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Abstract

Vision-Language Models (VLMs) suffer from a signifi-
cant vision-text order bias where suffix order (visual tokens
at the end) overwhelmingly underperforms prefix order (vi-
sual tokens at the beginning). To explore the impact of
visual content order on Vision-Language Models (VLMs),
we systematically investigate vision-text order bias. Our
preliminary experiments reveal that placing visual tokens
at the beginning and end of a sequence yields superior
performance compared to placing them in the middle, re-
sulting in a U-shaped performance curve. To address the
performance bias brought by non-prefixed input in real-
world scenarios, we propose Dual-Order Contrastive De-
coding (DOCD), a training-free and lightweight inference
scheme designed to enhance non-prefix understanding in
VLMs. DOCD parallelly infers on both prefix and suffix
orders and contrastively compensates the suffix logits with
the prefix logits, utilizing the visual comprehension of pre-
fix order while maintaining close attachment to the visual
content of suffix order. Experimental results show that suffix
inputs with DOCD can match or even outperform the pre-
fix order in a wide range of difficult benchmarks, including
Muirbench, Vlmsareblind, and MMMU-Pro.

1. Introduction
The rapid progress of Vision-Language Models (VLMs)
is transforming human–AI interaction beyond unimodal
boundaries [1, 19, 20], enabling complex tasks from math-
ematical reasoning [12, 24, 29] to nuanced spatial rea-
soning [17]. Despite their impressive capabilities, cur-
rent VLMs are often constrained by rigid input conven-
tions established during pre-training. Specifically, most
leading models—including LLaVA, Qwen2.5-VL, MiMo-
VL, and InternVL [1, 9, 14, 27]—recommend a prefix-
ordered input format, in which visual information precedes
textual prompts, to achieve optimal performance. This

* Sujian Li is the corresponding author.

Figure 1. Overview of vision–text order bias in VLMs and the pro-
posed Dual-Order Contrastive Decoding (DOCD). The left panel
illustrates how different image–text orders (prefix, middle, suffix)
yield drastically different predictions under the same VLM. The
right panel shows how DOCD uses a prefix-order teacher and a
suffix-order student to re-rank student logits and obtain a robust
final answer for non-prefix inputs.

structural preference largely stems from the composition
of pre-training corpora, which remain dominated by prefix-
ordered sequences. However, this structural bias diverges
from natural multimodal communication, where visual and
textual inputs can appear in arbitrary orders, as in multi-
turn dialogue or document-grounded reasoning. Investigat-
ing such biases and developing strategies to mitigate them is
therefore essential for the robust development and broader
application of VLMs.

To the best of our knowledge, no prior work has con-
ducted a systematic investigation for this vision–text order
bias. We bridge this gap with an extensive empirical study.
By evaluating leading open-source models and varying only
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the relative position of images, our results consistently re-
veal a U-shaped performance curve: performance peaks at
the prefix and suffix positions, but collapses dramatically
when images are positioned in the middle of the sequence
(lost-in-the-middle), similar to the phenomenon observed in
LLMs handling long contexts [10].

Mitigating this severe vision–text order bias is thus an
urgent priority for robust VLM deployment. We find that re-
lying on pre-training to solve this bias is both prohibitively
expensive and demonstrably insufficient. Moreover, mod-
els like Qwen2.5-VL [1] and LLaVA 1.5 [9], despite incor-
porating significant interleaved vision-text data during pre-
training, still exhibit a strong order bias, as our experiments
confirm. This establishes the paramount importance of a
low-cost, effective, and training-free mitigation strategy.

Although our method improves non-prefix inputs
broadly, regardless of where images are placed in the se-
quence, in this paper we mainly focus on the suffix-order
configuration for two reasons. First, it reflects many natural
interactions, such as multi-turn dialogues, where users pro-
vide a textual query before supplying an image, i.e., a suffix
order. Second, complex interleaved documents can be con-
ceptualized as multiple local suffix segments. Enhancing
suffix-order performance is therefore the most critical lever
for mitigating the overall bias.

This focus reveals a central trade-off. Intuitively, the suf-
fix order should perform poorly, as our attention maps con-
firm it suffers from weak vision–text fusion. However, our
U-shaped curve shows it markedly outperforms the lost-in-
the-middle configurations. We attribute this unexpected re-
silience to its structural proximity advantage: in the suffix
order, image tokens are closest to the auto-regressive de-
coder, minimizing attention decay. This reveals the core
tension: the prefix order possesses superior vision–text fu-
sion (an artifact of training), while the suffix order benefits
from a proximity advantage (an artifact of architecture).

