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Abstract

Most existing MLLMs (Multimodal Large
Language Models) rely on implicit vi-
sion—language feature alignment, which en-
ables strong global reasoning but often strug-
gles with fine-grained visual perception tasks.
To bridge this gap, we propose E-Align (Ex-
plicit Visual Alignment), a new paradigm that
shifts from opaque latent feature mapping to
interpretable textual alignment. Building on
E-Align, we develop Explicit-VL, which in-
tegrates a lightweight, parameter-efficient ex-
plicit adapter that converts visual encoder out-
puts into structured textual hints. Unlike im-
plicit vectors, these hints are naturally aligned
with the LLM’s symbolic processing, guiding it
to attend to specific visual details. Extensive ex-
periments demonstrate that Explicit-VL excels
at knowledge-based VQA and vision-centric
understanding, hallucinates less, and performs
better on object detection. Overall, our results
suggest that E-Align strikes a better balance be-
tween global reasoning and fine-grained percep-
tion, and highlight its potential as a promising
paradigm for more effective vision—language
feature alignment. To facilitate future re-
search, we have released our model and code
at: https://anonymous.4open.science/r/ealign

1 Introduction

MLLMs (Bai et al., 2025; Li et al., 2024c,a,b; An
et al., 2025; Alayrac et al., 2022; Li et al., 2023a;
Zhu et al., 2023; Chen et al., 2023, 2024b; Wang
et al., 2025) have achieved remarkable progress in
high-level vision-language tasks (e.g., captioning,
VQA), but they still lag far behind dedicated Vi-
sual Foundation Models (VFMs) (Li et al., 2025;
Yin et al., 2023) in vision-centric scenarios that
require fine-grained perception: for example, they
fail to detect small objects, misjudge spatial rela-
tions, and hallucinate nonexistent objects. This
gap stems from a fundamental contradiction in
cross-modal alignment: language-supervised vi-
sual encoders such as CLIP (Radford et al., 2021)
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Figure 1: Implicit vs. E-Align. (a) Implicit Alignment
(Single Encoder) projects CLIP’s implicit features into
the LLM, but often loses fine-grained details. (b) Im-
plicit Alignment (Mixture-of-Encoders) improves fine-
grained perception, but faces alignment challenges and
redundant encoders. (c¢) E-Align (ours) converts CLIP’s
hidden states into structured textual hints, preserving
fine-grained details, aligning naturally with the LLM,
and requiring only one vision encoder.

are easy to align with LLMs but produce coarse-
grained features, while non-language encoders like
DINOV2 (Oquab et al., 2023; Siméoni et al., 2025)
capture fine-grained details but have incompatible
feature spaces that require prohibitive training over-
head (Tong et al., 2024a; Fan et al., 2025).

Existing efforts to bridge this gap mainly rely on
Mixture-of-Encoders approaches, which introduce
additional vision encoders to supply fine-grained
visual features. For example, Cambrian (Tong et al.,
2024a) and Eagle (Shi et al., 2025a) aggregate four
and five vision encoders pretrained with diverse
objectives, respectively. However, this strategy typ-
ically introduces heavy auxiliary modules and can
exacerbate alignment difficulty (Fan et al., 2025).
This naturally raises the question: Can we extract
fine-grained visual details from a single, widely
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used encoder (e.g., CLIP) without updating its pa-
rameters or adding heavy modules?

To address this limitation, we propose E-Align,
a novel paradigm that bridges the modality gap by
transforming fine-grained visual signals into struc-
tured textual hints (e.g., "traffic light: [0.43, 0.46]").
As illustrated in Figure 1, instead of supplement-
ing the model with opaque feature vectors, our
approach provides explicit, discrete information in
the form of structured textual hints. These hints are
inherently compatible with the LLM’s symbolic
processing capabilities, thereby facilitating a more
effective alignment. Crucially, rather than relying
on an external, specialized encoder, our method
generates these hints by extracting them directly
from the hidden states of the standard CLIP en-
coder, without the overhead of an additional visual
encoder.

