enabling broader participation in the development of state-of-the-



art Al systems [11]. However, the transition from full-precision to low-precision
training introduces a host of open questions: How does quantization affect cross-
modal alignment? What trade-offs exist between bit precision and generalization
capability [12]7 Can low-precision models achieve comparable performance on
downstream tasks without access to high-precision pretraining [13|? This survey
aims to provide a comprehensive overview of low-precision training techniques as
applied to large VLMs. We begin by reviewing the foundational principles of
quantization and mixed-precision computing, with a focus on their application in
both vision and language domains [14]. Next, we delve into recent advancements
in quantization-aware training strategies, including quantization-friendly architec-
tures, progressive quantization schedules, and gradient scaling techniques. We then
examine case studies of successful low-precision VLM implementations, highlight-
ing their design choices, empirical performance, and deployment considerations. In
addition, we explore the implications of low-precision training for transfer learn-
ing, few-shot adaptation, and robustness to distribution shifts [15]. Finally, we
discuss the current limitations of this approach, identify key research challenges,
and outline potential future directions for the field [16]. In summary, the conver-
gence of large-scale multimodal learning and efficient low-precision computation
represents a critical frontier in modern Al research [17]. As models continue to
scale and permeate real-world applications, the importance of computational effi-
ciency will only grow. Through this survey, we seek to illuminate the landscape of
low-precision training for VLMs, bridging the gap between theoretical innovation
and practical implementation, and paving the way for more accessible, efficient,
and sustainable vision-language models.

2 Background and Mathematical Foundations

The training of large-scale Vision-Language Models (VLMs) can be formally de-
scribed as an optimization problem over high-dimensional parameter spaces, with
the goal of minimizing a loss function £(6) with respect to the model parameters
0 € R™. Let the model be denoted by fy : X, x X} — ), where &, and X] represent
the visual and linguistic input spaces, respectively, and ) denotes the output space
(e.g., a probability distribution over classes, or a sequence of tokens) [18]. During
training, the objective is to find the optimal set of parameters #* that minimizes
the expected loss over the joint data distribution D:

0" = arg gg}% E(zy,21,9)~D [L(fo(xv, 21),9)]

In the context of low-precision training, however, we do not operate directly in
the full-precision parameter space R", but rather in a quantized space Q}, where



Qp denotes the set of representable numbers in a b-bit fixed-point or floating-point
format [19]. Thus, the training process is modified to incorporate a quantization
function @ : R — Q, applied to both model parameters and potentially also to
activations, gradients, and optimizer states. The effective model during training
becomes fq,(9), and the optimization problem can be reframed as:

0* = arg ggﬁnﬂ E (0 21,4)~D [ﬁ(be(e)(fEm 1), Z/)}

Quantization introduces discontinuities and non-differentiability into the pa-
rameter space, making the optimization landscape significantly more challenging.
To cope with this, most low-precision training approaches adopt differentiable ap-
proximations during the backward pass, such as the Straight-Through Estimator
(STE), which bypasses the non-differentiability of @, by setting % ~ 1 [20].
Although this approximation enables the use of stochastic gradient descent (SGD)
and its variants, it introduces approximation errors that can accumulate dur-
ing training, potentially destabilizing convergence, especially in large-scale, mul-
timodal settings. Let us consider the typical training dynamics of a transformer-
based VLM, which includes both vision and language encoders, as well as a mul-
timodal fusion module [21]. Each encoder layer consists of self-attention blocks
and feed-forward networks, all of which involve matrix multiplications, layer nor-
malization, and non-linear activations such as GELU. In standard training, these
operations are computed using full-precision arithmetic. Under a low-precision
regime, these operations are approximated as follows:

T

Attention(Q, K, V') = softmax (QK
vy,
where (), K, and V are the query, key, and value matrices, and Q,(-) de-
notes quantization to b bits. The softmax function, being sensitive to numerical
precision, may exhibit instability under aggressive quantization (e.g., b = 4 or
lower), necessitating the use of clipping techniques, rescaling, or logit-aware quan-
tization to preserve its dynamic range. Furthermore, when quantizing gradients
VoL, special care must be taken to avoid vanishing or exploding gradients due to
reduced precision [22]. Techniques such as gradient scaling, dynamic loss scaling,
and quantization-aware optimization (e.g., QAdam or LSQ) have been proposed
to mitigate these issues. Let us denote the quantized gradient as g, = Qy(VoL),
and the quantized optimizer update as:

