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Abstract

Transformer language models can only attend to the tokens inside their context window, and serving systems
recompute the key-value (KV) attention state of a prompt each time it is sent. We describe a memory layer, released as
the public package galahad-kv, that removes both restrictions for a served model, and we report measurements of it
on a corpus of 50,000,000 tokens. The layer writes the KV state that the model computes for each block of ~16,000
tokens to encrypted local NVMe storage and can later restore any block byte-exact, with zero recompute and at constant
GPU memory. In our experiment the corpus consisted of real public text and the model was served through vLLM
on one NVIDIA H100. All probed blocks were restored from the encrypted store without recompute (100 of 100, at
depths from 0 to SOM tokens) for both Gemma 4 12B and Gemma 4 31B. Compared with recomputing the same block,
a restore was 2.8 x to 4.3 faster and consumed 8.8 x to 12.3x less GPU energy, while GPU memory remained flat
over the entire SOM-token stream. When asked about facts planted millions of tokens earlier, the 12B model answered
82/100 correctly and the 31B model 98/100, with zero hallucinations on either. We also describe the cheat-resistant
protocol used for the evaluation and provide a complete single-GPU reproduction that relies only on public software.

1 Introduction

A language model that is served in the usual way loses information in two places. Tokens that fall outside the context
window of a transformer [1] (16k tokens in the configuration we use) can no longer be attended to, so whatever they
contained is unavailable to the model. In addition, the KV cache [2] is rebuilt for every prompt, which means the model
pays the full prefill cost again for text it already processed in an earlier request.

In this paper we keep the KV state that the model computes for each block on disk and restore it when it is needed again.
With this in place, a model with a fixed window can hold on to everything it has processed and reuse it later. We use the
term long-term memory for this and avoid the term cache, because the stored state is durable, encrypted and byte-exact
and because it covers material that lies far outside the window. Section 7 comes back to this distinction.

Our contributions are the following, and each of them is backed by measurements in §6.

1. We demonstrate a 50-million-token memory window on a real served model, with byte-exact restore at every depth
we probed and constant VRAM. A block is processed once and can afterwards be reused without recompute.

2. We measure the cost of reuse against the cost of recompute. Restoring a block is 2.8 x to 4.3 x faster and takes
8.8x to 12.3x less GPU energy than recomputing the same tokens, and the restore time stays flat as depth
increases.

3. We define a cheat-resistant benchmark protocol and provide the harness, so that a third party can rebuild the
experiment on a single GPU and check the result independently.

The scope of these claims is limited to KV reuse at any depth. The system does not widen single-pass attention and
it does not do learned retrieval. One block is resident at a time, and deeper content is restored from disk when it is
requested instead of being held in VRAM.

2 Background and related work

KYV caching and offloading. Inference servers already cache the KV of a running request and reuse a shared prefix
within a session [3, 4], but these caches are ephemeral and bound to the prefix. Offloading systems such as LMCache [5]
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and CacheBlend [6] go further and stage KV on CPU memory or disk in order to reduce recompute. They store the
state in plaintext and re-stage it for each request, and some of them are specific to one architecture. CacheGen [7],
CachedAttention [8] and InfiniGen [9] also keep KV outside GPU memory, and Cheng et al. [10] propose a delivery
layer for stored KV.

Retrieval-augmented generation. RAG [11] retrieves text and places it in the window, where it is read again, so the
prefill cost is paid on every request. The approach in this paper restores state, and the stored tokens are never re-read.
Cache-augmented generation [12] precomputes the KV of a fixed set of documents, but the set still has to fit in the
context window. Agent memory systems such as MemGPT [13] decide which text is placed in the window.

Sliding-window attention. Most layers of Gemma 4 [14] use a window of ~1,024 tokens [15, 16], which makes the
per-token KV footprint much smaller than that of a model with full attention (§5.1). We benefit from this property of the
model, but our system does not introduce it.

Relation to our prior work. This paper builds on four earlier reports. The first covered the integrated Galahad
memory layer (Taliesin KV state + Blaise document memory) across three runtimes on a 97k-token corpus [17]. The
second described a frozen-model “forever” memory with a 6M-token window [18], and the third the verified-knowledge
flywheel from which the cheaper-and-smarter result originates [19]. The byte-exact, logit-level correctness gate for KV
grafting is the subject of the companion Taliesin paper. Compared with that work, the present paper increases the scale
and strengthens the evidence: the window is ~8x larger (S0OM vs 6M), the model is served under vLLM where we
previously used a standalone harness, the KV is written encrypted at rest, and the measurements follow a cheat-resistant
protocol that none of the earlier work applied. We deliberately leave Blaise (learned retrieval) out of this paper so that
the window can be measured in isolation.

