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Abstract

Large Vision-Language Models (LVLMs) have achieved im-
pressive performance across a wide range of multimodal
tasks. However, they still face critical challenges in mod-
eling long-range dependencies under the usage of Rotary
Positional Encoding (RoPE). Although it can facilitate pre-
cise modeling of token positions, it induces progressive at-
tention decay as token distance increases, especially with
progressive attention decay over distant token pairs, which
severely impairs the model’s ability to remember global con-
text. To alleviate this issue, we propose inference-only Three-
step Decay Resilience Strategies (T-DRS), comprising (1)
Semantic-Driven DRS (SD-DRS), amplifying semantically
meaningful but distant signals via content-aware residuals,
(2) Distance-aware Control DRS (DC-DRS), which can pu-
rify attention by smoothly modulating weights based on po-
sitional distances, suppressing noise while preserving local-
ity, and (3) re-Reinforce Distant DRS (reRD-DRS), consol-
idating the remaining informative remote dependencies to
maintain global coherence. Together, the T-DRS recover sup-
pressed long-range token pairs without harming local induc-
tive biases. Extensive experiments on Vision Question An-
swering (VQA) benchmarks demonstrate that T-DRS can
consistently improve performance in an inference-only man-
ner.

Extended version —
https://github.com/labixiaoq-qq/Remember-me

Introduction
Large Vision-Language Models (LVLMs) have demon-
strated remarkable capabilities in perceiving and under-
standing complex multimodal information, enabling a broad
spectrum of downstream tasks, referring expression com-
prehension, and multimodal dialogue (Liu et al. 2023; Dai
et al. 2023; Zhu et al. 2023a; Gao et al. 2025; Lee et al.
2025a,b). These models are typically built upon large-scale
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pretrained language models and extended to handle vi-
sual inputs through image encoders and cross-modal align-
ment modules. By effectively integrating interleaved se-
quences of images and texts, LVLMs can provide contex-
tually grounded and semantically rich responses to user
queries. At the architectural level, most LVLMs are based
on the Transformer framework (Vaswani et al. 2017), which
has become the de facto standard for modeling sequen-
tial and structured data. However, despite its representa-
tional power, the vanilla Transformer architecture is inher-
ently permutation-invariant and lacks a built-in notion of or-
der. That is, its self-attention mechanism computes token-
to-token dependencies without considering their positions
in the sequence, making it fundamentally blind to token or-
der. To overcome this limitation, Positional Encoding (PE)
schemes are introduced to inject order-sensitive information
into the input representations, enabling the model to reason
about structural dependencies and temporal relations across
the input sequence.

PE strategies can be broadly classified into absolute and
relative formulations. Absolute PE, which was proposed
by (Vaswani et al. 2017), assigns each position a fixed em-
bedding based on trigonometric functions. However, it can-
not model the relative positions or distances between tokens
explicitly, which limits its expressiveness, especially in sce-
narios requiring relational reasoning. Relative PE, on the
other hand, captures the difference or distance between to-
ken positions, making it more suitable for encoding pair-
wise relations (Shaw, Uszkoreit, and Vaswani 2018; Dai
et al. 2019). Among relative PE variants, two approaches
have gained wide adoption in modern architectures: learn-
able relative embeddings and Rotary Position Embed-
ding (RoPE) (Su et al. 2024). Learnable relative PE in-
troduces trainable parameters to model positional offsets,
allowing the attention mechanism to emphasize local pat-
terns and adjacent dependencies. While effective for short
sequences, such methods often exhibit poor extrapolation
ability, failing to generalize beyond the maximum training
length due to uninitialized or missing embeddings at test
time. RoPE, by contrast, encodes relative positions con-
tinuously by applying complex-valued rotations. This ap-
proach maintains the distance-aware inductive bias directly
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Figure 1: (A.) RoPE suffers from rapid attention decay over
long token distances, weakening long-range dependencies
between text and image tokens. (B.1, B.2, B.3) The pro-
posed T-DRS framework alleviates this via three stages to
collaboratively enhance and stabilize distant attention. (C.)
The curves of the cross-attention weight decay in RoPE-like
approaches, DC-DRS, and reRD-DRS, respectively.

