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ABSTRACT

Key-value (KV) cache growth is a major bottleneck in autoregressive decoding,
as memory and bandwidth scale linearly with the context length. Existing KV-
eviction methods often rely on static heuristics or early retention decisions, which
miss downstream context and cause brittle eviction as token relevance shifts. To
address this, we introduce KVPOP, which uses stateful delayed importance scor-
ing at eviction time for context-aware cache management under a fixed per-head
budget. KVPOP is trained with a novel future-attention importance target that es-
timates long-term token utility without materializing dense attention. We show
that KVPOP preserves dense attention performance on challenging mathematical
reasoning tasks, while reducing KV cache size by 75%. Even at ∼94% KV com-
pression, KVPOP still retains ∼80% of performance, almost doubling baseline
recovery. Our results indicate that timing-aware eviction cuts KV memory costs
while maintaining quality.

1 INTRODUCTION & BACKGROUND

In Transformers, each generated token produces a query vector that attends to all previous keys via
dot-product attention Vaswani et al. (2017). To avoid recomputing attention scores for every new
token during autoregressive generation, Transformer-based-large language models (LLMs) cache
the key and value representations of past tokens in a key–value (KV) cache. While caching enables
efficient token-by-token generation, the KV cache grows linearly with sequence length and quickly
becomes the dominant factor in accelerator memory usage and memory bandwidth, limiting both
throughput and the maximum context length that can be served in practice (Kwon et al., 2023).

Prior KV-eviction methods address this bottleneck by compressing or replacing dense dot-product
attention with sparse mechanisms in the KV cache. Training-free methods retain recent tokens and
a small set of globally important tokens (Zhang et al., 2023), preserve attention sinks (Xiao et al.,
2023), or select subsets of tokens using query-aware or similarity-based heuristics (Li et al.; Tang
et al., 2024). While effective, such approaches often rely on proxy signals that adapt too slowly as
token relevance shifts during generation, and several query-aware methods reduce attention compu-
tation without enforcing a strictly bounded persistent cache. Learned approaches retrofit lightweight
modules to predict eviction decisions or compress memory online (Nawrot et al., 2024; Zeng et al.,
2025; Akhauri et al., 2025; Łańcucki et al., 2025), suggesting token importance is predictable but
hard to estimate under tight memory budgets.

To address limitations of existing KV cache management methods, particularly premature evic-
tion driven by retrospective or greedy importance signals, we introduce KVPOP , a sparse-attention
retrofit that enforces a strict per-head KV budget. KVPOP augments each attention head with a
lightweight XLSTM-based scorer (Beck et al., 2024) and maintains a constant-size cache of B
tokens at inference time. KVPOP recovers on average 93% of dense attention performance on chal-
lenging mathematical reasoning tasks while reducing the KV cache by 75%. Even at 94% compres-
sion, it retains 80% of dense performance—nearly twice the recovery of a trained StreamingLLM
(Xiao et al., 2024) baseline.
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Figure 1: (1) Training & Inference: In each attention layer, we compute queries, keys, and values.
Keys and values are detached, concatenated as [k; v], and passed to a per-KV-head mLSTM scorer to
produce token-importance scores. A fixed-budget KV cache is maintained by always retaining sink
tokens and a protected sliding window, and selecting the remaining entries by top-k score. Attention
is computed over the retained set. (2) Training only: We compute importance targets on-the-fly as
the future attention mass of each key and optimize the importance scorer layer-wise.

2 KVPOP

MLSTM Importance Scorer. We provide an overview of our architecture for training and inference
in Figure 1. We retrofit a pre-trained LLM by augmenting each attention layer with a lightweight
MLSTM scoring module operating per KV head. This stateful scorer produces scalar importance
scores that drive top-k retention and eviction under a fixed KV budget.

Let w be the length of the protected sliding window during which tokens cannot be evicted. At
decoding timestep t, the token position that is about to exit the window is u := t−w+1. Intuitively,
KVPOP assigns scores to tokens exactly when they become evictable. We define the mLSTM inputs
q̃t, k̃t, ṽt via headwise projections of the base attention keys and values:

xt = [kt;vt], q̃t = ϕ(Wqxu), k̃t = ϕ(Wkxt), ṽt = Wvxt,

where Wq/k/v ∈ R(2dqkv)×(dqkv/2) are small head-wise adapters and ϕ(·) is a Hedgehog non-
linearity (Zhang et al., 2024).

