
DeCoPatch: Revealing Causal Latent Subspaces
in Vision-Language Models for GUI Grounding

Yongkang Zhang1*†, Linjia Kang1*, Zhimin Wang1,2*, Duo Wu1,2, and Zhi
Wang1B

1 Shenzhen International Graduate School, Tsinghua University
2 Pengcheng Laboratory

yongkangzhang273@gmail.com
{klj25,wangzhim25,wu-d24}@mails.tsinghua.edu.cn

wangzhi@sz.tsinghua.edu.cn
§ Github: https://github.com/calmee4/decopatch

Abstract. Vision–Language Models (VLMs) have recently emerged as
a powerful paradigm for autonomously perceiving and interacting with
complex and dynamic Graphical User Interface (GUI) environments.
However, their interaction capability remains fundamentally limited by
insufficient precision in spatial grounding. Intriguingly, simply overlay-
ing visual markers on screenshots has been extensively shown to sub-
stantially enhance the grounding performance of models. Despite its em-
pirical effectiveness, the underlying mechanism—specifically, why these
explicit visual cues can influence the model’s internal spatial understand-
ing—remains largely unexplained. We find that the causal influence of
visual markers on grounding performance is mediated by low-rank la-
tent subspaces associated with specific neurons in the late decoder lay-
ers. Based on this key insight, we propose DeCoPatch, a novel decode-
time causal intervention method that precisely modulates the activa-
tions of key neurons relevant to GUI grounding. DeCoPatch follows a
two-stage design: it first identifies top-k critical neurons during the pre-
fill stage, effectively isolating a low-rank latent subspace, and then re-
inforces these neurons during the decoding stage to causally steer the
model’s spatial grounding behavior. Extensive experiments on four chal-
lenging benchmarks demonstrate that DeCoPatch consistently enhances
the GUI grounding performance of diverse VLMs with almost no addi-
tional computational overhead.
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Fig. 1: We introduce DeCoPatch, a decode-time causal intervention method that mod-
ulates the activations of key neurons for GUI grounding. We first observe that visual
markers significantly improve grounding performance. We then conduct an in-depth
analysis of the model’s internal mechanisms and hypothesize that this effect is medi-
ated by a low-rank subspace formed by specific neurons. By applying causal interven-
tions to these key neurons, we validate this hypothesis and subsequently develop the
DeCoPatch method. Extensive experiments on four challenging benchmarks show that
DeCoPatch consistently improves GUI grounding performance across diverse VLMs.

1 Introduction

Vision-Language Models (VLMs) [2, 3, 6, 16, 22] have enabled agents to au-
tonomously perceive and interact with Graphical User Interface (GUI) environ-
ments, offering a promising paradigm for intelligent digital automation [13,17,18,
38]. Nevertheless, existing VLMs still struggle with precise grounding in highly
dynamic GUI environments, which limits the performance of agents on complex
GUI tasks [5, 9, 10, 14, 23, 35]. These limitations largely arise from insufficient
spatial understanding and reasoning of VLMs. Since GUI tasks often involve
multi-step interactions, even a minor grounding error (e.g ., clicking a neighboring
button) can place the model in an incorrect interface state and ultimately lead to
total task failure [7,41]. To mitigate this issue, recent works [21,25,26,28,34] have
introduced visual markers (e.g ., SoM [32]) as explicit spatial cues, which have
been widely demonstrated to be a simple and effective approach [30, 40, 42, 44].
By explicitly highlighting target regions on screenshots, these marker-based cues
help VLMs more reliably locate interface elements, thereby significantly enhanc-
ing the models’ capability to perform complex GUI interactions.

However, these works largely treat visual markers as an empirical trick. It
remains unclear how such explicit spatial cues influence VLMs’ latent represen-
tations in complex GUI scenarios and improve their ability to accurately localize
interface elements. A deeper understanding of this mechanism is not only cru-
cial for further improving VLMs’ performance in GUI grounding under complex
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layouts and multi-step interactions, but also offers the possibility of more precise
causal interventions on the model’s internal reasoning processes.

In this work, we conduct a systematic investigation from an interpretability
perspective, as depicted in Figure 1. We find that the causal influence of visual
markers is not diffusely distributed throughout the model, but instead is highly
concentrated within a low-rank latent subspace in the late decoder layers.

Given this key insight, we propose DeCoPatch, a novel decode-time causal
intervention that precisely modulates the activations of key internal neurons.
The computation of DeCoPatch is divided into two stages: (1) prefill stage,
where it identifies and caches a top-k subset of critical neurons within the late
feed-forward layers and generates a mask. Neurons are selected based on our
designed vision–text ratio scores, ensuring that only those most relevant for
spatial grounding are targeted. By focusing on this top-k subset, the intervention
is effectively confined to a low-rank latent subspace. (2) decoding stage, where the
neuron mask is applied to each token for activation patching, allowing the model
to selectively reinforce key neural pathways and improve precise localization of
interface elements.

