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Abstract
Inference platforms often need to free GPUs held by inactive model
servers. Scaling them to zero, however, makes each new replica
repeat costly model loading and initialization. Our production mea-
surements show that engine initialization can take several minutes,
creating a tradeoff between making GPUs available to other work-
loads and limiting queueing delays when demand increases. Check-
pointing can avoid repeating this work by preserving a consistent
snapshot of the initialized model server’s CPU, GPU, container, and
filesystem state. In this paper, we present TUCS, an infrastructure-
level checkpoint and restore system for AI platforms that combines
CPU and GPU checkpointing with container-runtime state to re-
duce model-server startup latency through reusable snapshots. In
our evaluation, TUCS reduces mean time to first token by up to
85%, from approximately nine minutes to under 90 seconds for GPT-
OSS-120B. For requests queued while a production model scaled up
from zero, we estimate an 82% reduction in mean queueing delay.

CCS Concepts
• Software and its engineering→ Checkpoint / restart; • Com-
puter systems organization→ Cloud computing.
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GPU Checkpoint/Restore, Kubernetes, LLM Inference, CRIU

1 Introduction
Platform engineering teams increasingly deploy large language
models (LLMs) to support production applications. However, de-
mand for these models fluctuates over time, while static allocations
continue to reserve CPU and GPU resources during low-activity pe-
riods. This increases operational costs and limits resource availabil-
ity for other workloads in multi-tenant clusters [2]. Our production
inference trace illustrates how model replicas retain GPU memory
despite fluctuating compute utilization (Figure 1a). GPU compute
utilization varies between 0% and 92% over the week, while GPU
memory occupancy stays above 81%. Figure 1b highlights periods
when queueing inside running replicas accounts for 94–100% of
p95 time to first token (TTFT) for Gemma 4 31B and GLM 5.2.

∗Also with Doubleword.

TUCS targets Kubernetes inference platforms where a gateway
routes requests to model-server Pods and an autoscaler adjusts the
number of replicas to demand. When a model has no ready replica,
requests queue until one becomes available. Scaling down releases
GPU capacity, but recreating replicas requires an initialization phase
that can take several minutes [2, 5, 13, 19]. Reusable snapshots
preserve initialized model servers in persistent storage, allowing
the platform to release their GPUs and restore replicas on demand.

Transparent checkpointing can reduce the cost of recreating
GPU workloads [3, 6, 12, 16–18]. It preserves loaded model weights
and GPU contexts without requiring application-specific serializa-
tion [12, 17]. GPU checkpointing in production environments such
as Kubernetes clusters requires more than capturing and restoring
GPU state [7, 12, 17]. To create a consistent snapshot, the checkpoint
operation must coordinate the pausing of GPU threads and saving
of GPU state with CPU process checkpointing, while capturing
changes to the container’s writable filesystem layer. Similarly, the
restore operation must recreate the Kubernetes Pod and container
resources, restore the CPU and GPU state in the required order, and
ensure that the workload resumes correctly. These cross-layer op-
erations require interactions across the GPU driver, checkpointing
engine (CRIU), container runtime (runc, containerd), and cluster-
level orchestration system.

To address these challenges, we present TUCS, a system for
transparent and unified CPU-GPU container checkpointing on AI
platforms. Building on recently introduced driver capabilities [9],
it coordinates GPU checkpoint and restore operations with CPU
process checkpointing, container-runtime state, and the Kuber-
netes lifecycle to create and restore consistent snapshots. After
the snapshot is stored, the platform can remove the source replica
and release its GPU. When demand returns, the same snapshot
can restore one or more replicas without repeating model loading
and initialization. Reusing the snapshot amortizes its creation cost
across repeated model activations.

Our evaluation results show that restoring from a TUCS snap-
shot reduces mean time to first token by 55–85% across four B200
configurations. For two production Qwen3.5-4B scale-up events
containing 28 requests, we estimate an 82% reduction in mean
queueing delay using the measured container restore time and
holding the remaining request path fixed. Our compression experi-
ments show that LZ4 reduces snapshot sizes by 12–46%. The restore
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(a) GPU compute utilization and memory occupancy.
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Figure 1. Analysis of a production inference trace collected over one week from two Kubernetes nodes, each with 8×B200
GPUs. The trace covers 26 language and multimodal model configurations, including Qwen3.6 35B, GLM 5.2, and Nemotron 3
Ultra. (a) Hourly mean compute utilization and memory occupancy across Pods, weighted by GPU count. Memory occupancy
is the percentage of available GPU memory reported as used by NVIDIA’s GPU monitoring system. (b) Hourly medians of
five-minute 50th- and 95th-percentile TTFT estimates, computed for each Pod/model pair. The annotations highlight periods
when queueing for Gemma 4 31B and GLM 5.2 represents approximately 94–100% of p95 TTFT.

breakdown also shows that work outside CRIU, including archive
processing, can outweigh the time saved on model initialization.