within the dot-product between query and key vector, of-
fering better generalization and compatibility with long se-
quences, which has been adopted in many large language
and vision-language models (Touvron et al. 2023; Bai et al.
2025; Liu et al. 2023; Chen et al. 2024). However, as illus-
trated in Fig. 1(A), RoPE-like approaches can not be able to
capture distant token information that is rich in semantics.
The curve of RoPE-like in Fig. 1(C) exhibits a progressive
decay of attention weights as the token distance increases,
leading to the suppression of long-range interactions. Such
decay severely limits the model’s ability to capture global
context or long-range dependencies, both of which are es-
sential in tasks requiring compositional reasoning. Several
efforts explore position interpolation (Chen et al. 2023b; Su
et al. 2024; Zhu et al. 2023b) or memory extension tech-
niques to recover long-sequence behaviors (Xing et al. 2024;
Zhao et al. 2025; Li et al. 2025b; Tang et al. 2025c; Barbero
et al. 2024) to mitigate this limitation. But most of these
models require retraining or finetuning, which may not be
feasible in resource-constrained settings.

Motivated by the degradation of long-range dependencies
in LVLMs and the limitations posed by resource constraints,
we introduce an inference-only framework named Three-
stage Decay-Resilient Strategies (T-DRS). Without model
re-training, T-DRS collectively enhance attention robustness
over extended token sequences through 1) Semantic-Driven
DRS (SD-DRS), 2) Distance-aware Control DRS (DC-
DRS), and 3) re-Reinforce Distant DRS (reRD-DRS).
In Fig. 1(B.1), the SD-DRS initially introduces a content-
aware residual term into the pre-softmax attention logits to
strengthen semantically aligned but distant token interac-
tions, ensuring that vital contextual information is not pre-

maturely suppressed. Having the potential of perturbed local
structures, DC-DRS in Fig. 1(B.2) enforces a locality-aware
prior, yielding a more structured and focused attention dis-
tribution, with its curved form in Fig. 1(C) functions as a
smoothing and distance-aware mechanism that reduces at-
tention weights. To further cope with the tokens that are dis-
tant but rich in semantics, we have reRD-DRS in Fig. 1(B.3).
It introduces a reinforcement mechanism that selectively re-
stores attention mass to under-attended yet semantically im-
portant long-range pairs, compensating for cumulative de-
cay effects while preserving the local dependencies estab-
lished by the previous DRS. Together, the T-DRS offers
a principled and interpretable solution for preserving both
global coherence and local precision in long-context reason-
ing. The entire pipeline operates at inference time, remains
fully differentiable, and is compatible with existing trans-
former architectures.

Our main contributions are summarized as follows:
• We propose T-DRS, a training-free, inference-only

framework that alleviates long-range attention decay
through three complementary decay-resilient strategies.

• Distant recovery and locality smoothing: SD-DRS
strengthens distant semantic links via content-aware
residuals, while DC-DRS imposes a smooth locality bias
to refine attention allocation.

• Residual re-weighting: reRD-DRS reinforces semanti-
cally important long-range dependencies by recovering
suppressed attention weights, thereby enhancing global
reasoning capabilities.

• Extensive experiments on benchmark vision-language
answering tasks demonstrate that T-DRS consistently
outperforms state-of-the-art baselines, especially under
long-context and reasoning-heavy scenarios.

