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Abstract. Masked autoregressive (MAR) models unify the strengths of
masked and autoregressive generation by predicting tokens in a fixed or-
der using bidirectional attention for image generation. Although effective,
MAR models incur substantial computational overhead because they re-
compute attention and feed-forward representations for every token at
each decoding step, even though the majority of tokens remain seman-
tically unchanged across steps. We propose a training-free generation
framework MARché to address this inefficiency through two key com-
ponents: cache-aware attention and selective KV refresh. Cache-aware
attention partitions tokens into active and cached sets, enabling sepa-
rate computation paths that allow efficient reuse of previously computed
key/value projections without compromising full-context modeling. How-
ever, a cached token cannot be used indefinitely without recomputation
due to the changing contextual information over multiple steps. MARché
recognizes this challenge and applies a technique called selective KV re-
fresh. Selective KV refresh identifies contextually relevant tokens based
on attention scores from newly generated tokens and updates only those
tokens that require recomputation, while preserving image generation
quality. MARché significantly reduces redundant computation in MAR
without modifying the underlying architecture. Empirically, MARché
achieves up to 1.7× speedup with negligible impact on image quality,
offering a scalable and broadly applicable solution for efficient masked
transformer generation.

1 Introduction

Transformer models have achieved remarkable success in language generation (3;
26; 30; 31; 32; 43; 45), spurring their adoption in visual domains such as image
synthesis. Autoregressive image generation models, in particular, generate pix-
els (6; 25; 35) or tokens (10; 16; 27; 29; 33; 39; 42; 50) sequentially by using causal
attention to predict one token at a time conditioned on the past. Although ef-
fective, this strictly sequential process is inherently slow and, more importantly,
ill-suited for capturing the two-dimensional spatial structure of images.
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To overcome these limitations, masked generative models (4; 5; 18) have
emerged as a powerful alternative, characterized by parallel token generation
and bidirectional attention. This leads to improved spatial coherence and sig-
nificantly faster inference. Recently, masked autoregressive (MAR) models (19)
have demonstrated superior performance by combining the expressive power of
autoregressive modeling with the efficiency of masked prediction. Unlike prior
approaches that rely on vector quantization (11; 34; 44), MAR operates in a con-
tinuous token space and employs a diffusion-based loss to model per-token dis-
tributions more effectively. Leveraging bidirectional attention within this frame-
work, MAR achieves state-of-the-art image generation performance.

Despite its advantages, MAR, similar to masked generative approaches, still
incurs substantial computational overhead. At each decoding step, the model re-
computes attention and feed-forward representations for all tokens, even though
only a small subset is selected for generation (also referred to as the unmasked
tokens). Empirically, we observe that a large number of key/value projections
are stable across steps, showing minimal variation. This redundancy leads to
inefficient computation that limits the scalability of MAR-based generation.

To address this inefficiency, we propose a novel, training-free generation ap-
proach MARché – MAR image generation with cache-aware attention. Our key
insight is that token representations in MAR exhibit temporal locality: only a
small subset of tokens (those currently being generated or contextually influ-
enced by them) need to be updated, while the rest can safely reuse previously
computed attention projections.

MARché consists of two core components: cache-aware attention and selec-
tive KV refresh. Cache-aware attention is an efficient mechanism that partitions
tokens into active and cached sets, each following a separate computation path.
The active set consists of tokens that are in need of computing their K and
V values. The active set includes all the tokens that have been generated in
the previous step and the tokens that are selected for generation in the current
step. The cached set includes all the remaining tokens that have their K and
V values computed in prior steps and will be reused. However, as we show in
our empirical evaluations, reusing cached KV values indefinitely is detrimental
to the generation quality. Hence, we exploit the structure of MAR to identify
several contextually relevant tokens to be dynamically moved from cached set to
the active set. We call this dynamic transition of token as the KV refresh com-
ponent. We explicitly decouple the computation for active and cached tokens
in both the attention and feed-forward layers, enabling efficient reuse of stable
representations while preserving full bidirectional context.

Selective KV refresh complements cache-aware attention by efficiently iden-
tifying which tokens require recomputation. Inspired by previous works that use
token-level correlation to manage KV caches (1; 7; 12; 40; 48; 52), we analyze
attention scores from generating tokens and select only the most contextually
relevant ones, defined by their high attention scores, as refreshing tokens. These
tokens are then included in the active set. This lightweight mechanism preserves
image generation quality while minimizing redundant computation.
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Through extensive experiments, we demonstrate that MARché significantly
accelerates MAR generation while maintaining high image fidelity. Compared
to standard MAR, MARché achieves up to 1.7× speedup while preserving gen-
eration quality. Importantly, MARché requires no architectural changes to the
transformer and is fully compatible with existing MAR frameworks, making it
broadly applicable in practice.

