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Abstract. Despite the remarkable capabilities of Multimodal Large Lan-
guage Models (MLLMs), they still suffer from visual fading in long-
context scenarios. Specifically, the attention to visual tokens diminishes
as the text sequence lengthens, leading to text generation detached from
visual constraints. We attribute this degradation to the inherent induc-
tive bias of Multimodal RoPE, which penalizes inter-modal attention as
the distance between visual and text tokens increases. To address this, we
propose inter-modal Distance Invariant Position Encoding (DIPE), a
simple but effective mechanism that disentangles position encoding based
on modality interactions. DIPE retains the natural relative positioning
for intra-modal interactions to preserve local structure, while enforc-
ing an anchored perceptual proximity for inter-modal interactions. This
strategy effectively mitigates the inter-modal distance-based penalty, en-
suring that visual signals remain perceptually consistent regardless of
the context length. Experimental results demonstrate that by integrat-
ing DIPE with Multimodal RoPE, the model maintains stable visual
grounding in long-context scenarios, significantly alleviating visual fad-
ing while preserving performance on standard short-context benchmarks.
Code is available at https://github.com /Ichen1019/DIPEL

Keywords: Multimodal Large Language Models - Position Encoding -
Visual Fading

1 Introduction

Multimodal Large Language Models (MLLMs) [5}/32,|58}/64] have significantly
advanced the frontier of machine perception by aligning visual features with the
linguistic space of large language models [11[3L[29,52]. As model capabilities ma-
ture, the research focus has shifted from single-turn visual question answering to
complex long-context multimodal understanding [15]. In these scenarios, visual
signals are no longer inputs requiring only a glance, but are transformed into
persistent contexts that must be continuously indexed throughout the generation
of hundreds or thousands of tokens.
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Fig. 1: Illustration of the visual fading phenomenon. Left: A qualitative example from
DocVQA [40]. While the model accurately grounds visual evidence in a short-context
scenario, it fails to preserve correct attention to the image and generates a wrong
answer in a long-context one. Right: Quantitative analysis of visual fading. As the
inter-modal distance increases, the proportion of attention allocated to visual tokens
exhibits a sharp decay, indicating that the model gradually looks away from the image.

However, as context length scales, existing MLLMs face a critical limitation,
which we term visual fading. As illustrated in Fig. [1| (Left), while MLLMs main-
tain robust attention to visual inputs and successfully ground visual evidence in
a short-context scenario, they fail to attend to correct visual cues and generate
erroneous predictions in a long-context one. To systematically quantify this phe-
nomenon, we designed a controlled probing setup that incrementally increases
the inter-modal distance between visual inputs and text queries. As shown in
Fig. |1| (Right), our empirical results reveal a significant decay in attention allo-
cated to the image as this distance grows. Consequently, the visual constraints
progressively erode during text generation, inevitably increasing the likelihood
of generating incorrect responses.

While the natural dilution of softmax attention across long contexts par-
tially accounts for this issue, we argue that the inductive bias from position
encoding introduces a non-negligible impact. Current MLLMs typically adopt
MRoPE [57], which models the spatial and temporal structures of visual and
text tokens in a unified sequential framework by decomposing time, height and
width components. However, in such a sequential framework, the relative dis-
tance between the initial visual tokens and the newly generated text tokens grows
monotonically during autoregressive generation. Crucially, MRoPE retains the
long-term decay property [47] from the original RoPE, a mechanism designed
to impose a distance penalty for capturing linguistic locality. Consequently, this
decay imposes a strong inductive bias that visual information becomes increas-
ingly distant as more text is generated, forcing the model to detach from visual
constraints. Furthermore, this distance-based penalty stands in contrast to the
sustained visual attention of human cognitive mechanisms [19]. Specifically, when
a human continuously analyzes an image, the visual reference does not recede
into the past like previously spoken words. Instead, it remains right in front of
us, regardless of the context length.

To this end, we propose inter-modal Distance Invariant Position Encoding
(DIPE), a simple but effective method that fundamentally redefines how spa-
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tial and temporal geometries are modeled across different modalities. Our core
insight is that while intra-modal structural integrity must be preserved, the per-
ceptual distance in inter-modal interactions should remain invariant. Specifically,
DIPE orthogonally decomposes the attention mechanism: (1) Intra-modal At-
tention: retains the standard MRoPE to preserve linguistic locality and image’s
2D spatial structure. (2) Inter-modal Attention: introduces an anchored query
that constrains the perceptual distance between text and visual tokens to a con-
stant. By ensuring visual information remains perceptually proximal to the gen-
eration process, DIPE effectively mitigates distance-induced visual fading. DIPE
can be seamlessly integrated with RoPE variants in MLLMs without introduc-
ing additional parameters. Furthermore, it is compatible with modern efficient
attention kernels [16] and KV Cache infrastructure.