We choose [k;v] as input for two reasons. First, most modern LLMs use grouped-query attention
(GQA) Ainslie et al. (2023), so scoring naturally aligns with KV heads and avoids an additional
query-to-KV-head projection. Second, using only cached quantities enables delayed scoring: at
timestep t, the mLSTM memory has been updated with information up to t, but the only token
whose eviction status changes is u. Since xu = [ku;vu] is available in the KV cache, we can
perform a time-shifted readout by setting q̃t from xu.

Let ht = q̃tCt/q̃tzt denote the delayed mLSTM memory readout at timestep t with delayed query
q̃t, where Ct ∈ Rdqkv×dqkv denotes the mLSTM’s state of the full sequence up to t and zt ∈ Rdqkv

the mLSTM normalizer. We map ht to an importance score for token u via a headwise linear
projection: ˆscoreu = wSiLU(ht) + b. We provide additional details on the mLSTM formulation in
Appendix B.

Learnable Temporal Decay. We rank tokens using an effective score scoreu(q) = ˆscoreu +
⌊ q−u

n ⌋ log γh, where γh ∈ (0, 1) is a learnable, per-head decay factor. We parameterize log γh
by mapping an unconstrained parameter through a sigmoid into a fixed log-decay range. The sig-
moid is used solely to constrain the learnable parameter during training and is not part of the scoring
function itself.

Sparse Attention. At each query position q, we maintain a constant-memory KV cache by selecting
the top-k keys with the highest effective importance scores among the eligible tokens (i.e., tokens
that are neither sinks nor in the protected window). All other eligible tokens are evicted. Two
token sets are exempt from eviction: sink tokens (the first s tokens of the sequence, typically s=4),
motivated by attention sinks (Xiao et al., 2023), and a sliding window of the w most recent tokens
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Figure 2: KVPOP stateful eviction policy. (1) The mLSTM memory is updated with the most
recent key value pair at position t. (2) For delayed scoring, the memory is read with the token at
t−w+1 exiting the sliding window cache. (3) The mLSTM emits an importance score, and ranking
determines whether the token is kept or evicted.

(typically w=64) to preserve local context. Defining the total budget as B = s+w+ k, attention is
computed over the union of sink tokens, window tokens, and the selected top-k tokens. We give an
efficient GPU implementation of the running top-k selection using a Fenwick tree (Fenwick, 1994)
in Appendix C.

2.1 TRAINING SETUP

Importance Score Target. We supervise the scorer with a forward-looking signal: how much future
attention a key will receive once it leaves the protected window. Let S denote the sequence length
and let g ∈ {1, . . . , G} index the query heads (GQA groups) that share KV head h. For query
position d and key position t ≤ d, let p(h,g)d→t denote the causal attention probability from (h, g) at d
to key t. We define the future attention mass for key (h, t) as

mh,t = max
g∈{1,...,G}

S−1∑
d=t+w

p
(h,g)
d→t , p

(h,g)
d→t =

exp
(
⟨q(h,g)

d , k
(h)
t ⟩/

√
dk

)
∑d

t′=0 exp
(
⟨q(h,g)

d , k
(h)
t′ ⟩/

√
dk

) . (1)

Naively computing mh,t requires the full S × S attention matrix. Instead, we exploit an identity
that reduces the computation to a single transposed attention pass. Using FLEXATTENTION Dong
et al. (2025), the first (sparse) attention pass returns per-query log-normalizers L̃SEd. A second pass
swaps keys and queries and applies the score modifier ⟨q(h,g)

d ,k
(h)
t ⟩/

√
dk − L̃SEd, which converts

logits into (approximate) log-probabilities.1 The resulting per-key LSE over d ≥ t + w yields
an estimate of logmh,t for all t in parallel. This transposed pass is used only during training (no
inference overhead); details and the derivation are in Appendix D.