In summary, we make the following contributions:

• We quantify the tradeoff between GPU capacity and infer-
ence readiness in a production environment by analyzing a
seven-day trace of GPU compute utilization, GPU memory
occupancy, and model time-to-first-token (TTFT) estimates
across 26 model configurations, together with engine ini-
tialization measurements collected over one week for eight
production models.

• We design a Pod-level checkpoint/restore method that coor-
dinates snapshot creation, Pod scheduling, GPU allocation,
and node-local runtime execution. The proposed method is
being integrated into the core Kubernetes APIs.

• We implement node-local checkpoint and restore through
a container-level protocol that uses CRIUgpu to preserve
consistent CPU, GPU, container, and filesystem state.

• We evaluate TUCS across dense and mixture-of-experts
models, measuring checkpoint latency, snapshot size, and
time to first token.

2 Background and Motivation
Cold-start latency is a major challenge for scaling LLM inference
workloads to meet changing demand. Existing work studies initial-
ization, control-path overhead, and resource contention in produc-
tion serverless systems [1], and improves process snapshot restora-
tion through changes to storage layout and kernel support [4].
For LLM serving, Llumnix reschedules requests across model in-
stances [15], while DistServe separates prefill and decoding [20].

CRIUgpu coordinates CPU checkpointing with driver-assisted
GPU checkpointing [12]. Previous work also examines Kubernetes
integration [8], model hot-swapping [13], container snapshots for
forensic analysis [11], and snapshot compression [10].

PhoenixOS overlaps checkpoint/restore with GPU execution
through validated speculation and evaluates serverless startup with
checkpoints held in host DRAM [16]. GCR combines driver-assisted

capture of GPU control state with selective interception of memory
allocations to speed up data transfers, and supports incremental
checkpoints [18]. Its evaluation measures GPU restoration followed
by inference. Here, we focus on the container-runtime and Kuber-
netes operations required to restore initialized model servers. Our
measurements also include processing the checkpoint archive and
reconstructing the container before the first token.

2.1 LLM Inference Cold Starts
Starting a new model instance requires more than allocating com-
pute resources. The startup path includes creating the container
and serving processes, initializing the model and tokenizer, loading
model weights into GPU memory, compiling kernels, capturing
CUDA graphs, and warming up the server before it is ready to
serve requests. Caching model files and compilation artifacts can
reduce startup latency, but each new instance must still reconstruct
its runtime state and repopulate GPU memory. Keeping initialized
instances running avoids these costs but retains GPU resources dur-
ing idle periods, while scaling them to zero releases these resources
at the cost of repeated initialization [2, 17, 19].

Figure 2 summarizes 3,945 reported engine-initialization obser-
vations collected over one week. The figure includes the seven
SGLang models with the most reporting worker observations and
Kimi-K3, served by vLLM. Mean initialization ranges from 1.0 to
14.7 minutes, while empirical 95th-percentile durations range from
2.3 to 40.4 minutes. SGLang reports its end-to-end initialization
duration; Kimi-K3 uses paired log timestamps from vLLM engine-
initialization begin to completion. These timings exclude schedul-
ing, infrastructure provisioning, image pulls, and gateway readiness.
The measurements cover only completed initializations reported
by the engines and do not distinguish fresh launches from check-
point restores. Hardware and parallelism configurations are pooled
within each model, so the different timing definitions and deploy-
ment conditions preclude a controlled comparison between engines.
The measurements show that engine initialization alone can impose
substantial delays when activating model replicas.
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Figure 2. Cold-start latency over one week. Bars show means
and diamonds empirical p95 values, pooled across configura-
tions. ∗Initialization times are measured from vLLM logs for
Kimi-K3 and reported by SGLang for other models.
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Figure 3. Breakdown of startup time from Pod creation to
model registration. Each segment shows themean percentage
of time spent in one stage.