Experimental results across 19 benchmarks demonstrate that DIPE effec-
tively mitigates the growing visual fading, yielding a 4.10% average accuracy
gain over the MRoPE baseline in long-context scenarios. Crucially, these gains
are attained without compromising the performance on standard short-context
scenarios. Furthermore, in-depth analyses reveal that DIPE restores visual atten-
tion in shallow layers, and consistently maintains significantly higher visual at-
tention weights compared to MRoPE as the context length scales. These findings
indicate that DIPE provides a principled and effective approach to mitigating
visual fading in MLLMs.

2 Related Work

2.1 Multimodal Large Language Models

Advancements in large language models [1}|3}/29,[52] have revolutionized mul-

timodal learning by unifying visual and linguistic representations. To achieve

modality alignment, early methods employed cross-attention |2 or Q-Formers [26],
while LLaVA [32] later introduced a linear projection approach that has become

the mainstream paradigm. Recent works have expanded MLLM capabilities to

support dense prediction tasks like segmentation |33}[36] and explore lightweight

designs [7,[9]. Numerous state-of-the-art models have been developed, including

the GPT series [21] and Gemini [48]/49] series, alongside open-source counter-

parts such as MiniCPM-V series [64}/65], Qwen-VL series [4H6,/57], InternVL

series [10L|14}/58}|66] and LLaVA series [30-32].

2.2 Position Encoding in MLLMs

Since the self-attention mechanism is inherently permutation-invariant, incor-
porating positional information is indispensable for Transformers to model se-
quence order |54]. Existing approaches generally fall into two categories: absolute
position encoding (APE) [11}/24,/54], which assigns fixed or learnable vectors to
specific token indices, and relative position encoding (RPE) |17}/44,145|, which
models pairwise distances to capture translation invariance. Rotary Position Em-
bedding (RoPE) [47] has recently emerged as the mainstream foundation for
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modern LLMs [3][52], as it mathematically unifies the benefits of both abso-
lute and relative schemes through rotation matrix while demonstrating superior
length extrapolation capabilities [43].

In the context of MLLMs, however, applying standard 1D RoPE to flattened
visual tokens disrupts spatial-temporal structures. Consequently, recent studies
have extended RoPE to higher dimensions, such as 2D-RoPE [18] for spatial
locality in images and 3D MRoPE [57] for MLLMs. Building on these founda-
tions, VideoRoPE [60] and HoPE [25] optimize encoding specifically for video
dynamics, V2PE [15] explores variable visual position encoding, Circle-RoPE [55]
projects image token indices onto a ring, MRoPE-I [20] revisits frequency allo-
cation strategies and is adopted in Qwen3-VL [5]. However, they still penalize
inter-modal interactions over distance and trigger visual fading. In contrast, our
DIPE ensures constant inter-modal proximity to reflect sustained visual atten-
tion. Importantly, rather than competing with these MRoPE variants, DIPE is
fully compatible with them, offering a complementary formulation that resolves
visual fading while preserving their sophisticated structures.

3 Preliminaries

3.1 Rotary Position Embedding (RoPE)

RoPE [47| encodes positional information by rotating the query and key vectors
within a high-dimensional space. Given a query vector ¢ € R? and a key vector
k € R? corresponding to positions m and n, RoPE applies rotation matrices
R, € R¥*? and R,, € R¥*? derived from their absolute position indices. The
attention score with RoPE is computed as:

Attn(q, k) = (RmQ)T(Rnk) = qTRn—mk7 (1)

where R, _,, is a matrix that depends solely on the relative distance n — m,
thereby naturally incorporating relative positional information into the attention
mechanism. The rotation matrix R, (where p € {m,n}) is constructed as a
block-diagonal matrix, where each block rotates a two-dimensional subspace of
the embedding. The rotation angle for the j-th subspace is determined by the
product of the position index p and a frequency parameter 6; = b=2i/4 where
b is a predefined base constant (e.g., 10000). This enables the long-term decay
property as the relative distance increases.

3.2 Long-term Decay

RoPE encodes the relative distance between a query at position m and a key
at position n via a rotation matrix Ry,_,. Su et al. [47] demonstrate that the
attention magnitude can be strictly bounded by:

d/2| j
g Rk <CY D el (2)
j=1|i=1
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where C is a bounding constant dependent on the embeddings. As the distance
n — m expands, the continuous phase shifts lead to oscillatory cancellation,
strictly driving the attention magnitude to decay. This decay injects a strong
inductive bias favoring local context, which is essential for linguistic coherence
in LLMs. However, it creates a structural conflict in MLLMs. As the response
length grows, the relative distance between the newly generated text query and
the fixed visual keys increases linearly. Consequently, the attention mechanism
mathematically suppresses visual signals as the generation proceeds, causing the
model to gradually look away from the image.