2 Related Work

Image generation with transformers. Transformer models have been extended
to image synthesis by leveraging discrete token representations (11; 34; 44),
which enable language-modeling techniques to be applied to visual data. Early
approaches (16; 33; 39; 42; 50) adopt autoregressive decoding with causal atten-
tion, but struggle to model spatial dependencies. To address this, MaskGIT (5)
proposes a masked generative model that predicts all tokens in parallel and
refines them iteratively, offering improved spatial consistency and faster gen-
eration. Following this, recent masked generative models (4; 17; 18; 46) further
improve efficiency and flexibility. Among them, MAR (19) stands out by unifying
the strengths of autoregressive and masked modeling: it introduces bidirectional
attention into a fixed-order autoregressive framework and eliminates the reliance
on vector quantization through a diffusion-based loss. These optimizations allow
MAR to achieve state-of-the-art image generation performance with both higher
fidelity and faster inference, and form the baseline approach for this paper. Other
methods, such as VAR (42), explore hierarchical prediction strategies, but follow
a different direction.

Efficient image generation. Diffusion models have been widely studied from the
perspective of efficiency, with strategies including accelerated sampling (20; 21;
22), representation compression (51; 53; 54), and intermediate result caching (2;
23; 47). In contrast, efficiency in transformer-based generative models has re-
ceived less attention despite their high-quality outputs. For autoregressive trans-
formers, speculative decoding (15; 41) enables partial parallelism by sampling
ahead and verifying predictions, but it is constrained to left-to-right generation
and thus orthogonal to our masked setting.

Within masked generative models, several recent approaches have explored
efficiency from different perspectives. ENAT (24) accelerates decoding by mod-
eling spatial and temporal dependencies between tokens but requires training a
dedicated attention module, while our approach is training-free. LazyMAR (49)
speeds up MAR by detecting redundant token updates through hidden feature
similarity. Instead of leveraging the KV cache, LazyMAR reuses hidden fea-
tures. As it adaptively selects tokens based on feature similarity, it departs from
MAR’s predefined generation order, potentially altering the intended generation
trajectory, while our approach preserves the order. MaGNeTS (13) improves gen-
eration efficiency by dynamically scaling model size during decoding and caching
KV pairs, but its caching is tightly integrated with the model’s progressive re-
sizing strategy.
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KV caching is proposed to improve the efficiency of auto-regressive mod-
els (1; 3; 7; 12; 31; 38; 40; 48; 52). However, the MAR paradigm was not de-
signed to exploit KV caching since the K and V values of a token are repeatedly
updated on each step of MAR. MARché makes the key observation that KV
projections of many tokens remain stable across steps, and hence KV caching
can in fact be adapted to the MAR strategy to improve efficiency. However,
the cached KV values have to be occasionally recomputed when the attention
scores of cached tokens change. MARché exploits these observations to improve
the MAR paradigm without requiring any additional training or architectural
modification. Crucially, we decouple the attention mechanism into recomputa-
tion and reuse phases, enabling selective KV refresh based on token-level rele-
vance. By leveraging the structural properties and generation semantics of MAR,
MARché achieves both computational efficiency and architectural generality in
a lightweight, training-free manner.

3 Preliminary: Masked Autoregressive Model

MAR models generate images by iteratively predicting a subset of masked tokens
based on previously known ones, following a randomly permuted order. This
approach generalizes traditional autoregressive decoding by allowing multiple
predictions per step while maintaining the autoregressive nature of next-token
(or next-set-of-tokens) prediction.

Formulation. Let x = (x1, x2, . . . , xN ) denote a sequence of image tokens to be
generated. At the start of inference, all tokens are unknown and initialized as
masked, i.e., x(0)

i = [MASK] for all i, and the initial set of unknown positions is
M (0) = {1, 2, . . . , N}. A random permutation π of the index set {1, 2, . . . , N}
defines the generation order, which decides the subset of positions U (t) ⊂ M (t) to
be predicted at each generation step, where M (t) is the current set of masked to-
ken positions. U (t) follows this fully randomized order, rather than being chosen
adaptively.

