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Abstract

Infrared and Visible Image Fusion (IVIF) produces enhanced
images by fusing complementary visual information. How-
ever, most existing methods generate fixed outputs and can-
not flexibly adapt to user-specific requirements. Recent text-
guided approaches offer partial control but are limited to
global or semantic levels, lacking instance-level control.
This limitation arises from two challenges: first, the lack
of datasets that directly link textual instructions with corre-
sponding spatial annotations, and second, the use of coarse
cross-modal alignment methods that struggle to precisely
match textual instructions with visual features. To overcome
these challenges, we propose ControlFuse, a controllable
IVIF framework enabling multi-granularity fusion across
global, semantic, and instance levels, guided by user in-
structions. First, we construct an automated multi-granularity
dataset that provides explicit textual-mask correspondences
at these three levels. Second, inspired by manifold geom-
etry, we design a Multimodal Feature Interaction Module
(MFIM) comprising Feature Manifold Converter (FMC) and
Curvature-Guided Interaction (CGI). FMC projects textual
and visual features into a unified manifold space, while CGI
leverages manifold curvature as a geometric cue to refine
cross-modal alignment. Extensive experiments validate Con-
trolFuse, outperforming state-of-the-art methods in robust-
ness and flexibility.

Code — https://github.com/zhaolb4080/ControlFuse

Introduction

Infrared imaging records thermal radiation, providing reli-
able cues in darkness, smoke, and fog, but with low spa-
tial resolution and sparse texture. Visible imaging, acquired
through reflected light, offers high resolution and rich col-
ors with detailed edges, yet its quality degrades under poor
illumination or adverse weather. The highly complemen-
tary natures motivate Infrared and Visible Image Fusion
(IVIF) (Liu et al. 2024b; Tang et al. 2025b; Liu et al. 2024a).
IVIF integrates infrared and visible data to produce compre-
hensive fused images, enhancing visual quality and boosting
the accuracy of downstream tasks, e.g., semantic segmen-
tation (Liu et al. 2023; Wu et al. 2025), and object detec-
tion (Li et al. 2025b; Wang et al. 2025c).
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Figure 1: Comparison of controllable IVIF fusion paradigms
given the same VIS-IR inputs. (a) Conventional fusion pro-
duces a fixed result. (b) Text-guided fusion enables con-
trol at the global and semantic levels but does not sup-
port instance-level control. (c) Our ControlFuse enables
instruction-guided fusion with multi-granularity control at
the global, semantic, and instance levels.

To achieve effective fusion, numerous IVIF methods have
been proposed over the past decades. Traditional methods,
based on information theory, focus on preserving source in-
formation but often struggle to optimize fused image qual-
ity, especially with redundant features or scenario-specific
requirements (Zhang, Ye, and Xiao 2020). Deep learning-
based methods (Liu et al. 2025a; Zhao et al. 2023a,c; Huang
et al. 2022; Wang et al. 2025a; Liu et al. 2025b), benefiting
from powerful representation learning and nonlinear mod-
eling capabilities, markedly surpass traditional approaches
in fusion performance. Despite the progress in fusion tech-
niques, most methods produce fixed outputs once trained,
lacking controllability to meet varying application-specific
requirements. As illustrated in Fig. 1(a), fixed outputs can-
not selectively highlight targets, such as adaptively enhanc-
ing infrared content to detect pedestrians in low-light condi-
tions, thereby restricting their effectiveness for specific tasks
(Tang, Li, and Ma 2025; Tang, He, and Liu 2022; Li et al.
2025a; Yang et al. 2025; Tang, He, and Liu 2024; Li et al.
2024).

To achieve controllable fusion, recent studies have begun
integrating textual information into the IVIF framework, en-
abling dynamic fusion guided by user-specified instructions
(Zhao et al. 2024b). However, controllable fusion methods
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capable of flexibly highlighting user-specified targets remain
unexplored. As illustrated in Fig. 1(b), existing approaches
typically provide either global scene enhancement through
full scene textual descriptions or semantic-level highlight-
ing guided by category text instructions (Tang et al. 2025a;
Yi et al. 2024; Zhang et al. 2025; Cheng et al. 2025). Con-
sequently, these methods lack precise instance-level control,
i.e., they cannot individually highlight specific targets.

