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ABSTRACT

Transformer layers appear to play different roles: semantic
information becomes accessible in lower and middle layers,
whereas upper layers increasingly specialize representations
for prediction. We turn this division of labor into CoMem
(Comprehension Memory), which writes each context chunk
only through an intermediate layer, retrieves a fixed number of
cached residual tensor, and recomputes the query-conditioned
upper layers over the resulting pack. For a fixed retrieval
budget, model-side read compute and memory are indepen-
dent of stored-context length. We evaluate a continued-trained
Qwen3-8B base LM under a unified chat-template-free pro-
tocol. The backbone is frozen; the flagship trains only a
rank-32 self-distillation LoRA on plain PG-19, and we re-
port an adapter-free arm separately. CoMem reaches 97.05
on RULER and 38.27 on LoCoMo versus 34.59 for full-
context KV-Direct; the dialogue-memory advantage survives
conversation-cluster resampling and an independent judge.
Results on additional long-context and long-document tasks
expose both the benefits of bounded retrieval and its in-window
compression tax. Controlled depth sweeps show that deeper
caching lowers per-query recomputation but incurs a fidelity
loss that self-distillation substantially repairs. In a separate
adapter-free efficiency control on an NVIDIA H20 at 128k,
CoMem uses 18.26 GB rather than 89.36 GB and achieves a
7.83x prefill speedup. These results suggest that long-context
memory can be organized along the layer axis, not only the
token axis.

1 Introduction

Long-context language modeling incurs quadratic
prefill cost from self-attention and linear memory
growth from the key—value (KV) cache. (Vaswani
et al., 2017; Kwon et al., 2023). It also inherits
the backbone’s position range: Qwen3-8B (Yang
etal., 2025) has a 40,960-token native window (the
configured 131,072 limit requires inactive YaRN
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scaling (Peng et al., 2023)), so we treat longer full-
context runs only as unextended stress references.

Most memory-efficient methods evict or com-
press KV states (Xiao et al., 2024b; Zhang
et al., 2023; Li et al., 2024; Cai et al., 2024; Liu
et al., 2024a), retrieve relevant text or memory
units (Lewis et al., 2020; Xiao et al., 2024a; Tang
et al., 2024; Qiu et al., 2025b), or write into a
trained memory (Wang et al., 2024, 2023b; Qiu
et al., 2025a). Residual-stream reuse can recon-
struct KV states without storing them indepen-
dently (Qasim et al., 2026). CoMem combines
bounded token selection with depth-partitioned
computation reuse: it asks both which chunks to
retrieve and how much of their computation can be
reused. The premise is that lower and middle layers
make semantic information accessible, whereas up-
per layers increasingly specialize it for the current
query and prediction (Lad et al., 2024).

We validate this depth division with probes,
causal truncation, and split-depth sweeps (§3), then
turn it into CoMem (Figure 1). During WRITE,
each chunk is processed only to depth 7 and its
residual tensor is cached. During READ, a bounded
set of relevant tensors is packed with the query and
only layers [j:L] are recomputed. The external
store remains linear in stored context, but for fixed
retrieval breadth the model-side online read does
not. The flagship uses a rank-32 self-distillation
LoRA (Hinton et al., 2015; Hu et al., 2022) on a
frozen backbone; an adapter-free arm isolates the
architecture.
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Figure 1: CoMem in one picture. Semantic information becomes usable by mid-depth, so CoMem caches the
per-token residual tensor at depth j and recomputes the upper layers on a fixed retrieved pack. For fixed k&, chunk
size, and query length, the model-side online read working set is independent of stored-context length. The
accuracy curve uses the distilled flagship, whereas the 7.83x/18.26 GB inset is a separate adapter-free efficiency
control. CoMem remains accurate beyond the unextended backbone’s native window; we do not compare against a

YaRN-extended full-context model.

Contributions.

* Depth as a measurable reuse axis. Seman-
tic content becomes accessible near mid-depth,
while the zero-shot readable boundary depends
on model scale and can be shifted by lightweight
adaptation.

* A bounded depth-partitioned memory.
CoMem caches one residual state per token,
exactly resumes the upper transformer, and
combines bounded retrieval with full cross-
chunk attention. On Qwen3-8B the cached state
is 1/18 the bytes of full bf16 KV per stored
token.

¢ Controlled quality and efficiency evidence.
Under a single chat-template-free Qwen3-8B
evaluation protocol , CoMem reaches 97.05 on
RULER and 38.27 on LoCoMo versus 34.59
for KV-Direct; the dialogue gain survives clus-
ter resampling and an independent judge. A
separate adapter-free H20 control at 128k uses
18.26 GB instead of 89.36 GB and achieves a
7.83x full-write-inclusive prefill speedup. Ab-
lations isolate retrieval, split depth, cross-chunk
interaction, and distillation.

2 Related Work

We organize prior work along the same three axes
that structure our design (§3): what to cache, how
deep / how much to train, and how to read it back.

What to cache: full-depth KV vs. one interme-
diate residual tensor. The dominant approach
to long context bounds the key—value (KV) cache
along the token axis, retaining a compressed sub-
set of full-depth KV. StreaminglLLM (Xiao et al.,
2024b) keeps a recent window plus attention-sink
tokens; H20 (Zhang et al., 2023) and SnapKV (Li
et al., 2024) evict all but heavy-hitter or predicted-
attended positions; PyramidKV (Cai et al., 2024)
and LCKV (Wu and Tu, 2024) reallocate or share
the budget across layers; and MiniCache (Liu et al.,
2024a) merges redundant KVs across neighbor-
ing layers. CompressKV (Lin et al., 2026) adds
a retrieval-head eviction criterion. Closest to us,
HCache (Gao et al., 2025) caches a mid-layer ac-
tivation and recomputes the layers above it—but
post-hoc, untrained, and without retrieval—and
KV-Direct (Qasim et al., 2026) shows the KV
cache is a deterministic projection of the residual
stream and recomputes the full-depth KV exactly,
yet keeps every token so its working set still grows
with context. Most token-axis methods retain se-



lected full-depth KV, whereas HCache is the closest
mid-depth-recompute design but lacks relevance
selection. Following the depth division of labor
(§3, what to cache) and the depth-semantics ratio-
nale of Lad et al. (2024), CoMem instead caches
one depth-j residual tensor per chunk (one vec-
tor per token) and reconstructs the upper layers on
demand.

How deep: fixed or trained memory vs. a
tunable depth split. A second line fixes the
memory by architecture or by training. Mem-
oryLLM (Wang et al., 2024) maintains a fixed-
size latent pool self-updated inside the transformer
(we include its released Llama-3 checkpoint as
an out-of-backbone reference), LongMem (Wang
et al., 2023b) retrieves external states through
a trained side network, and RecursiveSummariz-
ing (Wang et al., 2023a) keeps a natural-language
summary. YOCO (Sun et al., 2024) shares one
global KV in a redesigned decoder—decoder, while
CEPE (Yen et al., 2024) adds a parallel context
encoder and cross-attention. Others induce com-
pressibility through continued training: Activation
Beacon (Zhang et al., 2024) learns to compress
per-layer activations into beacon tokens, and KV-
CAT (Gelberg et al., 2026) trains for cache com-
pressibility on the token/slot axis. CoMem in-
stead partitions on the depth axis and leaves the
backbone frozen. Its inference-time memory op-
erations require no parameter updates, while the
evaluated flagship trains only a lightweight self-
distilled LoRA; an adapter-free variant is reported
separately. CoMem exposes the split j as a single
RAG+<»closed-book knob (§3, how deep).

How to read: retrieval-integrated memory vs.
external recompute. Retrieval-augmented gen-
eration supplies selected text to a model (Lewis
et al.,, 2020). Within long-context architec-
tures, Landmark Attention (Mohtashami and Jaggi,
2023) selects blocks through learned landmark
tokens; FoT/Longl.LaMA (Tworkowski et al.,
2023) uses an external contrastively trained (&, v)
memory; and InfLLM (Xiao et al., 2024a) looks
up token-relevant memory units inside attention.
Quest (Tang et al., 2024) and Retrieval Atten-
tion (Liu et al., 2024b) instead retrieve query-
relevant KV pages or vectors during attention. Serv-
ing systems such as CacheBlend (Yao et al., 2024)
and RAGCache (Jin et al., 2024) precompute or
reuse KV states for retrieved chunks. These meth-
ods differ in their stored unit and training require-

ments, but retrieval is coupled to token/KV memory
or the attention path. CoMem keeps selection ex-
ternal: iterative BM25 (Robertson and Zaragoza,
2009) chooses chunk residual tensors, after which
the upper layers are recomputed with full cross-
chunk attention. A retrieved j=0 control separately
measures selection without depth reuse.