Figure 3 breaks down the path from Pod creation to model regis-
tration across representative model configurations, using produc-
tion logs collected over four weeks. The breakdown shows that
startup latency is distributed across multiple stages, with model
loading, CUDA-graph capture, and KV-cache initialization generally
accounting for a greater share of initialization in larger models.

2.2 Checkpoint/Restore State
A snapshot of an LLM inference container must preserve CPU
process state, GPU state, and changes to the container’s writable
filesystem. CPU state includes application memory, threads, file
descriptors, and inter-process communication; GPU state includes
device contexts, allocations, mappings, and pending execution. The
container runtime must reconstruct namespaces, mounts, GPU
devices, and driver libraries, including resources configured through
the Container Device Interface (CDI) for the target Pod’s GPUs.

These components must be restored together because CPU pro-
cesses retain references to GPU resources and depend on runtime-
created devices andmounts. External connections, network identity,
and load-balancer membership may need to be reestablished. The
restored model must pass readiness checks before serving.

2.3 Infrastructure-Level Restore
Restoring a GPU-accelerated container requires coordination be-
tween the container runtime, process checkpointing system, GPU
driver, and persistent storage. Before CRIU stops CPU processes for

capture, its GPU plugin pauses GPU execution while the processes
remain responsive to the driver. Without this ordering, the captured
CPU and GPU state may represent different points in the model’s
execution.

Checkpointing involves several operations that can fail, includ-
ing pausing GPU execution, capturing process and filesystem state,
and storing the checkpoint. A failure must not leave the source
workload paused or its GPU locked, and an incomplete checkpoint
must not be made available for restore. If checkpointing fails, par-
tial checkpoint data must be removed and the source workload
returned to a well-defined state.

Restore also depends on the compatibility of the target envi-
ronment with the saved checkpoint. The scheduler must place the
workload on a target that satisfies the checkpoint’s requirements,
such as GPU count and type, device-memory capacity, device topol-
ogy, and driver and runtime capabilities. An incompatible target
should be detected before restore begins to avoid leaving the con-
tainer in a partially restored state.

3 TUCS Design and Implementation
TUCS enables checkpoint and restore of GPU-accelerated contain-
ers by managing state across the container runtime, CPU processes,
GPU driver, writable filesystem, and persistent storage. During
checkpoint, CRIU and its GPU plugins coordinate CUDA locking,
process suspension, and state capture to keep CPU and GPU state
consistent. The snapshot becomes available for restore only after
all required state has been saved to persistent storage. If any stage
fails, the system discards the incomplete snapshot and marks the
operation as failed.

3.1 Cross-Layer Checkpoint Protocol
Figure 4 shows the components involved in checkpointing and
restoring a GPU-accelerated Pod. Kubernetes manages checkpoint
metadata, Pod creation, scheduling, andGPU allocation. The kubelet
invokes the container runtime, which uses CRIU and its GPU plug-
ins to save process and device state to persistent storage and restore
that state into the containers of a new Pod. The Kubernetes alpha
proposal covers same-node Pod checkpoint/restore [14]. The GPU
support shown here extends that scope through CRIU plugins [12].

To create a snapshot, TUCS launches a dedicated model-server
instance from a Pod template. Once the inference server is fully
initialized, it creates a ready-for-checkpoint marker file in a
shared control volume. The Pod’s readiness probe checks for this file,
and TUCS waits for the probe to succeed before checkpointing the
instance. The platform then creates a PodCheckpoint referencing
the source Pod. The kubelet on the source node watches these
requests and invokes the container runtime through the Pod-level
CheckpointPodCRI operation. The runtime first freezes all running
containers in the target Pod, then invokes CRIU to checkpoint
each container. It also saves the Pod and container configuration,
runtime metadata, and each container’s writable filesystem layer.
CRIU’s GPU plugins capture device state during the same operation.
The NVIDIA plugin includes this state in the captured memory
pages, while the AMD plugin writes it to separate CRIU image
files [12]. The kubelet provides a private directory on the node
where the runtime saves the checkpoint. Once capture finishes,
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Figure 4. Architecture overview of TUCS.

the runtime resumes the source containers. The kubelet marks the
PodCheckpoint ready after the operation succeeds. The platform
can then remove the source Pod to release its GPUs.