The generation proceeds in two stages: encoding and decoding. The encoder
fenc processes only the known tokens, i.e., those at positions i /∈ M (t), embedding
each with its positional encoding PEi. This yields contextual features for the
visible part of the sequence:

h(t)
enc = fenc({x(t)

i + PEi | i /∈ M (t)}). (1)

To form the decoder input, we combine h
(t)
enc with embeddings h

(t)
mask for the

masked tokens (i.e., positions in M (t)), aligned with their respective positional
encodings. The decoder fdec attends to the entire sequence and outputs contex-
tual vectors:

z(t) = fdec(concat(h(t)
enc, h

(t)
mask),PE). (2)

For each selected position i ∈ U (t), a token value is sampled from the condi-
tional distribution modeled by the diffusion sampler, conditioned on the decoder
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output z
(t)
i :

x
(t+1)
i ∼ pθ(xi | z(t)i ; τ), (3)

where τ is a temperature parameter that controls the diversity of the generated
samples. The predicted values replace the corresponding masked tokens, and the
set of unknown positions is updated:

M (t+1) = M (t) \ U (t). (4)
This iterative generation process continues, progressively reducing the num-

ber of masked positions, until the entire token sequence is completed, i.e., M (T ) =
∅.
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Fig. 1: Cosine similar-
ity of key projections
between step 4 and 5 (in
layer 2) during a single
image generation. The x-
and y-axes represent to-
ken indices.

Motivation. Although MAR models follow an autore-
gressive decoding paradigm, they use bidirectional at-
tention at each decoding step, which allows all tokens,
including both generated and yet to be generated ones,
to update their contextual representations. This de-
sign enables global context exchange, but also implies
that the features of all tokens are recomputed at every
step.

However, since only a small subset of tokens is
newly generated at each step, the contextual infor-
mation of the majority of tokens varies minimally be-
tween steps. To quantify this redundancy, we analyze
the cosine similarity of key projections between con-
secutive steps. As shown in Figure 1, a large number of
tokens exhibit consistently high similarity, often exceeding 0.95, indicating that
their internal representations remain nearly unchanged. We observe a similar
trend for value projections, reinforcing this observation.

These findings suggest that fully recomputing attention representations for
all tokens at every step is inefficient. By identifying and reusing stable token
representations, we can significantly reduce computational cost.

4 MARché: Cache-Aware Attention with Selective KV
Refresh

As observed in Section 3, many tokens in MAR generation exhibit stable KV
projections throughout steps. This temporal redundancy suggests an opportunity
to reduce the computation by caching and reusing KV projections. However, not
all tokens are safe to cache, as some exhibit noticeable changes in their contextual
representations across steps.

To address this challenge, we introduce two key ideas. (1) cache-aware atten-
tion, which separates tokens into active and cached sets, assigning them to dis-
tinct computation paths during attention and feed-forward layers (Section 4.1).
(2) Selective KV cache refresh , augments active tokens by adding refreshing
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tokens. These tokens are not being generated but are contextually influenced
by generation targets. To efficiently identify them, we propose a lightweight
attention-guided selection strategy, described in Section 4.2.

4.1 Cache-aware Attention Mechanism

Token categorization: active vs. cached. At each generation step, we categorize
tokens into two groups: active tokens and cached tokens. Active tokens are those
whose contextual representations must be updated; cached tokens are considered
to have very limited changes to their KV projections and can safely reuse their
cached key/value (KV) projections.

The active set includes three types of tokens: (1) Generating tokens, which
are masked tokens selected for prediction at the current step; (2) Caching to-
kens, which are newly generated tokens from the previous step that have not
yet been incorporated into the cache; and (3) Refreshing tokens, which are not
currently being generated but are contextually influenced by the new predictions
and thus require updated projections. Note that these definitions are used con-
sistently throughout the paper and play a central role in the ablation analysis
in Section 5.3.

While generating and caching tokens can be identified deterministically, re-
freshing tokens are selected based on their correlation with generating tokens,
as detailed in Section 4.2. All remaining tokens are treated as cached. This cat-
egorization forms the foundation of our efficient decoding approach: instead of
recomputing all token representations, cache-aware attention assigns computa-
tion only to tokens that truly require it.