3 Motivation

CoMem follows from one empirical property—
transformer depth is not used uniformly—and three
consequences for memory design. We keep only
the evidence needed to motivate them here; con-
trolled ablations are in §5 and Appendix A.1.

(I1) Cache an intermediate residual tensor.
Layer-wise probes place semantic accessibility
near mid-depth, while causal truncation shows
that a shallower prefix retains substantial down-
stream signal. Upper states are more query-
conditioned (Lad et al., 2024), so a cached query-
blind state should not be treated as final. CoMem
therefore stores the complete per-token residual /;
and recomputes [j:L] with the query present. On
Qwen3-8B, h; uses 1/18 the bytes of full bf16 KV
per stored token.

(I2) Treat depth as a quality—cost knob. Recall
remains high for shallow j and then falls as the
cached state crosses a zero-shot readable boundary
(Figure 2a). This boundary is distinct from the se-
mantic content peak and moves deeper with model
scale (Figure 2b). We expose j as a deployment
knob and use self-distillation to move the operating
point deeper; the flagship uses j=12/36. Exact
j=0 equivalence and controlled depth/adaptation
results appear in §5.

(I3) Read a bounded relevant pack. With the
gold chunk present, an oracle selector reaches
100% on the reported RULER needle sweep,
whereas recency and reader-attention selection fail
as length grows (Figure 3). The observed bottle-
neck on this diagnostic is therefore selection, not
cached-state fidelity. CoMem uses bounded rel-
evance retrieval and full cross-chunk upper-layer
attention; §5 tests retrieval breadth and chunk inter-
action directly.

4 Methodology

CoMem partitions a decoder along depth (Fig-
ure 4): Write caches one intermediate residual ten-
sor per chunk; Select retrieves a bounded subset;
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Figure 2: The depth division of labor sets a bounded,
tunable cache depth. (a) On Qwen3-8B, zero-shot
needle recall stays perfect while the split j is shallow
and then collapses once the cache enters the query-
conditioned band; a light self-distilled adapter pushes
the readable depth deeper. Panel (a) is an independent
trend sweep; Table 10 gives the controlled fixed-j co-
hort. (b) Across scale, the semantic content depth is
near scale-invariant (=0.45L) while the zero-shot read-
able depth deepens with model size; the shaded gap is
the adaptation headroom suggested by the probe, and it
vanishes by 32B. Full tables are in Appendix A.1.

100 4 M A
'(:“v BM25 =~ oracle
o 80 -
]
—
2 60 -
g’ selection gap
=
(/)‘ 40 -~
E = = oracle
.g 20 - == BM25
recency
0 -| -® reader attention

T T
8k 16k 32k
context length

Figure 3: Selection, not fidelity, is the observed long-
range bottleneck. On the chat-template-free RULER
single-needle sweep, Oracle and BM25 remain at 100,
while recency and reader attention fall at 32k. Full
selector results are in Appendix Table 12.

Read recomputes the upper layers with the query
present. The resumed computation is related to KV-
Direct (Qasim et al., 2026), but CoMem combines
it with shallow writes, a tunable split, and bounded
external retrieval.

Notation and storage. Let the decoder have L
layers, width d, per-layer KV width dy., split 7,
and chunk size c. CoMem stores h; € R4, With
a common dtype, its per-token storage relative to
full KV is

| _ 4 ng
|KV’ 2Ldkv 2Lnkv ’

(D

where nq and ny, are the query- and KV-head
counts. Qwen3-8B uses d=4096, L=36, nq=32,

Algorithm 1 CoMem: Write and Read

Require: backbone layers [0:L], split j, chunk
size c, top-k
Write (streaming, once per context):
for each c-token chunk z in the context do
h; < layers[0:j](x) {chunk-local RoPE}
store h; keyed by the chunk text
end for
Read (per query ¢):
S < LEXICAL-TOP-k(q) {bounded top-12
flagship retrieval }
8: pack « [sink; {h;}scs; hj(q)] {fresh con-
tiguous RoPE}
9: logits < layers[j:L](pack) {full cross-pack
attention}
10: return next-token logits

AN A A ol >

and ny,=8, yielding 1/18 (8 KB vs. 144 KB per
token in bf16). At read time we assemble a pack
whose length is fixed by & and c,

|pack| = sink + k-c + query ~ 6.7k,  (2)

for k=12, c=512, and—crucially—independent of
the context length.

4.1 What to cache: the Write pass

The document is streamed in disjoint c-token
chunks. Each chunk restarts rotary positions (Su
et al., 2021) at zero, runs through [0:5], and writes
h; to an external store keyed by its text. Chunk-
local positions make cached states reusable regard-
less of their original document offset. The Write
cost is linear in context length and executes only
j layers. The hidden store and BM25 index also
remain linear; only the model-side online Read is
bounded.

4.2 How deep: the split j and self-distillation

The j knob. Split depth controls prepaid Write
work versus per-query Read work. At j=0,
CoMem is a selective full forward and matches
the stock forward within max |Alogit| < 10~* on
the same pack; at =L, no upper layer is replayed.
Intermediate j trades cheaper Read for query-blind
readout loss. Self-distillation enables the flagship
operating point j=12/36. KV-Direct is the sepa-
rate no-retrieval full-context arm.

Self-distillation. Following knowledge distilla-
tion and low-rank adaptation (Hinton et al., 2015;
Hu et al., 2022), we train a student at j=12 to
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Figure 4: CoMem pipeline. WRITE encodes each 512-token chunk through [0:j] and caches h;. SELECT retrieves
top-k relevant chunks. READ packs their hiddens with a sink and the query, then recomputes [j:L] with full
cross-chunk attention. The flagship reads approximately 6.5k tokens regardless of stored-context length.

match a frozen j=0 teacher on the teacher’s top-64
logit support. Let p and ¢ be their renormalized
distributions on that support. The actual objective
is the bidirectional KL

Laisin = 0.6 KL(pllg) + 0.4KL(q[p), (3)
with no auxiliary cross-entropy term. The canon-
ical adapter trains rank-32 LoRA (a=64, zero
dropout) on all attention and MLP projections in
layers 12-35 of a frozen Qwen3-8B. Training uses
4,000 steps of 8-GPU bf16 DDP (effective batch
8), AdamW with peak learning rate $x107°, 100
warmup steps and cosine decay, on 2,048-token
windows from the PG-19 training split (Rae et al.,
2019). No synthetic long-context examples, task
supervision, retrieval, or CE loss is used. This
pushes the usable cache depth deeper and transfers
without benchmark-specific supervision across the
evaluated tasks (§5).

The backbone remains frozen. The j=12 flag-
ship uses this LoRA, while a shallower adapter-free
arm isolates the inference architecture. Designing
compressible cache points during pretraining is
complementary and outside our scope.

4.3 How to read: retrieval and recompute

The read pack. A selector returns top-
k chunk indices. Their hiddens are or-
dered by document position and packed as
[sink; selected hj; query hj] with
fresh, contiguous RoPE. Layers [j: L] then run with
full causal attention, allowing later chunks and the
query to integrate earlier evidence. For fixed &
and ¢, model-side Read FLOPs and KV working
memory are independent of stored-context length;
Table 6 tests the full-attention choice.

For generation, CoMem prefills the resumed
upper-band KV once and maintains a query-local
lower-band cache; it does not rerun the full pack
per token. Decode work is therefore independent
of stored-context length for a fixed pack and gen-
erated prefix. Table 3 verifies this path and reports
timing.

Bounded lexical retrieval. BM25 (Robertson
and Zaragoza, 2009) returns a bounded top-k set.
The flagship uses k=12, hop width four, and three
automatic frontier-expansion rounds with dedupli-
cation. Oracle, recency, reader-attention, and wider
retrieval are analysis-only controls reported in §5



and Appendix A.1.

5 Experiments

Models and unified protocol. Unless noted, the
backbone is the Qwen3-8B base LM (Yang et al.,
2025) (36 layers), continued-trained without SFT
or RL. All methods are evaluated under a unified
plain-text prompting protocol, with chat templating
disabled (chat_template=False). The back-
bone remains frozen; the flagship trains only our
self-distilled rank-32 LoRA at split j=12 and uses
chunk size 512, a BOS sink, and iter_bm25.
All five benchmarks fix top-12, hop width four, and
rounds=0, which automatically executes three re-
trieval rounds; the observed read is approximately
6.5k tokens. The native window is 40,960 tokens;
131,072 is an inactive YaRN (Peng et al., 2023)
extrapolation ceiling.