This trade-off motivates our central question: Can we de-
vise a method that simultaneously leverages the proximity
advantage of the suffix order and the superior fusion capa-
bilities of the prefix order? To this end, we introduce Dual-
Order Contrastive Decoding (DOCD), a novel, training-free
inference scheme that contrasts both input orders within a
single model to robustly enhance suffix-order performance.
Beyond suffix-order inputs, we further show in our experi-
ments that DOCD also significantly improves mid-sequence
configurations (e.g., r = 0.5), where images are placed in the
middle of the text. This indicates that DOCD is a general
remedy for non-prefix inputs rather than a suffix-specific
trick. Moreover, a direct supervised fine-tuning (SFT) base-
line with additional interleaved training data yields much
smaller gains and sometimes even harms prefix perfor-
mance, whereas DOCD delivers larger improvements with-
out touching the training pipeline. Together, these results

highlight that inference-level dual-order contrast is neces-
sary to robustly mitigate vision–text order bias.

The main contributions of this paper are threefold:
1. Systematic characterization of vision–text order bias.

We are the first to systematically investigate and quan-
tify vision–text order bias—i.e., sensitivity to the rela-
tive position of images and text, rather than intra-image
or intra-text ordering. Across leading VLMs and di-
verse benchmarks, we reveal a robust U-shaped image-
position effect and show that inserting images in the mid-
dle of the sequence induces a “lost-in-the-middle” fail-
ure mode with attention collapse on preceding tokens, as
evidenced by layer-wise attention heatmaps.

2. Dual-Order Contrastive Decoding (DOCD). We propose
DOCD, a training-free inference scheme that requires
no extra model and no change to the training pipeline.
DOCD reuses a single VLM under two input orders (pre-
fix and suffix), and contrastively corrects suffix logits
using the prefix distribution. This design strategically
leverages both the model’s inherent prefix-order bias and
the architectural proximity advantage of suffix inputs,
and yields consistent gains across non-prefix orders, not
only for suffix but also for mid-sequence image posi-
tions.

3. Strong and broad empirical gains over both suffix and
training baselines. On challenging benchmarks such
as MMStar, VLMs-are-Blind and MMMU-Pro, DOCD
matches or even surpasses the strong prefix baseline. At
the same time, ablation studies show that straightforward
supervised fine-tuning on interleaved data yields much
smaller gains than DOCD, underscoring that DOCD is
a necessary inference-level remedy rather than an engi-
neering tweak.

2. Related Work

2.1. Vision-Language Models (VLMs)

Vision–Language Models (VLMs). Vision–Language
Models (VLMs) have flourished recently, changing the way
people communicate with AI systems. As early as CLIP,
based on contrastive learning to align image and text em-
beddings, showed enormous potential for zero-shot fine-
grained visual classification [15]. Subsequent works such
as BLIP/BLIP-2 and SigLIP further improved text–vision
embedding alignment [5, 6, 31], but they were still not sys-
tems capable of answering user questions based on images
and text. The emergence of LLaVA bridged a visual en-
coder with an LLM via a projection layer and large-scale
image–text pretraining, thereby constructing VLMs truly
capable of seeing and speaking [8]. Later models, e.g.,
LLaVA-1.5, InternVL, and Qwen-VL strengthen capabili-
ties via resolution adaptation, visual-token organization and
higher-quality data [1, 9, 14].
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However, a limitation persists: although some models in-
corporate interleaved data during training, pretraining and
inference are still conducted in a prefix vision–text order
(image tokens before text). For example, the Hugging Face
multimodal chat template explicitly concatenates image to-
kens before the text for LLaVA-style models. Some re-
search also models the visual sequence as a prefix to the
language model, e.g., Object Recognition as Next-Token
Prediction mentions that VLMs treat image tokens as a pre-
fix. And DeepStack demonstrates that VLMs uses visual
tokens as a prefix. [13, 28]. Official documents for In-
ternVL and Qwen-VL likewise present examples that place
image tokens before text to achieve the best results [14]. In
a word, these works indicate a significant vision–text input
order bias in current VLMs.