A restore begins when a new Pod references a PodCheckpoint
through spec.restoreFrom.name. After scheduling and GPU allo-
cation, the kubelet calls the Pod-level RestorePod CRI operation.
The runtime creates a new sandbox, prepares the containers and
their writable filesystems, and returns their identifiers without exe-
cuting the saved processes. The kubelet completes pre-start setup
and calls StartContainer for each container. The runtime then
invokes CRIU and its GPU plugins to restore CPU and device state
using the source-to-target GPU mapping. The instance receives
inference requests only after its serving readiness probe succeeds.

3.2 Snapshot Consistency
To keep the snapshot consistent, TUCS must prevent CPU and
GPU state from diverging during checkpointing. The NVIDIA dri-
ver uses a dedicated thread inside each CUDA process to prepare
the host-memory mappings required by the checkpoint. If the run-
time has frozen a container, CRIU first thaws its cgroup, locks
CUDA execution, and then stops the CPU processes. It temporarily
resumes only the driver thread to copy GPU state into the host-
memory mappings, stops it again, and saves CPU state. Because
the NVIDIA driver saves CUDA state per process, CRIU identi-
fies the CUDA processes within each container by querying the
driver for each process’s restore thread. For each CUDA process,
CRIU uses the host-visible PID to invoke the driver and records
the container-visible PID so that it can match the process after
restore. For model servers that share GPU memory through CUDA
inter-process communication (IPC), TUCS assigns all participating
processes a shared driver checkpoint identity before CUDA ini-
tialization and saves their state sequentially. During restore, CRIU
reconstructs the CUDA processes, maps their saved container PIDs
to new host-visible PIDs, and restores GPU state.
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Figure 5. Cold-start and restore time to first token on B200.

3.3 Reconstructing the Pod Environment
In addition to restoring CPU and GPU state, the container runtime
uses the snapshot to reconstruct the filesystems, mounts, devices,
and namespaces required by each target container. For GPU access,
it exposes the allocated GPUs and driver libraries inside each target
container according to the new Pod’s runtime configuration. CRIU
also restores the contents of /dev/shm for the model-server pro-
cesses. For networking, the runtime marks the network namespace
as external to CRIU, so the processes join the namespace created for
the new Pod rather than recreating the original network identity.

To avoid carrying external TCP connections into a new Pod,
TUCS creates the snapshot before the model server establishes its
request-routing and service-discovery connections. After restore,
the model server establishes these connections using the new Pod’s
network identity. For established TCP connections between the
captured processes, CRIU saves the socket state, while a TUCS
plugin replaces the source Pod’s IPv4 address with the new Pod’s
address during restore.

During restore, the runtime reads the mount mappings and ex-
clusions, standard-I/O descriptors, writable-layer metadata, CUDA
process identifiers, and source GPU identities recorded in the snap-
shot. To reconnect each container’s root process to its new standard-
I/O streams, the runtime supplies CRIU with the corresponding file
descriptors. In addition, the snapshot contains files created or modi-
fied in each container’s writable layer and deletion markers (overlay
whiteouts) for files removed from that layer. Before invoking CRIU,
the runtime applies these changes to each new container’s writable
layer. In contrast, the contents of bind-mounted volumes are ex-
cluded because the runtime recreates those mounts according to
the new Pod’s configuration.

If checkpointing fails, the runtime removes the staged data, re-
sumes the containers it froze, and reports the failure to the kubelet.
Similarly, if restore fails, the runtime removes the Pod sandbox and
containers created during the operation before reporting the failure
to the kubelet. The same cleanup applies if either operation ex-
ceeds the deadline set by the kubelet. Restore leaves the checkpoint
unchanged.

3.4 Restore Validation and GPU Mapping
Before recreating the target containers, the runtime verifies that the
checkpoint directory exists and contains a readable manifest. It ob-
tains the new Pod’s GPU allocation from the restore-time container
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Figure 6. Checkpoint latency (a), snapshot size (b), and restore-to-first-token (RTFT) latency breakdown (c) across the evaluated
models. In (d), we compare RTFT for Qwen3.5-4B across LZ4 block sizes using 16 decompression threads, with error bars
indicating the standard error of the mean.