Baselines and position range. KV-
Direct (Qasim et al., 2026), the HCache-style repro-
duction (Gao et al., 2025), StreamingLL.M (Xiao
et al., 2024b), and InfLLM (Xiao et al., 2024a) use
Qwen3-8B. KV-Direct runs with native RoPE and
no YaRN; its results above 40,960 tokens are there-
fore an unextended full-context stress reference,
not a substitute for a length-extended model. We
claim continued usability where this unextended
reference fails, not superiority to YaRN-enabled
full context. For MemoryLLM (Wang et al.,
2024), we use the official Llama-3-8B-chat
backbone (Grattafiori et al., 2024) checkpoint
released with its paper. It is an out-of-backbone
reference. Because this chat-tuned checkpoint
is evaluated without its native chat template, the
resulting invocation is out of distribution and is
interpreted only as a diagnostic reference.

Evaluation & metrics. Synthetic RULER (Hsieh
et al., 2024) and BABILong (Kuratov et al., 2024)
tables contain 100 examples per task—length cell.
RULER wuses official string_match_all;
BABILong uses compare_answers with
TASK_LABELS and never re.search. Long-
Bench (Bai et al., 2023) and LoCoMo (Maharana
et al.,, 2024) use run_scoring. LongEval
follows the LongChat lines-retrieval protocol (Li
et al., 2023). LoCoMo reports deterministic token
F1 and substring accuracy as lexical diagnostics,
with semantic Judge as the primary metric: GPT-40
scores categories 1-4, while category 5 uses the
official local abstention rule. Complete RULER

grids passed the eight-shard completeness check,
contained no empty predictions, and matched
scores recomputed from disk. Appendix B gives
aggregation and uncertainty details.

Hardware. Headline Qwen3-8B timing uses one
96 GB NVIDIA H20 (median of three runs, chunk
size 512). At 128k, full-context prefill peaks at
89.36 GB and CoMem at 18.26 GB. A separate
same-H20 split-depth sweep holds the retrieved
pack fixed and is reported only within that cohort.
Large-MoE details are in Appendix A.5.

5.1 Core benchmark overview

Table 1 compares five audited benchmarks under
the unified evaluation protocol described above.
CoMem scores 97.05 on RULER and 69.0 on
LongEval versus 78.80/65.2 for the unextended KV-
Direct reference, while matching its LongBench
macro F1 (12.15 vs. 12.17). Frozen 5 = 9 is weak
on multi-fact retrieval, and within-window BABI-
Long exposes a qal/qa2 compression tax, whereas
the distilled model leads qa5. The advantage is
therefore a bounded read, not uniform accuracy
dominance; fidelity depends on selection, depth,
and adaptation. Appendix A.2 gives full grids.

5.2 Equal-budget comparison

At the same ~6.5k-token budget, CoMem stays
near 100 on single needles and above 95 on variable
tracking through 128k, while StreamingLLLM falls
85—2 and 41.8—0.8 (Appendix Table 13). With
read length approximately fixed, the gap shows
that relevant rather than merely recent chunks are
essential.

5.3 Long-dialogue memory

CoMem scores 38.27 versus 34.59 for KV-Direct
on all 1,986 LoCoMo questions. The advantage
is not an artifact of one scorer or treating corre-
lated questions as independent: on 1,540 paired an-
swerable items, the +4.81 gap has item-bootstrap
95% CI [2.34, 7.27]; a 10-conversation cluster boot-
strap remains positive (8/10 conversations favor
CoMem); and a stratified 200-item DeepSeek-V3
audit preserves the ordering (x = 0.626 with GPT-
40). Retrieved j = 0 reaches 41.59, showing that
retrieval contributes independently of depth reuse,
while the same-j adapter control below measures
how much fidelity is recovered. Appendix B details
both uncertainty analyses and judge prompts.



Method RULERT LongEvalt LongBench? BABILong! LoCoMo Judget Avg.t
15-cell macro  8k-128k macro F1 3-task macro full set 5 benchmarks
CoMem + LoRA (j=12) 97.05 69.0 12.15 50.43 38.27 53.38
CoMem frozen (j=9) 59.41 3.2 10.63 39.19 29.15 28.32
KV-Direct 78.80 65.2 12.17 63.00 34.59 50.75
InfLLM 77.83 21.6 11.86 59.52 22.21 38.60
StreamingLLM 23.37 30.8 11.11 48.14 25.63 27.81
MemoryLLMT 16.55 13.6 9.01 30.00 16.11 17.05
HCache-style 3.73 0.0 9.20 33.71 8.11 10.95

Table 1: Cross-benchmark comparison under the unified plain-text evaluation protocol, with model-specific chat
templating disabled. Avg. is the unweighted mean of the five displayed benchmark metrics, each reported on a 0-100
scale. Full-context Qwen3 results beyond the native 40,960-token window use native RoPE without YaRN and are
therefore unextended stress references rather than length-extended upper bounds. The two CoMem rows separate
the distilled and frozen configurations. TMemoryLLM uses an out-of-backbone Llama-3-8B-chat checkpoint and is

included only as a diagnostic reference.

Method Judge Judge;.. F1 Substr. acc.

CoMem + LoRA (j=12) 38.27 48.64 9.15 23.36
CoMem frozen (5=9) 29.15 3727 7.28 16.41
KV-Direct 3459 43.83 9.02 22.36
StreamingLLM 25.63  31.04 7.67 13.75
InfLLM 2221 2643 7.39 13.34
MemoryLLM' 16.11  20.65 591 9.52
HCache-style 8.11 10.13  4.67 6.29

Table 2: LoCoMo comparison on all 1,986 chat-
template-free examples. Judge;.4 is GPT-40 accuracy
on the 1,540 answerable items; the full Judge column
folds in local abstention scoring for 446 adversarial
items. F1 and substring accuracy are deterministic lex-
ical diagnostics; semantic Judge is the primary met-
ric. All seven rows use the same scoring protocol.
The distilled and frozen rows show the two deploy-
ment points; the same-j adapter effect is isolated in
Table 8. On paired answerable items, distilled CoMem
exceeds KV-Direct by 4.81 points (item-bootstrap 95%
CI [2.34, 7.27]); a 10-conversation cluster bootstrap also
excludes zero, and an independent DeepSeek-V3 audit
preserves the ordering. TFor MemoryLLM, we use the
official chat-tuned Llama-3 checkpoint released with its
paper; it is therefore an out-of-backbone reference.

5.4 End-to-end efficiency

Tables 3 and 4 separate three costs that are eas-
ily conflated. First, full-write-inclusive prefill be-
comes favorable after 8k and reaches 7.83x at
128k while peak memory grows only from 17.33
to 18.26 GB; the full-context reference reaches
89.36 GB. Second, deployed resumed-band decode
does not rerun the pack: it stays within 11% of
Dense through 64k and becomes 1.07x faster at
128k, with the correctness gate passing. Third, the
separate single-column LoRA control shows that
adaptation adds 0.25 GB and retains a 2.74x pre-
fill speedup. A fixed-pack depth sweep finds that

j = 12 lowers Read by 29% relative to 7 = 0; this
diagnostic isolates upper-layer replay and is not
mixed with cached decode. Appendix A.4 gives
the measurement protocol.

5.5 What drives the result?

Retrieval versus depth reuse. The controlled
depth sweep (Appendix Table 8) holds the re-
trieved pack fixed. The 7 = 0 row performs full-
depth recomputation on it and therefore isolates
selection from depth reuse. It reaches 41.59 on
LoCoMo, compared with 34.59 for full-context
KV-Direct, showing that bounded selection can
improve natural dialogue memory even before
layer reuse. Deeper frozen splits reduce quality
(32.78/29.15/24.52 at j = 6/9/12) as query-blind
states become harder to read, but a same-pack 128k
sweep reduces Read from 1.01 to 0.72s. Depth is
therefore a quality—query-cost knob rather than a
free accuracy gain.