This targeted causal intervention enables precise modulation of the model’s
internal visual reasoning.

Contributions:

– We provide a deep mechanistic analysis of visual-marker gains for GUI
grounding, showing that their causal influence is concentrated in a low-rank
latent subspace within the late decoder layers of VLMs.

– We propose DeCoPatch, a novel causal intervention method that precisely
modulates key neurons through activation patching at inference time, signif-
icantly enhancing performance on GUI grounding tasks.

– We conduct a comprehensive evaluation on four challenging benchmarks,
demonstrating that DeCoPatch robustly enhances the GUI grounding capa-
bilities of various VLMs with negligible computational overhead.

2 Related Work

GUI Grounding. Recent GUI agents emphasize grounding as the capabil-
ity to map natural language instructions to actionable screen locations [36].
SeeClick [7] improves GUI grounding through grounding-centric pretraining on
automatically curated screenshot data, leading to stronger downstream GUI
agent performance. UGround [14] trains a universal grounding model on large-
scale synthetic GUI data, significantly boosting cross-platform performance.
OSWorld-G [31] builds a large-scale multi-task dataset to improve generaliza-
tion to complex layouts and diverse interaction scenarios. SEEACT [43] employs
adaptive multimodal inference strategies to improve action grounding robust-
ness. RegionFocus [24] applies visual test-time scaling to zoom into relevant
regions and reduce background noise. GUI-RC [9] exploits spatial consistency
across multiple sampled predictions to identify consensus regions without addi-
tional training. GUI-Actor [28] introduces a coordinate-free architecture with an
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attention-based action head that aligns visual tokens to target regions, improving
spatial-semantic alignment and generalization. Despite their effectiveness, these
approaches largely overlook interpretable analysis of the internal mechanisms
that govern grounding behavior in VLMs. Our work explores this direction by
leveraging mechanism-level insights to enable improvements in grounding per-
formance.

Causal Intervention. Research on mechanistic interpretability enables pre-
cise causal interventions by identifying functional neurons, which is increas-
ingly critical for understanding the complex internal states of models. Dai et
al . [8] introduce the concept of knowledge neurons and a method to locate and
edit specific knowledge within the pretrained model without fine-tuning. Al-
phaEdit [11] introduces null-space projection to locating-then-editing methods,
ensuring parameter updates don’t disrupt preserved knowledge during sequential
model editing. Wang et al . [27] identify task-specific skill neurons in pre-trained
Transformers, proving they are primarily developed during pre-training and are
essential for model performance. Zhang et al . [39] systematically evaluate activa-
tion patching methodologies, and provide evidence-based best practices for more
reliable mechanistic interpretability. H-Neurons [12] localizes a sparse subset of
neurons originating in pre-training that causally trigger hallucinations and over-
compliance in models. Despite these advances, our work is the first to leverage
causal intervention techniques to enhance the grounding performance of VLMs.

3 Motivation & Mechanistic Analysis

As described in Sec. 1, our goal is to understand why visual markers improve
GUI grounding, and how to reproduce these gains without rendering physical
overlays. We conduct an in-depth analysis on ScreenSpot-v2 [29] using three rep-
resentative visual markers—Grid [21], Intersections [21], and SoM [32]—across
multiple VLMs, including Qwen2.5-VL-7B [4], Qwen3-VL-8B [3], and UI-Venus-
Ground-7B [15].

We organize our analysis around three key questions: (Q1) Are there critical
neurons within the model that are highly correlated with the performance gains
brought by visual markers? (Q2) How can we apply effective causal interventions
to these critical neurons in order to improve grounding performance? (Q3) Can
we distill this mechanism into a simple online intervention method that operates
without explicit physical markers?

3.1 Localization of Marker-Sensitive Neurons (Q1)

Motivation. To localize marker-induced changes within the model, we focus
on the implicit representations in the decoder. This choice is motivated by the
common view that, from feature extraction to text generation, the outputs of
VLMs typically rely on the late layers [33,37].
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Fig. 2: Results of mechanistic analysis. (a) Layerwise delta-energy heatmaps for three
marker variants, with values normalized to [0, 1] for comparability, show concentrated
effects in late decoder layers (Q1). (b) The delta-energy matrix ∆Hℓ exhibits a consis-
tent low-rank signature, with most cumulative energy captured by early ranks (Q2). (c)
Increasing decode-time suppression strength β progressively reduces marker-induced
gains toward the base reference. Curves are shown up to β = 8, where suppression
behavior is already near saturation (Q2).