Order bias in VLMs. Order biases in sequence mod-
els have been widely discussed, but the phenomenon we
study is qualitatively different. Prior work on VLMs
mostly targets intra-visual ordering—e.g., position bias
among multiple images or the temporal order of image
sequences—rather than the relative order between vision
and text. Tian et al. [22] identify and mitigate position
bias across multiple images, while Burn After Reading [18]
probes whether VLMs preserve the order of events in image
sequences, both revealing biases within the visual stream.
Other work, such as Wardle and Teo Sušnjak [26], ex-
plores how different interleaved prompting templates (im-
age–text–image, text–image–text, etc.) affect performance,
but primarily from a prompt engineering perspective, with-
out isolating or analyzing vision–text order bias as a sys-
tematic property of the model. In contrast, we explicitly
vary only the relative position of image tokens within a
fixed text sequence and evaluate leading open-source VLM
(Qwen2.5-VL) on diverse benchmarks [11, 16, 21, 23, 27,
30], showing that prefix order consistently outperforms suf-
fix and that middle placements lead to a pronounced lost-in-
the-middle degradation. This establishes vision–text input
order bias as a distinct and pervasive failure mode in current
VLMs.

3. Vision-Text Order Bias

Task and notation. Given one or multiple images I =
{Im}Mm=1 and a textual prompt x = [x1, . . . , xL], a vision-
language model (VLM) with a causal decoder generates an
answer sequence y = [y1, . . . , yT ] by maximizing

y⋆ = argmaxy
∏T

t=1 pθ(yt | y<t, z) , (1)

where z denotes the encoded multimodal context consisting
of image tokens v and text tokens e.

Image position along the sequence. We study a struc-
tural bias induced by the position of the visual tokens within
the multimodal context. Let the text sequence e have length
L, and let r ∈ [0, 1] denote a relative position at which we
insert the image tokens:

z(r) = [x1, . . . , x⌊rL⌋, v, x⌊rL⌋+1, . . . , xL ]. (2)

Two extreme cases correspond to common practice:

Prefix (image-first): r = 0, zpre = [v, e], (3)

Suffix (image-last): r = 1, zsuf = [e, v]. (4)

Under causal attention, information must flow left-to-right
within the decoder. Thus, changing r alters the effective fu-
sion pathway and the token-to-output distance of visual evi-
dence, potentially leading to systematic position-dependent
performance.

Evaluation protocol. To isolate the effect of image posi-
tion, we adopt a controlled protocol:
1. Same model and decoding: identical backbone, prompt

template, and decoding hyperparameters (temperature,
top-k, max new tokens).

2. Only image position changes: for each instance,
we keep the text and images fixed, and vary r over
{0.0, 0.1, . . . , 1.0} by inserting v at the corresponding
relative position in the text.

U-shaped image-position effect. Figure 2 plots the ac-
curacy of Qwen2.5-VL-3B/7B, InternVL2-2B and Idefics2
as a function of the relative image position r on a di-
verse set of benchmarks, including general VQA (MMStar,
MMBench, RealWorldQA, TextVQA, AI2D), hallucination
tests (POPE, VLMs-are-Blind), and multi-image reasoning
(MuirBench).

Across models and benchmarks, we consistently observe
a U-shaped curve: placing visual tokens as a prefix (r = 0)
or suffix (r = 1) of the sequence yields substantially higher
accuracy than inserting them in the middle (0 < r < 1).
In other words, visual information in vision–text sequences
suffers from a lost-in-the-middle effect, with prefix still out-
performing suffix overall. This mirrors similar observations
on long contexts in purely textual LLMs [10]. Additional
curves and benchmarks are provided in our experimental
analysis and supplementary material.

Layer-wise attention heatmap. To better understand
this position sensitivity, we visualize average attention
heatmaps across representative layers under different image
positions. As shown in Fig. 3, placing the images in the
prefix position allows all subsequent text tokens to attend to
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Figure 2. U-shaped image-position effect across models. Accuracy as a function of the relative image position r in the vision–text
sequence for four VLMs: Qwen2.5-VL-3B, Qwen2.5-VL-7B, Idefics2, and InternVL2. Placing the image at the beginning (r = 0) or the
end (r = 1) yields higher performance than placing it in the middle (0 < r < 1), revealing a U-shaped position curve. Prefix and Suffix
are the two endpoints of this curve.

all image tokens, achieving the most comprehensive vision-
text fusion. The heatmaps exhibit fewer low-attention re-
gions and appear more uniform. In contrast, when images
are placed in the middle or suffix positions, the model’s
middle layers exhibit a phenomenon where image tokens
pay low attention to the text tokens that precede them. This
is visually manifested as distinct dark blocks in the left por-
tion of the heatmaps for the middle layers (as seen in the
second and third rows). This incomplete information fu-
sion, compounded by the model’s unfamiliarity with these
sequential orders, consequently leads to the observed per-
formance degradation.

