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ABSTRACT

Diffusion language models (dLLMs) offer a promising alternative to autoregres-
sive generation, but their inference efficiency remains limited by high compute
cost and instability under approximate key—value (KV) cache reuse. We show
that existing KV-cache—enabled dLLM inference schemes suffer from token drift,
where cached representations become misaligned with evolving context, leading
to degraded prediction confidence, reduced parallelism, and accuracy loss. To
address this, we propose Polestar-Cache, a training-free, drift-aware KV caching
framework that reconciles parallel decoding with accuracy. Polestar-Cache detects
layer-wise representation drift using a lightweight KL-divergence proxy computed
from cached hidden states, and selectively refreshes KV cache entries. To reduce
overhead, Polestar-Cache clusters hidden states and keeps only centroids on the
GPU. The non-centroid tokens are offloaded to CPU memory and fetched accord-
ing to drift dynamics. Extensive experiments on multiple dLLM benchmarks,
including GSMS8K, MBPP, and ParallelBench, demonstrate that Polestar-Cache
achieves up to 11% accuracy improvement and 1.7x performance improvement
over prior KV-cache—enabled baselines.

1 INTRODUCTION

Autoregressive large language models (LLMs) |Grattafiori et al.| (2024)); Jaech et al.| (2024) have
thus far been the dominant paradigm for sequence modeling [Zhao et al.| (2023)), and have achieved
remarkable success in natural language generation tasks, including complex, multi-step reasoning
Yuan et al.|(2025) and code generation Jiang et al.|(2024)). However, the causal sequential nature of
autoregressive decoding, fundamentally limits their inference speed, particularly for long generation
lengths |Kang et al.| (2025)).

Recently, masked diffusion language models (dLLMs) Nie et al.| (2025); |Ye et al.| (2025)); [Song
et al.| (2025) have emerged as a promising alternative to autoregressive models. Drawing inspiration
from diffusion-based generative modeling, dLL.Ms reformulate sequence generation as an iterative

denoising process Austin et al.|(2021a)), enabling varying degrees of parallel decoding across tokens
Arriola et al.|(2025).

Despite this parallelism, dLLMs are often more compute-intensive than their autoregressive counter-
parts, as generation requires multiple denoising iterations over the full sequence. Moreover, unlike
autoregressive LLMs, dLLMs do not naturally admit key—value (KV) caching mechanisms, since
token representations are repeatedly revised across denoising steps, causing cached states to become
stale or invalid [Wu et al.| (2025)).

In an effort to reduce the compute intensity of dLLMs and improve inference efficiency—thereby
capitalizing on their inherent parallelism—recent methods Liu et al.| (2025); Wu et al.| (2025); Ma
et al.| (2025); |Shen et al.| (2025) have explored approximate KV caching techniques to reduce per-
step inference latency. For example, Fast-dLLM |Wu et al.| (2025) adopts a block-wise decoding
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Figure 1: Token drift and its impact on parallel decoding efficiency for LLaDA-8B on GSMS8K.
Token-wise cosine distance heatmaps between cached and freshly recomputed KV representations
at (a) layer 9 and (b) layer 25. (c) Decoding trajectory of vanilla LLaDA with confidence-based
parallel decoding and (d) Decoding trajectory of LLaDA with KV-cache-enabled.

schedule and stores a KV cache for all tokens outside the current decoding block. Upon decoding
completion of the block, it then refreshes the KV cache with the newly generated tokens. Such
KV caching techniques are predicated on the assumption that, KV cache token representations are
invariant to the decoding of tokens within the current block. However, in dLLMs, we observe that as
tokens are decoded within a block, they can alter the contextual dependencies of previously cached
tokens. This may cause their representations to drift across successive decode-steps and layers. This
drift can compromise the reuse of KV cache across decoding steps of the current block, substantially
degrading the model’s prediction confidence and accuracy for subsequent tokens. This reduction in
prediction confidence also limits achievable parallelism (tokens per forward (TPF) see[Appendix A
and increases the number of decode-steps, offsetting per-step latency reductions.