Experimental Setup. We denote the hidden state of token t of decoder layer
l as hℓ,t ∈ Rd. Let t⋆ denote the decode-time decision token (i.e., the posi-
tion where the action is executed), and let hℓ,t⋆ be the marker-induced hidden
state at layer ℓ. For each example i, we define the decision-token difference:
∆h

(i)
ℓ = h

(i,marker)
ℓ,t⋆ − h

(i,base)
ℓ,t⋆ . For each layer ℓ, we stack these differences across

N examples into ∆Hℓ ∈ RN×d and compute its singular value decomposition
∆Hℓ = UℓΣℓV

⊤
ℓ . We define per-layer delta energy to summarize the magnitude

of marker-induced changes (Fig. 2(a)):

∆Eℓ =
1

N
∥∆Hℓ∥2F . (1)

Insight 1: Visual markers primarily affect late decoder layers. We ob-
serve that the delta energy ∆Eℓ induced by the presence or absence of markers is
concentrated in the layer 25-35 of the decoder, as shown in Fig. 2(a). This pattern
suggests that the impact from visual markers arises primarily in the late layers
of decoder, where interventions on corresponding neurons may steer decision-
related representations. These observations form the foundation of DeCoPatch,
which achieves precise control through patching for late-layer activations.

3.2 Causal Intervention for Grounding Improvement (Q2)

Motivation. Visual markers introduce a structured, localized feature perturba-
tion rather than a global shift in the input distribution. We therefore hypothesize
that the marker-induced changes in hidden representations concentrate within a
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small set of key subspaces responsible for grounding improvement, manifesting
as a low-rank structure.

Experimental Setup. To quantify the low-rank structure of the marker-induced
representation changes, we compute the cumulative spectral energy for rank r
with the following equation:

Cℓ(r) =

∑r
j=1 Σℓ[j, j]

2∑
j Σℓ[j, j]2

. (2)

Furthermore, we intervene only at the decision token during decoding and restrict
interventions to the last-l decoder layers L selected by ∆Eℓ. For a chosen rank
r, the top-r right singular vectors Vℓ,r ∈ Rd×r define a marker-sensitive latent
subspace with projection matrix:

Pℓ = Vℓ,rV
⊤
ℓ,r, (3)

For each ℓ ∈ L, we apply a specific suppression intervention:

h
(i,marker)
ℓ,t⋆ ← h

(i,marker)
ℓ,t⋆ − β Pℓ∆h

(i)
ℓ , (4)

where β ≥ 0 controls the suppression strength. We use the hit@0.05 metric
defined as Eq. 5 to evaluate the model’s GUI grounding performance. Given a
screenshot and a textual instruction as input, the model predicts the coordinate
of the target UI element p̂ ∈ [0, 1]2. Since different benchmarks provide annota-
tions in varying formats, we uniformly normalize all bounding boxes to the unit
square. Let b denote the normalized bounding box of the target element. We
define d(p̂, b) as the Euclidean distance from p̂ to the central point within b.

hit@δ = E[I(d(p̂, b) ≤ δ)], δ ≥ 0. (5)

Insight 2: Marker effects reside in a low-rank latent subspace. We ob-
serve that the presence of visual markers leads to faster saturation of the cumu-
lative spectral energy Cℓ(r) at small values of r (Fig. 2(b)). This indicates that
most marker-induced representational changes can be explained by a small num-
ber of leading singular directions. Since the squared singular values σ2

ℓ,j quantify
the variance captured by each singular direction, the rapid concentration of spec-
tral energy implies that the marker-induced variations are largely confined to a
low-dimensional subspace, exhibiting a clear low-rank structure. This finding
suggests that the effect of visual markers does not diffuse throughout the full
high-dimensional representation space, but instead operates through a struc-
tured and restricted low-rank latent subspace. Furthermore, when we perform
direction-specific suppression within this low-rank subspace during decoding, the
grounding performance drops significantly (Fig. 2(c)). This causal intervention
provides direct evidence that the performance gains induced by markers are
mediated within a low-rank latent subspace at the late decoder layers.
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Fig. 3: Overview of DeCoPatch. In the prefill stage, we score decoder FFN neurons
and cache a sparse top-k subset with the highest scores, effectively isolating a low-
rank latent subspace relevant to GUI grounding. During decoding, activation scaling
is applied to these selected neurons, enabling targeted causal intervention that steers
the model’s spatial grounding behavior.