Figure 3. Layer-wise attention under different image positions.
The three rows are attention heatmaps of Qwen2.5-VL-3B when
the insert ratio equals 0, 0.5, and 1, representing prefix, in-the-
middle and suffix order, respectively. Deeper layers in Prefix show
stronger cross-modal fusion, whereas middle and suffix positions
exhibit more localized attention and under-attend distant visual to-
kens, indicating a weaker fusion pathway.

4. Dual-Order Contrastive Decoding
4.1. Problem setup
Given one or more images and a textual prompt, we aim to
decode an answer sequence under a non-prefix vision–text
order (in particular the suffix/text-first order), while still ex-
ploiting the strong visual fusion that a causal VLM exhibits
under the prefix (image-first) order.

Let I = {Im}Mm=1 be the input images and x =
[x1, . . . , xL] a textual prompt. A vision–language model
with parameters θ defines a conditional distribution over an-
swer sequences y = [y1, . . . , yT ] given a multimodal con-
text z:

pθ(y | z) =
T∏

t=1

pθ(yt | y<t, z) , (5)

where z is a sequence of image tokens v and text tokens e
after vision and text encoders.

We use a teacher context with prefix order (image-first),

zpre = [v, e] (Prefix / image-first), (6)

and a student context with a generic position-controlled or-
der parameterized by r ∈ [0, 1]. We split the text into a
“front” and “back” segment:

efront(r) = [x1, . . . , x⌊rL⌋], (7)

eback(r) = [x⌊rL⌋+1, . . . , xL], (8)

and define

z(r) =
[
efront(r), v, eback(r)

]
. (9)

Here r=0 recovers the prefix order z(0) = [v, e], r=1
gives the suffix (text-first) order z(1) = [e,v], and r≈0.5
inserts images in the middle of the sequence (our “lost-in-
the-middle” setting).

Our goal is to decode under the student order z(r)—
especially the suffix case r=1—while contrastively exploit-
ing the stronger visual fusion available under the prefix
teacher zpre, using a single VLM without any additional
training.
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4.2. Dual-order decoding states
At decoding step t, we maintain two autoregressive paths
that share parameters θ but differ in multimodal context:

ppre
θ (yt | y<t) = pθ(yt | y<t, z

pre) , (10)

p
(r)
θ (yt | y<t) = pθ

(
yt | y<t, z

(r)
)
. (11)

In implementation, we realize these as a batch of size two:
the teacher sequence with context zpre (batch index 0) and
the student sequence with context z(r) (batch index 1), shar-
ing the same transformer and key–value caches.

Let ℓpre
t ∈ RV and ℓ

(r)
t ∈ RV be the unnormalized log-

its over the vocabulary V for teacher and student at step t,
obtained from a single forward pass. The corresponding
log-probability vectors are

spre
t = log softmax

(
ℓpre
t

)
, (12)

s
(r)
t = log softmax

(
ℓ
(r)
t

)
. (13)

In Dual-Order Contrastive Decoding (DOCD), the student
path p

(r)
θ produces the final output sequence, while the

teacher path ppre
θ provides a vision-attentive distribution that

guides token selection.

4.3. Top-k dual-order contrastive scoring
To keep DOCD efficient, we restrict contrastive scoring to a
small candidate set drawn from the student distribution. At
step t, we choose

Ct = TopKk

(
s
(r)
t

)
, (14)

the k tokens with highest log-probability under the student
path (typically k=10 or 16).

For each v ∈ Ct, we compute a dual-order contrastive
score as a convex combination of teacher and student log-
probabilities:

scoret(v) = (1− β) s
(r)
t (v) + β spre

t (v), (15)

where β ∈ [0, 1] controls the strength of teacher guidance.
When β=0, DOCD reduces to standard decoding under
z(r); when β>0, tokens supported by both paths receive
higher scores, while tokens favored only by the student are
downweighted.

The next token is chosen greedily from the candidate set:

yt = argmax
v∈Ct

scoret(v), (16)

and appended to the partial sequence y<t.

4.4. Position-controlled vision–text order
The order parameter r directly controls where the images
are inserted relative to the text in the student context z(r).

For suffix inputs, users typically type their textual query
first and then provide an image, which corresponds to r=1
where all text precedes the images. For middle-position in-
puts, we choose r ∈ (0, 1) so that a prefix of the text appears
before the images and the rest after, matching the “lost-in-
the-middle” configuration from our position sweep. When
r=0, the student order coincides with the prefix order and
DOCD degenerates to standard prefix decoding.