Cache-aware attention design. As illustrated in Figure 2, cache-aware atten-
tion achieves efficiency by splitting the attention operation into two compu-
tation paths—one for active tokens and one for cached tokens. Active tokens
project fresh queries, keys, and values, and compute attention over the union of
both active and cached tokens. Cached tokens, by contrast, do not generate new
projections and are not used as queries, but their stored key/value projections
contribute as context during attention. This separation allows us to reuse rep-
resentations where possible, without sacrificing the bidirectional nature of the
model.

For each active token, attention is computed in two parts. In the first, queries
attend to freshly computed keys and values from the active set (KA, VA); in the
second, the same queries attend to cached keys and values from previous steps
(KC , VC). To avoid data movement overhead from concatenation, we compute
these two attention scores independently and merge the results using an safe
online softmax formulation (8; 9; 37). With α(A), α(C), and ℓi from the online
softmax, the output vector is computed as a sum of contributions from active
and cached tokens, avoiding the need for key/value concatenation. This ensures
exact equivalence to standard attention while enabling better memory locality
and kernel fusion.

After attention, only active tokens are forwarded through the feed-forward
network, while cached tokens are skipped entirely in this stage. Finally, the
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Fig. 2: Comparison of standard attention and cache-aware attention in MAR
generation. (a) In standard attention, all tokens (masked or generated) are processed
at every step, leading to redundant computation. (b) In cache-aware attention, only
active tokens (generating, refreshing, or caching) are recomputed, while cached tokens
reuse previously computed key/value projections.

key/value projections of active tokens are written back to the cache. These de-
sign choices of query-side separation, feed-forward skipping, and selective cache
updates enable significant runtime savings without modifying the underlying
transformer architecture. The full algorithm is summarized in Algorithm 1. We
report a thorough analysis of speedups in Section 5.4.

4.2 Selective KV Cache Refresh

Criteria for selecting refreshing tokens. As discussed in Figure 1, although most
tokens exhibit stable KV representations across steps, a subset of tokens plays
a crucial role in maintaining image generation quality—particularly those influ-
enced by newly generated content. Naturally, newly generated tokens must be
recomputed. However, tokens that are influenced by the newly unmasked tokens
may also need to be refreshed, as their importance can shift dynamically during
generation.

To identify such tokens, we draw inspiration from autoregressive language
models (1; 7; 12; 40; 48; 52), where attention scores are commonly used to
determine which cached key/value entries can be safely discarded or ignored
during inference. In contrast, we repurpose attention scores in our setting to do
the opposite: to identify which tokens should be actively refreshed. By selecting
tokens that receive high attention from newly generated tokens, we can target the
refresh process toward contextually important tokens. This strategy enables us
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Algorithm 1 Cache-aware Attention

Require: Token embeddings x(t), cache C(t), generation mask M (t)

1: Identify generating tokens G(t) ⊂ M (t)

2: Identify caching tokens N (t) from previous step
3: Identify refreshing tokens R(t) based on correlation with G(t)

4: Set active set A(t) = G(t) ∪R(t) ∪N (t), cached set C(t) = {1, . . . , N} \A(t)

5: Compute Q,K, V for i ∈ A(t); retrieve cached K,V for i ∈ C(t)

6: for all i ∈ A(t) do
7: Compute attention logits over A(t) and C(t), apply safe online softmax:

α(A), α(C), ℓi = SafeOnlineSoftmax(qi,KA,KC)

8: Compute output vector: zi = α(A)VA+α(C)VC
ℓi

9: Apply feed-forward: x(t+1)
i = FFN(z

(t)
i )

10: end for
11: Update cache: C(t+1)[i] = (Ki, Vi) for i ∈ A(t)

to maintain image generation quality with minimal recomputation. We validate
its effectiveness in Section 5.3.

Design of selective KV cache refresh. Building on our empirical findings, we de-
sign a selective KV cache refresh mechanism that dynamically identifies which
tokens require recomputation based on their contextual relevance to the gener-
ating tokens. As illustrated in Figure 3, we leverage attention scores computed
in the second decoder layer (Layer 2). Note that the choice of decoder layer for
this selection is configurable, allowing for a trade-off between speedup and image
quality, which we discuss further in Section 5.3.

At each generation step, Layers 1 and 2 perform standard full attention, as
the active tokens are not yet finalized. During the Layer 2 attention computation,
attention scores from generating tokens to all other tokens are computed and
aggregated across all attention heads to obtain a global relevance score for each
token. We then select the top-K tokens with the highest relevance scores as the
refreshing tokens. These refreshing tokens, together with the newly generated to-
kens and the previously cached tokens, form the active token set for subsequent
layers. In these layers, cache-aware attention is applied: representations are re-
computed only for active tokens, while the KV projections of non-active (cached)
tokens are reused without reprocessing. This targeted refresh strategy enables
the model to preserve contextual consistency while minimizing computational
overhead.