3.3 From Analysis to Design (Q3)

Based on the above mechanistic analysis, we summarize two core design prin-
ciples: (1) interventions should be applied to the late layers of the decoder,
where marker-induced delta energy ∆El concentrates, and (2) causal interven-
tions should be performed on key neurons in a low-rank latent subspace, en-
abling more targeted modulation. DeCoPatch operationalizes these principles
into a practical framework: it selects the top-k key neurons online in the late
decoder layers (Sec. 4.1) and applies patch-based causal interventions to their
activations (Sec. 4.2).

4 Methodology

4.1 Online Neuron Selection

To optimize visual grounding, neurons that are relevant to visual information
in the model may need to be prioritized. Since visual information is primarily
introduced during the prefill stage, capturing these activation patterns early
allows for the strategic selection of neurons that can be cached and reused during
decoding, thereby reducing computational costs without sacrificing generative
performance.
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During the prefill phase, we partition the tokens into vision tokens V and
text tokens T . For the j-th neuron in the ℓ-th decoder layer, we compute the
modality-wise activation energy as:

evℓ,j =
1

|V |
∑
t∈V

z2ℓ,t,j , etℓ,j =
1

|T |
∑
t∈T

z2ℓ,t,j , (6)

where zℓ,t,j represents the activation value. The Vision-Text Ratio (VTR) score
is then defined as the log ratio of these energies:

svr
ℓ,j = log

(
evℓ,j + ε

etℓ,j + ε

)
. (7)

We select the top-k neurons based on this VTR svr
ℓ,j . These selections are cached

and subsequently reused throughout the decoding process to maintain consis-
tency and efficiency.

4.2 Decode-Time Activation Patching

We use the term patch to refer to a small-scale intervention on internal acti-
vations performed during inference. For the ℓ-th decoder layer, let zℓ,t ∈ Rdff

denote the intermediate activation corresponding to token t, immediately prior to
the down-projection of Feed-Forward Neural Network (FFN). DeCoPatch then
applies a dimension-wise scaling mask mℓ ∈ Rdff :

z′ℓ,t,j = mℓ,j ⊙ zℓ,t,j . (8)

For selected dimensions Sℓ of size k, we set mℓ,j = α for j ∈ Sℓ and mℓ,j = 1
otherwise, where α is a fixed patch strength.

Additive View of Activation Patching. Although implemented as scaling,
the patch can be read as an additive intervention:

z′ℓ,t = mℓ ⊙ zℓ,t = zℓ,t + (mℓ − 1)⊙ zℓ,t. (9)

When this modified activation is passed through the FFN’s down-projection W ↓
ℓ ,

it produces an additive vector in the residual stream as:

W ↓
ℓ z

′
ℓ,t = W ↓

ℓ zℓ,t +W ↓
ℓ

(
(mℓ − 1)⊙ zℓ,t

)
. (10)

Because only k dimensions are changed, the added residual lies in the low-rank
subspace spanned by k columns of W ↓

ℓ .
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Table 1: Performance comparison on OSWorld-G. Results are reported as accu-
racy (%). Higher is better. Bold numbers indicate the best result within each model
group.

Model Method TextMatch ElemRecog Layout FineManip Refusal Overall

Qwen2.5-VL-3B

base 41.38 28.79 34.78 13.42 0.00 27.30
som 43.30 28.79 34.39 15.44 0.00 27.66
rand 41.38 29.39 33.99 14.09 0.00 26.95
ours 43.68 30.30 35.18 14.77 0.00 29.79

Qwen2.5-VL-7B

base 44.83 31.82 41.11 17.45 0.00 30.32
som 45.59 32.73 40.71 18.12 0.00 30.67
rand 45.98 30.91 40.32 16.78 0.00 30.32
ours 46.36 31.21 42.69 19.46 0.00 32.09

Jedi-7B-1080p

base 65.13 54.55 56.92 46.31 5.56 53.19
som 65.52 55.45 57.71 46.98 5.56 53.55
rand 64.37 56.06 56.13 44.97 3.70 52.48
ours 66.67 56.67 58.89 47.65 3.70 54.26

UI-Venus-Ground-7B

base 73.95 59.70 60.87 44.97 0.00 57.80
som 74.33 60.61 61.66 45.64 0.00 58.16
rand 74.71 58.48 61.26 46.31 0.00 57.45
ours 75.48 61.52 60.47 47.65 0.00 59.04

Qwen3-VL-8B

base 63.22 45.91 55.34 41.61 7.41 52.48
som 63.98 47.58 57.13 41.61 7.41 52.84
rand 62.45 46.36 55.34 40.94 5.56 51.95
ours 65.13 48.48 56.92 42.62 7.41 54.26