Importance Score Loss. We train KVPOP with full finetuning and add an auxiliary ranking loss
for the importance scorer. This loss directly supervises the eviction decision at each step. When the
next token tnew = q − w exits the protected window and becomes eligible for the top-k budget, the
policy must decide whether to retain it.

Let τq denote the teacher’s cutoff rank at query position q (computed from target effective scores),
and let tbnd be the boundary key at rank τq among eligible keys. The teacher keeps tnew if
rank(tnew) ≤ τq , and evicts it otherwise. We train the predictor to match this decision via a pairwise
logistic loss:

Lscore = Eq

[
softplus

(
− yq

scorenew − scorebnd
τ

)]
, (2)

where yq = +1 if the teacher keeps tnew and yq = −1 otherwise, scorenew and scorebnd are the
predicted effective scores (including decay), and τ is a temperature.

1The computation is exact if L̃SEd is replaced by the dense causal LSEd.
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Table 1: Downstream results on AIME and HMMT. We report the relative pass@1 performance
w.r.t. the dense uptraining checkpoint. Absolute scores are shown in parentheses.

AIME HMMT Avg.

Variant 2024 2025 Feb 2025 Nov 2025

– QWEN3-4B-IT 1.00 (0.49) .93 (0.40) 1.08 (0.22) 1.01 (0.30) .99 (0.35)
– QWEN3-4B-IT Uptrain 1.00 (0.49) 1.00 (0.43) 1.00 (0.20) 1.00 (0.30) 1.00 (0.36)

B
=5

12 QWEN3-4B-IT StreamLLM .07 (0.03) .16 (0.07) .24 (0.05) .06 (0.02) .12 (0.04)
QWEN3-4B-IT StreamLLM+ .40 (0.20) .44 (0.19) .43 (0.09) .28 (0.08) .39 (0.14)
QWEN3-4B-IT KVPOP .78 (0.38) .76 (0.33) .86 (0.18) .85 (0.25) .80 (0.28)

B
=2

04
8 QWEN3-4B-IT StreamLLM .75 (0.37) .66 (0.28) .98 (0.20) .73 (0.22) .75 (0.33)

QWEN3-4B-IT StreamLLM+ .86 (0.42) .74 (0.32) 1.10 (0.23) 1.10 (0.33) .91 (0.43)
QWEN3-4B-IT KVPOP .93 (0.46) .81 (0.35) .90 (0.18) 1.13 (0.33) .93 (0.43)

This objective (1) concentrates supervision on the critical boundary decision rather than all pairwise
comparisons, (2) naturally incorporates temporal decay through the effective scores, and (3) is O(1)
per sampled query position. We optionally apply margin-based weighting using the teacher margin
|scoretgtnew − scoretgtbnd| to downweight ambiguous decisions.

2.2 EXPERIMENTS

All experiments start from QWEN3-4B-IT (Yang et al., 2025) and use sequence length S = 8192.
For reasoning uptraining, we use the Nemotron-Math v2 dataset Du et al. (2025), selecting the subset
with medium-length thinking traces, which fit well within S = 8192 with the Qwen tokenizer. We
apply sequence packing to improve token utilization. We train using a two-stage protocol:

Phase 1 (reasoning uptraining). We fully finetune for 5,000 steps (global batch 128) with a con-
stant learning rate of 8× 10−5, optimizing next-token cross-entropy.

Phase 2 (KVPOP sparsification). Starting from the Phase-1 checkpoint, we train for 2,000 addi-
tional steps on the same data (new seed) and initialize per-layer, per-KV-head mLSTM scorers. We
use a cosine schedule for the scorer parameters (peak 10−3) while keeping the base-model learning
rate at 8 × 10−5, and optimize a mixed objective: 0.9 cross-entropy + 0.1 KL distillation. Full
hyperparameters are in Appendix E.