)V = Attention(Qy(Q), Qs(K), Qs(V))

Orp1 = Qp (0r — nQy ()

where 7 is the learning rate [23]. This nested quantization leads to the prop-
agation of quantization noise through each training step, affecting convergence



rate and final model accuracy. In practice, many training pipelines maintain cer-
tain components (such as the first and last layers, or normalization parameters)
in higher precision (e.g., FP16 or BF16), resulting in mixed-precision training
schemes that strike a balance between efficiency and performance [24]. In the vi-
sion component of VLMs, convolutional and transformer-based backbones can be
especially sensitive to weight quantization, due to their reliance on fine-grained
spatial relationships and positional embeddings. On the other hand, the lan-
guage component, often pre-trained separately and later integrated into the VLM,
might tolerate quantization more robustly due to the redundancy in token-level
representations [25]. This asymmetry in quantization sensitivity across modalities
introduces an additional layer of complexity in the design of training protocols
[26]. Moreover, the multimodal fusion module, which combines features from
both domains (e.g., through cross-attention or co-attention mechanisms), must be
quantized carefully to avoid disrupting the learned alignment between vision and
language spaces [27]. Another essential consideration is the representation of em-
beddings. Word embeddings, visual patch embeddings, and positional encodings
are foundational to VLM performance [28]. Quantizing these components involves
not just static bit truncation but also dynamic range calibration and distribution-
aware quantization. Let e € R? be an embedding vector. Uniform quantization
maps e to Qy(e) via:

€, —

Qu(e) = cip (| | A+ . B, B

where A is the quantization step size, « is the minimum representable value,
and Suin, Omax define the clamping range. Choosing A and « adaptively dur-
ing training is critical for minimizing information loss. Non-uniform quantization
schemes, such as logarithmic quantization or learned step size quantization (LSQ),
can further improve representational fidelity under tight bit budgets [29]. In con-
clusion, the mathematical formulation of low-precision training for large VLMs
encapsulates a rich interplay between optimization theory, numerical analysis, and
neural network design. The transition from full-precision training to quantized
regimes demands both theoretical rigor and empirical innovation, as it challenges
long-standing assumptions about differentiability, convergence, and representa-
tional capacity [30]. In the following sections, we explore concrete techniques,
architectures, and empirical results that have enabled the practical application
of low-precision training to some of the most sophisticated and capable VLMs
developed to date [31].



3 Quantization Techniques for Vision-Language
Models

Quantization is the core enabler of low-precision training, allowing for substantial
reductions in memory usage and computational cost by representing numerical
values with fewer bits. Various quantization strategies have been proposed and
applied to large-scale models, each with its own set of trade-offs between compu-
tational efficiency and accuracy retention [32]. In this section, we explore these
techniques in the context of Vision-Language Models (VLMs), where both visual
and linguistic streams must be quantized either independently or jointly in a unified
framework [33]. Table 1 provides a taxonomy of popular quantization approaches,
highlighting their primary characteristics, target components, and typical applica-
tions in state-of-the-art VLMs [34].

Table 1: Summary of quantization methods for Vision-Language Models. Com-
pared by bit-width, granularity, components, and training applicability.

Method Bits Granularity Components Trainable

PTQ 8 Layer / Tensor | Weights (Vi- No
sion/lang)

QAT 4-8 | Channel / Group | Weights + Activa- Yes
tions

MPT 4-16 Op-level All (incl.  atten- Yes
tion, MLP)