InternVL2.5-4B

base 25.67 21.82 27.67 9.40 0.00 20.57
som 27.20 23.33 28.85 10.74 0.00 21.10
rand 24.90 22.73 26.88 10.07 0.00 20.39
ours 26.44 22.42 29.64 12.08 0.00 23.76

InternVL2.5-7B

base 35.25 30.61 37.15 14.77 0.00 29.79
som 35.63 32.12 38.34 17.45 0.00 30.14
rand 36.02 29.70 36.76 15.44 0.00 29.43
ours 36.55 31.21 38.74 16.11 0.00 32.09

Pixtral-12B

base 15.71 12.73 17.39 6.04 0.00 13.12
som 16.48 14.55 19.76 6.71 0.00 13.48
rand 14.94 12.42 16.60 6.04 0.00 12.77
ours 16.48 14.24 17.39 7.38 0.00 15.96

5 Experiments

5.1 Experimental Setup

Benchmarks. We evaluate the effectiveness of DeCoPatch for GUI ground-
ing on four challenging benchmarks, including PC benchmarks OSWorld-G [31]
and ScreenSpot-Pro [20], mobile benchmark AndroidControl-Curated [19], and
cross-platform benchmark ScreenSpot-v2 [29], to comprehensively assess its gen-
eralization across different device environments.

Models. We selected six general-purpose VLMs (InternVL2.5-4B/7B [6], Qwen2.5-
VL-3B [4], Qwen2.5-VL-7B [4], Qwen3-VL-8B [3], Pixtral-12B [1]) along with
two state-of-the-art grounding VLMs (Jedi-7B-1080p [31], UI-Venus-Ground-
7B [15]). For each model, we evaluated performance under four intervention
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Table 2: Performance comparison on ScreenSpot-Pro. Results are reported as accuracy
(%). Higher is better. Bold numbers indicate the best result within each model group.

Model Method
CAD Dev Creative Scientific Office OS

Avg
T I T I T I T I T I T I

Qwen2.5-VL-3B base 22.99 6.90 38.13 4.01 40.47 5.28 44.09 10.24 46.96 16.52 32.65 4.08 25.90
som 25.29 8.43 40.80 8.03 42.82 8.80 46.46 11.81 48.70 18.26 34.69 6.12 27.84
rand 23.37 6.51 37.46 4.35 39.88 5.87 43.70 9.84 46.52 16.96 33.16 4.59 26.01
ours 25.29 9.20 41.47 6.69 45.16 7.04 48.0314.1750.4319.1335.71 6.12 28.23

Qwen2.5-VL-7B base 17.62 2.30 51.17 4.68 36.66 8.21 48.03 7.87 53.04 18.26 34.69 8.16 27.46
som 23.75 6.13 52.17 9.36 41.64 10.5651.9711.0256.96 22.61 36.73 9.18 29.76
rand 18.01 2.68 50.84 4.35 37.24 8.50 47.64 8.27 52.61 17.83 35.20 8.67 27.64
ours 20.69 4.21 52.17 8.03 43.99 9.97 49.61 9.45 53.91 23.04 34.69 10.20 29.37

Jedi-7B-1080p base 38.31 13.79 42.14 10.70 49.85 11.73 72.44 25.20 73.91 46.09 32.65 16.33 39.29
som 41.0015.33 42.81 12.0451.03 12.90 73.23 26.77 75.6548.7034.69 17.35 40.76
rand 37.93 14.18 42.47 10.37 49.27 12.02 72.05 24.80 74.35 45.65 33.16 16.84 39.18
ours 39.08 14.56 44.48 11.37 50.15 14.3775.2027.9575.65 47.83 33.67 20.41 40.09

UI-Venus-Ground-7Bbase 60.15 21.46 73.91 24.08 63.05 14.08 74.80 30.71 73.04 38.26 47.96 22.45 50.30
som 61.69 23.37 74.58 25.42 62.76 16.72 77.56 32.68 74.78 40.87 48.98 23.47 50.82
rand 59.77 22.22 73.58 23.75 62.76 14.37 75.20 30.31 74.35 38.70 48.47 21.94 50.16
ours 63.2224.9075.25 24.75 62.17 19.65 76.38 33.0776.5243.9150.0026.5351.38

Qwen3-VL-8B base 48.66 16.86 61.87 28.76 67.16 23.17 71.65 34.65 70.43 40.00 55.10 25.51 46.50
som 49.43 16.86 62.54 28.76 67.74 23.46 71.65 34.65 72.1741.74 55.10 27.55 47.07
rand 47.89 16.48 61.54 28.09 66.86 22.58 71.26 33.86 69.57 39.57 54.59 25.00 46.14
ours 51.3418.3964.2130.1068.3324.0573.2336.22 71.30 41.7456.1229.5948.96