Building on this paradigm, we introduce
Explicit-VL, a MLLM that augments a stan-
dard CLIP encoder with object-level textual cues.
Specifically, we propose a lightweight explicit-
adapter that takes CLIP hidden states as input and
decodes a set of explicit predictions, including ob-
ject categories and bounding-box locations. These
predictions are serialized into structured text and
concatenated with the LLM input sequence as addi-
tional context tokens using the standard tokenizer.

We conduct extensive experiments across
knowledge-based, vision-centric, hallucination,
and object detection benchmarks. With only a
27M-parameter explicit-adapter, Explicit-VL con-
sistently achieves higher performance on seven
benchmarks, highlighting the strong potential of ex-
plicit visual alignment for improving fine-grained
multimodal understanding.

In summary, our contributions are as follows:

* We propose E-Align, a new alignment
paradigm that shifts from implicit latent fea-
ture mapping to explicit discrete textual priors,
enabling MLLMs to access fine-grained visual
details in a language-friendly form.

* We introduce a lightweight, parameter-
efficient explicit-adapter that decodes hidden
states from a frozen CLIP encoder into ex-
plicit object-level information and serializes it
into structured text for the LLM, while keep-
ing the CLIP encoder unchanged and its visual
features unperturbed.

* We develop Explicit-VL, a MLLM built with

an efficient multi-stage training pipeline. Ex-
tensive evaluations across knowledge-based,
vision-centric, hallucination, and object de-
tection benchmarks show that Explicit-VL
consistently outperforms implicit-alignment-
based MLLMs, achieving stronger visual per-
ception and fine-grained understanding.

2 Related Work

To introduce more fine-grained details into
MLLMSs, prior work primarily focuses on improv-
ing the visual representations fed into the model.
In general, this is achieved in two ways:

Mixture of encoders (MoE). A representative
line of work enhances MLLMs by mixing vi-
sual features from different sources or specialized
experts. Tong et al. (2024b,a) show that inte-
grating language-supervised and self-supervised
representations improves performance on vision-
centric tasks. Along the same direction, Cam-
brian (Tong et al., 2024a), EAGLE (Shi et al.,
2025b), LEO (Azadani et al., 2025), MoME (Shen
et al., 2024), MoVA (Zong et al., 2024), and
MOVE (Skripkin et al., 2025) further boost fine-
grained capability by incorporating multiple spe-
cialized vision encoders.

Re-training the visual encoder. Another line
improves fine-grained understanding by strength-
ening the encoder itself through multi-task training.
Bolya et al. (2025) trains a unified visual encoder
across diverse downstream tasks to obtain embed-
dings that generalize across modalities and objec-
tives. Florence-VL (Chen et al., 2025) leverages
Florence-2 (Xiao et al., 2024), a strong vision en-
coder pre-trained with sequence-to-sequence learn-
ing on billions of image-text annotations, offer-
ing versatile visual representations. However, re-
training the encoder typically incurs prohibitively
high training cost.

In contrast to both directions, our method neither
introduces additional heavy encoders nor requires
re-training the visual encoder. Instead, we obtain
explicit information via a lightweight detection
head and provide them in textual form, enabling
the MLLM to access fine-grained information with
minimal architectural changes.

3 Methodology

In this section, we introduce Explicit-VL, a mul-
timodal large language model that strengthens
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Figure 2: Overview of Explicit-VL. Explicit-VL in-
troduces an explicit adapter that decodes intermediate
CLIP features into structured textual object descriptions.
These explicit hints are appended to the prompt and
tokenized as standard text, enabling the LLM to better
capture fine-grained visual details.

Explicit Information

1 frisbee: {[0.79, 0.34]},
5 person: {[0.56, 0.55],
[0.18, 0.53], [0.87, 0.75],
[0.72,0.80], [0.97, 0.79]},
1 umbrella: {[0.68, 0.70]}.