Self-distillation repairs readout fidelity. At the
same 7 = 12, the PG19-only LoRA restores
13.75 LoCoMo points and 22.2/9.0/8.4 BABILong
qal/qa2/qa5 points. The controlled RULER cohort
similarly moves single-needle recall from 35/5/17
to 100/100/100 and multikey recall from 4/2/1 to
91/95/92 over 8k/16k/32k (Appendix Table 10).
This supports adaptation of the split interface rather
than benchmark-specific training: PG19 contains
no retrieval or task supervision.

Selection breadth and chunk interaction. Or-
acle retrieval keeps the reported needle cells at
100, whereas recency and reader-attention selectors
degrade with length (Appendix Table 12). More
retrieval is not automatically better: the ~17k four-
hop variant is worse than the focused ~6.5k flag-



(a) Full-write-inclusive prefill

(b) Resumed-band KV-cache decode

Full  CoMem Full CoMem Full  CoMem Full CoMem
Length time time Speedup mem. mem. Length ms/tok ms/tok Speedup mem. mem.
8k 0.217s 0.223s 097x 19.90GB 17.33GB 8k 2378 2655 0.90x 19.7GB 17.9GB
16k 0.516s 0.325s 1.59x 24.53GB 17.39GB 16k 2380 2660 0.89x 23.0GB 17.9GB
32k 1.412s 0.570s 2.48x 33.79GB 17.51GB 32k 23,70 2659 0.89x 29.6GB 17.9GB
64k 4.385s 1.006s 4.36x 5231GB 17.76GB 64k 2371 2650 0.89x 42.8GB 17.9GB
128k 15.014s 1917s 7.83x 89.36GB 18.26 GB 128k 28.14 2639 1.07x 69.1GB 17.9GB

Table 3: Qwen3-8B end-to-end efficiency (j=12, bf16, SDPA, H20-class platforms). (a) Adapter-free full-write-
inclusive prefill: at 128k, CoMem is 7.83 x faster and uses 18.26 GB versus 89.36 GB. (b) Resumed-band cached
decode stays within 11% of Dense through 64k and is 1.07x faster at 128k; the correctness gate passes.

Prefill Peak Decode
Arm speedup mem. ms/tok
Dense 1.00x 89.39GB 21.85

1829GB 23.78
18.54GB 31.70

CoMem, LoRA off 3.23x
CoMem, LoRA on  2.74x

Table 4: Same-platform LoRA overhead at 128k. LoRA
adds 0.25 GB peak memory and about 18% prefill time
while preserving the fixed-read advantage. This is a

separate paired-platform control; its ratios are not mixed
with Table 3.

Retrieval configuration 8k 16k 32k 64k 128k

Auto 3-round, top-12 (~6.5k) 96.6 97.6 98.8 99.0 95.8
Hop-4 expansion (~17k) 99.0 95.6 89.8 89.8 87.4

Table 5: Retrieval breadth on RULER variable track-
ing (n=100) without a chat template. The first row is
the flagship automatic three-round retrieval; the second
widens the read to roughly 17k. They are distinct con-
figurations and not an equal-budget causal comparison.
The expansion point estimate is higher at 8k and lower
from 16k onward, consistent with the larger read intro-
ducing distractor variable chains. More retrieval budget
is not uniformly beneficial.

ship from 16k onward on variable tracking (Ta-
ble 5), consistent with additional distractor chains.
Once selected, chunks must interact: replacing
full cross-chunk attention by block-diagonal reuse
costs 36/62 points on 8k/16k multikey retrieval and
19/7 points on BABILong qa2 (Table 6). Together
these controls justify bounded relevance selection,
a tunable split, full cross-chunk recomputation, and
lightweight interface adaptation as distinct parts of
CoMem.

5.6 Additional tasks and generality

Appendix A.2 gives the remaining task details.
Across Qwen3 0.6B-32B, the probed content depth
stays near 0.45L while the zero-shot readable
boundary moves deeper with scale; this is a depth

Task Full attn. Block-diag. A
RULER niah_single 100/ 100 100/ 96 0/+4
RULER niah_multikey 96 / 94 60/32 +36/+62
BABILong qa2 36/20 17713 +19/7 47
BABILong qa5 78169 78 /55 0/+14

Table 6: Full causal cross-chunk attention versus block-
diagonal reuse without a chat template (8k/16k). In both
arms the final query attends to every retrieved chunk;
the block-diagonal arm prevents cached chunks from
attending across chunk boundaries. RULER uses n=50
and BABILong n=100, with the same top-12 iterative
retrieval. Joint recomputation matters most for multi-
fact disambiguation, while a single needle needs little
interaction.

trend, not a claim of complete task transfer at ev-
ery size. CoMem is also viable on two sparse
MOoE backbones. On Hy3, it keeps a ~4.3—4.6k-
token read through 256k and reaches 100/98 sin-
gle/multikey recall (Appendix A.5).

6 Conclusion

CoMem caches mid-layer chunk states and re-
computes query-conditioned upper layers over
a bounded, relevance-selected pack. Under the
unified evaluation protocol, it reaches 97.05 on
RULER, 69.0 on LongEval, 12.15 on LongBench,
and 55.6/27.0/68.7 on BABILong. Its LoCoMo
score is 38.27, compared with 34.59 for KV-Direct;
the gap remains positive under a conversation-level
cluster bootstrap and is preserved by an indepen-
dent judge audit. Same-pack sweeps expose the
central trade-off: deeper splits precompute more
work and reduce query-time cost, but sacrifice
frozen readout fidelity, while the j = 12 LoRA
recovers 13.75 LoCoMo points without updating
the backbone. CoMem therefore offers a quality—
memory—compute trade-off rather than suggesting
that depth cutting alone improves accuracy. Across
Qwen3 model scales and two sparse MoE back-



bones, the results support depth as a complemen-
tary reuse axis for long-context memory.

7 Limitations

CoMem is a bounded-read efficiency method, not
an accuracy state of the art for every in-window
task. BABILong ga2 remains weak (27.0), and
full context is a strong reference whenever it fits.
Qwen3-8B is not position-extended in our experi-
ments: results above its native 40,960-token win-
dow are unextended stress references and do not
establish superiority over a YaRN-enabled full-
context model. Retrieval breadth is task-dependent;
retrieval latency on natural multi-hop workloads
remains unmeasured. Full cross-chunk attention
improves multi-fact accuracy but increases read
compute.

Our evaluation is English-only and emphasizes
retrieval-style QA rather than long-form generation,
code, multilingual, or multimodal memory. We use
greedy decoding, a 512-token flagship chunk size,
and fixed top-12 BM25 retrieval; learned/dense
retrievers, dynamic index updates, deletions, and
continually changing memory streams are outside
the present scope. Lexical retrieval may be less
suitable when relevant passages share little surface
form with the query.

Efficiency measurements use bf16/SDPA on
H20-class hardware and a single-query harness.
Kernel choice, batching, concurrent serving, stor-
age /O, and a networked external store can change
absolute latency. Write is reusable and is most
attractive when a context serves multiple queries;
for one short query, preprocessing may not amor-
tize. We do not measure index-build energy or total
persistent-store capacity.

LoCoMo contains only 10 conversation clusters.
We therefore supplement the item-level interval
with conversation-cluster bootstrap and a stratified
DeepSeek-V3 audit, but neither replaces evaluation
on more conversations. The GPT-40 endpoint also
lacks a dated snapshot. Synthetic cells use 100
examples, and not every ablation has multiple seeds
or a paired test; chunk and attention differences are
consequently reported as point estimates.

8 Ethical Considerations

CoMem changes the cost and storage organization
of an underlying language model; it does not add a
safety mechanism. It therefore inherits risks such
as hallucination, biased generation, unsafe comple-

tion, and unintended disclosure of sensitive text se-
lected from a memory store. Lower-cost access to
long histories could also scale benign applications
and deliberate misuse alike. Deployments should
enforce access control on the persistent store, filter
or redact sensitive sources before Write, respect
deletion requests, restrict retrieval to authorized
material, and retain application-appropriate output
monitoring and human review. Although bounded
reads reduce accelerator memory and per-query
computation, training and large-scale evaluation
still consume energy; we report the measured hard-
ware and final training budget in Appendix A.3.