The limitation primarily stems from two factors. First,
existing IVIF datasets usually do not provide detailed an-
notations. Specifically, they lack clear textual descriptions
directly connected to exact locations of individual objects
within images. Without these annotations, it is difficult to
train fusion models effectively to highlight specific targets
at the instance level. Second, current multimodal fusion
strategies in IVIF frameworks commonly utilize relatively
coarse alignment methods, such as global cross-attention,
element-wise product, or straightforward feature concate-
nation. While these approaches effectively combine mul-
timodal information at a broad level, they generally lack
sufficient granularity to precisely align detailed textual in-
structions with the visual features of specific objects. Con-
sequently, fusion models trained using these coarse meth-
ods often struggle to accurately highlight targets specified
by users in the resulting fused images. Based on the analysis
above, we identify two critical solutions:

For the first limitation, we construct a multi-granularity
IVIF dataset using an automated annotation pipeline. This
dataset aligns textual instructions with corresponding anno-
tation masks at global, semantic, and instance granularities.
For example, global-level annotations correspond to instruc-
tions such as “enhance the entire scene,” with mask cover-
ing all targets present. Semantic-level annotations match in-
structions like "highlight all pedestrians,” accompanied by
mask that covers every pedestrian in the scene. Instance-
level annotations align precisely with instructions such as
“highlight the pedestrian on the left,” with mask covering
only the specified object. This structured alignment between
textual inputs and masks enables flexible fusion directly
guided by user instructions.

For the second limitation, we introduce a multimodal
feature interaction module designed to precisely align tex-
tual instructions with visual features. This module is in-
spired by the observation that paired text-image data can
be viewed as two manifolds, where high manifold cur-
vature corresponds to critical structural elements in each
domain. Specifically, in images, high curvature highlights
edges and contours essential for object localization; in text,
it identifies semantically distinctive terms useful for cross-
modal alignment. Accordingly, we propose two complemen-
tary components: Feature Manifold Converter (FMC) and
Curvature-Guided Interaction (CGI). FMC is a graph-based
module optimized via curvature-aware contrastive learning,
projecting multimodal features into a unified manifold space
that explicitly preserves geometric and semantic relation-
ships. Subsequently, CGI leverages manifold curvature as
a geometric cue to refine cross-modal attention, enabling
fine-grained multimodal alignment by explicitly associating
high-curvature visual and textual features.
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In this study, we propose ControlFuse, a controllable IVIF
framework that achieves multi-granularity fusion guided by
user instructions. As illustrated in Fig. 1(c), this approach
supports effective fusion control at global, semantic, and in-
stance granularities, resulting in enhanced IVIF adaptability
for practical applications. The contributions are summarized
as follows:

¢ We introduce ControlFuse, a controllable IVIF frame-
work guided by user instructions at global, semantic, and
instance levels. To the best of our knowledge, it is the
first to support such multi-granularity guidance, enabling
precise and flexible adaptation of the fusion behavior to
application requirements.

We construct an IVIF dataset via an automated anno-
tation pipeline that explicitly aligns textual instructions
with spatial masks at multiple levels of granularity. This
multi-granularity dataset addresses the scarcity of spa-
tially annotated multimodal data for IVIF, enabling pre-
cise and flexible instruction-guided fusion learning under
multi-level supervision.

We design a Multimodal Feature Interaction Module
(MFIM) comprising Feature Manifold Converter (FMC)
and Curvature-Guided Interaction (CGI) to achieve fine-
grained alignment between textual instructions and vi-
sual features. FMC maps both modalities into a unified
manifold space, while CGI exploits manifold curvature
to guide cross-modal attention. Trained with curvature-
aware contrastive learning, this module facilitates precise
instruction-guided IVIF.