How many
umbrellas are
in the image?

fine-grained visual understanding by incorporat-
ing an explicit adapter to provide structured tex-
tual visual cues alongside standard visual fea-
tures. Sec. 3.1 describes the overall architecture of
Explicit-VL and how the visual and textual inputs
are organized for the LLM. Sec. 3.2 then details the
design and implementation of the explicit adapter,
which enables high-resolution, efficient object de-
tection with a frozen CLIP-ViT backbone.

3.1 Overall Architecture

As illustrated in Fig. 2, Explicit-VL consists of four
components: (1) a vision encoder &ip, (2) a large
language model M, (3) an implicit adapter Ajmp,
and (4) an explicit adapter Aexp. During inference,
Explicit-VL proceeds in the following steps.

Step 1: CLIP feature extraction. Given an im-
age I and a user question (), we extract multi-layer
patch features with a CLIP vision encoder:

— gclip(l)- (1)

Following LLaVA-style practice, we use the penul-
timate layer feature %! to produce standard con-
tinuous visual tokens, and tap a set of intermediate-
layer features HS = {H'}scs to infer explicit
visual information. L represents total number of
layers, ¢ represents layer index, S represents set of
intermediate layers.

Hl:L

Step 2: Implicit visual projection. We obtain
continuous visual tokens through a lightweight im-

plicit adapter:
Z = Aimp(H* ). 2)

Step 3: Explicit visual projection. In parallel,
an explicit adapter predicts object detections from
intermediate CLIP features:

D= ACXP(HS)a D= {(Civ bl)}zj\ilv (3)

where c¢; is the category, and b; = (Z;, ;) denotes
the normalized bounding-box center coordinate.
We then integrate D into a compact, structured
text hint 7' (grouping coordinates by category), so
that explicit visual cues enter the LLM purely as
standard text tokens.

Step 4: LLM generation. Let 7(-) denote the to-
kenizer and Emb(-) denote the embedding lookup
of the LLM. We append the explicit hint 7" to the
question (), embed the resulting text, and concate-
nate it with the continuous visual tokens Z to form
the LLM input. The LLM then produces the answer
token sequence y:

y=M([Z; Emb(r(T®Q))]) . 4)

3.2 Explicit Adapter

Explicit information refers to text-form analysis re-
sults derived from the image. Compared to image
captions that provide a holistic description, explicit
information is more precise and task-oriented. In
this work, we use object detection as explicit infor-
mation to provide fine-grained details about image.

Extracting reliable object detections from a
CLIP-ViT backbone is challenging. First, CLIP
is pretrained with image—text contrastive learning
rather than detection, and fine-tuning the CLIP
backbone can degrade the general visual represen-
tations required by MLLMs. Second, CLIP-ViT-
L/336 operates at 336 x 336 resolution, which lim-
its localization accuracy for small objects. Third,
the extra detection computation may slow down
MLLM training and inference.

To address these constraints, our Explicit
Adapter is designed with the following features:
(1) perform detection with a frozen backbone
to preserve CLIP-ViT’s general visual representa-
tions; (2) support inputs up to 672x672 resolution
to improve small-object detection; and (3) adopt
an efficient FPN + Faster R-CNN architecture for
low-latency decoding. Specifically, the explicit
adapter consists of three steps:
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Figure 3: Multi-scale feature acquisition. To support high-resolution detection, we reassemble the hidden-state
features of the tiles generated by the AnyRes strategy according to their spatial positions in the original image,
yielding high-resolution features. We then extract features from the 14th and 23rd CLIP layers for both the tiled and
thumbnail representations, producing four feature (from high to low resolution) for subsequent pyramid construction.
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Figure 4: Top-down feature fusion. We convert the hidden-layer features from the CLIP ViT into detection-ready
pyramid feature maps { Ps, Py, P3, P>} through interpolation, top-down fusion, and convolutional refinement. The
symbol & denotes concatenating the upsampled higher-level feature with the current-level feature, followed by a
projection to reduce the channel dimension back to that of the current level.