Related Work
Multimodal Learning with LVLMs
LVLMs have become a dominant paradigm for unified mul-
timodal understanding and generation (Xue et al. 2025). By
integrating high-capacity vision encoders with large-scale
language models, LVLMs are capable of processing inter-
leaved image and text inputs and generating free-form re-
sponses (Radford et al. 2021; Touvron et al. 2023; Fang
et al. 2023; Tang et al. 2025a). Recent advances leverage
instruction tuning (Ouyang et al. 2022; Zhang et al. 2022) to
align vision and language modalities under unified prompts.
Models such as Flamingo (Alayrac et al. 2022), BLIP-2 (Li
et al. 2023a), and MiniGPT-4 (Zhu et al. 2023a) introduce
lightweight adapters (i.e., Q-Formers) to efficiently inject vi-
sion into language decoders. LLaVA (Liu et al. 2023; An
et al. 2025) integrates CLIP (Zhu et al. 2024b) visual fea-
tures directly into a Vicuna-style decoder, demonstrating im-
pressive performance on a wide range of multimodal bench-
marks without explicit cross-attention layers. These models
have significantly advanced downstream tasks such as visual
question answering (Tang et al. 2025b; Zhu et al. 2024a),
image-text retrieval, and multimodal dialogue, paving the
way for unified multimodal agents (Yang et al. 2025).
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Position Embeddings in LVLMs
PE plays a crucial role in LVLMs, as it informs the model
of token order and structural relationships across modal-
ities. Early vision-language models typically adopt abso-
lute (Dosovitskiy et al. 2020) or learnable (Li et al. 2021)
positional embeddings, often applied independently to text
and image tokens. While effective in short sequences, these
methods generalize poorly to long or variable-length con-
texts. To address this, recent LVLMs adopt RoPE (Su et al.
2024), a relative encoding mechanism that applies sinu-
soidal rotations to query and key vectors. RoPE encodes
distance implicitly, supports sequence length extrapolation,
and avoids additional parameters, making it especially suit-
able for decoder-only architectures. However, RoPE inher-
ently introduces a long-range decay effect: as the relative
distance between tokens increases, their attention scores di-
minish due to the orthogonal nature of high-angle rotations.

While such decay aligns with the local inductive bias
in language modeling, it can be problematic in multimodal
tasks like VQA (Lu et al. 2022; Agrawal et al. 2018), where
image and text tokens are often separated by large posi-
tional gaps. For example, a question word appearing early
in the sequence may need to attend to a relevant visual re-
gion encoded much later. In these cases, RoPE’s distance-
based suppression may weaken essential cross-modal in-
teractions, impairing the model’s ability to align semantics
across modalities. In this work, we propose a semantic-
aware strategy to enhance RoPE’s long-range attention ca-
pabilities in multimodal contexts.

Preliminary
In this section, we present pre-definitions of LVLMs, the
baseline method RoPE, and our motivation to have T-DRS.

Large Vision-Language Models
Large Vision-Language Models (LVLMs). Given a pre-
trained vision encoder Fv and a lightweight projection head
f , the visual content Iv is projected into the embedding
space of the Large Language Model (LLM) as follows:

Svision = f
(
Fv(Iv)

)
= {wv

0 , w
v
1 , . . . , w

v
V−1}. (1)

For the instruction prompt It, the LLM encodes it into a T
textual tokens language embedding as

Sinstr = Ft(It) = {wt
0, w

t
1, . . . , w

t
T−1}. (2)

Svision and Sinstr are concatenated.

S =
{
Svision, Sinstr

}
∈ R(V+T )×d, (3)

into a single multimodal token sequence, where d is the
shared embedding dimension. The cross-modal attention
layers interleave and attend to all the V + T tokens, seam-
lessly fusing visual and textual information to facilitate
downstream generation.

Rotary Positional Embedding
Rotary Positional Embedding (RoPE) encodes the position
of the token through a rotation matrix applied to each em-
bedded token. For a token wm at position m ∈ [1, V + T ],

the corresponding rotation matrix

Rd
θ,m = diag

([
cosmθ1 − sinmθ1
sinmθ1 cosmθ1

]
, . . . ,

[
cosmθd/2 − sinmθd/2
sinmθd/2 cosmθd/2

])
(4)

is constructed as a block diagonal matrix composed of
d
2 two-dimensional rotations, where the rotation frequen-
cies {θi}d/2i=1 follow a predefined sinusoidal schedule θi =

10000−2(i−1)/d. In practice, RoPE is applied to both query
and key vectors across all layers of Transformer-based
LVLMs. This design encodes the relative distance between
tokens directly into the attention score. The attention logits
A between query Qi and key Kj are computed as:

Ai,j = softmax

(
Q⊤

i Rj−iKj√
d

)
, (5)

where Rj−i = (Rd
θ,i)

⊤Rd
θ,j is the relative rotation matrix

based on the positional gap j − i.

