GPU Memory Bottlenecks in Large Language Model Inference:
Understanding the Real Limits of Real-Time Al

Abstract

As Large Language Models (LLMs) scale to support context windows of millions of tokens in 2026, the
fundamental bottleneck in real-time AI inference has shifted from raw computational power (TFLOPs) to GPU
memory constraints. This paper provides a comprehensive analysis of memory bottlenecks in LLM inference,
distinguishing between memory capacity and memory bandwidth limitations. We identify the Key-Value (KV)
cache as the primary driver of memory exhaustion, consuming up to 60% of available VRAM and scaling linearly
with context length. By examining the dichotomy between the compute-bound prefill phase and the memory-
bandwidth-bound decode phase, we elucidate the physical limits of real-time token generation. Furthermore, we
systematically review state-of-the-art mitigation strategies, including cache eviction algorithms (e.g., H20,
SnapKYV), ultra-low-bit quantization (e.g., NVFP4), and hybrid memory architectures (e.g., PagedAttention,
InfiniGen). Ultimately, this paper demonstrates that achieving scalable, low-latency Al requires a paradigm shift

from compute-centric hardware scaling to memory-efficient software-hardware co-design.
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1. Introduction

The deployment of Large Language Models (LLMs) has transitioned from experimental research to mission-critical,
real-time applications. In 2026, the race for the "lowest latency"” in Al inference is no longer dictated solely by the
theoretical maximum operations per second (TOPS or TFLOPs) of a GPU, but rather by the efficiency of the
software-hardware stack in managing memory . Modern LLMs are expected to process context windows ranging
from hundreds of thousands to millions of tokens, enabling complex agentic workflows and deep reasoning tasks.

However, this expansion introduces a severe architectural bottleneck: GPU memory limits.

Real-time AI serving requires strict adherence to latency Service Level Objectives (SLOs), typically demanding a
Time to First Token (TTFT) of under 500 milliseconds and consistent Time Per Output Token (TPOT) ?!. Achieving
these metrics is fundamentally constrained by the "Memory Wall"—a stark imbalance between abundant compute
power and finite memory bandwidth and capacity. This paper explores the mechanics of these bottlenecks, focusing
on the Key-Value (KV) cache, and evaluates contemporary strategies to overcome them.

2. The Anatomy of LLM Inference: Prefill vs. Decode

To understand memory bottlenecks, it is essential to dissect the autoregressive generation process of Transformer-

based LLMs, which consists of two distinct phases: the prefill phase and the decode phase 1.

The Prefill Phase: During this stage, the model ingests the entire input prompt simultaneously. It performs large,
highly parallel matrix multiplication operations to compute attention scores and generates the initial key and value
vectors for all input tokens. Because these operations are highly parallelizable, the prefill phase is generally compute-

bound. The GPU's compute units are saturated, and performance scales well with raw TFLOPs.



The Decode Phase: Once the prompt is processed, the model generates new tokens one by one. For each new token,
the model must read the entire history of key and value vectors (the KV cache) from the GPU's High Bandwidth
Memory (HBM) into the compute units. Because the matrix-vector multiplications in this phase have a low arithmetic
intensity (the ratio of compute operations to memory bytes accessed), the decode phase is strictly memory-bandwidth-
bound . Recent research by Google in 2026 confirms that decode-phase bottlenecks are overwhelmingly dominated

by memory bandwidth and capacity, rather than compute [*/,

3. The KV Cache: The Primary Memory Bottleneck

The Key-Value (KV) cache is a foundational optimization in Transformer architectures. It stores intermediate key and
value vectors from previous tokens to avoid redundant recomputation during the autoregressive decode phase. While

it drastically reduces computational overhead, its memory footprint scales linearly with context length [®!.
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Figure 1: The autoregressive generation process. Without KV cache (top), all past tokens are recomputed. With KV cache

(bottom), past keys and values are stored and reused, trading memory capacity for compute efficiency (71,

The memory required for the KV cache per token can be mathematically expressed as:
KVper token =2 X HxD x B x L

Where H is the number of attention heads, D is the dimension per head, L is the number of transformer layers, and B is
the bytes per element (e.g., 2 bytes for FP16). For a modern 7B parameter model, processing a 128K token context
window requires approximately 64 GB of VRAM just for the KV cache—exceeding the total capacity of many

enterprise GPUs (e.g., the RTX 4090 or A6000) before even accounting for model weights (¢,



As a practical rule of thumb in 2026, production systems must reserve 40% to 60% of total GPU memory exclusively

for the KV cache, leaving the remainder for model weights and activations 8. When this memory pool fills, the
system must either evict older context (causing cache misses and forcing recomputation) or page out to slower CPU
memory, both of which destroy real-time latency metrics.

4. Memory Bandwidth vs. Memory Capacity
It is critical to distinguish between the two facets of the memory bottleneck: capacity and bandwidth.