Step 1: Multi-scale feature acquisition. We  strategy provides high-resolution signals for subse-
adopt AnyRes (Liu et al., 2024a) to increase the  quent detection without introducing any additional
input resolution for Explicit-VL. Meanwhile, the =~ computation.

tile features produced by AnyRes can be directly
reused to scale up the detection resolution. As il-

lustrated in Figure 3, each tile in the 2 x 2 grid ) i
is encoded by CLIP into a [24,24,1024] feature strides {1/4, 1/8, 1/16, 1/32}, we first resize the
thumbnail features to [21,21, 1024] and the tiles

features to [42,42,1024] via interpolation. We
then perform a top-down fusion over these multi-
level features. Different from standard FPN (Lin
et al., 2017), which performs top-down fusion by
element-wise summation, we fuse features by chan-
nel stacking: features from the upper level are con-

Step 2: Top-down feature fusion. As illus-
trated in Fig. 4, to match the target pyramid

map. We then reassemble the patch tokens from the
four tiles according to their spatial positions in the
original image, producing a fused [48, 48, 1024]
feature map. For AnyRes outputs with non-2 x 2
layouts (e.g., 3 x 1), we first pad the fused tiled
feature map to square and then resize it to obtain

a [48,48,1024] feature map. Next, we select the ;
14th and 23rd layer features from both the fused catenated with those from the current level and pro-
jected back to the current-level dimension. Finally,

tile feature and the thumbnail, yielding a set of i )
the four pyramid levels are adjusted by upsample,

multi-scale feature maps: [tiles layer-14, tiles layer-

23, thumbnail layer-14, thumbnail layer-23]. This ~ 1dentity, identity, and downsample, respec-
tively, and compressed to 256 channels, producing
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Figure 5: E-Align. Three stages: (1) Implicit pretraining: an implicit adapter is trained on captioning data to
align CLIP features with the LLM’s embedding space. (2) Explicit pretraining: an explicit adapter is trained on
detection data to convert CLIP intermediate features into discrete textual signals. (3) Visual instruction tuning:
the LLM, implicit adapter, and visual encoder are jointly trained on visual instruction data, enabling the model to
integrate global semantic features with explicit object-level information.

the pyramid features { P», Ps, Py, P5}.

Step 3: Detection output structuring. Given the
pyramid features, we adopt a Faster R-CNN head
to produce object detections. We then serialize the
final detections into a compact structured text for
LLM ingestion: following (Jiao et al., 2024), each
instance is represented by the (normalized) center
of its box, grouped by category, and preceded by
an instruction sentence. An example output is:

Here are the central coordinates of
certain objects in this image:
1 frisbee: {[0.79, 0.34]},

5 person: {[0.18, ©.53], [0.72, 0.80],
[0.86, ©.75], [0.60, ©.53], [0.97,
0.791},

1 umbrella: {[0.69, 0.70]}.

The resulting explicit textual detections are fed into
the LLM alongside the implicit visual features.

4 Explicit Visual Alignment

To enable the MLLM to reason over explicit infor-
mation, we design a three-stage training pipeline
termed E-Align (Figure 5):

Stage 1: Implicit pretraining. We train only
the two-layer implicit adapter on image-caption
data to align CLIP visual features with the LLM
embedding space, while keeping both the LLM and
the image encoder frozen.

Stage 2: Explicit pretraining. We treat the
frozen image encoder together with the explicit
adapter as a lightweight detector. In this stage, we
train the explicit adapter with detection supervision
on Object365 v1 for 28 epochs, followed by 150
epochs of fine-tuning on COCO, while keeping the

image encoder frozen throughout. As a result, in-
termediate CLIP features can be mapped by the
explicit adapter into structured detection outputs,
covering the 80 COCO categories.

Stage 3: Visual instruction tuning. We jointly
train the LLM, the implicit adapter, and the visual
encoder on visual instruction data, while keeping
the explicit adapter frozen. This stage teaches the
model to integrate global semantic representations
(implicit features) with structured object-level cues
(explicit signals) for stronger visual reasoning.