4.3 Implementation Details

Updating active tokens. At each generation step, the active token set always
includes tokens that are selected for generation in the current step (generat-
ing) and tokens selected in the immediately prior step (caching). The attention
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Fig. 3: KV cache refresh via attention score. Layers 1 and 2 perform standard
full attention. In Layer 2, attention scores are computed from generating tokens to all
others, and aggregated across attention heads to produce global relevance scores. The
top-K most contextually relevant tokens are selected based on these scores and marked
as refreshing tokens. From Layer 3 onward, cache-aware attention is applied.

scores of the first decode layer are then used to select the top-K tokens (refresh-
ing), such that the active set fits a fixed batch size of 64. For example, if there
are 5 generating tokens and 9 caching tokens selected, we select the remaining
50 tokens as the refresh tokens based on the attention scores. The number of
refreshing tokens is thus adjusted accordingly to fit within this budget.

Refreshing entire KV Cache. We refresh the entire KV cache in three specific
cases to ensure correctness and stability. First, during the initial step, since no
KV projections have been generated yet, we apply full attention across all layers.
Second, in every step, the first and second decoder layers perform full attention
as the active tokens are not yet finalized. Lastly, to mitigate potential value drift
caused by repeated caching, we periodically refresh the entire KV cache every
three steps, a process we refer to as periodic full refresh.

5 Evaluation

We evaluate MARché along three key dimensions: (1) image quality, to ensure
that generation fidelity is preserved; (2) inference latency, to assess computa-
tional efficiency; and (3) design choices, to analyze how different components of
our method impact performance.

5.1 Experimental Setup

We evaluate our proposed MARché framework on the ImageNet dataset at
256×256 resolution in the class-conditional setting. We adopt three model scales
from the original MAR implementation (19): MAR-B (Base), MAR-L (Large),



10 C. Jiang et al.

Table 1: Comparison of MARché and baseline models on ImageNet
256×256. MARché achieves up to 1.72× speedup over the original MAR models while
maintaining competitive image quality.

Method Latency (s/im) ↓ FID ↓ IS ↑ Param Speedup ↑

MaskGIT (5) 0.440 6.18 182.1 227M -
DiT-XL/2 (28) 0.787 2.27 278.2 675M -
LlamaGen-XXL (39) 0.897 3.09 253.6 1.4B -
LlamaGen-3B (39) 1.011 3.05 222.3 3.1B -

MAR-B (19) 0.104 2.35 281.1 208M 1.00
LazyMAR-B (49) 0.074 5.32 235.1 208M 1.41
MARché-B 0.064 2.56 270.3 208M 1.57

MAR-L (19) 0.193 1.84 296.3 479M 1.00
LazyMAR-L (49) 0.132 4.32 246.6 479M 1.46
MARché-L 0.115 2.16 278.6 479M 1.68

MAR-H (19) 0.336 1.62 298.6 943M 1.00
LazyMAR-H (49) 0.220 4.00 251.9 943M 1.52
MARché-H 0.188 2.02 281.4 943M 1.79

and MAR-H (Huge). For each model, we construct a corresponding MARché
variant (MARché-B, MARché-L, MARché-H) by applying our cache-aware in-
ference strategy without modifying the model architecture or training procedure.

To assess image quality, we report Fréchet Inception Distance (FID) (14)
and Inception Score (IS) (36). Computational efficiency is measured using the
latency metric (in seconds per image). Speedup is calculated as the ratio of
latency between the original MAR and its corresponding MARché variant at
each model scale.

We compare MARché against several strong baselines: MaskGIT (5), a masked
generative transformer; DiT (28), a diffusion transformer; LlamaGen (39), an au-
toregressive model; MAR (19); and LazyMAR (49), an efficiency-oriented MAR
baseline. For a fair comparison within the MAR family, we evaluate MAR, Lazy-
MAR, and MARché under identical settings, isolating the effect of inference-time
acceleration strategies. All experiments are conducted on a single NVIDIA H100
GPU. We use a batch size of 128 for main evaluations and 256 for ablation
studies. We follow the default MAR inference schedule of 64 decoding steps.