LSQ 2-8 Channel Weights + Activa- Yes
tions

GPTQ / AWQ 2-8 | Group / Token | Transformer Limited
blocks

SmoothQuant 8 Layer (aligned) | Weights 4+ Activa- No
tions

Integer-only 8 Layer / Op Edge-friendly ops No

Among the most foundational strategies is Post-Training Quantization (PTQ),
which applies quantization to a pre-trained full-precision model without modifying
its training process. PTQ is typically used for 8-bit quantization of weights and
sometimes activations, using simple statistical calibration techniques (e.g., min-
max or percentile clipping). While PTQ is attractive due to its simplicity and
zero training overhead, it often suffers from accuracy degradation, particularly in
deeper or more sensitive models like large transformers, where quantization noise
accumulates through successive layers [35]. This limitation is particularly pro-
nounced in VLMs due to the modality alignment requirement, where even small
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perturbations in representation space can lead to semantic misalignment between
vision and language streams. To overcome PT(Q’s limitations, Quantization-Aware
Training (QAT) introduces quantization into the training loop by simulating quan-
tization operations during both the forward and backward passes [36]. This allows
the model to adapt its parameters in a way that anticipates and compensates for
quantization-induced errors. QAT supports both weights and activations and is
often implemented with fake quantization modules that track scale and zero-point
parameters. QAT has been successfully used to train 4-bit and even 2-bit models
with only modest losses in performance, but it requires careful tuning of learning
rates, calibration schedules, and loss scaling to remain numerically stable in prac-
tice. This is especially critical in the case of VLMs, where backpropagation must
propagate through both the visual encoder and the language model simultaneously,
making quantization effects more pronounced. Mixed-Precision Training (MPT)
is another widely adopted approach, where different components of the model are
trained using different numerical precisions based on their sensitivity. For example,
attention scores may be kept in FP16 or BF16 due to their sensitivity to numer-
ical error, while feed-forward weights and residuals may be quantized to 8-bit or
lower. MPT provides a practical trade-off between accuracy and efficiency, and has
been incorporated into most industrial-scale training frameworks (e.g., NVIDIA
Apex, DeepSpeed, and HuggingFace Accelerate). In large-scale VLMs, such as
Flamingo or BLIP-2, MPT has proven essential for managing memory and accel-
erating training throughput, especially in multi-GPU or distributed settings [37].
A more advanced form of quantization, Learned Step Size Quantization (LSQ),
treats the quantization scale A as a learnable parameter that is optimized along-
side model weights [38]. This enables more precise control over the quantization
process and improves accuracy in low-bit regimes [39]. In mathematical terms,
LSQ seeks to minimize the quantization error ||z — Qa(x)||3 over both z and A,
where QA is the quantizer defined by a step size A:

A

This parameterization allows gradients to flow through A, enabling gradient-
based optimization via backpropagation [40]. For VLMs, LSQ is particularly valu-
able in modules with high variance, such as cross-modal attention, where static
quantization parameters may fail to capture the temporal dynamics of feature
alignment. Recently, methods such as GPTQ (Gradient Post-Training Quanti-
zation) and AWQ (Activation-aware Weight Quantization) have emerged as effi-
cient quantization schemes for extremely large language models. Although origi-
nally designed for autoregressive transformers, these techniques are being explored
for VLMs, particularly in decoder-only architectures like LLaVA or MiniGPT.
These methods leverage second-order approximations of the loss surface to quan-

QA(QJ) = Clip (round (l’) 7 _2b717 2{;71 _ 1) A



tize weights post-hoc with minimal accuracy loss. While currently more suited
for inference-time deployment than training, they represent a promising direction
for extending quantization to very large multimodal systems without the need for
full retraining. Lastly, techniques such as SmoothQuant and Integer-only Quanti-
zation aim to enable hardware-friendly inference by transforming activations and
weights into integer representations that can be executed efficiently on edge de-
vices [41]. These methods are less commonly applied during training, but they are
vital for VLM deployment in mobile, embedded, and low-power environments [42].
They often require model restructuring, fusion of normalization layers, and careful
calibration on representative datasets. In summary, quantization techniques have
evolved from simple post-training heuristics to sophisticated training-integrated
frameworks that leverage learning dynamics, distributional priors, and hardware
constraints [43]. The choice of quantization strategy in VLMs depends on multiple
factors, including target hardware, acceptable accuracy degradation, training bud-
get, and desired deployment scenarios. In the next section, we will examine how
these quantization techniques are applied in practice to state-of-the-art VLMs,
comparing empirical performance and identifying best practices for different use
cases.

4 Architectural Considerations and Quantization-
Aware Design

Designing Vision-Language Models (VLMs) that are amenable to low-precision
training requires thoughtful architectural decisions [44]. Quantization is not a
plug-and-play solution; its success often hinges on the underlying model structure
and the compatibility of various components with limited numerical precision [45].
As VLMs are inherently multimodal, any quantization-aware design must account
for the distinct properties of the vision encoder, the language model, and the
multimodal fusion layers. In this section, we analyze these components through
the lens of quantization sensitivity and introduce a high-level schematic, shown
in Figure 1, that illustrates the data flow and precision allocation in a quantized
VLM architecture.