After these three stages, the model can exploit
both implicit features and explicit detection sig-
nals at inference time, achieving a better balance
between global semantic understanding and fine-
grained visual details.

S Experiments

5.1 Experiment settings

Model setup. We adopt clip-vit-large-patch14-
336 (Radford et al., 2021) and siglip2-s0400m-
patch16-384 (Tschannen et al., 2025) as vision
encoders, and Llama-3-8B (Dubey et al., 2024)
and Qwen3-4B-Instruct-2507 (Yang et al., 2025)
as base LLMs. To verify that our method remains
effective across diverse backbone configurations,
we train three Explicit-VL variants from scratch:
CLIP-Llama3, CLIP-Qwen3, and SigL.IP2-Qwen3.

Baselines. For a fair comparison, we reproduce
LLaVA-NeXT using the same visual instruction
data for each of the three backbone combinations.

Implementation Details. All training data used
in this work are publicly available. Details are as



Method Encoder LLM ‘ MMMU MMStar MMB (EN) MMB (CN) ScienceQA RealworldQA CV-Bench POPE
LLaVA-Next CLIP  Llama3 37.8 44.0 69.8 64.0 75.4 58.6 66.8 87.5
Explicit-VL CLIP  Llama3 37.9 454 70.4 64.8 77.6 59.9 68.3 88.4
LLaVA-Next  CLIP Qwen 3 43.3 45.7 74.1 72.8 75.8 60.9 64.1 87.4
Explicit-VL CLIP Qwen 3 44.2 46.9 77.0 74.8 76.3 61.1 68.3 87.4
LLaVA-Next Siglip2 Qwen3 45.1 51.7 77.6 75.6 78.4 62.4 67.0 86.8
Explicit-VL  Siglip2  Qwen 3 44.6 52.3 78.1 71.7 71.3 63.8 68.4 87.8

Table 1: Comparison between Explicit-VL and LLaVA-Next on MLLM benchmarks. Under all three model
configurations (CLIP-ViT-Llama-3, CLIP-ViT-Qwen3, and SigLip2-ViT-Qwen3), Explicit-VL achieves consis-

tently higher performance than LLaVA-Next.

| RefCOCO RefCOCO+ RefCOCOg

Method Encoder  LLM ‘ val testA testB val testA testB val test
LLaVA-Next CLIP Llama3 | 709 747 668 648 714 580 64.1 653
Explicit-VL CLIP Llama3 | 734 763 678 66.7 73.0 58.6 658 66.9
LLaVA-Next CLIP Qwen3 | 68.2 71.0 646 624 686 565 629 636
Explicit-VL CLIP Qwen3 | 729 744 700 669 70.6 603 664 66.9
LLaVA-Next Siglip2 Qwen3 | 68.2 67.5 67.1 639 656 60.5 606 615
Explicit-VL  Siglip2 Qwen3 | 729 728 715 67.7 69.2 64.0 651 66.3

Table 2: Visual grounding results.

follows: (1) For implicit pre-training, we use the
558k LLaVA pre-training dataset (Liu et al., 2024b)
and adopt the same training settings as LLaVA-
Next. (2) For explicit training, we first pre-train
on Objects365 v1 (Shao et al., 2019), which con-
tains 600k images across 365 categories, and then
fine-tune on COCO 2017 Train (Lin et al., 2014)
with 118k images covering 80 categories. On Ob-
jects365 v1, we train for 28 epochs with a learning
rate of 0.08, while on COCO 2017 Train, we fine-
tune for 150 epochs with the same batch size but
a learning rate of 0.001. To capture more visual
details, during inference of explicit adapter we use
a low proposal confidence threshold of 0.1 and
set the NMS IoU threshold to 0.3. (3) For visual
instruction tuning, we use the 779k LLaVA-Next
instruction dataset (Li et al., 2024a). Note that the
original LLaVA-Next dataset contains more than
790k samples, but 15k user-collected instructions
were not publicly released.