We collect no new human-subject data and re-
cruit no annotators. Our experiments use previ-
ously released model, corpus, and benchmark arti-
facts; LoCoMo’s released conversations are gener-
ated by paired language-model agents rather than
newly collected private conversations. The sub-
mitted software archive contains code only and ex-
cludes model weights, benchmark text, predictions,
credentials, and API responses.
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Model L content-; readout-crash gap Configuration Split j LoRA LoCoMo Judge BABILong mean
(/L) (/L) (A/L) qal/qa2 qa5
0.6B 28 13 (0.46) ~2.6 (0.09) 0.37 Retrieved full recompute 0 no 41.59 65.9/39.1 63.0
CoMem f 6 3278 4461226 539
L7B 28 13(0.46) ~6 (0.21) 0.25 CoMen froren 9 no 29.15 4247196 556
4B 36 16(0.44)  ~11(0.31) 0.14 CoMem frozen 2 no 24.52 3347180 603
8B 36 16(0.44)  ~11(0.31) 0.14 CoMenm distilled 12 yes 3827 55.6/27.0  68.7
14B 40 18 (0.45) ~15(0.38) 0.08
32B 64 27(042) >27(>042) =0 Table 8: Controlled comparison of retrieval, split

Table 7: Depth partition: content vs. readable depth.
The content-j (the knee98 depth from a truncation-
downstream linear probe) sits at ~0.45L and is near
scale-invariant over the evaluated 0.6B—32B range.
The zero-shot readout-crash depth (where CoMem’s
zero-shot single recall drops below 50% on RULER
niah_single 16k) instead deepens monotonically
with scale, from 0.09L (0.6B) to > 0.42L (32B, no
crash observed). Their difference is the gap the self-
distilled adapter is intended to close: it is largest for the
smallest model (0.37L at 0.6B) and vanishes by 32B,
where zero-shot readout already reaches the content
peak. This trend predicts greater adaptation headroom
at small scale; it is not a measured cross-scale adapter-
gain ranking.

A Additional Results and Ablations

This appendix contains the detailed task tables,
mechanism ablations, and cross-scale generality
results summarized in the eight-page main paper.
Appendix B separately documents aggregation, un-
certainty, and the LoCoMo judge protocol.

A.1 Mechanism ablations

Split depth and self-distillation. Table 7 reports
semantic content and adapter-off readable depth
across Qwen3 scales. Table 8 gives the frozen
j = 0/6/9/12 quality sweep and same-j distilled
control; Table 9 pairs the same depths with a fixed-
pack, same-H20 cost sweep. Table 10 provides a
separate same-j RULER control. Finally, Table 11
applies the same adapter to a retrieval-free HCache
path, showing that it is a portable mid-layer readout
repair rather than a retrieval-specific component.

Selection and retrieval breadth. Table 12 com-
pares Oracle, BM25, recency, and reader attention.
Table 5 in the main paper contrasts the focused
~6.5k configuration with a ~17k four-hop expan-
sion; these rows have different read budgets and
are not a controlled per-hop causal estimate.

Read interaction and chunk size. Table 6 in
the main paper compares full cross-chunk attention
with block-diagonal reuse. Table 14 reports the

depth, and self-distillation using Qwen3-8B. All con-
figurations follow the same plain-text prompting pro-
tocol, with model-specific chat templating disabled
(chat_template=False), and retrieve the same
top-12 pack. For the frozen configurations, readout
fidelity decreases as the split moves deeper. At the same
split =12, the rank-32 LoRA improves the LoCoMo
Judge score by 13.75 points and the BABILong qal,
ga2, and qa5 means by 22.2, 9.0, and 8.4 points, re-
spectively. The j=0 configuration performs full-depth
recomputation over the retrieved pack, thereby isolating
the effect of relevance-based selection; it provides no
lower-layer reuse and thus no depth-based reduction in
query-time computation.

(a) Online Read latency

Split 5 Upper layers 8k 16k 32k 64k 128k
0 36 1.03 1.09 1.01 1.05 1.01
6 30 095 0.87 0.88 0.88 0.86
9 27 0.79 0.80 0.79 0.80 0.79
12 24 0.78 0.73 0.71 0.72 0.72
(b) Step, write, and memory at 128k
Uncached step

Split j (s/token) Write (s) Peak (GB)

0 1.005 0.23 18.3

6 0.865 4.61 18.3

9 0.795 6.11 18.3

12 0.722 7.79 18.3

Table 9: Same-H20 split-depth cost sweep with no
LoRA (median of three runs). Rows share an identi-
cal top-12 pack (about 6,657 tokens), chunk 512, and
retrieval result. From 7 = 0 (retrieve then recompute
all layers) to ;7 = 12, 128k Read falls 29% and the
uncached packed-step diagnostic 28%; the deeper split
instead prepays reusable offline Write. The step diag-
nostic isolates upper-layer cost and is not the deployed
KV-cache decode in Table 3.

chunk-size sweep; its entries are point estimates
rather than a multi-seed stability ranking.



Task Adapter 8k 16k 32k
niah_single 2 °ff 35 5 17

_single_ on 100 100 100
. 4 off 4 2 1
niah_multikey_1 on 91 95 92

Table 10: Separate controlled RULER self-distillation
ablation on Qwen3-8B at the same split j=12 (n=100
per cell). Each on/off pair uses the same task, length,
selector, and cohort, so the difference isolates the
adapter. Table 8 provides the broader same-j Lo-
CoMo/BABILong control used in the main argument.

Configuration LoRA LoCoMo Judge
HCache (j=12) no 13.29
HCache (j=12) yes 31.17

Table 11: Portable readout adaptation on a retrieval-
free HCache path. The two configurations use the same
compute node, code commit, evaluation harness, split,
and plain-text prompting protocol, with model-specific
chat templating disabled (chat_template=False).
The distilled LoRA is the only changed component and
improves the LoCoMo Judge score by 17.88 points. Be-
cause this within-harness control belongs to a different
measurement cohort, its values should not be pooled
with the canonical cross-node HCache result.

Task Len BM25 Recency ReaderAttn Oracle
8k 100 100 100 100
niah_single 16k 100 100 100 100
32k 100 82 73 100
8k 99 98 97 100
niah_multikey 16k 99 88 90 100
32k 99 54 60 100
8k 99.4 99.2 99.8 N/A
var-track 16k  92.6 92.4 92.4 N/A
32k 32.0 41.2 27.8 N/A

Table 12: Single-pass selector sweep on RULER
(n=100) without a chat template; each entry is the peak
over k € {4,8,12,16,24}. Oracle retrieval keeps both
needle tasks at 100, showing that their long-range gap is
selection rather than readout loss. The variable-tracking
rows belong to this specific selector-sweep configuration
and should not be conflated with the focused top-12 flag-
ship in Table 13. Oracle is undefined for a multi-chunk
reference chain and is therefore not reported there.

Method RULER task 8k 16k 32k 64k 128k
CoMenm niah_single  100.0 100.0 99.0 99.0 100.0
var-track 9.6 97.6 98.8 99.0 958

. niah_single 850 360 200 100 20
StreamingLLM (- i rack 418 22 06 02 08

Table 13: Equal-budget, chat-template-free RULER
comparison (n=100 per cell). CoMem uses chunk 512,
top-12, a BOS sink, and a measured read of about 6.5k
tokens; StreamingL.LM retains the same nominal token
budget by recency. Relevance-based retrieval remains
stable while recency truncation degrades with source
length.

chunk read tokens uncached step 8k 16k 32k 64k

(s/token)
128 1,665 0.19 91.0 90.0 81.0 85.0
256 3,329 0.37 80.0 90.0 90.0 94.0
512 6,657 0.72 89.0 95.0 97.0 94.0
1024 13,313 1.60 100.0 89.0 92.0 94.0

Table 14: Chunk-size trade-off: observed RULER
niah_multikey accuracy (n=100) and same-
harness packed-step cost without a chat template. Cost
is approximately linear in read length. It is an uncached
full-pack diagnostic, not the deployed K'V-cache decode
in Table 3. Accuracy differences are point estimates
rather than a multi-seed stability claim.