Our contributions. We observe that in KV-cache-enabled dLLMs Wu et al.|(2025), increasing de-
coding parallelism while achieving end-to-end performance gains without degradation of generation
quality yields a unique and open challenge. This naturally leads to the following question: How can
a KV caching mechanism be designed to remain aligned with the evolving, drift-prone token repre-
sentations in dLLMs—so as to preserve parallel decoding confidence and output quality—while still
enabling efficient, high-parallelism inference?

Towards addressing this, we introduce Polestar-Cache, a training-free algorithm-system co-design
framework for diffusion language models that reconciles high decoding parallelism with output
quality. Specifically, Polestar-Cache caches input hidden states and computes attention scores from
these cached representations to detect layerwise representation drift via a lightweight KL-divergence
proxy across successive decoding steps. When drift exceeds a threshold, it selectively updates the
KV cache at the affected layer and propagates update signals to subsequent layers, ensuring consis-
tent contextual alignment throughout the model.

Additionally, to preserve inference efficiency, Polestar-Cache eschews token-level drift tracking by
clustering cached hidden states via spherical K-means, offloading clusters to the CPU while retaining
only centroids on the GPU. Drift-triggered updates are applied sparingly and selectively fetch hidden
states for high-drift clusters, minimizing overhead without compromising cache fidelity.

Extensive experiments on diverse dLLM model families and benchmarks demonstrate that Polestar-
Cache achieves up to 11% accuracy improvement and 1.7x end-to-end inference speedup over
prior KV-cache—enabled dLLM baselines.

2 RELATED WORK

KY cache optimizations for dLLMs. This line of research accelerates dLLM inference by reduc-
ing the computational cost of each decoding step through KV cache reuse. Fast-dLLM Wu et al.
(2025) adopts a hybrid strategy that additionally introduces a block-wise approximation of the KV
cache, which is refreshed at block boundaries. dLLM-Cache [Liu et al.| (2025) and dKV-Cache Mal
et al.[ (2025) performs sporadic, similarity-guided or delayed updates to the KV cache of response
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blocks. Elastic-Cache Nguyen-Tri et al.[(2025b)) adaptively performs layer-aware KV cache updates
based on the most attended tokens, but incurs significant caching overhead. While these techniques
reduce per-step inference latency, they assume cached token representations remain static within
a block and ignore contextual drift. Such drift undermines KV cache reuse, degrades prediction
confidence, and consequently reduces parallelism and increases decoding steps.

Parallel decoding with dLLMs. A growing body of work improves dLLM inference efficiency
by increasing decoding parallelism using token-level uncertainty, adaptive block sizing, or hierar-
chical decoding strategies |Lu et al.| (2025); |/ Anonymous| (2025); /Wu et al.[(2025). While effective at
scheduling parallel decoding, these methods largely focus on block formation and remain orthogonal
to ensuring representation consistency under cache reuse. In contrast, our work addresses this com-
plementary challenge, enabling parallel decoding to translate into reliable end-to-end performance
gains.

3 MOTIVATING ANALYSIS

dLLMs employ fully bidirectional attention Zhu et al.| (2025)), causing intermediate activations (hid-
den states, keys, and values) to evolve as newly decoded context is incorporated during decoding
Nguyen-Tr1 et al.| (2025a). Consequently, even tokens outside the active decoding block remain
context-dependent, making temporally invariant representations incompatible with dLLM inference.
We refer the reader to for background on diffusion language models and relevant ter-
minology and notations.

Definition 1: Token Drift in dLLMs. The temporal (across decoding steps) and spatial (across
layers) evolution of a model’s internal representations—particularly keys and values—induced by
the progressive incorporation of newly decoded contextual information under fully bidirectional
attention.

KV-cache-enabled dLLM inference acceleration schemes reuse cached KV representations across
decoding steps by assuming that tokens outside the active block remain stable while a block is
currently decoding. This assumption ignores the natural token drift in dLLMs. We investigate on
how the token drift agnostic nature of KV-cache-enabled inference schemes impact the decoding
confidence, TPF and overall output quality.

