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Abstract

Extending GPU Memory Boosts Al Inference

Serving large numbers of concurrent users across modern Al inference workloads — multi-turn chatbots and long-
context agentic reasoning — is fundamentally a memory capacity problem. The High Bandwidth Memory (HBM) on
each GPU must be shared between static model weights and the growing key-value (KV) cache of every active
session.

As user concurrency scales, the KV cache exhausts the HBM headroom that remains after model weights are
loaded, causing latency to spike long before the GPU’s compute capacity is reached. This paper describes how the
Samsung Cognos Al Memory Agent and the SGLang HiCache hierarchical KV cache layer, working together, solve
this bottleneck at the infrastructure level.

The two systems combine to expose an Al Memory Node™ containing tiered composable memory as a transparent
extension of the GPU’s local memory hierarchy. In a benchmark designed to reflect a realistic enterprise mix of long-
context coding agents and multi-turn chatbots, the joint solution delivers up to a 3x improvement in inter-token
latency, a 2.5x improvement in cache hit rate, and a 2.2x improvement in token throughput on identical GPU
hardware, while reducing the cost per served user (normalized to steady state concurrent sessions) by
approximately 40 percent. The remainder of this paper describes the architecture, deployment methodology, and
measured results in full.

1. Problem: KV Cache Pressure at Scale

1.1 Memory Wall in LLM Inference

Every active LLM session occupies a fixed share of GPU HBM as its KV cache — the key and value tensor pairs that
the transformer attention mechanism retains for every token in context. GPU HBM serves two roles at the same
time: It holds the model weights, which are static and loaded once, and it holds the KV caches of all concurrent
sessions, which are dynamic and grow with context length. When the total KV cache demand across concurrent
sessions exhausts the HBM headroom that remains after model weights are loaded, the inference server faces a
difficult choice. It can evict an active session’s KV blocks and recompute them on the next turn, or it can cap the
number of sessions it will accept.

The critical observation is that performance degrades as more users are served. Maintaining Service Level
Objectives (SLOs) at scale becomes the dominant operational concern for multi-tenant workloads. When enterprises
are constrained in the number of GPUs they can deploy, extending the memory hierarchy to slower tiers such as
DRAM and CXL significantly reduces this degradation.

1.2 Why Coding Agents Hit This Wall Hardest

Coding agents are long-context workloads, and they represent one of the most memory-intensive LLM workload
profiles in enterprise deployment. Three characteristics compound the KV cache pressure:

1. Long, persistent context per session. Developers load source files, repository documentation, and multi-turn
conversation history into context. A typical coding session spans 2,000 to 8,000 or more tokens, far larger than a
short-form chat interaction. Each active developer session occupies a correspondingly large KV footprint in HBM.

2. Shared organizational prefixes. All developers on a team share the same system prompt, coding style guidelines,
and codebase documentation. This prefix-level content generates identical KV data across sessions, data that is
recomputed from scratch on every session start when no caching tier exists to retain it.



3. Strict interactive latency requirements. A developer waiting on a code completion has a time-to-first-token (TTFT)
tolerance measured in hundreds of milliseconds. Eviction-induced recomputation can multiply TTFT by three to ten
times, well beyond the threshold at which the tool feels responsive. Unlike batch workloads, there is no slack to

absorb latency spikes.

1.3 Cost of Scaling with GPUs Alone

The default response to KV cache pressure is to add more GPU pods, acquiring additional HBM headroom together
with compute that may largely sit idle. The economics are unfavorable. Total cost of ownership for a GPU pod —
hardware, power, cooling, and rack space — scales linearly with node count regardless of compute utilization. For an
enterprise growing from 50 to 100 concurrent developers, a purely GPU-scaled solution doubles infrastructure cost
for what is fundamentally a memory capacity problem. A purpose-fit memory expansion at a fraction of GPU cost
per gigabyte is the more efficient solution.

Local storage is not a sufficient alternative either. A natural response is to offload KV cache to fast local storage on
the GPU node using GPUDirect Storage (GDS), keeping data close to the GPU over the PCle bus. This defers the
problem rather than solving it. Local storage is bounded by the drive capacity and PCle slots physically available
within the GPU chassis, so it runs into the same capacity ceiling as HBM — just at a higher threshold. More
importantly, its performance degrades sharply under concurrency. As shown in Figure 1, a local NVMe-backed L3 tier
(GDS-style) tracks the memory-over-fabric approach at low load but diverges rapidly beyond 64 concurrent users:
At 128 concurrent users, P50 time-to-first-token for the local-NVMe tier reaches 50.3 seconds, roughly 62% higher
than the 31.1 seconds delivered by CMM-D memory over fabric. Because local storage cannot be scaled
independently of the GPU node, it offers neither the elastic capacity nor the sustained performance that production
SLAs demand at scale. A disaggregated memory node — capacity that scales independently of the GPU pod and
holds latency flat under load — is the more efficient path.
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Figure 1. P50 TTFT under increasing concurrency — local NVMe (GDS) vs. CMM-D memory over fabric. Local storage
degrades sharply beyond 64 users; memory over fabric holds latency substantially lower.