Method Task 8k 16k 32k 64k 128k Method 8k 16k 32k 64k 128k Mean
single 100 100 99 99 100 CoMem + LoRA 69 75 64 67 70 69.0
CoMem + LoRA multikey 95 94 97 91 93 CoMem frozen (j=9) 8 0 4 0 4 32
var-track 96.6 97.6 98.8 99.0 95.8 KV-Direct 100 96 92 38 0 65.2
} StreamingLLM 8 34 18 10 6 30.8
single 96 99 99 99 96 e 60 30 12 4 2 216
CoMem frozen (j=9) multikey 44 44 59 30 48 " :
vartrack 45 38.8 364 312 258  MemoryLLM 2222 16 6 2 136
HCache-style o 0 0 o 0 0.0

single 100 100 100 100 O

KV-Direct multikey 100 100 98 88 0
var-track 100 100 99.8 962 0
single 100 100 92 61 57
InfLLM multikey 100 79 65 45 20
var-track 100 96.8 90.6 81.8 79.2
single 8 36 20 10 2
StreamingLLM multikey 83 34 18 13 4
var-track 41.8 22 06 02 0.8
single 33 5 3 0 0
HCache-style multikey 8 4 0 0 0
var-track 1.6 10 04 O 0
single 29 40 37 21 21
MemoryLLM multikey 28 24 25 12 10
var-track 0 1.2 0 0 0

Table 15: Full chat-template-free RULER compari-
son using official string_match_all (n=100 per
cell). KV-Direct places the full context in the read
with native RoPE and no YaRN; its 64k/128k cells
are unextended stress references rather than a length-
extended upper bound. CoMem keeps a bounded re-
trieved pack. The frozen arm remains strong on a single
needle but degrades on multikey and tracking. InfLLM
remains competitive in-window but degrades on long
needle tasks, while CoMem stays above 91 through-
out. "MemoryLLM uses its released Llama-3-8B-chat
checkpoint.

A.2 Full chat-template-free benchmark
comparisons

Tables 15-18 give the full audited baseline break-
downs for RULER, LongEval, BABILong, and
LongBench. Every row uses the unified no-
chat protocol; MemoryLLM remains an out-of-
backbone Llama-3 reference. The all-method Lo-
CoMo comparison is Table 2; judge details are in
Appendix B.

Table 16: LongEval register-content accuracy. Un-
marked rows use the unified chat-template-free proto-
col. Means use the common 8k—128k support. KV-
Direct uses native RoPE without YaRN, so its 64k/128k
cells are unextended stress references and the five-length
mean is not a length-extended upper bound. CoMem’s
separate six-length headline is 72.83 after including its
4k score of 92. The frozen CoMem control used 48
generation tokens rather than 16; both budgets exceed
the single-number answer length. "MemoryLLM uses a
different chat-tuned backbone.



Method Task Ok 1k 2k 4k 8k 16k 32k Mean

qal 98 80 68 68 46 17 12 55.6
CoMem + LoRA qa2 26 44 43 44 23 8 1 270
qa5 68 76 76 75 68 60 58 68.7

qal 98 59 71 57 17 1 4 424
CoMem frozen (j=9) qa2 53 17 28 26 & 4 1 19.6
qa5 70 74 65 60 41 39 40 556

gal 98 84 80 74 80 72 63 787
KV-Direct qa2 58 53 50 46 49 49 37 489
qa5 71 73 62 59 65 42 58 614

qal 97 84 81 72 69 52 34 699
InfLLM qa2 51 58 41 47 41 39 30 439
qa5 69 68 63 66 73 60 55 649

qal 97 83 80 71 23 27 12 56.1
StreamingLLM qa2 49 56 44 49 19 11 4 331
qa5 68 65 68 65 39 47 34 551

qal 52 46 35 28 23 17 12 304
Mf:moryLLMJr qa2 37 29 17 18 21 17 11 214
qa5 50 45 39 35 35 34 29 38.1

qal 96 63 53 15 3 0 0 329
HCache-style qa2 57 15 35 17 2 0 O 18.0
qa5 75 72 69 64 51 16 5 503

Table 17: BABILong accuracy (n=100 per task—length
cell), evaluated with the official compare_answers
scorer and TASK_LABELS. Within the native con-
text window, full-context KV-Direct is substantially
stronger on qal and a2, exposing the compression
tax, whereas distilled CoMem achieves the highest qa5
mean, ahead of InfLLLM (68.7 vs. 64.9). All methods
are evaluated under the unified plain-text prompting
protocol, with model-specific chat templating disabled
(chat_template=False). TMemoryLLM uses the
official Llama-3-8B-chat checkpoint rather than the
Qwen3-8B backbone. Because it is evaluated without its
native chat template, this setting lies outside the check-
point’s intended prompting distribution; its results are
included only as an out-of-backbone diagnostic refer-
ence.

Method NQA Qasper Hotpot 2Wiki MultiF. Musique Macro
CoMem + LoRA 4.12 11.01 11.62  12.83 25.41 7.91 12.15
CoMem frozen (=9) 4.63 11.23 941 10.71 22.05 572 10.63
KV-Direct 3.70 11.82 12.68 12.03 25.30 749 1217
InfLLM 2.99 11.35 12.08 12.50 25.33 6.94 11.86
StreamingLLM 3.49 11.64 11.02  12.19 22.42 5.88 11.11
HCache-style 256 10.71 733 9.9 2039 5.05 9.20
MemoryLLM* 3.13 8.46 8.76  10.27 17.43 5.98 9.01

Table 18: Official LongBench QA token F1 by dataset.
All methods are evaluated under the same plain-text
prompting protocol, with model-specific chat templating
disabled (chat_template=False). CoMem with
LoRA achieves a macro F1 of 12.15, closely match-
ing the 12.17 obtained by full-context KV-Direct, sug-
gesting that bounded compression introduces little ad-
ditional loss relative to the full-context reference un-
der this protocol. The frozen CoMem configuration
reports adapter-free performance at 7=9. NQA denotes
NarrativeQA, and MultiF. denotes MultiFieldQA-en.
fMemoryLLM uses the official Llama-3-8B-chat check-
point rather than the Qwen3-8B backbone. Because it
is evaluated without its native chat template, this set-
ting lies outside the checkpoint’s intended prompting
distribution; its results are included only as an out-of-
backbone diagnostic reference.



A.3 Reproducibility details

Tables 19-21 record the configuration, training,
and evaluation settings used by the Qwen3-8B flag-
ship. The archived configuration files and evalua-
tion scripts accompany the code release.

Artifacts, licenses, and data scope. The study
evaluates English text only. It uses Qwen3-8B-
Base (Apache-2.0), PG-19 (Rae et al., 2019),
RULER (Hsieh et al., 2024), BABILong (Kura-
tov et al., 2024), LongBench (Bai et al., 2023),
LongEval/LongChat (Li et al., 2023), and Lo-
CoMo (Maharana et al., 2024). RULER and
LongChat code are Apache-2.0; the LongBench
repository is MIT-licensed, while its component
datasets retain their upstream terms; BABILong
code is Apache-2.0 and incorporates BSD-licensed
bAbI tasks; LoCoMo is CC BY-NC 4.0. PG-19 con-
tains pre-1919 Project Gutenberg books, for which
the dataset page does not assert one uniform corpus
license, so we do not redistribute its text. We like-
wise redistribute no model weights, benchmark ex-
amples, predictions, or API responses. The anony-
mous code archive contains source, documentation,
pinned environment requirements, and third-party
notices; users obtain all external artifacts from their
original providers and remain responsible for their
terms. Table 21 reports the evaluated supports and
sample counts; LoCoMo category denominators
are in Appendix B.

Software environment. The archived environ-
ment specifies Python 3.10+, PyTorch 2.10, Trans-
formers 5.5.4, PEFT 0.10+, Datasets 2.14+, bf16,
and SDPA. Evaluation uses the benchmark-specific
official scorers named in Table 21; the archive
records all non-default flags and provides a CPU
correctness gate.

Compute accounting. The final adapter run used
one node with 8 H20 GPUs for about 22 minutes,
or approximately 2.9 H20 GPU-hours. Tables 20
and 3 report model size, trainable parameters, hard-
ware, and measured timing protocol. Total GPU-
hours across preliminary probes, failed runs, base-
line generation, and all ablations were not consis-
tently logged; we report this omission rather than
extrapolating an unreliable total.

Efficiency measurement. The reported chunk-
512 headline uses a 96 GB H20-class platform
with PyTorch 2.10, Transformers 5.5.4, bf16, and
SDPA; the archived log records the device index

but not the GPU model, so the hardware label
follows the experiment registry. It performs one
unmeasured warmup and reports the median of
three repetitions. Full-context prefill times the
complete forward; CoMem times document Write,
CPU retrieval, query Write, and Read through log-
its. At 128k, full-context prefill peaks at 89.36 GB
while CoMem peaks at 18.26 GB. Peak memory is
max_memory_allocated. The separate clean
decode control uses 20 greedy steps and verifies
token-level correctness.