3.3 Multimodal RoPE

While Vanilla RoPE effectively models 1D text sequences, it is suboptimal for
MLLMs as it neglects the 2D spatial geometry of images. To address this, Multi-
modal RoPE (MRoPE) [57] decomposes positional information into three com-
ponents: temporal (t), height (k) and width (w). For the i-th token, MRoPE
assigns a position tuple p;, = (t;, hi,w;). Given a query or key vector x € R%,
MROPE splits it into three chunks, x*),x(") x(®) and applies RoPE indepen-
dently to each chunk using the corresponding position component:

MRoPE(x, p;) = concat (’Rtix(t), Ry, xM), ’R,wix(w)) . (3)

The long-term decay property described in Eq. [2| governs each dimension inde-
pendently. MRoPE employs distinct positional encoding strategies to preserve
the structural integrity of different modalities. (1) For visual tokens: to main-
tain spatial structure, the height and width indices (h;,w;) correspond to the
grid coordinates of the image patch, while the temporal index ¢; remains con-
stant for a given frame. (2) For text tokens: to model sequential dependency,
text tokens utilize a unified index where the spatial and temporal components
are identical (i.e., t; = h; = w;). Fig. [2 (I) presents an example of MRoPE.

4 Methodology

We introduce inter-modal Distance Invariant Position Encoding (DIPE), a sim-
ple but effective mechanism designed to eliminate visual fading by reconfiguring
inter-modal geometric relationships. Section [£.1] formulates the implementation
of DIPE. Section discusses its compatibility with training and inference in-
frastructures and summarizes the algorithmic implementation.

4.1 Inter-Modal Distance Invariant Position Encoding

Fig. 2] illustrates the implementation of DIPE. The core insight of our approach
is to decouple position encoding based on the modality relationship between the
query and the key. Rather than applying a sequential position index assignment,
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Fig. 2: Overview of inter-modal Distance Invariant Position Encoding (DIPE). DIPE
mitigates visual fading by disentangling position encoding based on modality interac-
tions. Specifically, intra-modal attention applies sequential position encoding to both
queries and keys to preserve spatial and sequential structures. Conversely, inter-modal
attention utilizes anchored position encoding for queries alongside sequential position
encoding for keys, effectively anchoring the inter-modal perceptual distance.

we introduce sequential position encoding and anchored position encoding to
treat intra-modal and inter-modal interactions orthogonally.

Intra-modal Attention: Preserving Local Structures. Intra-modal atten-
tion encompasses interactions where both the query and key originate from the
same modality (e.g., text-to-text). In these scenarios, maintaining the fidelity of
the relative positions is paramount. Text-to-text attention relies on the distance
decay of RoPE to model linguistic locality, whereas visual-to-visual attention
demands the preservation of 2D spatial geometry for visual coherence.

To preserve these necessary relative distance properties, we utilize Sequential
Position Encoding (SPE), which applies standard MRoPE position tuples, de-
noted as p°P°¢, to both queries and keys. The intra-modal attention score between
a query vector q at position m and a key vector k at position n is computed as:

Attnintra(q7 k) = (Rpi,}{eq)T(,R’pi,,pek)v (4)

where Modality(q) = Modality(k). This formulation strictly retains the struc-
tural integrity of both linguistic and visual domains.

Inter-modal Attention: Invariant Inter-Modal Distance. Inter-modal at-
tention specifically refers to queries and keys from different modalities. This is
where the distance decay described in Eq. [2| becomes detrimental.

To counteract this, we propose the Anchored Position Encoding (APE). For
any inter-modal interaction, we assign anchored position indices to the queries,
denoted as p?P°. Specifically, for each partitioned modality segment, we extract
the position index of its first token. This initial position serves as a unified
anchor for all tokens within that entire segment when they act as queries. By
applying APE to the query while maintaining SPE for the key, we ensure that the
inter-modal relative distance remains invariant with respect to the autoregressive
generation steps. The inter-modal attention score between a query vector g at
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Algorithm 1 PyTorch-style Pseudocode for Position Design in DIPE.

def generate_dipe_indices(
modality_segments: List[Tensor], # partitioned segments (e.g., [Txt, Imgl, Txt, Img2...])