As shown in Figure 1, quantization is selectively applied to different compo-
nents of the VLM pipeline. The vision encoder, typically a Vision Transformer
(ViT), is quantized to 8-bit precision for both weights and activations [46]. This is
often achieved using channel-wise quantization granularity, which helps preserve
fine-grained feature patterns in early layers. Since ViTs operate on patch embed-
dings and rely heavily on attention mechanisms, careful calibration of quantization
scales is necessary to avoid information loss in the early stages of visual feature
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Figure 1: Vertical layout of a quantization-aware VLM architecture. Blue boxes
are core components; red dashed boxes indicate quantized modules with specific
bit-widths. Fusion modules use mixed-precision to balance trade-offs.

extraction. Additionally, vision layers benefit from weight sharing and attention
sparsity, making them more robust to quantization than convolution-based alter-
natives in certain cases. On the language side, encoder-based architectures such as
BERT or RoBERTa are also quantized to 8-bit precision. The token embeddings
and layer normalization parameters are often kept in higher precision (e.g., FP16)
to maintain representational consistency across layers. Interestingly, language en-
coders show a higher degree of tolerance to quantization noise, especially when
pretrained representations are rich and overparameterized. This has motivated
the community to apply more aggressive quantization techniques (e.g., 4-bit) to
language models without retraining, particularly in downstream applications. The
multimodal fusion block, which integrates outputs from both encoders, presents a
more delicate challenge. Fusion layers typically consist of cross-attention modules,
gated co-attention, or bilinear pooling, all of which are sensitive to the dynamic
range of input modalities [47]. Quantization in these layers must be handled
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with particular care [48]. As indicated in the figure, a common strategy is to
apply mixed-precision quantization here—retaining higher precision in attention
score computations while compressing feed-forward projections [49]. This hybrid
approach ensures that semantic alignment between vision and language is pre-
served without introducing prohibitive compute overhead. Finally, the task head,
which outputs logits or structured predictions, is often quantized selectively [50].
While some applications tolerate 8-bit outputs (e.g., classification), others, such
as captioning or VQA, require higher precision (e.g., FP16) to maintain fluency
and correctness in generation tasks [51]. In such cases, only the internal projec-
tion weights are quantized, and the final output remains in higher precision to
avoid performance degradation [52]. Incorporating quantization-awareness dur-
ing model design also involves several auxiliary techniques [53]. These include
using quantization-friendly activation functions (e.g., ReLU or HSwish instead of
GELU), inserting fake quantization nodes during training, and modifying residual
path scales to accommodate lower-bit representations. Additionally, model archi-
tectures may be adjusted to limit the depth of fusion layers, reduce the variance
of attention scores, or apply layer-wise loss reweighting to prioritize quantization-
sensitive outputs. To conclude, quantization-aware VLM architecture design is
an interdisciplinary effort that brings together numerical optimization, hardware-
awareness, and neural architecture design. By analyzing the sensitivity of each
module to quantization and adapting precision allocation accordingly, it is pos-
sible to train large, performant VLMs under constrained computational budgets.
These principles are essential as we move toward scalable, deployable multimodal
Al systems that can operate in real-time, low-resource, or edge environments. The
next section explores the empirical outcomes of such designs, drawing from case
studies in recent literature.