Setup. We study the impact of token drift using a representative KV-cache-enabled inference
scheme, Fast-dLLM |Wu et al.[ (2025). Given an input prompt, we conduct inference with a KV-
cache—enabled dLLM (§A.2), which iteratively decodes tokens at each step. At each decoding step
along this trajectory, we perform two forward passes for every layer using the same input hidden
states: (i) a KV-cache-enabled pass that reuses cached KV representations outside the current de-
coding block, and (ii) a reference pass that fully recomputes KV representations for all tokens. We
then measure the token drift error between the cached and fully recomputed KV representations, ex-
cluding tokens in the currently decoded block. This paired evaluation allows us to isolate the effect
of KV cache reuse under a uniform decoding trajectory and explicitly characterize the mismatch
between cached and true representations.

Measuring Token Drift Error. We quantify token drift error by measuring the token-wise cosine
distance. For each token index 7 € Z, we define it as,

0 a 1 . (£,0) 1-(£,0) . (£,0) ~F(t,0)
D" &1~ 3 (cos,sun(Km ,Km}ref) + cos,SLm(Vm ,V[i“ef)), (1)

where, K%’%,V%ﬁf denote the fully computed KV representation.  Cosine similarity

(cos_sim(-))is computed independently for each attention head and averaged across all heads.
FI%UI‘C I[a,b) show token drift errors across decoding steps at two layers for a GSM8K prompt. [Fig-|
ure 1[c) depicts the ideal decoding trajectory (N vs. steps) of a LLaDA+Threshold baseline [Nie
et al| (2025), while [Figure T{d) reports the decoding behavior under our KV-cache—enabled setup.

Observation 1: Token drift error is relatively localized in early layers, where tokens introducing
drift error can be clearly identified. However, this drift error progressively accumulates and ampli-
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fies in deeper layers as representation mismatches compound through the model (annotation €M).
Notably, in deeper layers, drift error emerges in prefix tokens as well (annotation @®),

Observation 2: Decoding steps with higher N(®) (see are associated with more pronounced to-
ken drift errors (annotation (). Consequently, subsequent decoding steps exhibit severely degraded
or noisy N® (annotation @), indicating diminished prediction confidence.

Observation 3: As exemplified in block 3 of [Figure Tfc,d), KV-cache—enabled inference exhibits
systematic misallocation of parallelism. In regions where the baseline shows low N indicat-
ing hard-to-decode regions, KV-cache—enabled inference overcommits tokens, whereas in easier
regions—where the baseline achieves high N (¥)—it undercommits. This behavior arises from the
inability of the KV cache to adapt to token drift, leading to noisy confidence estimates and, ul-
timately, degradation in output quality. See appendix for block-wise generation traces for both
inference schemes.

Collectively, these findings motivate the need for a drift-aware KV caching mechanism that pre-
serves per-step decoding efficiency while remaining aligned with the evolving token representations
in dLLMs.

4 POLESTAR-CACHE METHODOLOGY

4.1 CLUSTERING AND OFFLOADING

To enable accurate KV cache updates, we cache per-layer hidden states of all token positions in
T at the initial decoding step of each block. Let D C 7 denote the subset of tokens that drift.
To circumvent the prohibitive memory and computational overhead of token-level drift tracking
we cluster cached hidden states using spherical K-means [Dhillon & Modha| (2001). The cluster
centroids act as representatives for approximating drift dynamics of it’s members. Let C denote the
number of total number of clusters. We separately cluster tokens in the prefix and suffix span of the
current decoding block, allocating the C clusters proportional to their respective token lengths.

The cluster centroids are retained in GPU memory, while the non-centroid tokens in the cluster are
offloaded to CPU memory. To reduce memory bandwidth overhead during token transfers non-
centroid hidden states are stored as NVFP4 |Abecassis et al.|(2025) residuals relative to their corre-
sponding cluster centroids (delta quantization).

4.2 DRIFT-AWARE KV CACHE UPDATE

As discussed in token drift can be accurately quantified by the cosine distance between cached
and fully recomputed KV representations; however, computing this metric is infeasible in practice,
as it requires two full model forward passes per decoding step. To enable efficient drift detection dur-
ing inference, we propose a proxy metric based on the KL divergence between attention distributions
(see §B). Specifically, for each layer (¢) at every decoding step, Polestar-Cache calculates a proxy
attention between the cluster centroids and the KV cache. KL-divergence is measured between the
proxy attention of the current decoding step and the previous decoding step.