Motivation of T-DRS
While RoPE provides an elegant and efficient way to en-
code relative positions, its inherent design leads to a phe-
nomenon known as long-range decay (Wei et al. 2025). As
the relative distance |j − i| increases, the effective atten-
tion score Ai,j between tokens Qi and Kj decreases due to
the rotational orthogonality introduced by large-angle em-
beddings. This behavior aligns well with language modeling
tasks, where distant tokens are typically less semantically
related. However, in multimodal question answering tasks,
the distant dependencies are less important often does not
hold. In such settings, a question token may need to attend to
visual features located far apart in the sequence, especially
when the input consists of concatenated long textual instruc-
tions and high-dimensional visual tokens. RoPE’s tendency
to suppress long-distance attention can thus hinder effective
cross-modal alignment, as relevant visual evidence may be
located dozens or even hundreds of tokens away from the
query. This results in a mismatch between semantic impor-
tance and attention strength.

Motivated by this limitation, we aim to mitigate RoPE’s
long-range decay, allowing the model to better preserve
meaningful dependencies across long token spans. To this
end, we introduce T-DRS, a simple yet effective strategy de-
signed to reinforce long-range attention.

The proposed T-DRS Framework
This section provides a detailed description of the T-
DRS framework, containing three consecutive strategies: 1)
Semantic-Driven DRS (SD-DRS), 2) Distance-aware Con-
trol DRS (DC-DRS), and 3) re-Reinforce Distant DRS
(reRD-DRS). The framework is shown in Fig. 2.

Semantic-Driven DRS (SD-DRS)
Firstly, to address the visual regions and relevant text de-
scriptions that reside at distant positions but are highly cor-
related, we have SD-DRS for recovery, which introduces a
lightweight, training-free semantic bias to enhance A from
Eq.(5). Under the influence of RoPE, the standard softmax
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Figure 2: The proposed T-DRS is an inference-only framework. Given image and text inputs, visual and instruction features
(Svision, Sinstr) can be extracted, then concatenated as S, input into the RoPE-attention architecture. The output attention
logits A experienced long-range dependencies decay, we then modulated three DRS: (1) SD-DRS (Asd) amplifies semantically
relevant distant tokens; (2) DC-DRS (Adc) applies local smoothing technique, avoiding the local structure being perturbing, and
(3) reRD-DRS (Are) is sepecialized for re-strengthens long-range attention with rich semantics. Integrating the pre-softmax
attention map, AT−DRS is used to generate the final output.

attention no longer treats all token pairs equally. Although it
assumes that the dot product sufficiently captures relevance,
this assumption becomes invalid for distant yet semantically
important pairs, leading to unfair suppression of long-range
dependencies. To mitigate this, we explicitly model seman-
tic correlation beyond positional proximity. The key intu-
ition is that semantically related token pairs should retain
high attention weights. To this end, SD-DRS first computes
a semantic affinity map:

sem simi,j = cos(Qi,Kj) =
Qi ·Kj

∥Qi∥ · ∥Kj∥
, (6)

which captures the cosine similarity between query and key
embeddings. To make the values compatible with attention
logits, we normalize the similarity to a positive range:

sem posi,j =
1

2
(sem simi,j + 1) , (7)

yielding a matrix values in [0, 1], higher values indicate
stronger semantic correspondence. In the final output of the
SD-DRS, we add the bias to the original logits as:

Asd
i,j = Ai,j + sem posi,j , (8)

effectively amplifying attention between semantically mean-
ingful token pairs, especially those that are distant in posi-
tion. This introduces a content-aware bias that complements

the position-centric nature of traditional transformers, thus
restoring the model’s ability to capture long-range semantic
dependencies. To modulate attention in a stable and bounded
manner, we transform the semantic position similarity map
sem posi,j into a continuous scaling factor

scalei,j =
sem posi,j −min(sem pos)

max(sem pos)−min(sem pos)
, (9)

instead of directly injecting a semantic bias into the attention
logits, which may destabilize training or inference. This nor-
malization rescales each semantic position similarity score
into the [0, 1] range, enabling adaptive and bounded control
over the two subsequent attention decay strategies.