):
pos_spe, pos_ape = [1, []
seq_offset = 0
for seg in modality_segments:
# 1. SPE: adopt indices from MRoPE, and can be replaced with MRoPE variants
spe_seg = get_mrope_ids(seg, seq_offset)

# 2. APE: Broadcast the first token’s (T,H,W) across the entire segment
ape_seg = torch.full_like(spe_seg, spe_segl:, [0]])

# 3. Update seq_offset and save results for the next segment
seq_offset = spe_seg.max() + 1 # strategy from MRoPE
pos_spe.append(spe_seg), pos_ape.append(ape_seg)

return torch.cat(pos_spe, dim=-1), torch.cat(pos_ape, dim=-1)

position m and a key vector k at position n is computed as:
Attninter((b k) = (Rp‘,’,f’eq)T(Rpff’ek)7 (5>

where Modality(q) # Modality (k). This bidirectional anchoring ensures that the
perceptual distance between visual and text tokens remains constant.

Implementation of Position Design in DIPE. Algorithm [I] presents the
implementation details of the sequential and anchored position index alloca-
tion logic in DIPE. For clarity, the input of the function is defined as a list of
sequentially partitioned modality segments. SPE naturally adopts the position
allocation strategy of MRoPE to maintain local structures. Meanwhile, APE
extracts the starting (¢, h,w) coordinates of each segment and broadcasts them
across all tokens within that segment.

Robustness to Multi-Image and Interleaved Contexts. The formulation
of DIPE is inherently designed for interleaved and multi-image contexts. By
treating each modality segment as a positional unit, DIPE assigns a unique
anchor to each segment based on its relative temporal onset. This unified ap-
proach ensures that the macroscopic sequence order is strictly preserved, while
the inter-modal perceptual distance for each specific visual entity remains in-
variant. Experimental results to support this are provided in Sec.

4.2 Training and Inference Infrastructure for DIPE

While DIPE theoretically necessitates decoupling the attention computation into
intra-modal and inter-modal blocks, we demonstrate that this can be imple-
mented efliciently within modern LLM infrastructures. Our design is compatible
with modern efficient attention kernels such as FlexAttention [16] and standard
KV cache.

Decoupled Attention with LogSumExp Fusion. Since DIPE applies dif-
ferent rotations to the query depending on the target key, we employ a split-
kernel strategy. Specifically, we execute two modality-masked attention kernels.
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Algorithm 2 PyTorch-style Pseudocode for Attention With DIPE.

def attn_forward_with_dipe(
hidden_states: Tensor,
pos_spe: Tensor,
pos_ape: Tensor, anchored position indices, [3, seq_len]
intra_attn_mask: Tensor, attention mask for intra-modal, [seq_len, seq_len]
inter_attn_mask: Tensor, # attention mask for inter-modal, [seq_len, seq_len]
past_key_values: Optional[Cache] = None, # KV Cache for inference

[seq_len, dim]

#
# sequential position indices, [3, seq_len]
#
#

# 1. Linear projections of query, key and value
q, k, v = gq_proj(hidden_states), k_proj(hidden_states), v_proj(hidden_states)

# 2. Apply position encoding
q_spe = apply_mrope(q, pos_spe)
q_ape = apply_mrope(q, pos_ape)
k = apply_mrope(k, pos_spe)

# 3. Update KV cache if inference
if past_key_values is not None:
k, v = past_key_values.update(k, v)

# 4. Decoupled attention with intra-modal and inter-modal masks
o_intra, lse_intra = flex_attn_func(q_spe, k, v, intra_attn_mask)
o_inter, lse_inter = flex_attn_func(q_ape, k, v, inter_attn_mask)

# 5. Merge via LogSumExp (Eq.6)
alpha = sigmoid(lse_intra - lse_inter)

output = alpha * o_intra + (1 - alpha) * o_inter

return output

(1) Inter-modal kernel: computes inter-modal attention using the anchored query
and sequential key. (2) Intra-modal kernel: computes intra-modal attention using
the sequential query and sequential key.

In our implementation, this split attention is supported by efficient mask-
aware kernels such as FlexAttention . To merge the outputs, we utilize the
LogSumExp (log > exp(+)) statistic returned by attention kernels. Given outputs
01,0, and their corresponding LogSumExp normalization factors ¢1,¢s, the
merged output O is derived as:

"0y +e20
0= W = (01 — £5)01 + o(fy — £1)O0s, (6)

where ¢ is the sigmoid function. The derivation is provided in Appendix [2]

Seamless Integration with KV Cache. DIPE is strictly a query-side inter-
vention. It requires creating two views of the query vector during the forward
pass. Critically, it does not alter the content of previous keys and values. This
allows DIPE to be deployed on top of pre-computed KV caches without requiring
cache re-indexing or memory layout modifications.