Based on the KL divergence scores, Polestar-Cache identifies the top-M drifting clusters. The D
non-centroid tokens corresponding to the top-M selected clusters are fetched from CPU memory
and this operation is efficiently parallelized with the layer’s current block attention computation.
The loaded non-centroid tokens are dequantized and these hidden state tokens are passed through
the feed-forward transformations and self-attention of the layer to obtain the drifted output repre-
sentations. The set D and the drifted output representations are forward to the next layer (¢ + 1),
which it uses to update it’s KV cache and cached hidden states. Upon updating hidden states and
KV cache entries, we update the corresponding cluster centroids.

4.3 SELECTIVE KV-CACHE UPDATE

Motivated by Observation 2 in §3] which shows that multi-token decoding can induce abrupt and
amplified representation drift, Polestar-Cache employs a drift-aware selective update strategy. We
monitor the number of tokens decoded between successive unmasking steps: if more than 7 tokens
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are decoded in a single step, an immediate update is triggered (§4.2)) to recalibrate internal represen-
tations. Otherwise, updates are triggered once the cumulative number of decoded tokens across steps
exceeds 7. This adaptive triggering allows Polestar-Cache to respond promptly to bursty decoding
while avoiding unnecessary updates during stable regimes.

5 EXPERIMENTAL EVALUATIONS

5.1 EXPERIMENTAL SETUP

Models and Datasets. We evaluate Polestar-Cache on LLaDa- Typle 1: Polestar-Cache accu-
Instruct-8B [Nie et al.| (2025) across ParallelBench Kang et al.| racy comparison with baselines
(2025), GSMB8K |Cobbe et al. (2021) and MBPP |Austin et al.| oy GSMS8K and MBPP datasets.

(2021b) datasets. Method GSMBK (%) | MBPP (%)
Vanilla LLaDA 7879 1538
Hyperparameters. We set number of clusters C = 8, M = 2to  LLaDA+Conf. | 7879 45.0
. Fast-dLLM 76.52 420
select top-2 clusters and selective update threshold of 7 = 4. All  pylestar-Cache |~ 79.55 44.0

hyperparameters have been empirically determined.

Baselines. We compare against vanilla LLaDA |Nie et al.| (2025),
LLaDA+confidence threshold (parallel decoding) and Fast-dLLM Wu et al.[(2025).

Implementation. Polestar-Cache is fully implemented in PyTorch, with all system optimizations
realized through efficient Triton kernels. We employ a generation length of 256 and a block size of
32 following |Wu et al.| (2025)).

5.2 MAIN RESULTS

Accuracy Evaluation.  As shown in across both
math (GSM8K) and coding (MBPP) benchmarks, Polestar-
Cache consistently improves accuracy over existing base-
lines. In particular, Polestar-Cache achieves up to a
3% accuracy improvement over Fast-dLLM, a SoTA KV-
cache—enabled dLLM inference approach. On Parallel-
Bench—a harder benchmark designed to stress-test dLLMs
under parallel decoding—Polestar-Cache substantially outper-
forms Fast-dLLM, delivering ~ 11% absolute accuracy im- Decoding Ty

provement (Figure 2)). 10 12 14

Mean Tokens per Forward (TPF)
Parallelism Improvement. As shown in[Figure 2] Fast-dLLM
achieves low TPF due to drift-agnostic KV cache reuse, which
degrades prediction confidence and limits parallel decoding.
By contrast, Polestar-Cache’s drift-aware updates enables sub-
stantially higher TPF. Consequently, Polestar-Cache surpasses Fast-dLLM in decoding parallelism
and even outperforms LLaDA with confidence-based parallel decoding in TPF, while closely match-
ing its accuracy, despite enabling KV-cache.
Table 2: End-to-end run-

End-to-End Perfqrmance Comparlson. As shown in Tab'le. 2l time comparison.
Polestar-Cache delivers substantial end-to-end speedups over existing  ~ggoq

LLaDA
LLaDA+Conf.