Distance-aware Control DRS (DC-DRS)
While semantic cues are vital for guiding attention, local
structure remains an essential inductive bias in sequential
modeling. In Fig. 2, although SD-DRS recovers distant to-
ken pairs, it slightly perturbs the local structure. To address
this, we propose DC-DRS, a structure-preserving attention
modulation smoothing method that explicitly incorporates
token separation effects into the attention calculation.

DC-DRS formulates a smooth, distance-dependent atten-
uation profile with explicit analytic guarantees. Concretely,
for a query at position i and a key vector at position j, we

4143



define the relative distance as di,j = |i − j|, and enforce
the following design criteria on the decay function w(d) in-
spired by (Bishop 2006):
• Monotonicity: w(d) must strictly decrease with d, re-

specting the intuition of locality bias.
• Smoothness: To maintain compatibility with gradient-

based optimization, the decay profile is required to be
continuous and differentiable.

• Lower-bound preservation: A non-zero minimum at-
tention value wdc

min should be enforced at the maximum
distance dmax, to have persistent connectivity throughout
the entire sequence.

To satisfy these constraints, we construct a closed-form
attenuation profile parameterized by a decay scale σ0, cali-
brated such that:

w(di,j) = exp

(
−1

2

(
di,j
σ0

)2
)
,

where σ0 =
max(di,j)√
−2 lnwdc

min

, (10)

where di,j denotes the positional distance between tokens
at positions i and j. The hyperparameter wdc

min specifies the
minimum allowable attenuation weight at the maximal dis-
tance. This formulation ensures rapid decay for nearby posi-
tions while retaining a controlled residual weight for distant
ones, embodying an interpretable, differentiable, and com-
putationally efficient geometric prior. To adaptively modu-
late this decay according to semantic context, we incorporate
scaling factors from Eq. (9), defining an effective distance:

d̂i,j =
di,j

scalei,j
. (11)

With a high semantic alignment, the scaling factor can
increase, effectively reducing d̂i,j , softening the decay
and allowing semantically important distant token pairs to
maintain stronger attention. The distance-aware modulation
weight is formulated as:

rdci,j = exp

−1

2

(
d̂i,j
σ0

)2
 , (12)

which is multiplied by the A, returning

Adc
i,j = λdc ·Ai,j · rdci,j (13)

as the final result.
Generally, DC-DRS aims to achieve a delicate balance,

which enforces an inductive prior that encodes a smooth and
bounded notion of locality, modulated by contextual rele-
vance, and the local contextual information retains the long-
range connectivity recovered by SD-DRS.

re-Reinforce Distant DRS (reRD-DRS)
Despite the dual guidance of semantic and positional priors,
some semantically important but distant token pairs still re-
ceive weak attention due to compounded decay effects, as

shown in the two final points of the last curve in Fig. 2.
Then we have the final component, reRD-DRS, to further
reinforce. It has a target modulation term that is specialized
for re-weighting extreme cases, where token pairs with ex-
tremely high semantic affinity and significant distance.

We first define a re-weighting coefficient rrei,j as a re-
inforcement gate by a rational quadratic function which
serves as a heavy-tailed kernel. The rational quadratic func-
tion (Rasmussen and Williams 2006) decays slower, allow-
ing stronger reinforcement for long-range dependencies. :

rrei,j =

(
1 +

(di,j)
2

2 · (σre · scalei,j)2

)−α

, (14)

Specifically, we compute:

α =
− log(wre

min)

log
(
1 +

d2
max

2·(σre·scalei,j)2

) . (15)

This formulation guarantees that the reinforced attention
maintains a lower bound at long range, while remaining sen-
sitive to semantic similarity and contextual scales. It also
eliminates the need for manually tuning the decay sharpness,
making the model more robust and interpretable. This con-
straint is formalized as:

rrei,j

∣∣∣
di,j=dmax, scalei,j=1

= wre
min, (16)

which yields the closed-form expression for σre:

σre =
dmax√

2α(w
re(−1/α)
min − 1)

. (17)

This ensures attention to the most distant tokens is smoothly
decayed to exactly wre

min, while nearby tokens retain stronger
reinforcement. The final attention logit of reRD-DRS is

Are
i,j = λre ·Ai,j · rrei,j . (18)

λre is a tunable coefficient controlling the reinforcement
strength. This residual formulation ensures that no token pair
is prematurely discarded due to positional distance alone,
as long as its semantic relevance warrants attention. It in-
troduces a controlled, content-aware reinforcement path for
long-range interactions, without disrupting the local atten-
tion patterns established earlier. The attenuation profile in
reRD-DRS decays smoothly with distance while maintain-
ing a heavy-tail behavior, allowing attention to persist be-
yond the short-range regime.