Results. We report pass@1 on AIME24/25 and HMMT (Feb/Nov 2025) in Table 1, compar-
ing dense attention to StreamingLLM (Xiao et al., 2024) and KVPOP under two cache bud-
gets (B ∈ {512, 2048}). For sparse variants we report performance relative to the uptrained
dense checkpoint, with absolute scores in parentheses. At B=512 (∼94% compression), applying
StreamingLLM without additional training collapses performance (Avg. 0.12), and even training
under the fixed mask (StreamLLM+) recovers only partially (Avg. 0.39). In contrast, KVPOP re-
tains a large fraction of the dense baseline at the same budget (Avg. 0.80), indicating that learned,
context-aware retention is critical under aggressive compression. At B=2048 (∼75% compression),
all methods improve; KVPOP remains best on average (Avg. 0.93), closely matching dense attention
and slightly outperforming StreamLLM+ (Avg. 0.91). Overall, fixed window+sinks masking can be
brittle for long-horizon reasoning, while KVPOP’s delayed mLSTM scoring yields robust retention
decisions, especially at small budgets.

3 CONCLUSION

We introduce KVPOP, a lightweight retrofit for fixed-budget KV-cache management. Our key design
is stateful delayed scoring at eviction time, which lets the importance scorer incorporate near-future
context while preserving causality. We also introduce a novel future-attention importance target
to supervise eviction decisions. Combined, these components keep inference memory bounded
and make training practical with efficient sparse selection. Across long-context math reasoning
evaluations, KVPOP preserves most gains from math uptraining while reducing the KV cache by
93.75%. Consequently, KVPOP represents a promising alternative to dense attention mechanisms.
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A RELATED WORK: LEARNED KV CACHE EVICTION AND COMPRESSION

Selection vs. eviction. A useful distinction is whether a method sparsifies attention computation
or cache memory. Token selection methods restrict each query to attend to a subset of keys (reduc-
ing compute and bandwidth), but under standard autoregressive decoding, they do not necessarily
bound the size of the persistent KV cache, since keys/values for all past tokens may remain stored
for potential future use. Classic sparse-attention architectures such as Longformer use fixed sparse
patterns (local windows plus global tokens) to obtain near-linear attention complexity for long se-
quences Beltagy et al. (2020). More recent long-context models adopt learned or indexed token
selection to reduce attention cost at scale; e.g., DeepSeek-V3.2 introduces DeepSeek Sparse Atten-
tion (DSA) to substantially reduce long-context attention complexity while preserving quality Team
(2025). In contrast, eviction methods explicitly drop cached tokens to enforce a hard memory bud-
get, directly reducing the KV footprint during long-context generation.

Training-free eviction and prompt-side compression. Several influential methods reduce KV
memory without additional training by combining recency with heuristic notions of global impor-
tance. H2O observes that attention patterns exhibit “heavy hitter” tokens that contribute dispropor-
tionately to generation quality and proposes an eviction policy that retains a mixture of recent tokens
and heavy hitters, with theoretical motivation via a submodular formulation Zhang et al. (2023).
SnapKV proposes a fine-tuning-free strategy that compresses the KV cache by leveraging prompt
attention features extracted from an “observation window” near the end of the prompt and forming
a reduced cache used for subsequent generation Li et al.. These approaches are effective baselines,
but their importance signals are either retrospective (e.g., accumulated attention) or derived from a
prompt-only structure, which can make them slower to adapt when token utility changes over the
course of generation.

Learned KV cache eviction/compression. A growing line of work trains lightweight mechanisms
to make cache management decisions that better preserve accuracy under tight budgets. Inference-
Time Hyper-Scaling with KV Cache Compression argues that KV size, rather than token count,
is a primary bottleneck for inference-time scaling, and introduces Dynamic Memory Sparsifica-
tion (DMS), which can be trained briefly to achieve high compression while maintaining accu-
racy Łańcucki et al. (2025). Notably, DMS emphasizes delayed eviction and implicit information
merging to avoid prematurely discarding useful context Łańcucki et al. (2025). Overall, these re-
sults support the hypothesis that token importance is predictable and that small learned modules can
outperform purely heuristic retention policies at high compression ratios.

Positioning of KV Pop. KVPOP falls in the learned eviction category: it enforces a constant-size
cache by evicting tokens, while computing attention only over the retained set. Unlike prompt-only
compression, KVPOP predicts importance online during generation, and unlike purely retrospective
scoring, it trains a forward-looking predictor using supervision derived from future attention mass.
Crucially, KVPOP uses a protected sliding window and delayed scoring: each token is scored right
before it becomes evictable, allowing the scorer to exploit near-future context already summarized
in its recurrent state at decision time.