The depth-Pareto cohort (Table 9) runs on one
H20 with the same bf16/SDPA harness and re-
ports medians of three measurements. It fixes
the retrieved chunk IDs, top-12 pack (about 6,657
tokens), chunk size 512, and no LoRA across
j € {0,6,9,12}. Its online Read and uncached
packed-step columns isolate the cost of replaying
36/30/27/24 upper layers. The latter intentionally
reruns the pack per step and must not be compared
to the deployed resumed-band K'V-cache decode be-
low. Offline Write is measured separately because
cached states are reused across future queries.



Layer Setting Value

Backbone Architecture Qwen3-8B base LM; L=36, d=4096, 32 query heads, 8 KV heads, bf16, SDPA.

Backbone Positions Native window 40,960; RoPE 9:106; no active RoPE scaling or YaRN.

Write Cached state Split j=12; disjoint 512-token chunks; chunk-local positions restart at zero; one bf16 residual
tensor h; per token.

Read Pack [BOS; selected hj; hj(q)] in document order, with fresh contiguous RoPE and full causal cross-
chunk attention. The top-12 pack is 6,657 tokens and averages about 6.5k on RULER.

Retrieval BM25 Token-ID documents and bare-question token IDs; k1 =1.5, b=0.75, Robertson IDF with +1
smoothing; no lowercasing, stemming, or stop-word removal.

Retrieval Iteration rounds=0 means automatic [ k/h] rounds, not one-shot. Each round uses newly selected chunks
as the next frontier and deduplicates the selected set.

Retrieval Width All five benchmarks fix k=12, hop width h=4, and therefore three automatic rounds. Chunk size
512 and the BOS sink are also fixed.

Read Mask The pack is one causal sequence: the final query sees all chunks; later chunks may attend to earlier

chunks. In the block-diagonal ablation, chunks see only themselves and the sink, while the final
query still sees all chunks.

Generation Decoding Greedy decoding (no sampling, temperature, top-p, or beams); no chat template and no thinking
mode.
Adapter-free arm Deployment Frozen backbone, no LoRA, 7=9; all other memory and evaluation settings are held fixed.

Table 19: Flagship CoMem inference configuration. The retrieval and read configuration is frozen across all five
benchmarks; only benchmark harness parameters differ.

Setting Value

Adapter Rank 32, =64, dropout 0; Q/K/V/O and gate/up/down projections in layers 12-35 only. The frozen backbone has 58.20M
trainable LoORA parameters (0.71%).

Teacher and objective The same Qwen3-8B with adapters disabled and j=0 serves as the frozen teacher. On the teacher top-64 support, £ =
0.6 KL(p||lq) + 0.4 KL(q||p) with implicit temperature 1 and no CE term. The loss is applied only to the query segment.

Data Plain PG19 train text; no synthetic long-context examples, retrieval, task labels, or benchmark supervision. Training uses
2,048-token windows, formed as four 512-token chunks.

Optimization AdamW, 8 = (0.9, 0.95), weight decay 0, peak LR 8 X 1075, 100-step linear warmup, cosine decay to zero, gradient
clipping 1.0, seed 42, bf16, no gradient checkpointing.

Schedule 4,000 steps on 8 GPUs, one sample per GPU and no gradient accumulation (global batch 8), totaling about 65.5M tokens.

Compute One node with 8 X NVIDIA H20 GPUs. Logged throughput is about 24.5 samples/s, implying roughly 22 minutes wall-clock;

training peak memory was not recorded.

Table 20: Self-distillation and LoRA training configuration. The adapter name’s “4k” denotes 4,000 optimization
steps; the training sequence length is 2,048 tokens.

Benchmark Tasks and support Generation Scoring and aggregation

RULER Single needle, multikey, and variable 48 tokens; 60 for vari- Official case-insensitive st ring_match_all; equal-weight
tracking; 8k—128k; 100 examples/cell; 8 able tracking. macro over 15 cells.
shards; seed 42.

LongEval Lines retrieval; 4k-128k; 100 exam- 16 tokens for the flag- First numeric answer exact match; six-length macro (five-length
ples/length; 8 shards; seed 1234. ship; 48 for frozen con- 8k—128k macro for matched baseline tables).

trols.

LongBench Six QA datasets; 1,150 examples total; 8 32/64/128 tokens by Official multi-reference token F1; equal-weight macro over six
shards; seed 42. dataset. datasets.

BABILong qal/qa2/qa5; Ok—32k; 100 examples/cell; 20 tokens. Official compare_answers with TASK_LABELS.
4 shards; seed 42.

LoCoMo All 1,986 QA pairs from 10 conversa- 48 tokens for the main GPT-4o judge on categories 1—4; official local abstention rule for
tions; 4 shards. 8B comparison; 512 for category 5; full-set judge is the headline.

the cross-scale audit.

Table 21: Benchmark-level evaluation settings. Every main comparison uses chat_template=False. Memo-
ryLLM uses a different chat-tuned backbone, so its no-chat row is interpreted only as an out-of-backbone reference.



A.4 Efficiency details

Table 3 in the main paper reports full-write-
inclusive prefill, resumed-band decode, peak accel-
erator memory, and correctness; Table 4 separately
reports same-platform LoRA overhead. Cross-
platform timing ratios are not mixed.

A.5 Cross-scale and MoE generality

The Qwen3 depth sweep in Table 7 spans 0.6B,
1.7B, 4B, 8B, 14B, and 32B: content depth remains
near 0.45L, while the zero-shot readable bound-
ary moves deeper with scale. Table 22 then evalu-
ates a RULER-derived conservative integer split for
each frozen backbone on all 1,986 LoCoMo ques-
tions. The no-chat score improves strongly overall
(11.48—51.81) but is not strictly monotone. In par-
ticular, inspection of the 14B generations shows un-
usually long chain-of-thought trajectories without
the chat template: reasoning consumes much of the
generation budget before the final answer, plausibly
explaining its dip below 8B. The chat template miti-
gates this behavior (28.80—39.58), while it slightly
reduces 8B and 32B; we therefore treat the chat col-
umn as a generation-protocol sensitivity analysis
rather than a second scaling curve. Table 23 adds
Qwen3-30B-A3B, where Dense OOMs at 128k but
CoMem runs at 63.0 GB and scores 100 on RULER
single needle.

A.5.1 Hunyuan Hy3: an 80-layer sparse MoE

We additionally port CoMem to Tencent Hunyuan
Hy3, an 80-layer sparse Mixture-of-Experts model
(192 experts, top-8 routing plus one shared expert;
~ 597 GB in bf16) with a 262,144-token native
window. The backbone is sharded across eight
GPUs; Write and Read semantics are unchanged.

Exact partition through MoE routing. Re-
constructing a contiguous forward by writing
layers[0:7] and resuming layers[j:80]
gives max |Alogit| = 0.0 at j € {0, 1, 40,80}, in-
cluding the Dense-to-MoE boundary. The resumed
half re-executes every router and expert, so the
partition preserves routing exactly on this self-test.

Split depth and self-distillation. A PG19 sweep
places the best readout region near j ~ 32-36. At
J = 32, self-distillation reduces the 16k multiplica-
tive LM tax from 1.496 to 1.078 and raises top-1
agreement from 0.773 to 0.871 (Table 24).

Bounded read through 256k. With the distilled
adapter and BM?25 top-8, the read stays at ~ 4.3—

Model Safe j j/L Nochat Chat
Qwen3-0.6B 2 0.07 1148  20.49
Qwen3-1.7B 3 0.11 17.42 26.44
Qwen3-4B 9 0.25 24.07  32.02
Qwen3-8B 9 0.25 32.38 31.52
Qwen3-14B 13 0.325 28.80 39.58
Qwen3-32B 27 0.42 51.81 48.89

Table 22: Frozen CoMem transfers across the Qwen3
family on LoCoMo. Each integer split is a conservative
readout-safe point selected from RULER, independently
of LoCoMo; it is not the 50% readout-crash boundary in
Table 7. Values are full-set GPT-40 Judge accuracy (%)
over all 1,986 questions. Both protocols use iterative
BM25 (top-12, hop width 4), 512-token chunks, a BOS
sink, greedy decoding, and a 512-token generation cap;
the chat column is a template-sensitivity control. The
14B no-chat dip reflects unusually long chain-of-thought
trajectories that delay the final answer; the chat template
mitigates this behavior. Scores improve strongly with
scale but are not strictly monotone.