©
v
)

®
o
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Figure 2: Accuracy-parallelism
comparison on Paralle]Bench.

. ; Normalized Speedup
approaches. Compared to vanilla LLaDA, Polestar-Cache achieves VanillaLLaDA Tx
. . . . Fast-dLLM 10.39x
a 17.65x normalized speedup, significantly outperforming Fast-dLLM  polestar-Cache 17.65%
(10.39x).

6 CONCLUSION

We presented Polestar-Cache, a training-free, drift-aware KV caching framework that reconciles
parallel decoding and accuracy in dLLMs by selectively updating stale representations. By explicitly
accounting for token drift, Polestar-Cache improves both decoding parallelism and output quality,
translating per-step efficiency gains into consistent end-to-end performance improvements. We leave
a comprehensive evaluation across additional model families and detailed ablation studies to future
work.
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A BACKGROUND AND PRELIMINARIES

A.l1 INFERENCE WITH DLLMS

Let V denote the token vocabulary that includes a special mask token [MASK]. Given an input
prompt p of length L,,, where p = (po,...,pr,—1) € VE». With a generation token budget of L, a
dLLM generates a response over 7' discrete denoise—sample steps indexed by t € {T, T —1,...,0}.

The tokens can be indexed by the set 7 = {0, 1,..., L, + L —1}. Atstep ¢, the sequence state is
y® = (yM);es € VEr+E, with the initial state,

y") = (p, [MASK],..., [MASK]) )

L tokens

Denoise. At each step ¢, a mask predictor mg produces a provisional prediction y*) via greedy
decoding:

g]i(t) —arg max me(v|y®P,i), Vied. 3)
vEV\ [MASK]

Semi-autoregressive decoding. In this process, the generation length L is partitioned into B
contiguous blocks of fixed length. Decoding proceeds sequentially across blocks from left to
right with tokens decoded in parallel within a block. Let J,« C J denote the index set of the
tokens in the currently decoding block. At step ¢, the masked positions within the block are

MO 2 L e g, ()

yl(t) = [MASK]}. The model’s certainty in its provisional prediction g;
at position ¢ is measured by a confidence score ¢

(®)

%

. Based on this score the unmask position is

determined by a sampler set S®) 2 {i ¢ M® | cgt) > 1}, where 7 is a predefined confidence
threshold. The sequence is then updated as

9, ieSW,
g0 = Mask], ie MO\ SO, (4)
ygt)v i ¢ To

The denoise—sample cycle is repeated until all positions in [+ are unmasked, at which point de-
coding advances to the next block. This block-wise transition enforces autoregressive dependencies
across blocks while allowing parallel decoding within each block.

Definition 2: Tokens per Forward (TPF). After a single forward pass of the dLLM, at step ¢, a
subset of token positions S is selected to be unmasked. The effective number of tokens decoded
18,

{z‘ e 8® | 3 ¢ {[E0S] }H 5)

We define the TPF as the average effective number of tokens decoded per forward pass over the
entire decoding process:

N® 2

T
TPF £ % > NG (6)

t=1

A.2 DLLM INFERENCE WITH KV CACHE

For a dLLM layer ¢ at decoding step t, let Z C J denote the set of token indices whose key and

value cache is denoted as K(;,Z) = {Kfit]’e)}iez and V(It’e) = {Vfit]’é)}iez.

Under block-wise KV caching, prior to decoding a block, the KV representations for all token
positions outside the current block (b*) are computed once and cached across multiple decoding
steps. The cached token positions are given by Z £ 7 \ J;-. At each decoding step ¢, KV tensors
for tokens in the active block J,« are computed from the current hidden states h}f via linear

*
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projections. Queries from the active block attend jointly to cached KV in Z and the KV tensors of
the active block as,

Attn(? = Attn (Q(};?, KO uKEY, vEOy VS;?) (7)

Once all token positions in Jp+ are decoded, the KV cache is refreshed in preparation for decoding
the next block. Specifically, the KV representations of the completed block are inserted into the
cache, while the KV representations corresponding to the next active block are removed, yielding
the updated cache index set

T+ (ZUTp)\ Tor41 (8)
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