2. Solution: Al Memory Node™ Enabled by Samsung
Cognos and SGLang HiCache

2.1 Cognos Al Memory Agent

Samsung Cognos is an Al memory orchestration platform for composable memory systems. Its goal is to meet
application service-level agreements (SLAs) by managing three things together: memory allocation, memory tiering,
and device health. Cognos pools heterogeneous memory — spanning direct-attached (HBM, DRAM, LPDDR,
CMM-D, SSD), fabric attached (memory over RDMA/CXL), and emerging memory classes — and allocates it to
workloads according to their SLA requirements for capacity, bandwidth, and latency. It tiers data/KV cache across
these memory classes so that the most performance-sensitive data/KV resides in the fastest-appropriate tier, and it
continuously monitors device health to sustain the reliability and predictability that SLA-driven environments
demand. These capabilities are especially valuable for memory-intensive Al inference, where meeting latency and
throughput SLAs depends on placing the right data in the right memory tier.

Building on this foundation, Cognos is extending its platform to bring composable memory directly into the Al
inference path with Al Memory Node™, providing unified scale-up and disaggregated scale-out shared memory
pools to GPU fabric. Each Al Memory Node™ can consist of various composable memory devices (e.g., DRAM, CXL,
and SSD).

Cognos bridges the inference server and the Al Memory Node™. A Cognos client runs on the GPU node and
interfaces with SGLang HiCache (described in the next section). It communicates with a Cognos server running on
the Al Memory Node™, which orchestrates the composable memory pool and exposes it to the inference server as
an additional cache tier.

Because the client and server handle KV movement between tiers, the inference server never manages the
individual tiers itself. That abstraction raises effective GPU utilization, enables KV reuse across inference instances,
and reduces redundant KV transfers. Just as importantly, decoupling memory capacity from GPU compute allows
the two to be scaled independently.

2.2 SGLang HiCache

Solving the KV cache capacity problem in hardware requires an inference engine capable of managing the KV cache
natively across multiple tiers of memory — treating GPU HBM, host CPU DRAM, and external composable memory
as a single, hierarchically managed pool. SGLang HiCache provides this capability.

Designed by the LMSYS team and inspired by the three-level cache hierarchy of modern CPUs, HiCache organizes
KV storage into GPU HBM as L1, host CPU DRAM as L2, and external composable memory (Al Memory Node™) as
L3.5. A unified metadata structure, the HiRadixTree, tracks the precise location of every KV block across all three
tiers. When a session’s KV blocks have migrated to a lower tier, the tree locates them immediately and triggers an
asynchronous prefetch before the GPU requests them. The developer experiences a warm session resume rather
than a cold recompute.

Three implementation decisions make HiCache viable within production TTFT SLOs:

1. Compute-transfer overlap. During prefill, while the GPU computes KV data for layer N, HiCache
concurrently transfers the precomputed KV data for layer N+1 from DRAM to GPU. Transfer latency is
hidden behind computation rather than added to it.

2. Optimized I/O kernels. Specialized kernels for L2-to-L1 (DRAM-to-HBM) transfers achieve up to three times
the throughput of standard host-to-device memory copy primitives, accelerating KV prefetch under high
concurrency.

3. Zero-copy L3/L3.5 transfer. Write-backs to external memory pass memory addresses and sizes directly to
the L3/L3.5 backend, eliminating intermediate data copies and maximizing bandwidth utilization on the
network path to the Al Memory Node™.

The L3.5 tier is backed by a clean abstract interface, HiCache, that any external memory backend can
implement. Samsung Cognos implements this interface, registering the composable memory pool as a



native HiCache L3.5 tier. From SGLang’s perspective, the Cognos-backed pool is a recognized memory and
storage provider. No modifications to the SGLang codebase are required.

2.3 HiCache-Cognos Co-design System Architecture

The baseline deployment establishes the GPU node-only performance and the KV saturation point. The proposed
solution introduces two additions: SGLang HiCache, which extends the inference engine to manage memory across
multiple tiers, and Samsung Cognos, which manages the extended memory beyond the GPU pod through the Al
Memory Node™. The Al Memory Node™ forms the L3.5 tier and is a standard CPU server containing DRAM and

Samsung CMM-D.