5 Empirical Evaluations and Case Studies

Empirical evaluation of low-precision training for Vision-Language Models (VLMs)
provides a critical benchmark for assessing the practical viability of quantization
strategies in large-scale, real-world scenarios [54]. While theoretical underpinnings
and architectural design offer strong motivations for the adoption of low-bit repre-
sentations, it is the quantitative performance on downstream tasks that ultimately
determines the success or failure of such methods [55]. This section provides an
in-depth exploration of empirical results from the literature, focusing on accuracy,
memory usage, training speed, and deployment metrics across several representa-
tive VLMs. Furthermore, we analyze case studies from prominent recent models,
examining how their design and training protocols adapt to quantization con-
straints and identifying patterns and best practices that emerge from their success
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[56]. One of the most consistent findings across studies is that 8-bit quantization
of weights and activations generally preserves model performance with negligible
degradation on standard vision-language benchmarks [57]. For example, mod-
els such as BLIP-2, Flamingo, and MiniGPT have been successfully quantized to
8-bit precision using quantization-aware training (QAT) or post-training quanti-
zation (PTQ), showing only a 0.5-1.0% drop in zero-shot accuracy on tasks such
as image-text retrieval, VQA, and captioning [58]. In contrast, when precision
is reduced to 4-bit, performance trade-offs become significantly more pronounced
and heavily dependent on the specifics of the quantization scheme. For instance,
LSQ and QLoRA techniques have demonstrated the potential for retaining up
to 95% of baseline performance at 4-bit precision, but only when coupled with
precision-aware architectural adjustments, careful learning rate scheduling, and
large-scale training regimes [59]. Without such compensatory strategies, naive
4-bit quantization can lead to catastrophic degradation in multimodal alignment,
causing hallucination in text generation or semantic drift in classification tasks [60].
Training dynamics under low-precision regimes also exhibit unique behaviors that
deviate from conventional full-precision training. Low-bit gradients often result
in slower convergence due to the limited dynamic range and discretization error
[61]. To counter this, many case studies report the use of dynamic loss scaling,
gradient clipping, and adaptive learning rates to stabilize training. For instance,
in the case of quantized BLIP-2, the authors employ per-layer adaptive quantiza-
tion scales and mixed-precision residual connections to preserve information flow
in early training epochs [62]. The training process is also typically longer, as mod-
els require more iterations to reach comparable generalization levels. However,
the trade-off is offset by significant savings in memory consumption—up to 4x
compared to FP32 training—and up to 2x faster throughput on modern accelera-
tors, especially when low-precision hardware kernels are leveraged (e.g., NVIDIA’s
Tensor Cores or AMD’s Al Engines). Memory footprint and computational effi-
ciency are among the most compelling advantages of low-precision training. In one
representative experiment, quantizing a 6B parameter VLM from FP32 to INT8
reduced memory usage from over 100 GB to under 30 GB, enabling training on
a single high-end GPU instead of a multi-GPU setup [63]. When combined with
quantized optimizers (such as 8-bit Adam or Lion), memory savings become even
more substantial, extending beyond weights and activations to optimizer states.
This has profound implications for democratizing access to large-scale model train-
ing, allowing researchers, developers, and small organizations to experiment with
architectures that would otherwise be inaccessible due to hardware constraints [64].
Additionally, low-precision training facilitates faster training cycles and improved
scalability in distributed settings, where reduced communication overhead from
smaller tensors can accelerate synchronization across nodes. From a deployment
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standpoint, low-precision VLMs unlock the possibility of real-time, on-device in-
ference [65]. Case studies involving LLaVA and MiniGPT demonstrate that once
quantized, these models can be deployed on consumer-grade hardware—including
mobile devices and embedded platforms—without a significant loss in user expe-
rience. Tasks such as visual question answering and multimodal dialogue become
viable in latency-sensitive applications such as robotics, AR/VR, and accessibility
tools [66]. However, such deployment scenarios also expose the fragility of low-
precision systems, particularly in the presence of domain shift or noisy inputs.
Empirical evidence suggests that quantized models are more susceptible to distri-
butional drift, adversarial attacks, and numerical instability, prompting the need
for robust quantization-aware fine-tuning and calibration techniques [67]. Another
axis of empirical investigation involves the comparative study of different quanti-
zation strategies across a uniform task suite. For example, when comparing LSQ),
GPTQ, and QAT on a common dataset such as MSCOCO for captioning and
VQAv2 for visual question answering, results reveal a nuanced hierarchy of trade-
offs [68]. LSQ offers the best performance at extremely low precision (e.g., 4-bit)
but requires full training [69]. GPTQ offers near-competitive performance without
retraining, making it attractive for rapid deployment [70]. QAT, while requiring
more training time, achieves the best balance of performance and generality across
tasks and architectures [71]. This comparative analysis highlights the importance
of context in choosing the appropriate quantization scheme: for training from
scratch, QAT or LSQ may be preferred, while for model compression or rapid
inference deployment, PTQ or GPTQ may offer better ROIL. Finally, long-term
studies tracking model behavior over multiple tasks and evaluation epochs reveal
an important empirical insight: quantization-aware training can serve as a regu-
larizer, improving generalization in some cases by limiting overfitting. Particularly
in data-sparse or few-shot settings, quantized models often match or outperform
their full-precision counterparts, likely due to the inherent noise and compression-
induced inductive bias that prevents memorization. This observation has inspired
hybrid training strategies, where models are initially trained in full precision and
then fine-tuned or regularized using low-precision constraints. Such phased ap-
proaches have proven particularly effective in multimodal pretraining tasks, where
early convergence on alignment objectives is crucial, but memory and compute
constraints emerge later in the training lifecycle. In summary, empirical evidence
strongly supports the feasibility and utility of low-precision training for large VLMs
[72]. While precision reduction introduces challenges in optimization, convergence,
and alignment, these can be effectively mitigated through a combination of archi-
tectural adaptation, quantization-aware training protocols, and hardware-aligned
engineering. The diverse body of case studies underscores that low-precision train-
ing is not a marginal tweak but a fundamental paradigm shift—one that holds the

13



key to scalable, efficient, and widely deployable vision-language intelligence. As
the field matures, future empirical research must continue to refine, benchmark,
and standardize low-precision training practices to fully unlock the next generation
of high-performance, resource-efficient multimodal AT systems [73].