The final attention logits of T-DRS are modulated through
a residual combination of all three DRS:

AT−DRS
i,j = Ai,j +Asd

i,j +Adc
i,j +Are

i,j . (19)

In essence, T-DRS integrates semantic cues and distance-
aware priors in a three-stage pipeline to robustly preserve
long-range attention in vision-language models.

Experiment
Experimental Settings
Datasets. We adopt three standard benchmark datasets:
ScienceQA-IMG (Lu et al. 2022), GQA (Hudson and Man-
ning 2019), and TextVQA (Ganz et al. 2023) to evaluate
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model performance across diverse vision-language reason-
ing tasks. To further assess the effectiveness of our proposed
T-DRS strategy in alleviating long-range dependency degra-
dation, we additionally employ the Positional Object hal-
lucination Prevalence Evaluation (POPE) dataset (Li et al.
2023c), which specifically targets positional hallucination
phenomena. ScienceQA-IMG is a curriculum-based bench-
mark with 21,208 multimodal questions requiring integra-
tion of visual and scientific knowledge. GQA offers 22M
structured reasoning questions grounded in visual genome
images; we use its balanced version for fair evaluation.
TextVQA emphasizes OCR-based reasoning over scene text
with 28K Q&A pairs from OpenImages. POPE tests factual
grounding and spatial awareness by detecting hallucinations
in object reasoning. These datasets comprehensively evalu-
ate structural reasoning, and cross-modal understanding. We
report standard accuracy for all datasets, with the F1-score
added for the POPE dataset.

Comparison Methods. Fourteen LVLM approaches i.e,
Instruct-BLIP-7B & 13B (Dai et al. 2023), BLIP-2-13B (Li
et al. 2023a), Shikra (Chen et al. 2023a), GPT3.5 (Zheng
et al. 2023), Ying-VLM (Li et al. 2023b), MiniGPT-4 (Zhu
et al. 2023a), Qwen-VL-Chat (Bai et al. 2023), Qwen-
VL (Bai et al. 2023), MobileVLM-v2-7B (Chu et al. 2024),
Otter (Li et al. 2025a), LLaVA1.5-7B (Liu et al. 2023),
InterVL2-8B (Chen et al. 2024), and Qwen2.5-VL-7B (Bai
et al. 2025) are chosen for comparison.

Backbone Models. To demonstrate the applicability of
our method, we plug-in T-DRS into three representative
LVLMs: LLaVA1.5-7B, Inter2VL2-8B, and Qwen2.5-VL-
7B. These models vary in architecture and multimodal fu-
sion strategies, allowing us to test the robustness and com-
patibility of T-DRS across various transformer designs.

Implementation Details. All models are tested in their
original settings without further fine-tuning. T-DRS modules
are injected at inference time, require no additional train-
ing, and are fully parameter-free except for a small number
of fixed hyperparameters (wdc

min, w
re
min, λdc, λre), which are

shared across all experiments for consistency. All the exper-
iments are done on one NVIDIA A100 GPU.

Quantitative Comparisons
To evaluate the generality of T-DRS, we integrate it into
three diverse LVLMs, differing in scale and architecture.
Without any fine-tuning, T-DRS consistently improves per-
formance across ScienceQA, GQA, and TextVQA in Tab. 1,
with the improvement of 1.3%, 1.1%, and 0.8% integrating
with LLaVA, 0.7%, 0.2%, and 0.6% with InterVL, and 1.3%,
0.4%, and 0.5% with Qwen. demonstrating its plug-and-
play flexibility and highlighting long-range attention degra-
dation as a common limitation in current VLMs. Moreover,
we evaluate our model on the POPE benchmark, which is
specifically designed to expose hallucination errors that arise
when models fail to ground their predictions in the actual vi-
sual content. The additional analysis provides stronger em-
pirical evidence for the robustness and reliability of T-DRS
across diverse reasoning scenarios. To further validate the
effectiveness of our proposed method, we conduct compre-
hensive ablation studies to disentangle the contributions of