B BACKGROUND: LINEAR ATTENTION AND MLSTM

Linear attention replaces the softmax similarity κexp(q,k) = exp
(
q⊤k/

√
dqk

)
with a kernel

κϕ(q,k) = ϕ(q)⊤ϕ(k) that admits an explicit feature representation, where ϕ : Rdqk → Rdqk

(Katharopoulos et al., 2020).

Through associativity, this factorization yields two mathematically equivalent causal attention im-
plementations: (i) a (chunkwise) parallel computation suited for training and prefill, and (ii) an
online recurrent update used for step-by-step decoding. By switching between these views, one
obtains linear-time prefill and training and constant-memory autoregressive generation (Yang et al.,
2024b).

In the recurrent formulation, each head maintains a running key–value summary Ct ∈ Rdqk×dv ,
optionally together with a normalizer zt ∈ Rdqk . Given the token at time t, the state is updated via
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rank-one outer products:

Ct = Ct−1 + ϕ(kt)⊗ vt,

zt = zt−1 + ϕ(kt),

where ⊗ denotes the outer product. For a query qt, the head output is obtained by reading from the
current summary with normalization:

ht =
ϕ(qt)Ct

ϕ(qt)zt
.

Here qt,kt ∈ Rdqk and vt ∈ Rdv .

mLSTM. Recently, modern recurrent architectures, such as mLSTM (Beck et al., 2024), Mamba
(Gu & Dao, 2024), and Gated Delta Networks (Yang et al., 2024a) have emerged as competitive
linear-complexity alternatives to Transformers. Inspired by the gating structure of the original LSTM
cell (Hochreiter & Schmidhuber, 1997), these operators augment the outer product update of linear
attention with expressive gates. In this work, we choose mLSTM, which was introduced as a sub-
layer of xLSTM, as a stateful importance scorer. The mLSTM introduces three input-dependent
gates into the state update of linear attention, each governing a different part of the computation.
Let wi ∈ Rd×1 and wf ∈ Rd×1 parameterize scalar input and forget gates, and let Wog ∈ Rd×dv

parameterize a vector-valued output gate. Given a token representation xt, we compute

it = exp(xtwi), ft = σ(xtwf ), ot = σ(xtWog),

where it scales the new key–value write, ft attenuates the running state, and ot gates the readout.
The resulting recurrent updates are

Ct = ft Ct−1 + it ϕ(kt)⊗ vt,

zt = ft zt−1 + it ϕ(kt),

with numerical stabilization for the exponential input gate omitted here for clarity. A query then
performs the usual normalized retrieval, and the output gate modulates it elementwise:

ht = ot ⊙
ϕ(qt)Ct

ϕ(qt)zt
. (3)

Lightweight stateful scoring with mLSTM. We tailor the mLSTM scorer for minimal retrofit
overhead in a pretrained Transformer. We remove the mLSTM output gate, reuse the Transformer’s
existing attention projections, and build scorer inputs solely from cached quantities. For each KV
head, we form xt = [kt; vt] ∈ R2dqkv and apply a small head-specific linear projection Wq/k/v ∈
R(2dqkv)×(dqkv/2) followed by a Hedgehog activation ϕ in its softmax-stabilized form (Zhang et al.,
2024):

ϕ(xt) =
[
softmax(xt); softmax(−xt)

]
∈ Rdqkv ,

where the softmax is taken over the feature dimension. Crucially, this adds only one small matrix
for each query, key, and value head.

C EFFICIENT RUNNING TOP-k ATTENTION

While top-k attention during inference can be implemented by attending only to the non-evicted KV-
cache entries, training benefits from a parallel implementation that avoids explicitly constructing an
S × S sparse mask.

Let s be the number of sink tokens and w the protected sliding-window length. For each query
position q, only keys in the eligible set E(q) = {t | s ≤ t ≤ q − w} compete for the top-k budget
(sink and window tokens are always kept). We rank keys by their effective score (predicted score
plus decay) and define rank(t) ∈ {0, . . . , S − 1} as the position of key t in the descending sort
(smaller is better).