The full system architecture is shown in Figure 2. The dark blue components represent the additions to the baseline

deployment.
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Figure 2. System Architecture — GPU node-only baseline extended with SGLang HiCache and the
Samsung Cognos Al Memory Node™.



3. Evaluation Methodology

3.1 Benchmark Specification

The results in this report are obtained from a long-context benchmark running concurrently with a multi-turn
benchmark in the background. The request rate of the long-context benchmark is held constant at 50 requests per
minute. For each data point the multi-turn request rate is varied, and the corresponding long-context user
percentage is defined as:

long-context-user (%) = long-context rate / (long-context rate + multi-turn rate) x 100

For the runs reported here, multi-turn request rates of 25, 30, 40, and 80 requests per minute were used, producing
a sweep across long-context user percentages that represent realistic enterprise workload mixes.

3.2 Setup
Model Open-weight 120 B-parameter language model
Inference engine SGLang v0.5.10.post1
GPU configuration 4 GPUs with 80 GB HBM each
L1 (HBM) model weights per rank 55 GB
L1 (HBM) KV cache per rank 15 GB
L2 (host DRAM) HiCache size per rank 25 GB (total 100 GB)
L3.5 capacity 1.25 TB (DRAM + CXL CMM-D; full capacity not used)
Al Memory Node™ CPU 48-core x86 server CPU

Network 100 GbE



4. Results

The figures below report a workload mix of 55 percent long-context coding users and 45 percent multi-turn chatbot
users, simulating a realistic enterprise environment. All metrics compare the joint solution (HiCache plus Samsung
Cognos Al Memory Node™) against a GPU node-only baseline on the same GPU hardware.

4.1 Median Time to First Token

The joint solution reduces median TTFT by 61 percent (a 2.6x improvement) at the target workload mix, keeping
interactive latency within the threshold at which coding agents feel responsive.
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Figure 3. Median TTFT vs. Long-Context User Percentage — 2.6x improvement.

4.2 Median Inter-Token Latency

The joint solution reduces median inter-token latency (ITL) by 69 percent (a 3.1x improvement). This is the most
pronounced gain in the benchmark and directly reflects HiCache's ability to keep KV data warm across the L1, L2,
and L3.5 tiers under sustained concurrency.
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Figure 4. Median Inter-Token Latency vs. Long-Context User Percentage — 3.1x improvement.



4.3 Median End-to-End Latency

End-to-end latency, which combines TTFT and per-token generation time, is reduced by 63 percent (a 2.7x
improvement).
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Figure 5. Median End-to-End Latency vs. Long-Context User Percentage — 2.7x improvement.

4.4 Cache Hit Rate

The hierarchical cache achieves a 2.5x higher hit rate than the GPU node-only baseline. This is the underlying
mechanism driving the latency and throughput improvements: Prefix-level content that would otherwise be
recomputed on every session is served from L2 or L3.5.
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Figure 6. Cache Hit Rate vs. Long-Context User Percentage — 2.5x improvement.



4.5 Input and Output Token Throughput

Both input and output token throughput are 2.2x higher than the baseline, indicating that the GPU is no longer
stalled waiting for KV data and is operating closer to its compute ceiling.
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Figure 7. Input Token Throughput vs. Long-Context User Percentage — 2.2x improvement.
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Figure 8. Output Token Throughput vs. Long-Context User Percentage — 2.2x improvement.



5. Conclusion

GPU HBM is a finite resource that constrains the number of concurrent user sessions well below the GPU’s compute
ceiling. The KV cache, not model weights and not FLOPS, is what fills it. Samsung Cognos and SGLang HiCache
together address this constraint at the infrastructure level by extending the memory hierarchy to an Al Memory
Node™ built on a standard CPU server. HiCache provides the software-defined multi-tier KV management layer.
Samsung Cognos manages the low-latency composable memory hardware that serves as that layer’s external tier.

Across the benchmark sweep, the joint solution delivers a 2x to 3.1x improvement in TTFT, ITL, end-to-end latency,
cache hit rate, and token throughput. The HiCache integration interface makes the solution reproducible for any
organization deploying SGLang. The composable memory backend is a pluggable component, not a one-off
integration.

Future work involves expanding beyond the current 120B-class, coding-intensive workload to include models of
various sizes and workloads with less KV reuse (such as ad-hoc Q&A, multilingual customer support, streaming
summarization).

This investigation will help determine where benefits diminish. The evaluation is based on a stable,
non-oversubscribed 100 GbE network, so systems with higher traffic or longer RTTs might experience smaller or
more inconsistent improvements, particularly in tail latency. Addressing these scenarios will be part of future
solutioning.
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