Method QA Datasets POPE

Sci. GQA TextVQA Acc. F1-score

Instruct-BLIP-7B 60.0 49.2 60.5 70.1 72.3
Instruct-BLIP-13B 63.1 49.5 63.1 71.0 73.0

BLIP-2-13B 61.3 36.4 42.5 65.3 67.2
Shikra 45.8 - - 63.2 65.8

GPT3.5 72.5 - - 74.6 76.5
Ying-VLM 55.7 - - 69.4 71.0
MiniGPT-4 42.3 32.2 - 59.7 62.1

Qwen-VL-Chat 68.2 - - 75.1 76.9
Qwen-VL 67.1 - - 76.2 77.1

MobileVLM-v2-7B 61.0 62.6 - 78.0 78.5
Otter 66.3 - - 71.9 73.7

LLaVA1.5-7B 67.9 62.0 58.2 83.3 85.7
InterVL2-8B 96.6 62.6 79.1 88.0 87.0

Qwen2.5-VL-7B 79.4 57.9 84.5 87.7 86.4

LLaVA1.5. + T-DRS 69.2 63.1 59.0 83.7 86.1
InterVL2. + T-DRS 97.3 62.8 79.7 88.0 87.4
Qwen2.5. + T-DRS 80.7 58.3 85.0 88.5 87.3

Table 1: Accuracy (Acc.%) performance comparison on
the ScienceQA-IMG (Sci.), GQA, TextVQA, and POPE
datasets. All models operate in a training-free setting. T-
DRS is plugged into three distinct LVLMs for evaluation.
note: Best and second-best results are bolded and
underlined.

each component within T-DRS.

Ablation Studies
To validate the contribution of each of the DRS, we conduct
ablation studies in Tab. 2, utilizing the ScienceQA-IMG and
POPE dataset, plugging in with the three distinct LVLMs.
SD-DRS introduces semantic awareness into attention mod-
ulation, enhancing the model’s ability to attend to seman-
tically aligned token pairs regardless of positional separa-
tion. However, this may occasionally perturb local structural
dependencies, leading to performance fluctuations. To miti-
gate this, DC-DRS explicitly controls local structural coher-
ence and achieves the second-best performance. Nonethe-
less, distant token pairs with semantically salient relevance
still require enhanced attention recovery, which is addressed
by reRD-DRS, specialized for residual long-range attention
reinforcement. The integration of all three modules achieves
the highest performance, underscoring their complementary
roles and validating the effectiveness of the proposed decay-
resilient framework.

Qualitative Analysis
Within the T-DRS framework, there are four hyperparam-
eters {wdc

min, λdc, wre
min, λre} for sensitivity evaluation

shown in Fig. 3. The values of λ are determined follow-
ing the selection of wmin, and the two hyperparameters in
reRD-DRS are configured subsequent to the determination
of those in DC-DRS. |A|min denoted as the minimum value
of the attention map within A in Eq.(5).

wdc
min is the minimum attention weight of A for distant

tokens in the decay component, λdc controls the strength of
the distance-aware modulation weight rdc in Eq.(13), wre

min
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Configuration
Datasets

Sci. POPE
Acc. Acc. F1-score

Baseline
LLaVA1.5-7B 67.9 83.3 85.7
InterVL2-8B 96.6 88.0 87.0

Qwen2.5-VL-7B 79.4 87.7 86.4

w.SD-DRS
LLaVA1.5-7B 68.1 83.4 85.8
InterVL2-8B 96.9 87.6 86.8

Qwen2.5-VL-7B 79.8 87.8 86.6

w/o.reRD-DRS
LLaVA1.5-7B 68.8 83.6 86.0
InterVL2-8B 97.1 87.9 87.2

Qwen2.5-VL-7B 80.4 88.0 86.9

Full model
LLaVA1.5-7B 69.2 83.7 86.1
InterVL2-8B 97.3 88.0 87.4

Qwen2.5-VL-7B 80.7 88.5 87.3

Table 2: Ablation study of T-DRS components on
ScienceQA-IMG (Sci.) and POPE, with each abatement
item plugged in with LLaVA1.5-7B, InterVL2-8B, and
Qwen2.5-VL-7B.