We compute, for each q, a threshold rank τq such that the selected long-range keys are exactly those
in E(q) with rank(t) ≤ τq . To do so efficiently, we use an online Fenwick tree (Binary Indexed
Tree) (Fenwick, 1994):

9
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• Precompute ranks: sort effective scores once to obtain rank(t) for all t.
• Online thresholds: as q increases, exactly one new key t = q − w enters E(q); we insert

its rank into the BIT. The cutoff τq is the rank of the k-th best inserted element, found by
binary lifting on BIT prefix sums.

The resulting attention mask can be written as

Mq,t = 1[t < s] ∨ 1[q − t < w] ∨
(
1[t ∈ E(q)] ∧ 1[rank(t) ≤ τq]

)
. (4)

This procedure runs in O(S logS) time and O(S) space per head, and enables constructing the mask
on-the-fly inside a sparse attention kernel (we use FLEXATTENTION Dong et al. (2025)) without
materializing an O(S2) matrix.

D EFFICIENT TARGET IMPLEMENTATION

This appendix derives an efficient computation of the future-attention target in Eq. equation ??
without materializing an S × S attention matrix.

Setup. Fix a KV head h and (optionally) a query group g mapping to h. Let

s(h,g)(d, t) := ⟨q(h,g)
d ,k

(h)
t ⟩/

√
dk

be the pre-softmax score, and define the causal per-query log-normalizer

LSE
(h,g)
d := log

d∑
t′=0

exp
(
s(h,g)(d, t′)

)
. (5)

The causal attention probability is then

p
(h,g)
d→t = exp

(
s(h,g)(d, t)− LSE

(h,g)
d

)
, t ≤ d. (6)

Future attention mass. For each key position t, we aggregate attention from future queries outside
the protected window:

m
(h,g)
t :=

S−1∑
d=t+w

p
(h,g)
d→t =

S−1∑
d=t+w

exp
(
s(h,g)(d, t)− LSE

(h,g)
d

)
. (7)

In the main paper, we take an existential aggregation across query groups, mh,t = maxg m
(h,g)
t ,

which matches the intuition that if any query head strongly relies on a token, the KV head should
retain it.

Transposed-attention identity. Equation equation 7 is a log-sum-exp over d for each fixed t:

logm
(h,g)
t = log

S−1∑
d=t+w

exp
(
s(h,g)(d, t)− LSE

(h,g)
d

)
. (8)

This can be computed by a transposed attention-like operation where key positions t act as “queries”
and time indices d act as “keys”:

logm
(h,g)
t = LSET

t

(
s(h,g)(d, t)− LSE

(h,g)
d

)
, with d ≥ t+ w. (9)

Concretely, define a second attention call with query vectors q′
t := k

(h)
t and key vectors k′

d := q
(h,g)
d

(i.e., swap the roles of Q and K). Using the same dot-product kernel yields logits s(h,g)(d, t).
Applying the score modifier −LSE

(h,g)
d converts these logits into log-probabilities (Eq. equation 6),

and taking the log-sum-exp over the masked set {d : d ≥ t+ w} yields Eq. equation 8.
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Dense vs. sparse log-normalizers. If LSE(h,g)
d in Eq. equation 5 is computed from dense causal

attention, then Eq. equation 9 yields the exact logm(h,g)
t . In practice, our first pass is sparse top-k

attention and returns an approximate log-normalizer

L̃SE
(h,g)

d = log

d∑
t′=0

Md,t′ exp
(
s(h,g)(d, t′)

)
,

where M is the sparse attention mask. Replacing LSE
(h,g)
d with L̃SE

(h,g)

d yields an approximation
of logm(h,g)

t that we find empirically sufficient, as the top-k set captures most of the softmax mass.

Implementation with FLEXATTENTION. We compute the target in four steps:

1. Run the first (sparse) attention pass and obtain per-query L̃SE
(h,g)

d from FLEXATTENTION.

2. Run a second transposed FLEXATTENTION pass with swapped inputs (K → Q′, Q →
K ′).

3. In the transposed pass, apply the score modifier s(h,g)(d, t) 7→ s(h,g)(d, t)− L̃SE
(h,g)

d and
a block mask enforcing d ≥ t+ w.