Overall Implementation. The execution logic of attention with DIPE is sum-
marized in Algorithm [2] Integrating DIPE into a standard forward pass involves
three modifications: First, generating dual query views by applying SPE and
APE, respectively. Second, executing attention computations for each query view
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using modality-specific masks. Finally, fusing the resulting output vectors via
the LogSumExp trick, ensuring mathematically rigorous normalization across
the split attention kernels.

5 Experimental Results

5.1 Experimental Settings

Model Architecture. We employ Qwen2.5-3B [50] as our primary LLM back-
bone, supplemented by Qwen2.5-0.5B and Qwen3-1.7B [63] for scalability anal-
ysis. For visual encoding, we primarily utilize SigLIP2-SO400M [53| with the
NaFlex variant to support dynamic resolution. The visual features are projected
using a simple two-layer MLP with GELU activation.

Training Recipe. Following established paradigms [32], we adopt a two-stage
training pipeline. The first stage focuses on vision-language alignment by freezing
both the vision encoder and the language model to initialize the visual projec-
tor. The second stage performs instruction tuning by unfreezing the LLM. We
leverage the LLaVA-Pretrain-558K [32] and LLaVA-NeXT-779K [31] datasets for
these two stages, respectively. Detailed configurations are listed in Appendix[I.1]
Evaluation Protocols. To comprehensively assess model performance and its
robustness against visual fading, we evaluate our approach on 19 widely adopted
benchmarks spanning three core domains: perception, document understand-
ing and general visual question answering (VQA). Specifically, the perception
benchmarks include CountBench [41], HRBench [59], V* [61], POPE [28§| and
BLINK [12]. The document understanding benchmarks consist of ChartQA [38],
DocVQA [40], TextVQA [46], AI2D [23|, InfoVQA [39] and OCRBench [35]. For
general VQA, we evaluate on RealWorldQA [62], MMStar [8], MMBench [34],
MMVP [51], MathVision [56] and MathVista |37]. We evaluate these benchmarks
under two distinct protocols: Short-Context VQA and Long-Context VQA.

Short-Context VQA protocol strictly follows the standard evaluation set-
tings of the original benchmarks, where the question immediately follows the
image. Its primary objective is to verify whether our proposed DIPE preserves
the fundamental capabilities of the MLLM without compromising accuracy in
standard short-context scenarios.

Long-Context VQA protocol is a controlled diagnostic stress test designed
specifically to simulate and quantify the visual fading phenomenon, rather than
a conventional long-context benchmark. It systematically expands the relative
distance between the visual context and the subsequent task. We source text from
the standard distractors corpus [13}/27,42] and insert them directly between the
visual input and the question to simulate long contexts and increase the distance
between text and images. We intentionally employ these distractors rather than
task-related content to isolate the effect of distance on visual attention, ensuring
that the evaluation focuses purely on visual attention degradation without the
confounding factors of semantic reasoning over related text. By progressively
varying the distractor length from 1K to 32K tokens, this protocol evaluates the
model’s robustness against visual attention degradation.
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Table 1: Performance comparison under the Long-Context VQA protocol. We evaluate
Vanilla RoPE , MRoPE and MRoPE-I baselines alongside their DIPE-
enhanced counterparts.

Capability Benchmark Vanilla RoPE MRoPE MRoPE-I
Base +DIPE Base +DIPE Base +DIPE
HRBench-4K 50.75 51.00(+0.25) 47.63 54.50(+6.87) 51.62 52.12(+0.50)
HRBench-8K i 42.63 44.12(+1.49) 42.25 45.13(+2.88) 43.75 43. 88( 0.13)
p . v* 47.12 48.17(11.05) 49.21 50.26(11.05) 50.79 47.64(-3.15)
erception . .
POPE 78.49 81.37(+2.88) 74.50 85.58(+11.08) 75.13 83.72(+8.59)
CountBench 70.26 75.15(14.89) 66.60 75.97(19.37) 67.62 74.95( 7.33)
BLINK a1 40.93 39.19(-1.74) 39.87 41.93(+2.06) 40.29 42.45(12.16)
ChartQA+est 44.20 46.40(+2.20) 40.44 45.16(+4.72) 44.92 47.60(2.68)
DocVQA a1 38.38 40.18(-1.80) 33.25 38.55(+5.30) 36.01 39.90(+3.589)
Document AI2Dqcst 65.06 66.48(+1.42) 65.32 67.39(+2.07) 66.26 67.39(+1.13)
Understanding TextVQA.a 48.17 51.60(+3.43) 46.61 50.03(+3.42) 49.75 52.34(-2.59)
InfoVQA a1 39 21.92 21.91(-0.01) 23.60 21.84(-1.76)  22.34 23.26(+0.92)
OCRBench 23.90 25.20(+1.30) 22.50 23.40(+0.90) 22.50 25.30(+2.80)
RealWorldQA 54.51 55.29(+0.78) 52.81 58.82(16.01) 55.95 56.08(+0.1:
MMStar 38.53 40.20(+1.67) 38.80 41.67(+2.87) 38.47 40.73(+2.26)