Related Work
Controllable Image Fusion

Recently, user instructions have been integrated into vari-
ous computer vision tasks, enabling flexible control over im-
age synthesis (He et al. 2025), semantic decision-making
(Zang et al. 2025), and related applications. In the con-
text of image fusion, researchers have also started exploring
instruction-guided frameworks that leverage textual descrip-
tions as auxiliary inputs to achieve flexible and controllable
fusion outcomes. Text-IF (Yi et al. 2024) uses textual inputs
to restore degraded scenes (low light, noise, low contrast),
but its adjustments remain global rather than fine-grained.
TextFusion (Cheng et al. 2025) advances text-guided fusion
by associating textual semantics with visual features, en-
abling semantic-level control, yet fusion granularity is still
limited to category-level guidance without precise instance-
level enhancement. OmniFuse (Zhang et al. 2025) intro-
duces language-driven semantic control in a latent diffusion
framework to handle complex degradations, but, similar to
TextFusion, operates only at the semantic level and lacks ex-
plicit instance-level control, limiting its effectiveness in sce-
narios requiring precise object-focused enhancement. The
latest TIRN (Wang et al. 2025b) achieves highlights for user-
defined instances, but is limited to instance-level control. In
contrast, our proposed framework, ControlFuse, addresses
the critical gap in existing methods by explicitly supporting
multi-granularity fusion control, from global and semantic



down to precise instance-level guidance. This capability sig-
nificantly expands the flexibility and practical applicability
of instruction-guided IVIF, enabling users to tailor fusion
outcomes according to task-specific requirements.

Manifold Geometric Properties

The manifold view in computer vision (Wang et al.
2025¢; Park 2005) stems from the observation that high-
dimensional data (e.g., images and text) lie on lower-
dimensional, nonlinear manifolds in feature space. Such rep-
resentations compactly encode intrinsic geometry through
properties like curvature and distance. In multimodal tasks,
modeling image and text data as manifolds naturally fa-
cilitates structured cross-modal alignment while preserving
modality-specific geometric information.

Manifold curvature highlights structurally salient image
regions (edges, contours) and semantically distinctive text
tokens, providing natural anchors for fine-grained multi-
modal alignment and attention. Manifold distances further
quantify feature proximity within and across modalities, en-
abling adaptive matching between visual and textual fea-
tures. Together, these geometric properties improve pre-
cise, context-aware alignment, directly benefiting control-
lable IVIF.

Methodology
Problem Formulation

Conventional image fusion methods take the visible and in-
frared images (/;-, I,;5) as inputs to a fusion network (,,
producing a fixed fused image. Formally, this fusion process
approximates a predefined fusion function F;:

If =F; (Ivz'57[ir; Cn) . (D

Because the learned fusion strategy is fixed, these methods
cannot adapt to specific fusion preferences according to user
requirements.

In contrast, the recent text-guided fusion paradigm intro-
duces textual inputs to achieve more flexible fusion con-
trol, enabling global or semantic-level adjustments. In this
paradigm, the fusion task is reformulated as:

It = Fly (Luisy Iin T5 ¢ 2
where the original fusion function F;; is extended to ]—'ff
under textual guidance 7. By incorporating text semantics,
the fusion network ¢! provides controllability beyond fixed
outcomes. However, it is inadequate for addressing instance-
specific fusion requirements, i.e., differentiating among in-
dividual objects within the same semantic category.

We extend the above fusion paradigm to integrate multi-
granularity textual instructions, enabling precise fusion con-
trol at global, semantic, and instance levels. Formally, our
refined paradigm is expressed as:

fmgt

If Ay (Imisv I, T, Cmgt

n

).

The fusion function JF}; is extended to f;’}bgt by integrating

multi-granularity textual instructions 7" at global, semantic,

3
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and instance levels. Through the proposed multimodal fea-
ture interaction module, comprising Feature Manifold Con-
verter (FMC) and Curvature-Guided Interaction (CGI), the
fusion network (™9% adaptively aligns textual instructions
with corresponding visual features. Consequently, our net-
work achieves multi-granularity fusion control, supporting
user instructions ranging from global scene and semantic-
level to instance-specific enhancement.

Image Fusion Pipeline

As illustrated in Fig. 2, the image fusion pipeline consists of
three stages: multimodal feature encoding, multimodal fea-
ture interaction, and reconstruction.