This single parameter thus unifies suffix, middle, and
prefix configurations, and we reuse the same decoding al-
gorithm for any r ∈ [0, 1]. In experiments, we highlight
r=1 (suffix), r≈0.5 (middle), and r=0 (prefix) as represen-
tative cases.

4.5. Decoding algorithm and complexity
For a fixed order r, DOCD runs both paths in parallel.
Given I and x, we construct zpre and z(r) and feed them
as a batch of size two into the same VLM. At each step t, a
single batched forward pass produces ℓpre

t and ℓ
(r)
t together

with shared key–value caches. We then compute spre
t and

s
(r)
t , form Ct = TopKk(s

(r)
t ), evaluate scoret(v) for v ∈

Ct using Eq. (15), and select yt = argmaxv∈Ct scoret(v).
The chosen token yt is appended to both paths and used as
input for the next step.

DOCD is training-free: it reuses a single pre-trained
VLM and only increases inference cost by running two con-
texts in a batched forward pass plus a small top-k reweight-
ing overhead.

4.6. Relation to prior contrastive decoding methods
General contrastive decoding. Classical contrastive de-
coding (CD) contrasts a strong “expert” model with a
weaker “amateur” model and reweights next-token scores
using their disagreement to avoid both dull and hallucinated
continuations [7], yielding gains on open-ended generation
and reasoning benchmarks.

Layer-based contrastive decoding. DoLa (Decoding by
Contrasting Layers) [2] removes the need for a separate am-
ateur model by contrasting logits from earlier and later lay-
ers of the same network, treating intermediate-layer logits
as conservative scores and final-layer logits as more adven-
turous scores to reduce hallucinations.

Vision-aware contrastive decoding. Several methods
adapt contrastive decoding to vision–language models. Vi-
sual Contrastive Decoding (VCD) [4] contrasts predictions
conditioned on the original image versus a distorted image
to down-weight tokens that ignore visual changes. Multi-
Modal Mutual-Information Decoding (M3ID) [3] reweights
sampling toward tokens with higher mutual information be-
tween text and image. Instruction Contrastive Decoding

9668



(ICD) [25] perturbs the instruction and contrasts predictions
under the original and disturbed prompts to suppress visu-
ally ungrounded responses driven by instruction bias.

Our dual-order contrastive decoding. Our Dual-Order
Contrastive Decoding (DOCD) differs in both what is con-
trasted and what failure mode is targeted. Instead of
contrasting different models, layers, or perturbed inputs,
DOCD contrasts two input orders of the same VLM that
share identical visual and textual content: the image-first
(prefix) order and the text-first (suffix) order. The prefix
path is used as a teacher to provide a more vision-grounded
distribution, while the suffix path matches the user’s non-
prefixed input and produces the output. By contrastively
nudging suffix logits toward the prefix distribution, DOCD
directly addresses the vision–text input order bias, rather
than generic hallucination, and requires neither extra mod-
els nor modified training.

5. Experiments

5.1. Experimental Setup
Models. We mainly evaluate our method on the open-
source Qwen2.5-VL models with 3B and 7B parame-
ters, denoted as Qwen2.5-VL-3B and Qwen2.5-VL-7B, re-
spectively. Unless otherwise stated, we use the official
checkpoints and follow their recommended preprocessing
pipelines for image resolution, tokenization, and chat tem-
plating. No additional training or fine-tuning is performed
for our main results; all DOCD numbers are obtained at in-
ference time only. For the SFT baseline in Sec. 5.3, we ad-
ditionally fine-tune the same backbones on extra interleaved
vision–text data using standard supervised learning. To as-
sess the generality of our findings beyond the Qwen2.5-VL
family, we further apply DOCD to the open-source Idefics2
model on MMStar and MMBench (see Table 2).

Benchmarks. We test on eight widely used multimodal
benchmarks covering diverse skills: MMStar for com-
prehensive visual reasoning, MMBench for general multi-
choice VQA, MuirBench for multi-image reasoning, Real-
WorldQA for real-world photo understanding, VLMs-are-
Blind for fine-grained perception and text-to-image faith-
fulness, ScienceQA-IMG for science exams with diagrams,
MMMU-Pro for expert-level multi-discipline reasoning,
and AI2D for diagram-based question answering. All
benchmarks are evaluated using the official splits and scor-
ing protocols provided by lmms-eval.

Practical instantiation of DOCD. We use the dual-order
contrastive decoding scheme described in Sec. 4 with a sim-
ple instantiation that closely matches our implementation.