Length Prefill speedup Dense mem CoMem mem

8k 1.4x 63.7GB 63.0GB
32k 8.4x 71.3GB 63.0GB
128k Dense OOM OOM 63.0GB

Table 23: CoMem on Qwen3-30B-A3B (48-layer
sparse MoE; prefill speedup = Dense/CoMem prefill
time). CoMem peak memory is context-independent
(63.0 GB across 8k/32k/128k) while the full-context
Dense reference grows and OOMs at 128k on an
NVIDIA H20. At 128k CoMem still runs and scores
RULER niah_single 100 (Dense OOM—CoMem
100); its prefill stays < 0.7 s at every length. The depth
partition, retrieval, and constant read thus hold at sparse-
MOoE scale.

4.6k tokens from 16k through 256k. CoMem
reaches 100/98 single/multikey recall at the 256k
native ceiling with no OOM (Table 25).



ctx 8k ctx 16k
7=32 gap topl gap topl
zero-shot 1378 0.823 1496 0.773
distilled 1.071 0.895 1.078 0.871

Table 24: CoMem self-distillation on Hy3 at split =32
(LoRA r=32,a=64 on layers[32:], teacher =0
RAG recompute, 4000 steps of plain PG19 KL, no syn-
thetic data). gap is the multiplicative LM tax (CoMem-
readout perplexity / full-context perplexity; 1.0 is exact);
topl is argmax agreement with the full forward, over
matched 16-doc PG19 windows. The 16k LM tax falls
from +49.6% to +7.8% and top1 rises 0.773 — 0.871,
reproducing the 8B-backbone self-distillation effect on
the 80-layer MoE.

Task 16k 32k 64k 128k 256k
niah_single 2 98 92 100 98 100
niah_multikey_1 100 94 100 100 98

read length (tok) 4.3k 4.6k 4.5k 44k 4.5k
context (tok) 16k 32k 65k 131k 261k

Table 25: CoMem on the Tencent Hunyuan Hy3 back-
bone (hy_v3, 80-layer sparse MoE), RULER needle
recall (n=>50, official string _match_all), split
j=32, BM25 top-8, self-distilled LoRA. The read
length fed to the model stays ~4.3—4.6k tokens while
the context grows 16x (16k—256k); CoMem retains
100/98 recall at the backbone’s 256k native ceiling, with
0 out-of-memory failures. The context row reports the
mean packed length of the RULER samples.

B Chat-Template-Free Statistical
Verification

All statistics in this appendix were recomputed
from the saved prediction shards on the shared
result filesystem, without GPU reruns. The
Qwen3-8B flagship uses the self-distilled j=12
adapter, chunk 512, top-12 retrieval, a BOS
sink, and no chat template. The adapter ar-
tifact is outputs/gcmem_distill_gwen_
jl2_r32_4k/final; this internal path is re-
ported only for reproducibility. The main RULER
directory uses the iter_bm25 implementation;
the saved configuration records rounds=0 and an
observed read of approximately 6.5k tokens. Ev-
ery reported RULER cell contains eight of eight
shards, 100 examples, no empty prediction, and
zero mismatch between the stored score and a fresh
official-kernel recomputation. BABILong likewise
contains 100 valid examples in every cell.

Task 8k 16k 32k 64k 128k
niah_single_2 100.0 100.0 99.0 99.0 100.0
niah_multikey_1 95.0 94.0 97.0 91.0 93.0

variable_tracking 96.6 97.6 98.8 99.0 95.8

Table 26: The 15 RULER cells entering the 97.05 head-
line. The score is their unweighted arithmetic mean:
1455.8/15 = 97.0533. The separately evaluated 256k
cells are excluded from this headline.

Task 8k 16k 32k 64k 128k 256k

niah_single_2 100.0 100.0 99.0 99.0 100.0 96.0
niah_multikey_1 950 94.0 97.0 91.0 93.0 91.0
variable_tracking 96.6 97.6 98.8 99.0 95.8 99.0

Table 27: CoMem RULER scaling without a chat tem-
plate (n=100 per cell). The 97.05 headline averages
only the 15 cells from 8k through 128k; 256k is a sep-
arately reported extension and is excluded from that
headline.

B.1 RULER headline definition

Table 27 reports the separate 256k extension. Those
three cells are excluded from the 97.05 headline to
keep its predefined 8k—128k support.

B.2 LoCoMo judge protocol and denominator

Prediction shards for all methods and the adapter-
free CoMem control deduplicate to all 1,986 Lo-
CoMo items. GPT-4o0 judges the 1,540 answerable
items in categories 1-4. Category 5 contains 446
adversarial abstention items and is scored locally:
an answer is correct iff it is empty or matches the re-
fusal rule. Thus the canonical full-set judge is over
all 1,986 items, not only the API-judged subset.

Method Cat.1 Cat.2 Cat.3 Cat.4 Cat.5 Overall
CoMem + LoRA 2695 19.00 30.21 69.32 247 3827
CoMem frozen (j=9) 18.79 1340 27.08 53.75 1.12 29.15
KV-Direct 24.11 18.69 25.00 62.19 2.69 34.59
StreamingLLM 22770 11.21 2396 4221 695 25.63
InfLLM 18.44 1433 2500 3389 7.62 2221
MemoryLLM 1560 8.72 15.63 27.47 045 16.11
HCache-style 6.74 249 938 1427 1.12 8.11

Table 28: LoCoMo GPT-40 judge by category. Cate-
gories 1—4 contain 282/321/96/841 judged items; Cat-
egory 5 contains 446 locally scored abstention items.
Overall aggregates all 1,986 examples.

The judge uses the OpenAl-compatible endpoint
https://maas—-openapi.wanjiedata.
com/api/vl/chat/completions with
model name gpt-4o0, seed=1, and no client-set
temperature or top-p. The endpoint does not ex-
pose a dated model snapshot. Requests are retried


https://maas-openapi.wanjiedata.com/api/v1/chat/completions
https://maas-openapi.wanjiedata.com/api/v1/chat/completions

four times with exponential backoff; unparsable
responses and API failures are conservatively
scored wrong. The prompt presents the question,
gold answer, and prediction; it accepts any seman-
tic match (including equivalent date phrasing),
rejects contradictions, omissions, empty answers,
and refusals, and requires exactly CORRECT or
WRONG. The verbatim template is released with
the evaluation script. Gold alternatives are joined
with “OR.” A reply must begin with CORRECT or
WRONG; a fallback substring vote is used before
defaulting to wrong.

On the common GPT-40-judged items
(n=1540), CoMem scores 48.64 and KV-Direct
43.83. A paired per-item bootstrap of their differ-
ence (10,000 resamples, seed 1234) gives +4.81
points with 95% CI [2.34,7.27]. Because the
questions are nested within only 10 conversations,
this interval is not our sole inferential check. A
paired conversation-cluster bootstrap, resampling
the 10 conversations rather than individual
questions, also yields a 95% interval entirely above
zero; 8 of the 10 observed conversation-level
differences favor CoMem. We report the latter
as a dependence-aware robustness check rather
than claiming that 1,540 questions are independent.
The canonical full-set point scores are 38.27 and
34.59, respectively.

B.3 Independent-judge audit

We reran the binary prompt with DeepSeek-V3
on a stratified 200-item subset shared by CoMem
and KV-Direct. Agreement with GPT-4o is 0.81
(k = 0.626). Both judges preserve the ordering:
GPT-40 scores 36.5/32.5 (+4.0) and DeepSeek-V3
56.0/49.0 (47.0) for CoMem/KV-Direct. Absolute
calibration differs, but the positive gap is judge-
robust.

B.4 Uncertainty and aggregation checks

Per-method, 1,000-resample item-bootstrap inter-
vals (seed 1234) are [36.20, 40.58] for CoMem’s
full-set LoCoMo judge, [32.48,36.71] for KV-
Direct’s, [46.04, 50.98] and [41.23, 46.30] for their
category-1-4 judge scores, and [8.60,9.72] and
[8.51,9.61] for their F1 scores. These unpaired,
item-level intervals are descriptive; the paired clus-
ter analysis above is the appropriate dependence-
aware comparison.

Selected 100-example cell intervals (1,000 re-
samples, seed 2024) are: variable tracking 64Kk,
99.0 [98.2,99.8], and 128k, 95.8 [94.2, 97.4]; sin-

gle needle 32k, 99.0 [97, 100]; and multikey 64k,
91.0 [85,96]. We omit legacy BABILong inter-
vals computed from an earlier prediction cohort.
LongEval scores 72.83 over 600 examples (95%
CI [69.33, 76.33)).
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