Multimodal Feature Encoding. The first stage extracts
high-level features from both the input images and user-
provided instructions. We adopt Restormer-based blocks
(Zhao et al. 2023b) to encode the visible image [,;s €
RH*WX3 and the infrared image I;,, € R7T*Wx1:

q)vis = Eg (Im’s) 3 cbi'r‘ = E@I (Izr) P (4)

where ®@,,;; € RCvis*HXW and &, e RC*HxW denote
the encoded visible and infrared features, respectively. £
and E! represent their corresponding encoders. To capture
textual semantic information, we employ BLIP-2 (Li et al.
2023), a pretrained vision-language model known for its ro-
bust linguistic representation. Its parameters remain frozen
to preserve pretrained linguistic consistency. Formally, the
textual embedding extraction with frozen parameters {-},, is
defined as:

(&)

where 7" denotes the textual description, d; indicates the em-
bedding dimension.

Multimodal Feature interaction. After extracting the vi-
sual features .5, ®;; and the textual features ®,, we project
them into a unified manifold using FMC. FMC employs a
learnable transformation F to embed each modality into a
common d-dimensional space:

P :F(¢v15)7 (I){r :]:((I)ir)v (P:: :]:((Pt)v (6)
where @’

Lo @ € RXW and @ € R*1X1 By map-
ping features onto this unified manifold, FMC prepares
modalities for effective cross-modal interaction.

Next, we employ CGI £(-) to generate object-specific
location maps {M}} guided by textual instructions. CGI
leverages curvature signals within the visual features (9!,
®! ) and matches them with textual features ®; to highlight
spatial regions corresponding to each object Oy, specified by
the user:

@, = {EF} (1) e R*,

P!

1’

M, = 5(1’1)/

visy Pl @) )

To effectively utilize M, we concatenate visual features
along the channel dimension: ®y = [®/,, ®/.|. Then, we
spatially modulate ®y, with the location map M, projected
viaa 1 x 1 convolution to match channel dimensions: ® »; =
Convy 1 (My). Finally, we perform cross-attention C(-) by
flattening @y, into query tokens @)y and using P, as the

corresponding key-value representations Ky, Vas:

dp = C(Qv, Kn, V). ®)
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Figure 2: Overview of the proposed multi-granularity controllable fusion framework.

This attention mechanism allows visual tokens to adaptively
focus on regions indicated by the generated location maps.
A skip connection further preserves essential visual infor-
mation: ®p + Pp + Py .

Reconstruction. Finally, the fused features @ are input
into a multi-scale decoder D, composed of N Restormer
blocks and a 1 x 1 convolution for channel projection.
Through iterative refinement and multi-scale feature upsam-
pling, D generates the fused image [, formally written as
Ir =D(®p).

Multimodal Feature Interaction Module

The MFIM enables precise cross-modal alignment. It con-
sists of two components:

Feature Manifold Converter. FMC projects visual and tex-
tual features into a unified manifold space that preserves ge-
ometric and semantic relationships. We first represent vi-
sual features ®,;,, ®; € RE*HXW a5 flattened spatial
sequences RAW*C and textual features ®; € R%**L as
sequential token embeddings. These embeddings form the
nodes of a multimodal graph G = (V, E). Edges are con-
structed based on intra-modal adjacency (spatial for visual,
sequential for textual) and cross-modal feature similarity.
Through L-layer Graph Attention Networks (GAT), each
node aggregates intra- and cross-modal information, produc-
ing aligned manifold features: h{'™) + GAT(hq(Jl),N (v)).
Finally, linear projections map the node embeddings back to
structured feature spaces, yielding unified manifold features
o B € RUHXW and @) € RIXL,
Curvature-Guided Interaction. CGI leverages structural
curvature as geometric guidance for fine-grained cross-
modal alignment. We first compute spatial curvature maps
for visual features (®/ ., ®/ ) and sequential curvature for
textual embeddings (®}). The visual curvature kyis, Kir
highlights salient structures (edges or object boundaries),
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computed via second-order spatial derivatives per feature
channel:

Fis = V2@ 2, Kip = [V, |2 )

Text curvature x; captures distinct semantic transitions be-
tween consecutive textual tokens:

k(D) = [| @41 — 1) = 2@(1) + D41+ 1)]2.