Concretely, for each instance we run the VLM on a batch
of size two: (1) a teacher sequence in prefix (image-first)
order, zpre = [v, e], and (2) a student sequence in order
z(r) where images are inserted at a relative text position
r ∈ [0, 1]. At each decoding step t, we obtain teacher and
student logits ℓpre

t and ℓ
(r)
t from a single forward pass, com-

pute log-probabilities spre
t and s

(r)
t via log-softmax, and se-

lect a small candidate set Ct of size k by taking the top-k
tokens under the student distribution.

For each candidate v ∈ Ct, we compute a dual-order
contrastive score

scoret(v) = (1− β0) s
(r)
t (v) + β0 s

pre
t (v), (17)

where β0 is a scalar hyperparameter controlling the rela-
tive weight of teacher guidance. We then choose yt =
argmaxv∈Ct

scoret(v), append yt to the output, and feed
the same token back into both teacher and student sequences
to advance their key–value caches. If an EOS token is gen-
erated (we collect all model- and tokenizer-specific EOS
IDs), decoding stops.

In our main experiments, we set k = 16 and β0 = 0.5
by default and decode under the suffix order r = 1.0
(text-first, image-last). For the middle-position ablation, we
set r = 0.5 and slightly increase the candidate size and
teacher weight (e.g., cd topk= 32, cd beta0= 1.0) to
test robustness. All these hyperparameters are exposed via
gen kwargs in the lmms-eval interface (flags use cd,
cd topk, cd beta0, cd r), and are kept fixed across
datasets within each experimental setting.

5.2. Main Results
We first focus on the two practically important endpoints
of the position sweep: Prefix (r = 0, image-first), Suffix
(r = 1, text-first), and our decoding method applied to suf-
fix, denoted as Suffix+DOCD (teacher in prefix, student in
suffix). Several consistent trends emerge from Table 1:
• Vision–text order bias. On almost all benchmarks and

both model sizes, Suffix (image-last) performs signifi-
cantly worse than Prefix (image-first). For example, on
MMStar and AI2D, the gap between Prefix and Suffix
reaches 15–18 points for both 3B and 7B. This comple-
ments the U-shaped position analysis in Sec. 3 and con-
firms a strong vision–text order bias in current VLMs.

• Effect of DOCD on suffix order. Suffix+DOCD consis-
tently improves over plain Suffix across all datasets. The
gains are especially pronounced on benchmarks that rely
heavily on visual grounding and long-context reasoning,
such as MMStar, VLMs-are-Blind, AI2D, and MMMU-
Pro, where DOCD recovers ∼6–18 points relative to the
Suffix baseline.

• Reaching or surpassing Prefix. In many cases, Suf-
fix+DOCD not only closes the gap but also matches or
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Qwen2.5-VL-3B Qwen2.5-VL-7B

Benchmark Prefix↑ Suffix↑ Suffix+DOCD↑ ∆DOCD-Suf ∆DOCD-Pre Prefix↑ Suffix↑ Suffix+DOCD↑ ∆DOCD-Suf ∆DOCD-Pre

MMStar 56.36 41.01 56.20 15.19 -0.16 62.42 45.77 62.59 16.82 0.17
MMBench 77.66 64.86 78.09 13.23 0.43 83.16 72.94 82.82 9.88 -0.34
MuirBench 36.88 40.35 41.12 0.77 4.24 45.38 45.23 47.27 2.04 1.89
RealWorldQA 58.56 51.63 63.40 11.77 4.84 69.02 61.70 68.63 6.93 -0.39
VLMs-are-Blind 32.39 20.36 34.71 14.35 2.32 31.35 28.74 33.51 4.77 2.16
ScienceQA-IMG 80.07 78.88 80.61 1.73 0.54 87.31 75.51 87.41 11.90 0.10
MMMU-Pro 32.25 26.42 32.72 6.30 0.47 35.84 31.79 37.80 6.01 1.96
AI2D 78.72 64.15 78.30 14.15 -0.42 82.84 65.22 83.03 17.81 0.19

Table 1. Order sensitivity and DOCD gains (suffix order). Results on eight benchmarks with Qwen2.5-VL-3B and Qwen2.5-VL-7B
under different vision–text orders. Suffix (image-last, r = 1) markedly underperforms Prefix (image-first, r = 0), confirming a strong
vision–text order bias. Our decoding method (Suffix+DOCD) consistently improves upon Suffix (blue numbers) and often matches or
exceeds Prefix (positive ∆DOCD-Pre, marked in red). Numbers are accuracies (%) as provided by our runs.