4. The auxiliary output log-sum-exp from this transposed pass yields logm
(h,g)
t for all t in

parallel. We aggregate across query groups by logmh,t = maxg logm
(h,g)
t (equivalently

mh,t = maxg m
(h,g)
t ).

This transposed pass is used only during training to compute targets and is not required at inference
time.

E EXPERIMENT DETAILS

Training details. All experiments were run on 8 H100 GPUs using PyTorch FSDP. We used a
global batch size of 128 via gradient accumulation, mixed precision (bfloat16 for model parameters
and most compute; float32 for gradient all-gather/reductions), and gradient clipping to 1.0 for full
finetuning. For numerical stability, we compute score decay and top-k ranking/selection in float32;
all other activations remain in bfloat16.

To maximize GPU utilization, we pack multiple samples into a single sequence up to the maximum
context length. We found that preserving the attention mask across packed segments (i.e., not reset-
ting attention at packing boundaries) improved performance for our hybrid architecture, consistent
with observations in prior work (Buitrago & Gu, 2025).

Uptraining. In the uptraining phase, we train for 5,000 steps with global batch size 128 and a
constant learning rate. We optimize the model using the standard cross-entropy (CE) next-token
objective.

Sparsification. In the sparsification phase, we train KV Pop on top of the uptrained checkpoint
using a mixed objective that includes a KL-divergence term to keep the student close to the teacher
distribution. We compute the KL term over the top-256 teacher logits for efficiency. This truncation
substantially reduces the cost of teacher supervision and suggests a variant where teacher logits
could be precomputed offline, avoiding loading the teacher model during training. We leave this
optimization for future work.

Table 2 summarizes the hyperparameters used throughout our pipeline.

F ARCHITECTURE ABLATION

We ablate architectural components of the mLSTM scorer on LLAMA3.2-3B-IT (Figure 3). We
train for 3,000 steps with sequence length 4,096 on the Longmino-3 midtraining mixture Olmo et al.
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Table 2: Training Hyperparameters.
Setting Value
General
Context size 8192
Batch size 128
Weight decay 0.0001
Optimizer AdamW
Adam Betas (0.9, 0.95)
Trainable Parameters all
Sequence packing true

Phase I: Uptraining
Token budget 5B
Learning rate Constant LR 8e−5
CE loss weight 1.0
KL loss weight 0.0

Phase II: Sparsification
Token budget 2B
Learning rate (existing params) Constant LR 8e−5
Learning rate (new params) 100 Steps Warmup + Cosine Schedule

(1e−3 to 8e−5)
CE loss weight 0.9
KL loss weight 0.1
KL temperature 1
KL reverse false
KL Top-k 256
Pairwise loss temperature 1.0
Pairwise loss margin weighting true
KVPOP sliding window 64
KVPOP sink tokens 4
KVPOP top-k budget 444 & 1980
KVPOP decay min 0.999
KVPOP decay max 0.999999

(2025). We use a sliding window size of 64 and a total attention budget of 512. Delayed scoring,
i.e., scoring tokens when they exit the protected window rather than at insertion, yields a substantial
improvement over immediate scoring. Other architectural variants have comparable performance.

Based on these results, we omit the headwise LayerNorm used in xLSTM Beck et al. (2024) to
reduce parameter overhead, and use hedgehog feature maps Zhang et al. (2024) which halve the
projection parameter count by reducing the feature dimension in the headwise maps from [k; v] to
q̃, k̃, and ṽ. We retain gate softcapping since it introduces no additional parameters and can be
implemented efficiently (e.g., fused into the mLSTM kernel).

12



ICLR 2026 Test-Time Updates (TTU) Workshop

10
00

20
00

30
00

Training Step

0.684

0.686

0.688

0.690

0.692

To
ke

n 
Ac

cu
ra

cy

Immediate
Delayed
Delayed + HeadNorm
Delayed + SoftCap
Delayed + Hedgehog

Figure 3: Different configurations of the mLSTM scoring module for LLAMA3.2-3B-IT on the
Longmino-3 pretraining mix.
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