(
(
MMBenchV1.1-ENgey 53.64 57.89( 1.03)

(

(

(

1.67
4.25) 50.00 58.75(+8.75) 52.86 56.89
1 2.16)

General VQA  MMBenchV1.1-CNgey 52.01 56.50(+4.49) 49.30 56.66(+7.36) 52.79 54.95

(+

(

(

(
2.66) 56.67 60.00(+3.33) 60.67 61.33(10.66)

(-

(-

MMVP 58.67 61.33

MathVisionmini 19.74 22.70(+2.96) 18.09 19.08(+0.99) 19.08 18.75(-0.33)

MathVistamini 30.90 33.20(+2.30) 31.70 32.20(+0.50) 32.70 32.40(-0.30)

Perception 55.03 56.50(+1.47) 53.34 58.90(+5.56) 5H4.87 57.46(+2.59)

Document 40.27 41.96(+1.69) 38.62 41.06(+2. 11) 40.30 42.63(+2.33)
Overall General 44.00 46.73(+2.73) 42.48 46.74(+4.26) 44.65 45.88(+1.23)

All 46.31 48.31(+2.00) 44.69 48.79(+4.10) 46.50 48.51(}2.01)

Additionally, we employ MM-NIAH to evaluate standard long-context
capabilities in complex real-world scenarios to complement the Long-Context
VQA protocol. This benchmark validates the model’s ability to reason over spe-
cific needles embedded within extensive interleaved multimodal contexts.

5.2 Main Results

Performance under the Long-Context VQA Protocol. To systematically
evaluate robustness against visual fading, we assess the models from two com-
plementary perspectives: a standardized extended-context evaluation (Table
and a continuous stress test across scaling context lengths (Fig. [3).

To benchmark the overall capabilities across all 19 datasets, we establish a
representative Long-Context VQA setting by introducing 8K tokens of textual
distractors. Under this protocol, integrating DIPE consistently yields absolute
average improvements of 2.00%, 4.10%, and 2.01% for Vanilla RoPE, MRoPE
and MRoPE-I, respectively. While DIPE delivers consistent improvements across
the vast majority of tasks, we also observe minor performance regressions on
a few specific benchmarks. Nevertheless, considering the consistent overall im-
provements and the successful prevention of long-term visual fading, these iso-
lated regressions are acceptable.
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Fig.3: Accuracy across varying inter-modal distances. We compare the baseline
MRoPE against MRoPE + DIPE on 9 benchmarks with distractor lengths ranging
from OK to 32K tokens.

Notably, while the base MRoPE model exhibits lower overall accuracy than
both Vanilla RoPE and MRoPE-1, it registers the most substantial gain (+4.10%)
when equipped with DIPE. As noted in recent literature 7 this initial base-
line degradation stems from MRoPE’s suboptimal frequency allocation across
spatial dimensions, which inadvertently exacerbates the distance-induced decay
in inter-modal attention. By explicitly anchoring the perceptual distance, DIPE
effectively neutralizes this structural deficit.

To dynamically assess the progression of visual fading, we evaluate model per-
formance across continuous distractor lengths ranging from 0K to 32K tokens.
As illustrated in Fig. [3] the baseline MRoPE suffers a severe and continuous
decline in accuracy as the context scales. In contrast, MRoPE + DIPE main-
tains a remarkably stable performance trajectory. Crucially, the accuracy gap
between the two configurations widens progressively as the sequence lengthens.
This expanding margin compellingly demonstrates that DIPE effectively neu-
tralizes the escalating inter-modal distance penalty, ensuring persistent visual
grounding regardless of the generation length.

Performance under the Short-Context VQA Protocol. While the Long-
Context VQA protocol explicitly highlights DIPE’s capability to mitigate visual
fading, it is equally critical to verify that this architectural modification oper-
ates as a non-destructive enhancement in standard short-context multimodal
tasks. Fig. 4] presents the results on the Short-Context VQA protocol (the com-
plete results are provided in Appendix . Quantitative evaluations reveal that
DIPE-enhanced models maintain strict performance parity with their baseline
counterparts across all three domains. For instance, MRoPE-I equipped with
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Fig. 4: Performance on the Short-Context VQA protocol. DIPE serves as a non-
destructive enhancement, maintaining the performance on standard VQA benchmarks.