InternVL2.5-4B base 19.54 4.21 33.44 3.01 31.96 3.81 39.76 7.09 41.74 12.17 28.57 3.06 19.82
som 21.46 5.36 35.45 4.68 33.43 5.28 42.13 9.45 43.48 13.91 30.61 4.59 22.01
rand 19.16 3.83 32.78 2.68 31.09 3.52 39.37 6.69 40.87 11.30 27.55 2.55 19.29
ours 23.75 7.66 37.46 6.02 35.78 6.45 43.3110.6345.2215.6532.65 6.12 23.44

InternVL2.5-7B base 24.14 5.36 39.80 4.01 37.83 4.40 45.67 9.06 48.70 14.35 33.16 3.57 22.81
som 25.29 7.66 41.47 5.35 39.88 6.45 47.64 11.02 50.43 16.52 34.69 5.61 24.81
rand 23.37 4.98 39.13 3.34 37.24 4.11 45.28 8.27 48.26 13.91 32.65 3.06 22.32
ours 29.1210.3444.82 8.70 42.52 9.38 50.7913.3953.0418.7037.76 7.14 27.82

settings: base (no modifications), SoM (adding SoM physical markers to the
original screenshot as input), random (random neuron activation), and ours
(causal intervention under our method). This setup enables a systematic com-
parison of different intervention strategies on GUI grounding tasks and validates
the effectiveness of DeCoPatch.

Implementation Details. In the default setting, we intervene on the last
6 decoder FFN layers with k = 64 selected neurons per layer and α = 1.3.
Random control uses the same layers, k, and α, while replacing selected indices
with uniformly sampled neurons.

5.2 Main Results

Performance on OSWorld-G. OSWorld-G [31] is a comprehensive PC bench-
mark for GUI grounding that includes 564 finely annotated examples spanning
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Table 3: Performance comparison on AndroidControl-Curated. Results are reported
as Type / Grounding / Success Rate (%). Higher is better. Bold numbers indicate the
best result within each model group.

Model Method
AndroidControl-Curated-Easy AndroidControl-Curated-Hard

Type (%) Grounding (%) SR (%) Type (%) Grounding (%) SR (%)

Qwen2.5-VL-3B base 65.18 48.09 31.77 57.25 38.11 22.33
som 65.05 50.32 33.50 57.12 40.48 24.64
rand 65.29 47.67 31.03 57.39 37.72 21.90
ours 65.22 51.26 34.24 57.30 41.03 25.07

Qwen2.5-VL-7B base 70.82 54.79 38.18 64.39 46.51 29.69
som 70.65 57.42 39.90 64.22 49.33 31.86
rand 70.95 54.45 37.44 64.55 46.04 29.12
ours 70.91 57.85 40.15 64.48 49.21 31.50

Qwen3-VL-8B base 73.15 57.62 40.39 66.79 49.19 31.57
som 73.28 60.19 42.21 66.95 51.87 33.53
rand 73.01 57.28 39.66 66.64 48.76 31.14
ours 73.09 60.45 42.86 66.88 52.15 33.96

Jedi-7B-1080p base 81.93 70.69 55.67 76.41 63.22 45.96
som 82.07 73.42 57.64 76.55 65.97 47.76
rand 81.79 70.35 55.17 76.22 62.81 45.45
ours 82.01 73.68 57.88 76.48 66.31 48.12

UI-Venus-Ground-7B base 78.04 64.41 48.28 71.52 56.29 38.59
som 77.89 67.28 50.25 71.38 58.79 40.25
rand 78.12 64.13 47.78 71.64 56.05 38.37
ours 77.96 67.55 50.49 71.45 59.05 40.61

InternVL2.5-4B base 59.65 42.68 27.34 52.38 33.92 19.66
som 59.49 45.51 29.56 52.21 36.42 21.83
rand 59.78 42.36 26.85 52.55 33.58 19.45
ours 59.72 45.77 29.80 52.48 36.19 21.61

InternVL2.5-7B base 65.95 49.96 33.99 59.65 41.95 25.65
som 66.12 52.79 36.21 59.81 44.68 27.82
rand 65.81 49.62 33.50 59.49 41.62 25.43
ours 66.09 53.15 36.45 59.88 45.25 28.60

Pixtral-12B base 51.61 34.85 19.70 45.22 27.59 13.37
som 51.48 37.68 22.17 45.08 30.35 15.48
rand 51.77 34.51 19.46 45.35 27.25 13.15
ours 51.74 38.04 22.41 45.29 31.12 17.26

multiple task types. As reported in Tab. 1, DeCoPatch exhibits robust gen-
eralization, particularly in the FineManip and Layout sub-tasks. For Jedi-7B-
1080p [31], our approach yields the highest overall accuracy of 54.26%, which is
1.07 percentage points higher than the base model. A critical observation is that
while the rand baseline often degrades performance (e.g., 26.95% for Qwen2.5-
VL-3B [4] compared to 27.30% of base), our method consistently stays above
the base performance, highlighting the necessity of targeted intervention in the
latent space.