5.2 MLLM Benchmarks Results

We evaluate Explicit-VL across four categories
of benchmarks: (1) Knowledge-based VQA:
MMMU (Yue et al., 2024), MMStar (Chen et al.,
2024a), MMBench (Liu et al., 2024¢), and Sci-
enceQA (Lu et al., 2022); (2) Vision-centric
tasks: CV-Bench (Tong et al.,, 2024a) and
RealWorldQA (xAI, 2024); (3) Hallucination:

POPE (Li et al., 2023b); and (4) Visual grounding
tasks: RefCOCO (Kazemzadeh et al., 2014), Ref-
COCO+ (Yu et al., 2016), and RefCOCOg (Mao
et al., 2016). Knowledge-based VQA, vision-
centric and hallucination results are shown in Ta-
ble 1, visual grounding results are shown in Table 2.

Finding 1: By providing explicit information,
MLLMs can better capture fine-grained visual
details. As shown in Table 1, Explicit-VL con-
sistently outperforms LLaVA-Next on knowledge-
based VQA (e.g., MMB-EN +2.9 under CLIP-
Qwen3, ScienceQA +2.2 under CLIP-Llama3) and
vision-centric benchmarks (CV-Bench +4.2 under
CLIP-Qwen3), while the POPE score also achieves
consistent gains. This validates the value of struc-
tured textual hints for fine-grained perception and
reduces the generation of hallucinations.

Finding 2: Explicit information enhances the
end-to-end detection capability of MLLMs. As
shown in Table 2, across the three model configura-
tions, Explicit-VL achieves consistent and substan-
tial superiority over LLaVA-Next on RefCOCO,
RefCOCO+, and RefCOCOg. The most prominent
gains are observed in complex visual contexts, with
an average absolute improvement of +4.0 on Ref-
COCO val, +3.4 on RefCOCO+ val, and +3.2 on
RefCOCOg val. Notably, even though our explicit
signals only provide bounding-box center coordi-
nates (instead of full detection annotations), they



Model | 16wl

‘MMMU MMStar MMB (EN) MMB (CN) ScienceQA CV-Bench POPE

LLaVA-v1.6-13B (Li et al., 2024a)' 304M 34.1 39.8 69.1 61.9 73.6 64.8 86.3
LLaVA-Next-8B (Li et al., 2024a)t 304M 40.0 422 72.2 67.0 73.3 65.0 86.6
Cambrian-8B (Tong et al., 2024a)* 2208M 427 50.0 75.9 67.9 80.4 72.2 87.4
Eagle X5 8B (Shi et al., 2025a) 2282.8M 435 - 75.5 - 84.1 -

Florence-VL 8B (Chen et al., 2025)* 770M 43.7 50.0 76.2 69.5 85.9 73.4 89.9
Explicit-VL 4B (Ours) ‘ 400M+27M ‘ 49.4 53.5 78.1 75.3 87.4 74.4 83.0

Table 3: Comparison with open-source MLLMs. By introducing only a 27M-parameter explicit adapter, Explicit-
VL 4B outperforms mixture-of-encoders models Cambrian-8B and Eagle X5 8B on five of six benchmarks, and also
surpasses Florence-VL, which uses a stronger vision encoder. |6y;s| denotes the number of parameters in the visual
encoder and adapter. Results marked with * are taken from (Chen et al., 2025); marked with { are reproduced by us.

still effectively enhance the model’s ability to infer
object locations accurately in images.

Finding 3: E-Align is highly generalizable
and model-agnostic. From the results in Table 1,
we observe consistent improvements when apply-
ing E-Align to CLIP-Llama3, CLIP-Qwen3, and
SigLIP2—-Qwen3, demonstrating strong transfer-
ability across LLMs and vision encoders. Impor-
tantly, although Sigl.IP2 can provide finer-grained
visual features than CLIP, our method still gains
+1.4 on RealWorldQA and +1.4 on CV-Bench,
while Table 1 validates its necessity. This confirms
our approach is orthogonal to implicit fine-grained
representations, serving as an effective additional
source of visual detail.