Next, we concatenate visual features along the channel di-
mension to form queries Qy € RTW*24 while textual em-
beddings serve as keys K; € RL*¢, Curvature values mod-
ulate the cross-attention weights via a learnable parameter

QvKkl
Vd

where A € R¥WXL_ For each object Oy, mentioned in the
text, we aggregate attention scores from corresponding tex-
tual tokens to form a spatial location map: My, = >, Al:
, 1]. The location map guide spatial fusion, precisely align-
ing user-specified textual instructions with corresponding vi-
sual regions.

(10)

A = softmax ( +w(ky + nt)> , (11

Loss Function

Our controllable IVIF framework employs a multi-term
loss, jointly optimizing object localization for precise spa-
tial guidance, content fidelity for structural consistency,
and curvature-based alignment for robust cross-modal cor-
respondence. Object Localization Loss (£,,). We predict
spatial location maps M guided by textual instructions
and optimize their accuracy using the binary cross-entropy

loss: Ly = =2 4w MY (h,w) log (M (h, w)) , where
M} * denotes the ground-truth spatial mask explicitly associ-

ated with the k-th textual instruction. Content Fidelity Loss
(L¢). We enforce content fidelity using pixel-level (I;) and



structural similarity (SSIM) losses. The pixel-level loss is
Lpiz = Iy — Lirllh + I — Lyis||1. The structural sim-
ilarity loss is defined as Lggim = 2 — SSIM(Iy, I;,) —
SSIM(1 f,Im»s). The total content fidelity loss combines
both terms simply as L = Lz + Lsgim. Curvature-based
Alignment Loss (£,). We embed IR, VIS, and textual fea-
tures into a unified manifold space, assigning each embed-
ding a curvature value (K (1), Kyis(J), Ktewe (1)) indicating
structural significance. For each IR-VIS-Text triplet posi-
tive (matched) (7,7,!) and negative (mismatched) (¢, 7,1),
the overall alignment loss is defined by contrasting positive
(P) and negative (N\) textual tokens:

»Ca: Z w(lajvl)d(%]»l)_ Z

(i,4,1)EP (i3, D) EN

w(i, j,1)d(i, j,1),

(12)
where the alignment distance is d(i,7,0) = || U;.-(i) —
vzs( )H2+”\I}zr( ) \Ijtezt( )||2+H\Ijvzs( ) \Iltert(l) 2>
and the curvature-based weight is w(4, j,1) = 14 X[k (1) +
Kuis(§) + Ktext(1)]. Minimizing £, enforces alignment be-
tween matched multimodal embeddings, emphasizing struc-
turally salient visual regions and semantically distinctive
text tokens. Total Loss. We adopt uncertainty-based adap-
tive weighting (Kendall, Gal, and Cipolla 2018) to dynam-
ically balance our multi-objective loss terms. The total loss
is defined as:

1
Etolal 2 2 E + ‘C 2 2

—Lq+log(omor0,), (13)

where o,,,0¢,0, are learnable uncertainty parameters
jointly optimized during training. This strategy allows sta-
ble and automatic balancing among L,,, L, and L.

Dataset

Automatic mask generation. Following the training splits
in Datasets and Metrics, i.e., 171 / 3,780 / 1,083 VIS-IR
pairs from RoadScene, M3FD, and MSRS (5,034 pairs in to-
tal), we build a multi-granularity IVIF training set. For each
pair, category-prompted object detectors (Liu et al. 2024c)
are applied to both VIS and IR images, their proposals are
filtered and merged, and the fused boxes are fed into SAM
(Kirillov et al. 2023) to obtain instance-level masks. Instance
masks are grouped into semantic masks by category, while
the whole image domain is treated as the global mask. We
further keep at most K salient instances per image. The
overall pipeline is summarized in Algorithm 1.

Instruction construction. For each image pair, we generate
natural-language instructions for the global, semantic, and
selected instance masks. Global instructions describe scene-
level fusion goals, semantic instructions specify category-
wise emphasis or suppression, and instance instructions re-
fer to individual salient objects with coarse spatial cues. This
yields multi-granularity instruction—mask pairs aligned with
the three control levels in our framework.