Performance on ScreenSpot-Pro. ScreenSpot-Pro [20] presents a signifi-
cant challenge due to the need to manipulate scientific analysis software. Ta-
ble 2 evaluates the robustness of our method in these specialized domains. Our
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Table 4: Performance comparison on ScreenSpot-v2. Results are reported as accu-
racy (%). Higher is better. Bold numbers indicate the best result within each model
group.

Model Method M-Text M-Icon D-Text D-Icon W-Text W-Icon Avg

Qwen2.5-VL-3B base 92.76 74.88 87.63 57.86 88.03 70.44 80.74
som 94.48 75.83 86.60 59.29 88.46 72.91 81.76
rand 92.07 71.56 86.08 56.43 86.32 69.46 79.17
ours 94.48 76.78 90.21 63.57 90.17 74.88 83.57

Qwen2.5-VL-7B base 98.28 86.73 91.24 73.57 92.31 80.79 88.68
som 97.24 88.63 90.21 73.57 94.87 81.77 89.23
rand 96.90 85.78 89.18 72.14 91.88 79.80 87.50
ours 97.93 88.15 91.75 75.71 93.59 82.76 89.70

Jedi-7B-1080p base 96.55 87.68 95.36 87.86 95.30 83.74 91.67
som 97.24 87.68 95.36 87.86 94.44 84.24 91.75
rand 96.21 85.78 94.33 86.43 93.16 83.25 90.49
ours 96.55 88.15 96.39 87.86 94.87 84.73 91.98

UI-Venus-Ground-7B base 99.31 89.10 96.39 91.43 95.73 88.18 93.87
som 98.97 89.57 97.94 91.43 95.73 88.18 94.10
rand 98.62 88.63 95.88 89.29 95.30 89.66 93.47
ours 99.31 89.57 97.42 91.43 96.58 89.66 94.50

Qwen3-VL-8B base 93.79 85.31 92.78 81.43 90.60 79.31 87.97
som 94.48 83.89 92.78 82.86 92.31 78.82 88.29
rand 93.79 84.36 92.27 80.00 89.74 76.85 87.03
ours 95.17 85.31 93.81 83.57 91.88 80.79 89.15

InternVL2.5-4B base 78.97 70.14 82.99 63.57 85.04 72.91 76.57
som 82.07 73.46 86.60 68.57 88.89 75.37 80.03
rand 78.62 67.77 81.44 60.71 84.19 69.95 74.92
ours 85.52 78.20 89.18 71.43 91.88 79.31 83.49

InternVL2.5-7B base 80.34 72.51 85.57 69.29 87.61 76.35 79.32
som 80.69 76.30 85.05 73.57 87.61 77.34 80.58
rand 78.28 70.62 84.02 67.86 86.75 73.40 77.52
ours 85.52 79.62 91.24 74.29 93.16 81.28 84.91

Pixtral-12B base 43.79 37.91 31.96 41.43 29.49 36.45 36.95
som 48.28 43.60 39.18 48.57 35.04 43.84 43.00
rand 43.10 35.55 30.93 41.43 27.78 33.99 35.53
ours 52.07 48.34 41.24 54.29 37.18 45.32 46.23

method demonstrates superior precision in these complex scenarios. For instance,
Qwen3-VL-8B [3] with DeCoPatch achieves the average performance of 48.96%,
outperforming its SoM counterpart. The consistent improvement in Creative
and Scientific categories (T) suggests that latent-space intervention enhances
the model’s ability to interpret professional-grade GUI semantics without the
need for external visual prompts that might obscure fine-grained details.

Performance on AndroidControl-Curated. Evaluation on mobile bench-
mark AndroidControl-Curated [19] further confirms the versatility of DeCo-
Patch (Tab. 3). In the Hard subset, which requires long-horizon reasoning and
precise grounding, Qwen3-VL-8B (ours) [3] reaches a success rate of 33.96%, sig-
nificantly higher than the base (31.57%) and rand (31.14%) configurations. The
improvement in Grounding scores across the board (e.g., 60.45% and 57.62%
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Fig. 4: Results of the hyperparameter analysis. Colors denote models, while hatching
styles denote methods (base, ours, and suppression) under different rank of intervention
k, intervention strength α, and late-layer selection.

for Qwen3-VL-8B [3] on the Easy subset) also indicates that reinforcing the la-
tent grounding signals allows the model to better locate small, dense interactive
elements typical of mobile operating systems.