specifies minimum reinforcement weight for distant but se-
mantic relevance tokens, and λre, a coefficient to further
decide the reinforcement strength of semantic relevance.
When wdc

min is set to three times |A|min and λ is fixed at
1, T-DRS (w/o.reRD-DRS) configuration achieves the best
performance in Fig. 3(A). Upon further introducing reRD-
DRS, setting wre

min to twice |A|min with λre set to 0.8 for
ScienceQA-IMG and 1 for POPE yields the highest overall
performance for the full T-DRS model in Fig. 3(B). A larger
wmin increases tolerance to long-range interactions, but may
introduce redundant attention to semantically irrelevant to-
kens. In contrast, an excessively small wmin may over-filter
useful nearby tokens, disrupting local semantic coherence.

Visualization Results

To better understand the effects of distinct stages within T-
DRS in the reasoning process, we have the visualizations
in Fig. 4. In Fig. 4(A), RoPE-like approaches exhibit long-
range decay, with tokens focusing primarily on image pe-
ripheries instead of semantically important regions. For in-
stance, when presented with a mammal with furry hair, the
model tends to focus on the fur, potentially leading to the in-
correct selection of ”Painted Stork”, which has furry feath-
ers. This strong locality bias risks missing key visual cues
at the center of the image relevant to the task. Ultimately,
the model may fail to capture the visual semantics needed
for accurate cross-modal alignment. With the integration of
SD-DRS and DC-DRS in Fig. 4(B), tokens shift toward the
semantically important central regions, exhibiting a smooth
activation pattern, indicating consistent and focused atten-
tion. Under the full model setting in Fig. 4(C), after apply-
ing reRD-DRS, attention becomes more focused on seman-
tically meaningful regions, strengthening previously weak
long-range token interactions. As a result, T-DRS concen-
trates on the object’s face, correctly recognizing it as a mam-
mal and producing the correct answer.”Red Kangaroo”.
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Figure 3: Four hyperparameters are evaluated using
ScienceQA-IMG and POPE datasets. The values of λ are
determined following the selection of wmin, and the two
hyperparameters in reRD-DRS are configured subsequent
to the determination of those in DC-DRS. We assign the
value of three times |A|min and 1 to the two hyperparam-
eters in DC-DRS, and twice of |A|min with set 0.8 for λre

in ScienceQA-IMG, and 1 for POPE in reRD-DRS.

Long-range Decay

A. RoPE-like B. w/o. reRD-DRS C. Full model
“Se l e c t  a  ma mm a l . 
Mammals have hair or 
f u r  a n d  f e e d  t h e i r 
young milk. A human 
i s  a n  e x a m p l e  o f  a 
mammal.”

Red Kangaroo

Painted Stork
(RoPE-like)

(T-DRS)

0.1

0.4

0.8

Figure 4: Visualization results of cross-attention of S across
different stages. (A) RoPE-only (A). (B) With SD-DRS and
DC-DRS (A + Asd + Adc), attention begins to converge
towards the central focus. (C) Under the full model set-
ting (AT−DRS), the model can further reinforce informative
long-range connections.

Conclusion
In this paper, we propose Three-stage Decay-Resilient
Strategies (T-DRS), a three-step inference-time framework
to alleviate the long-range attetnions decay in Large Vision-
Language Models (LVLMs). T-DRS integrates the Semantic
Driven DRS (SD-DRS), recovering long-range dependen-
cies, Distance-aware Control DRS (DC-DRS), smoothing
local structure that perturbed by SD-DRS, and re-Reinforce
Distant DRS (reRD-DRS) specialized for reweighting to-
kens that are distant but with rich semantics. Experimental
results demonstrate that T-DRS can be seamlessly applied to
LVLM backbones and consistently improves performance.
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