5.2 Main Results

Table 1 presents a comprehensive comparison of our MARché models against re-
cent high-performing image generation baselines, including MaskGIT (5), DiT (28),
and LlamaGen (39), as well as the original MAR models across three different
scales.

Across all model sizes, MARché achieves substantial reductions in inference
latency while maintaining competitive generation quality. For instance, MARché-
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B reduces latency from 0.104s to 0.064s per image, achieving a 1.57× speedup
over MAR-B, with negligible change in FID (from 2.35 to 2.56) and Incep-
tion Score (from 281.1 to 270.3). Similar trends are observed for larger models:
MARché-L and MARché-H show 1.68× and 1.79× speedups, respectively, while
keeping FID and IS close to their corresponding MAR baselines.

Compared to LazyMAR, MARché achieves a more favorable speed-quality
trade-off across all scales. While LazyMAR provides moderate speedups (e.g.,
1.41×–1.52×), it incurs a substantial degradation in generation quality (FID
increases to 5.32/4.32/4.00 for B/L/H). In contrast, MARché delivers larger
speedups (1.57×–1.79×) while preserving fidelity more effectively, as reflected
by FID and IS remaining much closer to the original MAR models.

Beyond the MAR family, MARché is consistently faster than other masked
or autoregressive baselines such as MaskGIT and LlamaGen under our evalu-
ation setting, while achieving substantially better FID/IS than these methods.
Although DiT attains slightly lower FID in some cases, it does so with signifi-
cantly higher latency, highlighting the efficiency advantage of MARché.

Overall, MARché offers a compelling trade-off between generation speed and
quality, outperforming baseline masked and autoregressive models in both in-
ference efficiency and scalability. Importantly, these gains are achieved without
modifying the original architecture or retraining, demonstrating the practical
applicability of our approach.

Table 2: Effect of token selection
strategies for constructing the active
set. The results illustrate generation per-
formance with respect to the inclusion of
generating tokens and caching tokens, as
defined in Section 4.1.

Strategy FID ↓

MARché 2.56
MARché w/o caching tokens 2.70
MARché w/o generating tokens 504.82
Random selection 564.61

Table 3: Effect of refreshing to-
ken selection strategy. Our MARché
approach, which selects tokens receiving
high attention from generating tokens,
outperforms both low-attention and ran-
dom selection strategies.

Strategy FID ↓

MARché 2.56
MARché w/ low attention scores 3.80
MARché w/ random selection 3.01

5.3 Ablation Study

Ablation on token types in active set construction. We validate the design of
our active token selection strategy in MARché by comparing four different ap-
proaches in Table 2. The compared strategies are: (1) the full MARché method;
(2) MARché without caching tokens; (3) MARché without generating tokens;
(4) random selection of tokens for recomputation.

As shown in Table 2, the full MARché configuration achieves the best perfor-
mance with an FID of 2.56. Including caching tokens results in some performance
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improvement, and more importantly, that inclusion costs no additional compu-
tational burden. In contrast, excluding generating tokens leads to a substantial
degradation in quality, confirming their essential role in preserving semantic
consistency during decoding. Finally, using randomly selected tokens for recom-
putation yields the worst performance, highlighting the importance of guided,
attention-based selection.

These results demonstrate that generating tokens are indispensable for ac-
curate generation, while incorporating caching tokens offers additional benefits
with minimal computational cost.

Correlations of refreshing tokens and attention scores. We evaluate the impact
of different strategies for selecting refreshing tokens. As shown in Table 3, we
compare three approaches.

The first strategy follows MARché’s approach, selecting refreshing tokens
with high attention scores to generating tokens. The second selects tokens with
low attention scores to generating tokens, and the third randomly selects a subset
of tokens for refreshing, ignoring contextual relevance.

As the results indicate, selecting tokens based on low attention scores leads
to worse performance than random selection, with a clearly higher FID. This
suggests that refreshing tokens should be chosen based on their strong correlation
with generating tokens in order to maintain high image generation quality.
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Fig. 4: Top-K attention overlap
across decoder layers. Deeper layers
(3–5) show higher consistency overall,
while Layer 1 exhibits much lower over-
lap (49.3%).

0.154 0.156 0.158 0.160 0.162
Latency (s/image)

2.50

2.55

2.60

2.65

FI
D

Layer 1
Layer 2
Layer 3
Layer 4
Layer 5

Fig. 5: Latency–FID trade-off for
different refreshing token selection
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higher latency, while earlier layers decode
faster but degrade quality.