6 Challenges, Open Problems, and Future Di-
rections

Despite the substantial progress in low-precision training of large Vision-Language
Models (VLMs), a number of critical challenges and unresolved research questions
remain. These challenges span the entire modeling pipeline—from algorithmic
foundations to practical deployment—and collectively highlight the complexity of
building highly efficient yet accurate multimodal systems. Unlike unimodal mod-
els, VLMs must simultaneously process, align, and integrate diverse data modali-
ties, each with unique statistical characteristics and numerical sensitivities. This
inherent heterogeneity not only complicates quantization design but also amplifies
the risk of performance degradation under low-precision regimes [74]. As such,
advancing the state of the art in this area requires both principled innovations and
interdisciplinary efforts that bridge deep learning theory, numerical optimization,
hardware engineering, and cognitive modeling [75]. One of the foremost chal-
lenges lies in the non-uniform quantization sensitivity across different components
of VLM architectures [76]. For instance, while vision transformers often exhibit
relative robustness to low-precision weights, their positional encoding mechanisms
and early-stage patch embedding layers can be highly sensitive to quantization
noise [77]. Likewise, language models—particularly those involving large-context
transformers—may tolerate weight quantization fairly well but suffer heavily when
activations or attention scores are quantized without dynamic scaling [78]. The
fusion modules that integrate visual and textual modalities are even more delicate,
as they must preserve high-fidelity cross-modal representations across quantized
operations [79]. Misalignment introduced by quantization, even at a small scale,
can disrupt downstream tasks that rely on fine-grained semantic grounding, such as
image captioning or visual reasoning [80]. Developing theoretical models that can
predict or quantify this sensitivity remains an open problem [81]. Existing met-
rics like signal-to-quantization-noise ratio (SQNR) or quantization error bounds
provide limited insight into how quantization affects multimodal interactions, and
more domain-aware sensitivity analysis tools are urgently needed. Another key
limitation is the lack of robust training algorithms that can maintain stability
and convergence in extremely low-precision settings [82]. Although techniques
such as quantization-aware training (QAT), learned step size quantization (LSQ),
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and mixed-precision training have demonstrated empirical success, they often rely
on heuristic interventions—such as careful initialization, per-layer scale tuning,
or dynamic loss scaling—to remain numerically stable [83]. These approaches,
while effective in practice, do not yet offer theoretical guarantees or automated
adaptability [84]. The problem is exacerbated in extremely large models where
quantization-induced instabilities can propagate through hundreds of layers, lead-
ing to exploding or vanishing gradients. Optimizer design under quantization also
remains largely heuristic; while low-bit variants of SGD and Adam exist, they of-
ten assume simplified dynamics that may not generalize across tasks or modalities
[85]. A promising direction of future research is to develop optimization algorithms
that are provably stable under quantization, possibly drawing from fields such as
robust control theory or stochastic approximation. A particularly underexplored
issue is the interaction between quantization and generalization. In many cases,
quantized models appear to act as implicit regularizers, reducing overfitting and
improving robustness to distributional shift. However, this effect is not well un-
derstood, nor is it consistent across tasks. For instance, in low-data or few-shot
regimes, quantized VLMs sometimes outperform their full-precision counterparts,
suggesting that the noise introduced by quantization may help to suppress memo-
rization and promote abstraction. On the other hand, in fine-grained classification
tasks or compositional reasoning benchmarks, quantized models often lag behind,
hinting that the precision bottleneck may interfere with the model’s ability to cap-
ture subtle semantic cues [86]. Bridging this gap requires a deeper understanding
of the inductive biases introduced by quantization and how they interact with the