Benchmark Prefix↑ Suffix↑ Suffix+DOCD↑ ∆DOCD-Suf ∆DOCD-Pre

MMStar 30.21 17.31 29.97 12.66 -0.24
MMBench 75.09 29.50 72.59 43.10 -2.49

Table 2. DOCD on Idefics2 (suffix order). Results on MM-
Star and MMBench with the Idefics2 VLM. Suffix (image-last)
strongly underperforms Prefix, reproducing the vision–text order
bias on a different backbone. Applying DOCD under the suffix
order substantially improves performance, recovering most of the
prefix–suffix gap.

slightly exceeds Prefix. For instance, on MMMU-Pro
and several other benchmarks, Suffix+DOCD attains per-
formance on par with or higher than Prefix for both 3B
and 7B, suggesting that combining dual-order signals can
sometimes be strictly better than relying on Prefix alone.

Beyond Qwen2.5-VL, Table 2 shows that Idefics2 ex-
hibits a similar order sensitivity: moving from prefix to suf-
fix leads to large drops on both MMStar and MMBench,
while Suffix+DOCD recovers 12.66 and 43.10 points re-
spectively, nearly matching the prefix baseline. This sup-
ports that the U-shaped position effect and the benefit of
DOCD are not specific to a single architecture.

Our main results focus on suffix inputs (r = 1), which
capture many natural user workflows. However, the po-
sition sweep in Sec. 3 reveals that placing images in the
middle of the sequence (roughly r≈0.5) often induces
the strongest degradation (“lost-in-the-middle”). To test
whether DOCD generalizes beyond suffix order, we eval-
uate a student order with r = 0.5 and apply the same dual-
order contrastive decoding (teacher in prefix order).

Table 3 reports results for representative benchmarks un-
der three configurations: Prefix, Middle (images inserted at
r = 0.5), and Middle+DOCD (teacher in prefix, student in
middle). We observe that:

• Middle-position baselines are weaker than Prefix, echo-

ing the lost-in-the-middle effect revealed in Sec. 3.
• DOCD with r = 0.5 yields large improvements over the

middle baseline, often recovering 10–18 points on MM-
Star and AI2D and 6–12 points on other benchmarks.

• The resulting Middle+DOCD performance is typically
very close to Prefix, and in some cases slightly higher,
demonstrating that our dual-order contrastive scheme
transfers prefix visual fusion not only to suffix inputs but
to general non-prefix configurations.

5.3. Ablation: DOCD vs. Supervised Fine-Tuning
A natural question is whether the vision–text order bias can
be removed simply by fine-tuning on additional interleaved
data. To this end, we compare DOCD with a supervised
fine-tuning (SFT) baseline where the same Qwen2.5-VL
backbones are trained on extra interleaved vision–text ex-
amples using standard cross-entropy loss, and then decoded
under the suffix order without any contrastive scheme. Ta-
ble 4 reports the comparison between plain suffix, Suf-
fix+SFT, and Suffix+DOCD. The comparison shows that:
• SFT provides only modest improvements for suffix inputs

and is sometimes harmful, especially on more challeng-
ing reasoning benchmarks such as MMStar, MuirBench,
MMMU-Pro, and VLMs-are-Blind (negative ∆SFT-Suf).

• In contrast, Suffix+DOCD consistently outperforms both
plain suffix and Suffix+SFT by a large margin, often
adding 7–16 points on top of the SFT model.

• These results indicate that merely exposing the model to
more interleaved training data is insufficient to eliminate
vision–text order bias. Inference-time dual-order contrast
is a necessary mechanism to transfer the strong prefix vi-
sual fusion to user-preferred non-prefix configurations.

5.4. Discussion and Limitations
Overall, our experiments demonstrate that Dual-Order Con-
trastive Decoding is:
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Qwen2.5-VL-3B Qwen2.5-VL-7B

Benchmark Prefix↑ Middle↑ Middle+DOCD↑ ∆DOCD-Mid ∆DOCD-Pre Prefix↑ Middle↑ Middle+DOCD↑ ∆DOCD-Mid ∆DOCD-Pre