DIPE achieves an overall accuracy of 51.4%, effectively matching the 51.5% of
the vanilla baseline. This stability remains consistent for both Vanilla RoPE and
MRoPE architectures. These results empirically validate our core design princi-
ple: by orthogonally decoupling intra-modal and inter-modal geometries, DIPE
preserves the essential 2D spatial locality of images and the 1D sequentiality of
text in scenarios where visual fading is not yet a factor. This confirms DIPE as
a non-destructive enhancement that mitigates visual fading while maintaining
strict parity on standard benchmarks.
Performance on the MM-NIAH
Benchmark. To further validate the effec-
tiveness of DIPE in standard long-context
benchmark, we present the evaluation re-
sults on the image reasoning task from
the MM-NIAH benchmark in Fig.[5] While
both configurations perform comparably
at shorter context lengths, the standard oo

MRoOPE baseline exhibits a continuous B ontext Longth o
performance degradation as the sequence Fig, 5: Performance on the image rea-
scales. In contrast, the integration of DIPE  soning task in MM-NIAH ‘
effectively mitigates this decay, maintain-

ing a significant performance margin over the baseline. Although both models
inevitably experience a sharp accuracy drop at the extreme length of 64K tokens
due to the inherent context capacity limits of the underlying language model,
DIPE consistently demonstrates superior structural robustness in preserving vi-
sual reasoning capabilities.

Wall-Clock Efficiency Analysis. o Forward Backward
We further report wall-clock measure- I (s o | o= Sone
ments in Table [2] covering forward,
backward and single-token decoding
latency. These measurements focus on

the attention block, where the addi- " E'kpackef;mext o P:':kemmxt M
tional cost of DIPE is concentrated.

DIPE introduces a modest overhead
from split attention and LogSumExp

e
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Fig. 6: Training efficiency analysis with se-
quence packing.
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Table 2: Wall-clock latency under unpacked single-sequence evaluation. We report
both full-model and attention-block latency.

Full Model (ms)

Setting Method 1K 2K 4K 8K 16K 32K
Forward MROPE 22.140.0 37.240.4 68.140.4 140.140.4 318.540.7 818.0+1.6
orwar LDIPE 28.340.5 38.340.1 70.6+0.2 144.640.5 329.140.9 839.843.7
Backward MROPE 43.0+0.2 69.840.4 135.4-0.5 293.0+0.8 OOM OOM
ackwar 4DIPE 47.940.5 79.440.1 150.640.2 322.0+1.0 OOM OOM

MRoPE 18.5+0.1 18.3+0.1 18.1£0.1 18.14+0.3 18.5+£0.4 18.34+0.1
+DIPE 20.1£0.1 20.1£0.1 19.8+0.2 20.1£0.3 20.2£0.1 19.6%0.1

Attention Block (ms)

1-token Decoding

Setting Method 1K 2K 4K 8K 16K 32K
Forward MRoPE 0.36+0.02 0.41+£0.03 0.614+0.01 1.50£0.01 4.234+0.05 13.56+£0.01
orwa +DIPE 0.52+0.02 0.5040.02 0.70£0.01 1.65+0.00 4.52£0.03 14.3140.05

MRoPE 0.83£0.01 1.23+£0.02 1.4940.01 3.62+0.02 10.88+0.03 37.29+£0.85
+DIPE 1.5240.02 1.5440.03 2.19£0.01 4.51+0.03 12.4640.06 40.2240.34

I-token Decodin MRoPE 0.24£0.01 0.23+£0.01 0.2440.03 0.23£0.01 0.254+0.01 0.30+0.01
8 . DIPE 0.27+0.01 0.2840.03 0.2840.01 0.28-:0.01 0.3140.01 0.3840.01

Backward

MRoPE MRoPE + DIPE

1.00 1.00
B Visual Tokens B Visual Tokens
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s
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Fig. 7: Layer-wise visual attention allocation analysis. The standard MRoPE baseline
exhibits severe attention suppression, particularly in shallow layers. Integrating DIPE
effectively restores this distribution across the network.

fusion, while remaining close to the MRoPE baseline across long contexts. Under
the common sequence-packing setting, the full-model latency exhibits a similar
trend. As shown in Fig. [} MRoPE and +DIPE nearly overlap for packed train-
ing, indicating that the overhead remains small in standard training pipelines.

5.3 In-depth Analysis

Layer-Wise Visual Attention Analysis. To understand the underlying mech-
anism of how DIPE mitigates visual fading, we visualize the attention weights
allocated to visual tokens. Fig. [7]illustrates the layer-wise attention allocation at
a fixed distractor length of 8K tokens. Specifically, these weights are computed
during the generation phase by averaging the attention scores from query tokens
to visual tokens or text tokens across all heads. The standard MRoPE baseline
exhibits severe suppression of visual attention, particularly within shallow layers.
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Fig. 8: Average visual attention weight Fig.9: Performance comparison on
across inter-modal distances. Qwen2.5-0.5B as the language model.