structure of multimodal representations. Future work could explore connections
with information theory, examining how quantization alters mutual information
between inputs and learned features, or leverage tools from generalization theory to
analyze the complexity of quantized hypothesis spaces. Hardware limitations also
pose significant constraints on the practical deployment of quantized VLMs. While
modern accelerators such as NVIDIA’s A100 or AMD’s MI300X offer native sup-
port for mixed-precision computation, they are optimized primarily for 8-bit and
16-bit arithmetic [87]. Support for sub-8-bit training, such as 4-bit or binary oper-
ations, remains limited, especially in terms of mature software libraries and stable
kernel implementations [88]. Moreover, quantization-aware training routines are
often poorly supported in existing deep learning frameworks, requiring researchers
to rely on custom CUDA kernels, low-level code manipulation, or hardware-specific
optimization passes. This lack of standardization hinders reproducibility, compli-
cates experimentation, and slows down the integration of cutting-edge quantization
techniques into production workflows [89]. For future progress, it is imperative that
hardware vendors, framework developers, and academic researchers collaborate to
establish standardized APIs, tooling, and benchmarking protocols for low-precision
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multimodal training [90]. Evaluation methodology presents another pressing chal-
lenge [91]. Current benchmarks for VLMs—such as VQAv2, COCO, NoCaps,
GQA, and OKVQA—primarily emphasize task accuracy or human-annotated cor-
rectness. These metrics are ill-suited to capturing the subtle effects of quantization,
such as shifts in multimodal alignment, representational collapse, or reduced rea-
soning fidelity [92]. As a result, two quantized models may achieve similar scores on
standard benchmarks but differ significantly in their internal behavior and robust-
ness to noise [93]. There is a need for more comprehensive evaluation frameworks
that assess quantized models along multiple axes: precision-efficiency trade-offs,
calibration quality, adversarial robustness, and semantic grounding fidelity [94].
Additionally, longitudinal studies that track quantized model performance across
tasks, domains, and usage conditions could reveal important insights into their
long-term stability and adaptability. Finally, future directions in this space must
grapple with the increasingly blurred boundary between model compression and
model design [95]. As VLMs continue to scale, the traditional paradigm of train-
ing a full-precision model and subsequently compressing it is becoming untenable.
Instead, we may see the emergence of quantization-first or quantization-native ar-
chitectures—models designed from the ground up with low precision in mind [96].
These architectures would not merely tolerate quantization but embrace it as a
foundational design constraint, incorporating low-bit-friendly components such as
quantized attention layers, minimal normalization paths, or binary feature maps
[97]. They might also exploit quantization-specific training signals, such as dis-
crete gradient estimators or hardware-aligned loss surrogates. This shift will likely
require rethinking many assumptions of current model design, training pipelines,
and evaluation metrics. It also opens exciting opportunities to revisit biologically
inspired computation, where information is transmitted and processed using low-
bit or even spike-based representations, offering inspiration for designing efficient,
robust, and flexible artificial systems. In conclusion, while the field of low-precision
training for large Vision-Language Models has made impressive strides, it remains
replete with foundational questions, practical roadblocks, and theoretical gaps [98].
Addressing these challenges will require not only better algorithms and architec-
tures but also more robust evaluation, deeper theoretical grounding, and stronger
integration with hardware development [99]. As the demand for accessible, energy-
efficient, and scalable Al grows, solving these problems is not merely a technical
luxury—it is a necessity. The path forward will be shaped by how well we can
balance the competing demands of expressivity, efficiency, and generalization in
the next generation of intelligent multimodal systems.
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7 Conclusion