configuration supplied by the kubelet. Using this allocation, the run-
time pairs each source GPU identity recorded in the snapshot with
a target GPU. When the counts match, the runtime restores each
source GPU’s state to its mapped target GPU. However, TUCS’s pre-
restore hardware checks cover only GPU count and device mapping,
so incompatibilities in GPU model, topology, memory capacity, or
driver support may surface when the GPU plugin applies the saved
state. The runtime also supplies CRIU with each target container’s
cgroup path so that the restored processes join the cgroups created
for the new Pod. The design and implementation details are being
discussed at the Kubernetes Checkpoint/Restore working group.1

4 Evaluation
To evaluate TUCS, we measure checkpoint and restore performance
for five language models on an RTX PRO 6000 and six additional
configurations up to 120B parameters on a B200.
Experimental Setup. We measure container-level startup and
restore latency on two servers. One runs Ubuntu 22.04 with an
NVIDIA RTX PRO 6000 GPU (96 GB), 16 logical CPUs from an
AMD EPYC 9335 processor, and 141 GiB of host memory. It uses
Linux 6.8, NVIDIA driver 610.43.02, and SGLang 0.5.16. The other
has one NVIDIA B200 GPU (192 GB), 30 logical CPUs, and 180 GB
of host memory, running Linux 5.15 and NVIDIA driver 615.71.09
with checkpoint archives on persistent ext4 storage. On this server,
GPT-OSS and both Qwen configurations use SGLang 0.5.16, while
Nemotron, Mistral, and Muse use 0.5.22. Both servers use Podman
6.0.2 and a CRIU development build based on version 4.2.1 with the
CUDA plugin. We use 256 KiB LZ4 blocks and serial decompression,
without additional archive compression.
Models. We evaluate the 4B, 9B, and 27B variants of Qwen3.5,
together with Gemma 4 26B-A4B and Qwen3.6-35B-A3B, on the
RTX PRO 6000. The six B200 configurations in Figure 5 extend the
evaluation to 120B parameters. We run SGLang in eager mode for
all controlled experiments.
Methodology.Weuse Podman to isolate container checkpoint/restore
costs, with model files and checkpoint archives available locally.
On the RTX PRO 6000, we run each path once to populate the
filesystem cache, then collect five measurements using the same

1https://kubernetes.io/blog/2026/01/21/introducing-checkpoint-restore-wg

prompt, temperature zero, a fixed seed, and a 32-token limit. On
the B200, we run both paths once before collecting three pairs of
cold-start and restore measurements for GPT-OSS, both Qwen con-
figurations, and Nemotron. These runs use pipeline parallelism of
one (PP=1), a context limit of 2,048 tokens, and a 256-token output
limit. After SGLang blocks new requests, aborts active ones, waits
until idle, copies weights to host memory, and releases managed
GPU memory, we time checkpointing from command invocation
through archive export. Cold-start and restore latency extend from
command invocation to the first streamed token. We divide restore-
to-first-token (RTFT) latency into CRIU’s reported restore time,
remaining command time, and the interval from command com-
pletion to the first token, deriving the latter two from timestamps.
These measurements exclude Kubernetes scheduling, kubelet pro-
cessing, and remote snapshot transfer.

4.1 Startup and Restore Latency
On the RTX PRO 6000, mean TTFT is reduced from 61.1 to 24.0
seconds for Qwen3.5-4B and from 63.3 to 51.2 seconds for Qwen3.5-
9B. Figure 6c shows the restore-time breakdown. Gemma 4 26B-A4B
takes about two minutes to produce the first token with either path.
Restoring Qwen3.5-27B and Qwen3.6-35B-A3B takes 11% and 19%
longer than a cold start, respectively. This is because restore work
outside CRIU (e.g., archive processing) outweighs the saved latency.

On the B200, restore reduces mean TTFT by 55–85% across the
four configurations with three pairs of cold-start and restore mea-
surements each (Figure 5). For GPT-OSS-120B, mean TTFT falls
from about nineminutes to under aminute and a half. For Nemotron
3.5 Lightning, it falls from about five minutes to 44 seconds. Mistral
Small 4 has one measured pair, while Muse Glimmer’s cold-start
and restore observations were collected separately.

4.2 Restore Latency Breakdown
For all five models, most RTFT occurs during the Podman restore
command but outside CRIU’s reported restore interval (Figure 6).
This portion increases from 18 seconds for Qwen3.5-4B to 2.5 min-
utes for Qwen3.6-35B-A3B, while CRIU’s reported restore time
increases from 4.9 to 29.3 seconds. Podman processes the archive
separately for runtime selection, container configuration, and state

5
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Table 1. Observed and estimated queueing for two production Qwen3.5-4B scale-from-zero events. All 28 requests were waiting
when scale-up started. The estimate replaces the observed scale-up-to-live interval with the 24 seconds from starting container
restore to the first token measured in our evaluation. Total queueing is reported in cumulative request-minutes.