It indicates that early layers, heavily governed by spatial encodings, are highly
vulnerable to distance-induced penalties. Although deeper layers retain marginal
visual attention driven by semantic feature alignment, the visual signal remains
significantly attenuated. By anchoring the inter-modal distance, DIPE restores
the attention distribution across the network, rescuing positional perception in
early layers and reinforcing visual constraints globally.

Mitigating Global Visual Attention Decay. To investigate the global trend
of visual fading, we analyze the average visual attention weights across all layers
under varying distractor lengths. As depicted in Fig. @, the baseline MRoPE
demonstrates a rapid, monotonic decay in visual attention as the distractor
length scales from 0K to 32K tokens, inherently detaching the model from vi-
sual constraints. In contrast, the integration of DIPE significantly mitigates this
degradation trajectory. It is worth noting that a residual decline in attention
persists even with DIPE. This is a natural phenomenon, since attention is in-
evitably diluted by the additional text tokens as the sequence length increases.
However, by enforcing an invariant perceptual proximity, DIPE sustains substan-
tially higher visual attention weights compared to the baseline, even at extreme
inter-modal distances. Ultimately, this preserved visual grounding ensures that
the model remains constrained by the image during extended generation, directly
accounting for the superior accuracy observed in Long-Context VQA.
Generalization Across Model Ar-

chitectures. To verify the robustness Table 3: Performance comparison on
of DIPE across different architectures, QWen3-1.7B as the language model.
we conduct experiments on Qwen3-1.7B. Capability Base +DIPE
As shown in Table integrating DIPE Perception  50.11  54.92(

F4.81)
yields consistent performance improve- Document 35.34  36.56(-1.22)
ments across the evaluated domains. General 35.90 42.25(16.35)
Specifically, the model achieves an abso- All 40.21  44.46(14.25)

lute overall average gain of 4.25%. These
enhancements demonstrate that DIPE is a robust and effective solution for mit-
igating visual fading across different foundation models. The complete results
are presented in Appendix [3.2]
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Generalization Across Model Scales. To investigate the generalization of
DIPE across different scales, we evaluate it on the lightweight Qwen2.5-0.5B
model. As shown in Fig. [J] integrating DIPE delivers significant improvements
across all domains, achieving an 8.81% increase in overall accuracy. Notably, this
gain is even larger than that observed in larger models. We attribute this to the
fact that lightweight models inherently possess weaker long-context capabilities,
rendering them more susceptible to visual fading. Detailed numerical results are
provided in Appendix [3.3]

Robustness of DIPE in Image-Text Interleaved
Contexts. DIPE naturally accommodates inter-
leaved image-text scenarios. Since the anchored po-
sition index is set to the start of each specific modal-
ity segment, distinct visual inputs inherently receive

Table 4: DIPE main-
tains accuracy on inter-
leaved tests, demonstrat-
ing its applicability to the
interleaved data.

different temporal coordinates. This formulation guar- wodel Acc (%)
antees that the global macroscopic order of the inter- oy eo5 3B Tnstruct 742
leaved sequence is preserved. To verify that our de- Jp—orp 60.1
coupled encoding does not disrupt relative temporal MRoPE + DIPE 60.4

positioning, we evaluated it on a custom 1K-sample
interleaved test (Table . As expected, MRoPE+DIPE achieves performance
strictly comparable to the baseline, confirming that DIPE successfully preserves
sequential perception without degradation. Appendix provides more details
about this interleaved test. Furthermore, this robustness is also empirically val-
idated on the MM-NIAH benchmark (Fig. [5), which specifically targets long-
context interleaved reasoning. Additionally, it also support multi-image scenarios
and yields improvements on the multi-image BLINK benchmark (Table .

6 Conclusion

This paper investigates the underlying mechanism of visual fading in MLLMs,
revealing that the distance penalty inherent in MRoPE suppresses long-term
inter-modal attention. To address this, we propose inter-modal Distance Invari-
ant Position Encoding (DIPE), a simple but effective mechanism that decouples
positional assignments based on modality interactions. It applies the sequential
encoding to preserve intra-modal structures and the anchored encoding to anchor
inter-modal distance. Extensive experiments demonstrate that DIPE effectively
mitigates distance-induced visual fading in long-context scenarios, while pre-
serving short-context accuracy. We hope our insights into inter-modal distance
invariance inspire more robust position encoding designs for future MLLMs.
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