Performance on ScreenSpot-v2. ScreenSpot-v2 [29] is a cross-platform GUI
grounding benchmark across mobile, desktop, and web interfaces. As reported in
Tab. 4, our method (ours) achieves a consistent performance gain across all mod-
els on this benchmark. Notably, for InternVL2.5-7B [6], DeCoPatch reaches an
average accuracy of 84.91%, surpassing the base model and the SoM -based [32]
approach by 5.59 and 4.33 percentage points, respectively. The performance gap
between ours and rand strongly validates that our neuron selection successfully
identifies the causal grounding circuits rather than relying on random noise injec-
tion. Even for top-tier models like UI-Venus-Ground-7B [15], our method further
pushes the performance ceiling to 94.50%.

Across these four evaluation benchmarks, DeCoPatch yields notable perfor-
mance gains across different model families. Notably, the random control results
are typically close to the baseline, highlighting the importance of our designed
key-neuron modulation strategy.

5.3 Analysis

Hyperparameter Analysis. We analyze the sensitivity of DeCoPatch to sev-
eral key hyperparameters that control the strength and scope of the intervention.
All experiments are conducted on the OSWorld-G [31] benchmark. We vary three
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Table 5: Runtime overhead of DeCoPatch. We report the wall-clock latency per ex-
ample and the relative change compared to base inference under the same batch size
and precision settings.

Suite Model base (ms) ours (ms) relative change (%)

ScreenSpot-v2 Qwen3-VL-8B 6823.0 6831.2 0.12
ScreenSpot-v2 UI-Venus-Ground-7B 2698.4 2403.0 -10.95

ScreenSpot-Pro Qwen3-VL-8B 7046.2 7041.1 -0.07
ScreenSpot-Pro UI-Venus-Ground-7B 2735.6 2576.2 -5.83

AndroidControl Qwen3-VL-8B 6584.3 6610.8 0.40
AndroidControl UI-Venus-Ground-7B 3480.3 3211.3 -7.73

OSWorld-G Qwen3-VL-8B 6841.8 6879.9 0.56
OSWorld-G UI-Venus-Ground-7B 2525.6 2393.1 -5.25

hyperparameters: the intervention rank (k), the intervention strength (α), and
the number of late decoder layers to which the intervention is applied. Specifi-
cally, we sweep k ∈ {32, 64, 96}, α ∈ {1.1, 1.3, 1.5}, and the intervention layers
∈ {last4,last6,last8}. For the suppression variant, we apply the same neuron
mask but scale down the selected activations by division, i.e., z′ℓ,t,j = zℓ,t,j/α
for j ∈ Sℓ (and z′ℓ,t,j = zℓ,t,j otherwise; default α = 1.3), which reduces the
activation magnitude of the selected neurons.

As shown in Fig. 4, DeCoPatch consistently improves over the base model for
both Qwen3-VL-8B [3] and UI-Venus-Ground-7B [15] under different settings of
intervention rank k, strength α, and late-layer selection. Performance typically
peaks with a moderate intervention budget (e.g., k=64) and moderate scaling
(e.g., α=1.3), while overly large k or stronger scaling can lead to saturation or
instability. In contrast, applying suppression on the same neuron set consistently
degrades accuracy, supporting our claim that these late-layer FFN dimensions
form a grounding-relevant low-rank subspace.

Runtime Overhead Analysis. We measure the end-to-end inference latency
in milliseconds per example under identical batch size and precision settings
for both the base models and DeCoPatch (Tab. 5). The results show that the
additional runtime overhead introduced by DeCoPatch is negligible. For Qwen3-
VL-8B [3], the latency increase is within 1%, while for UI-Venus-Ground-7B [15]
the change remains within 11%. These results indicate that DeCoPatch improves
grounding performance with almost no additional computational cost.

6 Conclusion

In this work, we systematically investigate the pivotal role of visual markers in
shaping the internal reasoning of VLMs within GUI environments. Our anal-
ysis reveals that the causal influence of these markers is highly concentrated
within low-rank latent subspaces in the late decoder layers. Building on this in-
sight, we propose DeCoPatch, a decode-time causal intervention that selectively
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modulates the activations of key neurons, enabling precise reinforcement of the
model’s internal visual reasoning. Extensive experiments across four challenging
benchmarks demonstrate that this method consistently improves GUI grounding
performance with negligible computational overhead. Importantly, beyond offer-
ing an effective intervention technique, our work provides a deeper mechanistic
understanding of how visual markers influence VLMs’ internal representations,
laying a critical foundation for more precise and controllable improvements in
GUI agent optimization.
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