Finding 4: Explicit-VL outperforms strong
open-source baselines with only a 27M-
parameter explicit adapter added to the vision
encoder. To probe the upper bound of E-Align, we
adopt our strongest MLLM configuration, SigL.IP2-
Qwen3. We randomly sample 640K examples from
Honey-Data-1M (Zhang et al., 2025) for visual in-
struction tuning. As shown in Table 3, among all
open-source baselines, Explicit-VL 4B achieves the
best performance on MMMU, MMStar, MMB, Sci-
enceQA and CV-Bench. Notably, Explicit-VL sur-
passes the Mixture-of-Encoders models Cambrian-
8B and Eagle X5 8B while adding only a 27M-
parameter adapter to enhance fine-grained under-
standing, whereas Cambrian-8B and Eagle X5 8B
rely on vision encoders that aggregate over 2,000M
parameters. Explicit-VL also substantially out-
performs Florence-VL on knowledge-based VQA
benchmarks and CV-Bench. Despite Florence-VL
leveraging the strong multi-task—trained Florence-
2 vision encoder (770M parameters), we use only
a SigLIP2 ViT (400M) paired with a lightweight
27M-parameter adapter. These results indicate that
E-Align enables efficient visual alignment and im-
proves fine-grained understanding with minimal

Method ‘MMMU MMStar MMB (EN) MMB (CN)

w/o explicit train & infer 37.8 44.0 69.8 64.0
w/o explicit train 37.2 44.0 70.5 63.3
w/o explicit infer 37.7 449 70.5 64.1

Explicit-VL 37.9 45.4 70.4 64.8

Table 4: Ablation study on introducing explicit in-
formation during training and inference. The re-
sults show that explicit information are essential in both
stages. However, introducing them only during training
improves the MLLM’s general visual understanding,
whereas introducing them only at inference leads to de-
graded performance, as the model has not learned to
effectively utilize explicit information.

additional parameters.

5.3 Ablation Study

To study the effect of introducing explicit infor-
mation during training and inference, we conduct
ablations. As shown in Table 4, we evaluate: (1)
w/o explicit train & infer: removing explicit train-
ing and explicit inference; (2) w/o explicit train:
removing explicit information in visual instruction
tuning but enabling explicit inference; (3) w/o ex-
plicit infer: keeping explicit information during
instruction tuning but removing explicit inference;
(4) Explicit-VL (ours): full pipeline.

Introducing explicit information in both train-
ing and inference is essential for improving the
MLLM’s fine-grained visual understanding. With
explicit instruction tuning and explicit inference
enabled, the model achieves the best performance
on three of four benchmarks and delivers the
second-best results on the remaining one. More-
over, explicit training alone already brings clear
gains over the fully implicit setting on MMStar,
MMB(EN) and MMB(CN), suggesting that ex-
plicit signals do not merely serve as test-time hints
but also improve vision-language alignment during
training. In contrast, w/o explicit train yields lim-
ited benefits and and causes drops on MMMU and



Q: How many meters apart are the
pedestrian and the sedan closest to the

right of the frame?

Q: Which option correctly describes the
object positions in the image?
LLaVA-Next: Suitcase below book [x] LLaVA-Next: 5 meters [x]

Explicit Info: 1 book: {{0.81, 0.68]}, 1

| Explicit Info: 1 car: {[0.87, 0.52]}, 1 person:
suitcase: {[0.49, 0.42]}

{[0.08, 0.52]}

Explicit-VL: Suitcase above book [] Explicit-VL: 10 meters [/] B

Q: What color is the nearest set of traffic

lights in this scene? * Q:ls there a dining table in the image?