MMStar 56.36 41.01 56.20 15.19 -0.16 62.42 45.77 62.08 16.31 -0.34
MMBench 77.66 64.86 77.67 12.81 0.01 83.16 72.94 82.90 9.97 -0.26
MuirBench 36.88 40.35 40.42 0.07 3.54 45.38 45.23 47.73 2.50 2.35
RealWorldQA 58.56 51.63 63.40 11.77 4.84 69.02 61.70 69.15 7.45 0.13
ScienceQA-IMG 80.07 78.88 80.32 1.44 0.25 87.31 75.51 87.06 11.55 -0.25
MMMU-Pro 32.25 26.42 32.20 5.78 -0.05 35.84 31.79 37.98 6.19 2.14
AI2D 78.72 64.15 78.53 14.38 -0.19 82.84 65.22 83.06 17.84 0.22

Table 3. DOCD on middle-position inputs (r=0.5). We insert images in the middle of the text (student order r = 0.5) and run DOCD
with a prefix teacher. Middle+DOCD consistently improves over the middle baseline (blue numbers), often recovering most of the gap to
Prefix. In several settings, Middle+DOCD matches or slightly exceeds Prefix (positive ∆DOCD-Pre, marked in red), showing that DOCD is a
general remedy for non-prefix orders, not only for suffix.

Qwen2.5-VL-3B Qwen2.5-VL-7B

Benchmark Suffix Suffix+SFT Suffix+DOCD ∆SFT-Suf ∆DOCD-SFT Suffix Suffix+SFT Suffix+DOCD ∆SFT-Suf ∆DOCD-SFT

MMStar 41.01 40.62 56.17 -0.39 15.55 45.77 47.39 62.59 1.62 15.20
MMBench 64.86 65.80 77.84 0.94 12.04 72.94 71.13 82.82 -1.80 11.68
MuirBench 40.35 34.65 40.88 -5.70 6.23 45.23 44.16 47.27 -1.07 3.11
RealWorldQA 51.63 57.52 61.05 5.89 3.53 61.70 63.17 68.63 1.47 5.46
VLMs-are-Blind 20.36 22.06 35.23 1.70 13.17 28.74 24.30 33.51 -4.44 9.21
ScienceQA-IMG 78.88 73.33 80.81 -5.55 7.48 75.51 78.38 87.41 2.87 9.03
MMMU-Pro 26.42 23.41 32.66 -3.01 9.25 31.79 30.29 37.80 -1.50 7.51
AI2D 64.15 64.35 78.43 0.20 14.08 65.22 66.74 83.03 1.52 16.29

Table 4. DOCD vs. supervised fine-tuning (suffix order). Comparison between plain suffix decoding, a supervised fine-tuning (SFT)
baseline on interleaved data, and our Dual-Order Contrastive Decoding (DOCD), all evaluated under the suffix order. ∆SFT-Suf measures the
direct benefit of SFT over the original model, while ∆DOCD-SFT (blue numbers when positive) measures the additional benefit of DOCD on
top of (or instead of) SFT. DOCD typically yields much larger gains than SFT and can even correct cases where SFT hurts performance.

• Effective: it recovers up to ∼17 points under suffix or
middle orders and often matches or slightly exceeds pre-
fix performance across a wide range of benchmarks and
both 3B/7B model scales, and yields large gains for
Idefics2 under the suffix order.

• General: it improves not only suffix inputs but also mid-
sequence image placements (r=0.5), mitigating the lost-
in-the-middle failure mode and showing broad applicabil-
ity to non-prefix orders.

• Training-free: it requires no architecture change or ad-
ditional model, and outperforms SFT baselines that con-
sume extra interleaved training data.

There are, however, several limitations. First, DOCD
doubles the number of autoregressive streams at inference
time (teacher + student), leading to non-negligible latency
overhead, although shared vision encoding and batched for-
ward passes mitigate this cost. Deploying DOCD in strict
real-time settings may require further engineering optimiza-
tion or partial application (e.g., only for difficult instances).
Second, while DOCD substantially narrows the gap be-
tween prefix and non-prefix orders, it does not completely

eliminate all order effects on every dataset, especially for
highly specialized tasks. Finally, our present study focuses
on image inputs (single- and multi-image cases) and short
video clips; extending DOCD to longer videos and more
complex interleaved document scenarios is an interesting
direction for future work.

6. Conclusion

We empirically identify a strong vision–text order bias in
modern vision–language models: the relative position of
image tokens alone can cause large performance fluctua-
tions, with prefix inputs generally outperforming suffix and
middle placements. To address this, we propose Dual-Order
Contrastive Decoding (DOCD), a simple, training-free in-
ference scheme that reliably improves non-prefix orders and
often closes most of the gap to prefix performance. Future
work includes reducing the computational overhead of dual-
order decoding, extending the approach to longer videos
and document-level interleaving, and exploring tighter in-
tegration with training objectives to further mitigate order
sensitivity.
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