3 System under test

The engine under test is the public PyPI package galahad-kv==1.31.4 (libgalahad. so). It is loaded by vLLM
0.31.0 [3] through the GalahadConnector KV-transfer plug-in, and the connector performs two operations.

On deposit, the connector writes the per-block KV of the request to an encrypted on-disk store (MRLNCRY1 format,
AES-256-GCM [20], one key per organisation) and then frees it. The effect is a moving window in which one block is
resident while the others are on disk, so VRAM stays flat.

On restore, which happens on a later request, the connector grafts the KV of a stored block back, and the forward pass
continues as if the model had just computed that block. The tokens of the block are not recomputed.

Only the KV reuse mode is measured in this paper.

4 Anti-cheat protocol

We know of five ways in which a long-context benchmark [21, 22] can be gamed, and the protocol contains a
countermeasure for each of them.

1. Pretraining contamination [23] / static caching. Before ingestion, a runtime mutator replaces the names, dates,
amounts and e-mails in the real source with random nonces. As a result every planted fact exists only in the
current run, and pretraining cannot supply the answer.

2. Query lookahead. We ingest blind, which means that all SOM tokens are deposited with no question in context
and a question is only sent once the memory has been written completely.

3. Context dropping. One readable, high-entropy needle (a named record with a 4-digit code) is planted per block at
a known depth, so a block that was dropped cannot produce the answer.

4. Lexical short-circuit. Each block also carries decoy records in the same format but with other codes. A keyword
match therefore returns a decoy, and the correct code can only be obtained by actually reading the right record.

5. Telemetry spoofing. We audit the physical store. Every block has to carry the MRLNCRY1 magic and the bytes on
disk have to agree with the KV footprint math (§5.1), which prevents a system from reporting caching that did not
take place.

We record two metrics per probe and keep them separate. The first, (A) KV restore, checks whether the context tokens
were served from the store with no recompute (cached_tokens ~ block size) and is a property of the engine. The
second, (B) text recall, checks whether the model emitted the exact planted code and is a property of the model. Energy
is taken from the NVML hardware counter of the GPU [24], idle-subtracted, and the answer key is held out of the engine.
As a negative control we also ask each block for a record that it does not contain, in which case a correct system has to
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refuse instead of fabricating an answer.

5 Experimental setup

e Hardware: 1x NVIDIA H100 80 GB, local NVMe. The method runs on any single >24 GB NVIDIA GPU; a
smaller disk simply holds fewer blocks.

e Software (all public): galahad-kv==1.31.4, vLLM 0.31.0 [3], transformers [25], datasets [26],
nvidia-ml-py. Temperature O throughout.

e Models: Gemma 4 12B (bf16) and Gemma 4 31B (FPS8), each served under vLLM with the GalahadConnector
and each with its own Gemma 4 tokenizer.

¢ Corpus: 50,000,000 tokens = 3,125 blocks x 16,000 tokens, streamed from real public datasets: WildChat
(40%) [27], permissively-licensed source code (25%) [28], arXiv papers (20%) [29] and educational web text
(15%) [30]. The stream is then mutated (§4), with 100 needle records (one per S00k tokens) and same-format
decoys.

5.1 KV footprint

Because Gemma 4 uses sliding-window attention, the footprint we measured for the 12B model is 36.4 KiB/token,
compared with ~160 KiB for full attention, so the S0M store is 1.86 TB and not ~8 TB. For the 31B FP8 model we
measured 134 KiB/token, which corresponds to 6.25 TB. We audited both stores. All 3,125 blocks carry the MRLNCRY1
header, the bytes on disk match the figures above, and the number of blocks equals the number deposited, which means
that no block was pruned or evicted.

6 Results

6.1 Byte-exact restore at every depth

We probed the store at 100 depths between 0 and 49,488,000 tokens, and every probe was served from the encrypted
store.

Gemma 4 12B Gemma 4 31B
KYV restore, zero-recompute (all depths) 100 /100 100 /100
Model text recall (exact code) 82 /100 98 /100
Hallucinations (a code not in the block) 0 0
Negative control fabricated (record not in block) 0/20 0/20

On both models, each of the 100 probed blocks was restored from disk without recompute, at every depth up to SOM
tokens, which is what we expect from an engine that is exact and model-agnostic. The answers were also grounded in the
restored context. Neither model produced a code that was absent from the block, and both refused in the negative-control
cases (0/20 fabricated). We do not re-establish byte-exact logit equality of grafted KV here, since that is done in the
companion Taliesin work. The engine property measured directly in this paper is 100/100 zero-recompute restore with
zero fabrication.

6.2 Restore is faster and cheaper than recompute

As a baseline we use a full prefill of a 16k block that the model has never seen (no restore), sent with the same request
shape.