The pursuit of low-precision training in large Vision-Language Models (VLMs)
stands at the intersection of model scalability, computational efficiency, and democ-
ratized artificial intelligence. As VLMs continue to grow in size, complexity, and
capability—reaching hundreds of billions of parameters and exhibiting increasingly
generalist behavior—the burden of training and deploying such models becomes
not just a technical bottleneck but a systemic barrier to participation and sus-
tainability. Full-precision training, especially in FP32, requires enormous compute
resources, high-end hardware infrastructures, and vast energy consumption, effec-
tively concentrating the power of state-of-the-art Al development in the hands of
a few well-resourced organizations. In this context, low-precision training emerges
not simply as an optimization technique but as a transformative paradigm shift
with the potential to redefine the accessibility, efficiency, and scalability of vision-
language systems. Through the integration of techniques such as post-training
quantization (PTQ), quantization-aware training (QAT), mixed-precision strate-
gies, and advanced quantizers like LSQ and GPTQ), researchers have demonstrated
that it is possible to retain high levels of task performance while significantly re-
ducing the computational overhead required for training and inference.

Throughout this survey, we have examined the theoretical foundations, ar-
chitectural implications, empirical outcomes, and practical challenges associated
with low-precision VLM training. We began by establishing the mathematical
backdrop of quantization, emphasizing the impact of discretized parameter spaces
on the optimization landscape. This framework allowed us to understand the fun-
damental trade-offs involved in moving from high-precision arithmetic to quantized
representations and highlighted the necessity for differentiable approximations and
calibration strategies during training. We then explored a wide range of quantiza-
tion techniques, organizing them by bit-width, granularity, component specificity,
and training support. The taxonomy revealed a vibrant ecosystem of approaches,
each suited to different stages of the VLM lifecycle—from pretraining and fine-
tuning to inference-time compression and deployment. Particularly noteworthy
is the emergence of hybrid approaches that combine static and dynamic quanti-
zation, demonstrating that precision can be strategically allocated across model
components to achieve optimal efficiency-performance trade-offs.

Beyond techniques, we considered how VLM architectures can be adapted to
operate effectively under quantization constraints. This includes modifying atten-
tion mechanisms to preserve scale invariance, selecting activation functions that
maintain numerical stability at low bit depths, and employing residual connec-
tion schemes that mitigate the amplification of quantization noise across layers.
The architectural blueprint, supported by a visual schematic, demonstrated how
precision-aware design choices can be embedded into every stage of the model—from
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token embedding and patch encoding to multimodal fusion and output generation.
Such design considerations are not merely optimizations; they fundamentally influ-
ence the training dynamics, alignment fidelity, and deployment viability of quan-
tized models. As VLMs become more structurally diverse—incorporating elements
like retrieval-augmented generation, memory networks, and self-supervised objec-
tives—the importance of quantization-conscious architecture will only grow.

Empirical studies further underscore the viability of low-precision training for
VLMs. Across tasks like visual question answering, image-text retrieval, and cap-
tioning, 8-bit quantization consistently preserves baseline accuracy, while 4-bit
schemes approach comparable performance with additional training refinements.
Quantized models also demonstrate promising results in few-shot and zero-shot
learning scenarios, particularly when pretraining incorporates quantization-aware
strategies. Notably, memory and compute savings are dramatic: model footprints
are reduced by factors of two to four, and training throughput is significantly en-
hanced, enabling experimentation and deployment on consumer-grade hardware.
However, these gains are not uniform, and sensitivity varies by model size, task
type, and training regime. This heterogeneity reinforces the importance of flexible
quantization frameworks that can be tuned for specific applications and hardware
targets.

At the same time, we have acknowledged the significant challenges that re-
main. Quantization introduces non-linearities and discretization artifacts that can
destabilize training, particularly in large or deep models with multiple modality-
specific layers. The absence of principled sensitivity analysis tools hampers our
ability to predict which components will degrade under quantization, and the
reliance on heuristics in many training algorithms leaves open the risk of unpre-
dictable behavior. Furthermore, the lack of standardization in quantization-aware
training frameworks and hardware compatibility complicates reproducibility and
industrial adoption. These issues are compounded by the limitations of current
evaluation benchmarks, which are poorly suited to capturing the nuanced behav-
iors of quantized models, particularly in multimodal alignment, semantic precision,
and cross-task generalization.

Looking forward, the future of low-precision training for VLMs is both promis-
ing and urgent. With the rise of energy-efficient Al and the growing interest
in edge intelligence, the demand for scalable, lightweight, and high-performance
VLMs is set to accelerate. Future research must therefore tackle the open problems
with renewed vigor—developing quantization-sensitive optimization algorithms,
constructing benchmarks that evaluate precision-aware reasoning, and designing
models that are quantization-native from the outset. Progress in this direction will
likely be interdisciplinary, drawing from signal processing, neuroscience, hardware
design, and information theory. Equally important is the role of the broader com-
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munity: accessible tooling, open-source libraries, and transparent benchmarking
will be essential to democratize participation in this fast-moving field. Without
such collective efforts, the benefits of low-precision training—efficiency, accessibil-
ity, and sustainability—may remain limited to niche applications or well-resourced
institutions.

In essence, the movement toward low-precision VLMs represents a fundamental
rethinking of the trade-offs that have historically governed deep learning: precision
versus scale, accuracy versus accessibility, power versus flexibility. By embracing
quantization not as a compromise but as a design principle, the community can
unlock a new generation of vision-language models that are not only more efficient
but also more adaptable, inclusive, and environmentally sustainable. As models
continue to grow in capability, our ability to train and deploy them responsibly
will depend on how effectively we can embed efficiency into their very fabric.
Low-precision training, with all its challenges and possibilities, offers a powerful
blueprint for that future.
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