LLaVA-Next: Green [x] LLaVA-Next: No [x]

Explicit Info: 6 traffic light: {{0.43, 0.46],
[0.48, 0.45], [0.44, 0.46], [0.52, 0.46], [0.44,
0.45], [0.49, 0.46]}

12 donut: {[0.56, 0.30], ...}

Explicit-VL: Yes [/]

1
1
|
1
1
Explicit Info: 1 dining table: {{0.54, 0.57]},
1
1
|
1

Explicit-VL: Red []

Figure 6: Qualitative comparison between LLaVA-NeXT and Explicit-VL. The visualization illustrates three key
mechanisms by which Explicit Info enhances perception: (1) Indicating object locations (case A and B), where
explicit coordinates facilitate spatial reasoning and distance estimation; (2) Reorganizing model attention (case C),
where the model is guided to focus on fine-grained details such as distant traffic lights; and (3) Indicating object

categories (case D), which effectively mitigates object hallucinations.

Strategy Tiles layers Thumbnail layers mAP
2base2sub L6,L10 L14,1.23 31.0
3baselsub L6 L10,L14, L23 29.5
2base2sub-alldeep L23 x2 L23 x2 27.6
2base2sub-allmid L14 x2 L14 x2 29.4
2base2sub-mid&deep  L14,123 L14,L23 323

Table 5: Feature-selection strategies comparison.

MMB(CN), indicating that without explicit train-
ing, the model cannot effectively leverage explicit
information, and it can even be detrimental.

5.4 Study on ViT Feature Selection

We find that the detection performance of the ex-
plicit adapter is sensitive to which ViT layers are
used for feature extraction. Unlike standard ViT-
based detectors that select four feature maps from
the 24 layers of a single ViT, AnyRes provides up
to 48 candidates (24 from Thumbnail and 24 from
Tiles). We evaluate five feature-selection strate-
gies by training on COCO 2017 for 40 epochs
and reporting the best mAP. As shown in Table 5,
2base2sub-mid&deep performs best, indicating
that combining mid-level and deep features from
both the Tiles and Thumbnail branches yields the
most effective representations for detection.

5.5 Qualitative Results

In Figure 6, we present qualitative results. Overall,
Explicit Info improves MLLMSs’ perception mainly
in three ways: (1) Indicating object locations. In
example B, Explicit Info provides the coordinates
of the car and the person. With these explicit loca-
tions, Explicit-VL can more reliably infer their spa-

tial distance and correctly answer “10M”. (2) Re-
organizing model attention. In example C, the
relevant traffic lights are extremely small and ap-
pear near the horizon line. LLaVA-NeXT therefore
overlooks them. After adding Explicit Info that
lists the traffic-light locations, Explicit-VL can no-
tice these specific regions and correctly identify the
signal as red. (3) Indicating object categories. In
example D, the image contains many donuts, which
distracts LLaVA-NeXT and causes it to overlook
the presence of the dining table. By explicitly pro-
viding the category “dining table”, Explicit Info
reduces object hallucination and helps the model
answer correctly.

6 Conclusion

We introduce E-Align, a new paradigm that aligns
CLIP features to a discrete textual space, enabling
MLLMs to better leverage the fine-grained sig-
nals already captured but not fully exploited by
language-supervised encoders. Building on this
paradigm, we develop Explicit-VL, which uses
a lightweight explicit adapter on the vision en-
coder to provide object-level explicit information
directly to the LLM. Without additional visual ex-
perts or extra encoders. Extensive experiments
show that E-Align yields consistent gains across
knowledge-based QA, vision-centric tasks, hallu-
cination benchmarks, and object detection. More-
over, our Explicit-VL outperforms strong mixture-
of-encoders baselines with only a 27M-parameter
explicit adapter, underscoring the effectiveness and
scalability of E-Align.



Limitations

Although the detection results generated by our
explicit-adapter already provide significant im-
provements for the MLLM, there remains room
for optimization. First, the explicit information
is currently restricted to the 80 object categories
defined by the COCO dataset. Given the open-
ended knowledge capabilities of Multimodal Large
Language Models, this vocabulary is relatively nar-
row. Expanding the taxonomy to include a broader
range of object categories would better facilitate
the MLLM’s understanding of complex images.
Second, the current explicit information is lim-
ited to object detection. Incorporating more fine-
grained information, such as segmentation masks,
or structured information extraction tailored for
chart-oriented tasks, could further enhance model
performance.
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