Gemma 4 12B Gemma 4 31B
Restore (median) 0.266s/59] 0.347s/80)
Recompute (median) 0.760s /52117 1.475s/9761
Speedup 2.8%x 4.25x
Energy reduction 8.8x 12.3x
Restore TTFT p90 0.284 s 0.579 s
Depth independence (low-third — high-third TTFT) 0.193 - 0.274 s 0.343 — 0.375 s

Across the two models, a restore is 2.8 X to 4.3 x faster than recomputing the same tokens and uses 8.8 x to 12.3x less
GPU energy. A block from 50M tokens ago is recalled as quickly as the first block, so the time does not grow with depth.

We also see that the larger model gains more. The blocks of the 31B model are larger and more expensive to recompute,
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so the advantage of restoring them is greater (4.25x / 12.3x, against 2.8 x / 8.8 x for the 12B). Reuse therefore scales
with model size.

6.3 Deposit (the one-time cost)

Model Tokens Throughput Peak VRAM Encrypted store Per token
Gemma 4 12B 50,000,000 20,839 tok/s 70,864 MB (flat) 1.86 TB (3,125 x MRLNCRY1) 36.4 KiB
Gemma 4 31B 50,000,000 10,700 tok/s 75,111 MB (flat) 6.25 TB (3,125 x MRLNCRY 1) 134 KiB

The deposit is a cost that is paid once. Each reuse after that is 2.8 x to 4.3x cheaper in time and 8.8 x to 12.3 x cheaper
in energy than a recompute. During the deposit, VRAM was flat over the whole S0M-token stream, which corresponds
to an O(1) moving window.

6.4 What the numbers say

Two observations follow from these results. The first concerns the memory itself, which is exact and model-agnostic:
restore is 100/100 at every depth to SOM on both models, and VRAM is flat throughout.

The second is that answer quality is determined by the model that does the reading and not by the memory. On identical
stored blocks the 12B reads 82/100 and the 31B 98/100, and neither of them ever fabricated a code. In every miss the
model picked a wrong line that was genuinely in the block, either a same-format decoy or another in-block number. In
practice a cheaper model can serve and a stronger one can be escalated to, with both free of recompute and both reading
the same durable memory.

7 Why this is long-term memory and not a cache

A cache is short-lived and is rebuilt from the source after a miss. The store we measured differs from that in four
respects.

It is durable: the state is read back from disk, it survives a restart, and nothing is pruned or evicted, so all 3,125 blocks
remain (§5.1). It is private, because every block is encrypted at rest (AES-256-GCM, one key per organisation) and the
memory can therefore safely hold an organisation’s or a person’s own material. It is byte-exact, meaning that a restored
block reproduces the computation and the memory is the model’s own understanding of the content and not a lossy
summary. Finally, it reaches beyond the window, since the model reuses knowledge from 50M tokens ago, far outside its
16k native window, without recomputing it.

The same mechanism makes inference cheaper (8.8 x to 12.3x less energy) and faster (2.8 x to 4.3x). It also makes the
outcome smarter, in the specific sense that the model answers from facts it processed millions of tokens earlier and that
are otherwise unavailable to it. The weights are not changed by any of this; what changes is the set of facts the model
can act on. This is the sense in which we call galahad-kv long-term memory for Al

8 Limitations and scope

* Not a wider attention window. One block is resident, and depth is restored and not attended all at once. Processed
# held-in-VRAM + restored.

* KV reuse, not learned retrieval. Selecting a passage by meaning (Blaise) is out of scope here, and combining it
with this window at S50M scale is left for future work.

* Energy resolution. A per-probe restore takes ~0.3 s, which approaches the resolution of the NVML counter. We
consider the restore-vs-recompute ratio reliable, but the absolute per-probe joules carry a wider band.

 Storage. Durable memory trades disk for reuse (1.86 TB at 12B, 6.25 TB at 31B for 50M), and the store has to be
on local NVMe, since a network volume voids the latency and energy figures.



Real Long-Term Memory for Al (Schelpe, 2026) 5

9

pip

Reproducibility (single GPU, public software)

install galahad-kv==1.31.4 vllm==0.31.0 datasets transformers nvidia-ml-py

# obtain a Gemma 4 model; obtain a free Galahad licence on the GPU host; serve with:

#
#
#

vllm serve <model> --kv-transfer-config \
’{"kv_connector":"GalahadConnector","kv_role":"kv_both"}’ \
--max-model-len 16640 --enable-prompt-tokens-details

The four-stage harness (Appendix A) is then run in order: it builds the hardened corpus, deposits it blind, audits the
encrypted store and probes with the two metrics. The harness itself is a thin public HTTP client (transformers,
datasets, urllib) and has no private component, so a third party may swap in any datasets, model and needle design
as long as they follow §4. For every reported figure there is a raw artifact and a SHA-256 manifest (Appendix B).
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