Negative instructions for contrastive learning. On top of
positive instruction—mask pairs, we synthesize negative in-
structions that intentionally mismatch the masks by refer-
ring to absent categories or incorrect spatial relations. Dur-
ing training, these negative instructions are stored without

Algorithm 1: Construction of Multi-Granularity Dataset

Input: VIS-IR pairs Dysin; category prompts C
Output: Instruction-mask set S
S o
. for all (1Y%, I'") € Dyyin do
3. (B, V‘b) + GroundingDINO(I",C)
side boxes & scores
4:  (BE  s") < IRDetector(I',C)
& scores
5. BYS « FilterBoxes(Bys, sV, 7305, Tarea)
6: B < FilterBoxes(BI , s, chrore, Tarea)

7: B <+ MergeBoxes(BYS, B 7i,)
VIS-only, IR-only and common objects

8:  M™ « SAM(IVs I'", B) //instance-level masks

9:  Group M™ by category to obtain semantic masks
{M;CHI}

10:  M®8'"°P « whole image domain  // global mask

11:  K(I) + SelectSalientInstances(M™ K)  // se-
lect up to K salient instances

120 My < M brexca)

13:  T#®°P + GenGloballnst(M8&'°P)

14: T°™ < {GenSemanticInst(c, M3™)}.

15: 1" < {Genlnstancelnst(k, M;™) } ek (n)
Tglob sem Tins
J\4Sem7 Mins
(Tglob ]\4glob)7 (Tscm’ Mscm)7}
(Tms m(s[)) (T7 @)

/I VIS-

// IR-side boxes

// union of

16: T <+ GenNegativelnst

17: S<—SU{

18: end for
19: return S

ground-truth masks and used only as hard negative text to-
kens in the curvature-aware alignment loss, reducing simi-
larity for visually inconsistent descriptions while preserving
high similarity for correctly matched pairs.

Experiment

Training Details. We train the network for 100 epochs us-
ing the AdamW optimizer, with an initial learning rate of
1 x 10~* and decreasing by a factor of 0.5 every 20 epochs.
The batch size is set to 8. Experiments are conducted on the
NVIDIA GeForce RTX 4090 GPU with PyTorch.

Datasets and Metrics. We verified the fusion performance
on three datasets: RoadScene(Xu et al. 2020), M3FD(Liu
et al. 2022), and MSRS(Tang et al. 2022). The RoadScene
dataset contains 221 pairs, split into 171 for training and 50
for testing. M®FD provides 4,204 pairs (3,780 train and 424
test), and MSRS provides 1,444 pairs (1,083 train and 361
test). Fusion quality is evaluated using six metrics: EN, SD,
SF, AG, VIF, and Qabf.

Comparison with SOTA Methods

We evaluate ControlFuse against various state-of-the-art
methods including EMMA (Zhao et al. 2024a), Text-IF (Yi
et al. 2024), TextFusion (Cheng et al. 2025), MTG-Fusion
(Wang et al. 2025¢), OmniFuse (Zhang et al. 2025), DCEvo
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Figure 3: Qualitative comparisons of our ControlFuse (global-level) and existing image fusion methods. From top to bottom:
low-light in MSRS, low-quality in RoadScene, and high-brightness in M®FD.

Methods [Pub./Year] Dataset: MSRS Dataset: RoadScene Dataset: M°FD
- EN SD SF AG VIF Qabf | EN SD SF AG VIF Qabf | EN SD SF AG VIF Qabf
EMMA [CVPR’24] 585 5448 1134 368 1.01 071 | 480 5354 12.12 466 0.69 0.51 |6.10 5992 1588 6.21 088 0.74
Text-IF [CVPR’24] 591 59.61 1124 366 1.02 071 | 494 5209 1253 461 071 052 |6.11 6421 1553 630 088 0.74
TextFusion [InF’25] 587 5630 1131 3.64 1.06 073 | 496 5461 1242 455 073 053 |6.13 6358 1562 6.03 085 0.74
MTG-Fusion [UCV'25] | 5.98 6144 11.60 4.05 1.08 072 | 505 5535 13.18 490 081 059 | 621 67.89 1668 657 091 078
OmniFuse [TPAMI'25] | 5.79 53.74 11.23 346 1.00 0.69 | 479 51.71 1194 451 0.69 047 | 6.12 58.02 1535 6.18 0.88 0.73
DCEvo [CVPR’25] 590 6026 11.58 391 1.06 072 | 498 5246 1274 478 0.75 0.53 | 6.15 6330 16.09 639 090 0.76
SAGE [CVPR’25] 591 6056 11.80 396 1.08 0.75 | 5.06 54.71 1270 473 0.77 0.57 | 6.17 65.03 1646 6.37 089 0.79
ControlFuse-Global ‘ 599 o61.15 1194 415 1.07 0.76 ‘ 519 5596 13.06 5.05 0.85 0.59 ‘ 6.26 68.05 16.60 6.82 092 0.81

Table 1: Quantitative comparison of fusion performance with other methods. Bold: best; Underline: second-best.