¢ Memory Capacity: Determines how much data can reside on the GPU. This dictates the maximum allowable
context length and the maximum batch size (number of concurrent users). When capacity is exhausted, the
system suffers Out-Of-Memory (OOM) errors or severe latency spikes due to CPU offloading.

¢ Memory Bandwidth: Determines how fast data can be moved from VRAM to the GPU's compute cores. In
2026, flagship GPUs boast bandwidths exceeding 3-4 TB/s, yet this remains the primary limiting factor for
throughput (Tokens Per Second). During decoding, the GPU spends the majority of its time waiting for weights

and KV cache to be loaded into registers rather than performing actual math 4],

5. State-of-the-Art Mitigation Strategies (2026)

To combat these physical limits, the Al engineering community has developed a robust stack of optimization

techniques. These can be broadly categorized into cache eviction, cache compression, and hybrid memory solutions
(6]

5.1 Cache Eviction and Sparsity

Cache eviction strategies selectively discard less critical tokens from the KV cache, maintaining a fixed memory

budget without significantly degrading model accuracy.

e H20 (Heavy-Hitter Oracle): Identifies that attention scores are highly skewed. A small subset of tokens

(Heavy-Hitters) receives the majority of attention. H20 dynamically evicts low-attention tokens while

preserving recent tokens and Heavy-Hitters [,
¢ SnapKYV: Utilizes an observation window to vote on the most important previous tokens during the prefill

phase. It clusters important features and compresses the prompt, making it highly effective for long-context

single requests (61,

5.2 Cache Compression and Quantization

Quantization reduces the precision of the stored KV cache, directly shrinking its memory footprint and reducing the
bandwidth required to read it during decoding.

In 2026, ultra-low-bit quantization has become standard. NVIDIA's introduction of NVFP4 KV cache quantization
allows the cache to be stored in 4-bit precision. This cuts the memory footprint by 50% compared to FP8, effectively
doubling the context budget. Crucially, NVFP4 maintains less than a 1% accuracy loss across complex reasoning and
coding benchmarks by utilizing granular block scaling ). Other asymmetric approaches, such as KIVI, apply per-
channel quantization for keys and per-token quantization for values, preserving precision exactly where outlier values

naturally occur 161,
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Figure 2: KV cache-driven attention flow demonstrating where NVFP4 quantization and dequantization occur during the

inference cycle to preserve memory bandwidth 71,
5.3 Hybrid Memory and Paged Management

When the KV cache exceeds physical GPU limits, hybrid memory solutions manage the overflow.

PagedAttention revolutionized KV cache management by treating it like an operating system manages virtual
memory. Instead of allocating contiguous memory blocks (which leads to 60-80% memory waste through

fragmentation), PagedAttention divides the cache into fixed-size, non-contiguous blocks. This eliminates

fragmentation and allows memory sharing across parallel requests °'.

Advanced 2026 frameworks like InfiniGen and LayerKYV take this further by intelligently offloading portions of the
KV cache to CPU DRAM. InfiniGen uses predictive prefetching to guess which tokens will be needed next,

overlapping CPU-to-GPU PCle transfers with ongoing GPU computation to hide latency [©!.

Table 1: Comparison of 2026 KV Cache Optimization Techniques [61(7]

Technique Representative . L.
Primary Optimization Goal Trade-offs
Category Methods
o H20, SnapKYV, Reduce memory footprint & Potential accuracy loss if critical context
Cache Eviction ] o
NACL decoding latency is evicted.
Cache NVFP4, KIVI, Reduce KV size & alleviate Dequantization compute overhead;
Compression KVQuant bandwidth bottlenecks minor precision loss.
. PagedAttention, Maximize batch size & handle Requires high PCle bandwidth; complex
Hybrid Memory - o
InfiniGen infinite context system management.




6. Implications for Real-Time Al

The reality of real-time AI in 2026 is a delicate balancing act between throughput and latency. High GPU utilization
[10]

combined with low throughput is the classic symptom of a KV cache memory bottleneck
If an inference server waits too long to batch requests (to maximize throughput and amortize the cost of loading
weights), the first user in the queue experiences unacceptable latency. Conversely, processing requests with a batch
size of 1 provides the lowest latency but severely underutilizes the GPU's compute capacity, making the service
economically unviable. By implementing the memory optimizations discussed—such as NVFP4 quantization and
PagedAttention—engineers can serve up to 10x more users on the same hardware while maintaining strict real-time

SLOs U4,

7. Conclusion

As Large Language Models continue to scale, the "Memory Wall" has proven to be the most formidable barrier to
real-time Al inference. The Key-Value cache, while essential for computational efficiency, imposes severe demands
on both GPU memory capacity and bandwidth. The industry's response in 2026 has shifted away from relying solely
on hardware advancements toward sophisticated software-hardware co-design. Techniques such as intelligent cache
eviction, 4-bit NVFP4 quantization, and OS-inspired memory paging have successfully decoupled context length from
linear memory growth. For organizations deploying real-time Al, mastering this inference optimization stack is no

longer optional; it is the fundamental prerequisite for scalable, cost-effective, and low-latency Al applications.
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