Scale-up
event

Waiting
requests

Scale-up to
live (s)

Restore time
used (s)

Observed
mean (s)

Estimated
mean (s)

Observed total
(request-min)

Estimated total
(request-min) Reduction

1 14 439.7 24.0 467.9 52.2 109.2 12.2 88.8%
2 14 144.8 24.0 183.7 62.9 42.9 14.7 65.8%

Combined 28 292.3 24.0 325.8 57.5 152.0 26.9 82.3%

extraction. The remainder includes archive processing, runtime op-
erations, and GPU-state restoration after CRIU’s reported interval.
By comparison, the interval from Podman command completion to
the first token remains between 1.2 and 2.8 seconds across the five
models. In a separate experiment using PROCS [10], we evaluate
Qwen3.5-4B with 16 decompression threads and LZ4 blocks from
4 KiB to 1 MiB. Increasing the block size from 4 KiB to 1 MiB re-
duces mean RTFT by 24%, from 27.7 to 21.1 seconds. This is a 65%
reduction compared with model-server startup, which takes one
minute in the same experiment.

4.3 Queueing Delay Estimate
We estimate queueing-delay savings for two production Qwen3.5-
4B scale-from-zero events containing 28 requests. All requests were
queued before scale-up began. Replacing each event’s scale-up-
to-live interval with the measured container restore time of 24
seconds, while retaining the remaining observed delay, reduces
mean queueing delay from 5.4 minutes to 58 seconds (82%), saving
2.1 request-hours (Table 1). This optimistic projection assumes that
container restore replaces the entire activation interval, without
additional scheduling, snapshot transfer, or gateway-registration
costs. It also holds subsequent request processing fixed, excluding
changes in KV-cache state, routing, and batching. The estimate
illustrates potential savings for these two events; production restore
measurements are needed to establish the actual reduction.

4.4 Checkpoint Latency and Snapshot Size
Across the evaluatedmodels, mean checkpoint latency and snapshot
size increase from 53 seconds and 13.1 GB for Qwen3.5-4B to 3.8
minutes and 73.8 GB for Qwen3.6-35B-A3B (Figure 6). Although
Gemma 4 activates only 4B of its 26B parameters for each token,
its snapshot includes all model weights and reaches 54.3 GB, close
to the 58.7 GB snapshot for dense Qwen3.5-27B, so storage reflects
the complete model state rather than only the active parameters.
Compared with snapshots created without CRIU memory-page
compression, LZ4 reduces snapshot size by 12–46%, while mean
checkpoint latency increases by 8% for Qwen3.5-4B, changes by
less than 1% for Qwen3.5-9B, and decreases by 3–11% for the three
larger models.

5 Discussion
Snapshots preserve a particular model revision, serving engine, and
runtime configuration. The platform should regenerate them when
these change and check compatibility after GPU or driver changes.

Whether restore is faster than a cold start depends on snapshot
size, storage throughput, and runtime overhead. For Qwen3.5-4B,
creating a checkpoint takes 53 seconds, while restoring it saves 37
seconds compared with a cold start. After two restores, the total
time saved exceeds the time spent creating the checkpoint. Storage
costs and any additional transfer time must be considered sepa-
rately. The platform must verify the source application’s progress
after a checkpoint failure before returning it to service, and snap-
shot files require authorization, encryption, retention, and deletion
policies because they contain process and GPU memory. When sev-
eral replicas restore from the same storage system, they share its
bandwidth. We have not measured how concurrent restores affect
activation latency or compared restore performance with cold and
warm filesystem caches.

6 Conclusion and Future Work
TUCS enables checkpoint and restore of GPU-accelerated contain-
ers in Kubernetes while preserving consistent CPU, GPU, container,
and filesystem state. For GPT-OSS-120B, snapshot restore reduces
mean time to first token from about nine minutes to under a minute
and a half. Future work will optimize archive processing in the con-
tainer runtime, add earlier GPU compatibility checks, and evaluate
Kubernetes restore for multi-GPU model servers.
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