¢==- Semantic-level comparison |- -, {Instance-level |-

Figure 4: Verification of ControlFuse’s controllability. Fur-
ther comparison of the semantic-level instruction control re-
sults and display of instance-level instruction control results.

(Liu et al. 2025a), and SAGE (Wu et al. 2025).

Qualitative Comparison. For fair comparison, ControlFuse
adopts global-level textual instructions. As shown in Fig-
ure 3, ControlFuse effectively fuses thermal cues and visi-
ble textures, yielding clearer targets in dark regions, stronger
foreground—background separation, and sharper structures
than competing methods.

Quantitative Comparison. Table 1 reports results on the
MSRS, RoadScene, and M?FD datasets. Under global tex-
tual instructions, ControlFuse achieves superior perfor-
mance on most metrics, indicating robust fusion quality
across diverse illumination conditions and target categories.
Controllability comparison. We further assess control-
lability in Fig. 4. With semantic-level instructions, Con-

trolFuse enhances the specified category and better sup-
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presses irrelevant regions than TextFusion and OmniFuse;
with instance-level instructions, it precisely highlights the
target instance with clear boundaries, demonstrating effec-
tive multi-granularity control.

Performance on High-level Tasks

We evaluate ControlFuse on downstream tasks and verify its
controllability using multi-granularity instructions.

Object Detection. Experiments on M3FD with an 8:1:1
train/val/test split use YOLOVI12 (Tian, Ye, and Doermann
2025) as the detector. As shown in Fig. 5(a), ControlFuse
detects all people while other methods miss targets, and
semantic/instance-level instructions further improve confi-
dence over global instructions; quantitatively, Table 2(a)
shows ControlFuse achieves the highest mAP@[.5], validat-
ing the benefit of multi-granularity control for detection.
Semantic Segmentation. Semantic segmentation is evalu-
ated on MSRS using RTFNet (Sun, Zuo, and Liu 2019)
as backbone. ControlFuse exploits global, semantic, and
instance-level instructions (e.g., “Enhance the entire scene,”
“Highlight all people,” “Highlight the CarStop sign”). As
shown in Fig. 5(b), it yields more accurate masks, and Ta-
ble 2(b) shows consistently higher segmentation accuracy,
validating the benefits of multi-granularity control.



(a) Detection on M®FD Dataset (b) Segmentation on MSRS Dataset

Methods People  Car Bus  Motorcycle Lamp Truck @.5 Car  Person Bike Curve CarStop Cone Bump mloU
IR 0.339 0450 0.031 0.549 0.017 0.142 0.113 | 0.605 0.688 0295 0.193  0.238 0.160 0.171 0.374
VIS 0.524 0.631 0.705 0.477 0.603 0.515 0470 | 0.677 0.680 0467 0269 0358 0.234 0.220 0.428
EMMA 0.579 0.758 0.729 0.550 0.616 0.546 0.561 | 0.807 0.705 049 0313 0455 0.264 0.222 0.469
Text-IF 0.615 0.741 0.759 0.582 0.628 0.567 0.574 | 0.825 0.713 0486 0318 0457 0.267 0.230 0.476

TextFusion 0.622 0.762 0.764 0.557 0.642 0.585 0.589 | 0.832 0.725 0.490 0.327 0468  0.268 0.232 0.476
MTG-Fusion 0.700  0.817 0.764 0.590 0.672 0.623 0.612 | 0.844 0.721  0.509 0.339 0.479 0271 0.240 0.493
OmniFuse 0.608 0.731 0.722 0.536 0.652 0.563 0.600 | 0.814 0.720 0.501 0.317 0.471 0.262 0.231 0.476