Choosing the decoder layer for refreshing token selection. We analyze the im-
pact of selecting different decoder layers for computing attention scores used
in refreshing token selection. This decision involves a trade-off between compu-
tational efficiency and generation quality, as it affects both which tokens are
refreshed and where full attention is computed.

Figure 4 shows the overlap ratio between layer 1-5 and all subsequent layers.
As shown in the figure, deeper layers tend to produce refreshing token selections
that align more closely with other layers. Specifically, Layer 3 achieves the highest
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average overlap of 74.4% with the rest, while Layer 1 shows lower alignment at
49.3%. Layer 2 exhibits a moderate level of agreement at 66.8%, suggesting it
captures context reasonably well while still remaining computationally efficient.

This trade-off is also reflected in generation performance. Figure 5 shows that
using Layer 1 results in faster decoding (0.154 s/image) but yields a relatively
high FID of 2.62. On the other hand, selecting a deeper layer like Layer 4 im-
proves FID to 2.49 but with increased latency (0.1613 s/image). Layer 2 provides
a balanced compromise, attaining an FID of 2.56 with moderate latency (0.1593
s/image).

In our experiments, we adopt Layer 2 as a default, as it provides a favorable
trade-off between speed and quality while maintaining reasonable alignment with
other layers’ token selection.

5.4 Analysis of Cache-Aware Attention
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Fig. 6: Runtime comparison of standard attention vs. cache-aware attention.
Both methods process the same total number of attention operations over two input
segments of different lengths. Standard attention concatenates the inputs and processes
them jointly, while cache-aware attention handles them separately.

Runtime efficiency of cache-aware attention implementation. Cache-aware at-
tention takes qi with active (KA, VA) and cached (KC , VC). A vanilla approach
concatenates KA with KC (and VA with VC) and applies a standard attention
kernel, which we find suboptimal. Assuming qi,KA, VA,KC , VC are all preloaded,
we benchmark this baseline against our fused cache-aware kernel.

Figure 6 shows that our kernel consistently reduces latency despite the same
total attention workload. For example, with input lengths 32 and 256, latency
drops from 904.2µs to 730.3µs (19.2%), and overall reductions range from 16.2%
to 27.3%. The gains mainly come from improved memory locality: we avoid
explicit concatenation and process active and cached tokens on separate paths,
gathering only active tokens contiguously and reducing non-contiguous memory
accesses.
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Speedup contributions of cache-aware attention. Cache-aware attention provides
latency gains through efficient memory management and the reuse of cached
keys and values. In addition, it enables skipping part of the feed-forward layer
(FFN) computation, since cached tokens do not require regeneration. We refer
to this as FFN skipping. Therefore, we identify two components contributing
to the overall speedup: (1) cache-aware attention itself and (2) FFN skipping.
To disentangle their contributions, we implement four different methods, each
utilizing either cache-aware attention, FFN skipping, or both, and evaluate MAR
with each implementation.

Table 4: Latency and speedup comparison across different implementations,
isolating the effects of cache-aware attention and FFN skipping.

Method Implementation Latency (s) Speedup

MAR Standard attention + full FFN 0.104 1×
MAR + selected FFN Standard attention + FFN skipping 0.092 1.12×
MAR + cache-aware Attn Cache-aware attention + full FFN 0.067 1.55×
MARché Cache-aware attention + FFN skipping 0.064 1.63×

Table 4 reports the latency and speedup of each implementation. The re-
sults indicate that cache-aware attention contributes primarily to the speedup
of MARché, while FFN skipping also provides a smaller yet meaningful improve-
ment. Based on these results, we confirm that cache-aware attention significantly
reduces the computation path for the cached token set and enables more efficient
memory management, making it the key factor behind the observed speedup.

6 Conclusion

We presented MARché, a cache-aware decoding framework for masked autore-
gressive image generation that significantly reduces inference latency while main-
taining high image quality. By selectively refreshing only contextually relevant
tokens based on attention scores, MARché avoids redundant computation and
achieves up to 1.7× speedup across model scales without modifying the original
architecture. Our approach highlights the potential of combining autoregressive
modeling with efficient token reuse strategies in high-resolution image genera-
tion. While our method focuses on masked autoregressive models, the core ideas
behind cache-aware attention and selective refresh may extend to other genera-
tive settings, including multi-modal generation.
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