DCEvo 0.640  0.793 0.768 0.596 0.681 0.583 0.597 | 0.842 0.719 0.513 0.328 0474 0268 0.236 0.487
SAGE 0.686 0.794 0.762 0.600 0.657 0593 0.619 | 0.832 0.723  0.506 0.333 0483  0.267 0.233 0.482
Ours-Global 0.715 0.794 0.807 0.612 0.685 0.640 0.621 | 0.843 0.727 0.510 0.339 0.480 0275 0.237 0.489

Ours-Semantic | 0.773  0.832 0.841 0.647 0.707 0.689 0.666 | 0.865 0.744 0.514 0340 0485 0.278 0.233  0.496

Table 2: Quantitative comparison results on downstream tasks, i.e., object detection and semantic segmentation.

-

gl
Text-1F TextFusion MTG-Fusion  OmniFuse

Figure 5: Downstream object detection and semantic seg-
mentation on fused images. With multi-granularity instruc-
tions, our method achieves better downstream performance.

Ablation Study

Effect of Multimodal Feature Interaction Module. Ta-
ble 3(a) shows that removing FMC and keeping only CGI
degrades all metrics, indicating CGI alone cannot main-
tain cross-modal alignment. Keeping FMC but removing
CGI partially recovers performance, underscoring the role of
manifold-preserving feature conversion. The baseline with-
out both modules performs worst, confirming that FMC and
CGI are complementary and jointly critical for accurate lo-
calization and perceptual quality.

Effect of Multi-Term Loss. Table 3(b) shows that remov-
ing L,,, harms localization, discarding £ reduces structural
fidelity (SF), and omitting £, weakens cross-modal align-
ment with more semantic mismatches, while using all three
losses yields the best performance.

Effect of Negative Prompt. We assess negative prompts in
curvature-aware contrastive learning. As shown in Fig. 6, re-
moving negative prompts weakens discrimination between
relevant and irrelevant instructions, lowering segmentation
IoU and F1, whereas including them improves text-object
alignment and yields higher IoU/F1 over training.
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Variant |  Setting | EN  SD SF  AG VIF Qabf
(a) Multimodal Feature Interaction Module
CGl-only | FMC~/CGI* | 463 36.83 9.72 3.12 0.67 0.55
FMC-only | FMC*/CGI~ | 478 39.15 10.51 3.42 0.69 0.59
Baseline | FMC/CGI~ | 452 3422 893 287 0.62 051
(b) Loss Terms

w/o Lo, Li+L, 4.81 4021 9.14 225 0.62 057
w/o L, Lon+Ly 473 3982 9.85 235 0.60 0.54
wlo Ly Lyn+L, 365 3743 837 202 046 045
Full [ 599 61.15 11.94 4.15 1.07 0.76

Table 3: Ablation study of multimodal feature interaction
module and loss terms on the MSRS dataset.

Without Negative Samples IoU Curve

y 1.0
Infrared Global Semantic B Instance /
o5 ———
— w/ Negative Samples
— w/o Negative Samples

F1C
With Negative Samples urve

Visible Global Semantic | Instance %
05— w/ Negative Samples
0.0 — w/o Negative Samples
- 5 10 15 20

QLI |...Scene| NIV |... pedestrians||LRITISH |... rightmost Pedestrian]

Figure 6: Ablation on negative prompt generation. Includ-
ing negative prompts in curvature-aware contrastive learn-
ing improves instruction-guided text-region alignment com-
pared with using positive prompts only.

Conclusion

This study presents a controllable IVIF framework that ex-
tends text-guided fusion from global and semantic con-
trol to multi-granularity control, enabling instance-level and
instruction-consistent fusion. We introduce a multimodal in-
teraction module that combines manifold conversion and
curvature-guided cross-modal interaction to align instruc-
tions with relevant image regions. We also build a VIS-IR
dataset with instruction—masking pairs at global, semantic,
and instance levels to support training. Experiments on stan-
dard benchmarks and downstream tasks show consistent im-
provements over conventional fusion and prior text-guided
methods, especially for instance-level instructions. Future
work will focus on more robust instruction-region supervi-
sion and better generalization to complex scenes.
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