Supplementary Material

1. Related work

1.1. Multimodal Large Language Model

Multimodal large language models (MLLMs) ex-
tend large language models (LLMs) by integrat-
ing visual and textual modalities for unified un-
derstanding and reasoning across vision and lan-
guage. A typical MLLM employs a vision encoder
(e.g., CLIP[11]) to extract image features, which
are projected into the language embedding space
and processed jointly with text tokens through
the LLM backbone. This unified architecture en-
ables a wide range of tasks such as visual ques-
tion answering, image captioning, and referring ex-
pression comprehension (REC). MLLMs are com-
monly trained in two stages: large-scale image—text
pre-training for cross-modal alignment, followed
by instruction tuning to enhance multimodal rea-
soning and task generalization. Recent works fur-
ther improve efficiency and scalability through vi-
sual token compression, modality adapters, and
alignment-optimized training strategies.

Representative open-source MLLMs include
LLaVA [9], Qwen-VL [1], InternVL [5], and In-
structBLIP [6]. Most adopt Rotary Position Em-
bedding (RoPE)[12] to encode relative positional
information within the LLM backbone. While ef-
fective for relational reasoning, RoPE[12] provides
no explicit mechanism for representing absolute
coordinates in visual space, limiting the spatial pre-
cision required for localization-oriented tasks such
as REC.

1.2. Visual Grounding

Visual grounding, also known as referring ex-
pression comprehension (REC), aims to local-
ize image regions described by natural lan-

guage. Unlike object detection, it requires fine-
grained reasoning over attributes, spatial rela-
tions, and context to distinguish similar tar-
gets. Early two-stage methods (e.g., MAttNet[17])
generate region proposals and rank them based
on multimodal similarity, while one-stage ap-
proaches (e.g.,SeqTR[18], GroundingDINO[10])
directly predict coordinates in an end-to-end man-
ner. Recent vision—language foundation models
(e.g., ONE-PEACE[14]) improve representation
alignment through large-scale contrastive pretrain-
ing but remain discriminative rather than genera-
tive. The latest MLLM-based frameworks (e.g.,
Qwen-VL[1], Shikra[4], InternVL[5], VPP[13],
Ferret[15], Att-grounding[7]) further reformulate
grounding as a generative process, leveraging large
language models to directly produce coordinates in
text form. This transition enhances reasoning and
generalization but still suffers from limited spatial
precision due to the absence of explicit positional
modeling.

However, traditional methods struggle with
complex language reasoning, while MLLM-based
approaches still lag behind them at higher IoU
thresholds. Our LocBoost bridges this gap through
explicit spatial grounding and inference-time re-
finement.

1.3. MLLMs for Visual Grounding

Recent advances in multimodal large language
models (MLLMs) for visual grounding can
be grouped into two paradigms: external
model-dependent and intrinsic end-to-end ap-
proaches.  External model-dependent methods,
such as VPP [13] and Att-grounding [7], incor-
porate pretrained visual experts (e.g., DETR [2],
SAM [8]) to enhance spatial perception. Intrinsic



end-to-end approaches, represented by Shikra [4]
and Ferret [15], jointly model visual and textual
tokens to learn grounding directly. While the for-
mer improves localization precision but increases
system complexity, the latter maintains a unified
architecture yet struggles with fine-grained spatial
accuracy.

A key limitation persists in both paradigms.
Most MLLMs adopt Rotary Position Embedding
(RoPE) [12] to encode relative geometric priors,
which offer only implicit positional cues. Vi-
sual grounding, however, requires explicit 2D co-
ordinates, and bridging this gap demands complex
mappings from token-level relations to absolute po-
sitions. This mismatch fundamentally constrains
localization precision and motivates our approach
to inject explicit positional awareness into MLLMs.

2. Experiments

2.1. Datasets

We conduct experiments on standard REC bench-
marks, including the RefCOCO family and the Ref-
L4 dataset. RefCOCO Series. The RefCOCO
family of datasets, including RefCOCO [16], Re-
fCOCO+, and RefCOCOg, provides comprehen-
sive benchmarks for referring expression compre-
hension. RefCOCO allows free-form descriptions,
while RefCOCO+ prohibits location words to en-
courage appearance-based reasoning. RefCOCOg,
in contrast, emphasizes longer and more descriptive
expressions. Together, they comprise over 360k re-
ferring expressions across approximately 26k im-
ages, covering diverse linguistic and visual ground-
ing challenges.

Ref-L4. Ref-L4 [3] is a recently introduced
benchmark designed for more comprehensive REC
evaluation. It contains 45k expressions over 9.7k
images, spanning 365 categories with a larger vo-
cabulary and longer descriptions (average length
24.2 words), making it more challenging than
RefCOCO-style datasets.

In our experiments, the model is trained exclu-
sively on the RefCOCO training split, while eval-
uation is conducted on RefCOCO validation/test
sets and on Ref-L4. This setup ensures that per-

formance on Ref-L4 reflects genuine generalization
ability rather than exposure to its training data.

2.2. Performance Comparision

2.2.1. Full Localization Results Across All IoU
Thresholds

In the main paper, we report [oU@0.5, IoU @0.85,
and mloU for clarity and space efficiency. Here,
we provide the full breakdown of localization ac-
curacy across all IoU thresholds from 0.50 to 0.95
(step size 0.10) on the RefCOCO, RefCOCO+, Re-
fCOCOg, and Ref-L4 benchmarks. These extended
results enable a more detailed examination of local-
ization precision under varying strictness levels and
further substantiate our observations regarding the
effectiveness of LocBoost.

To complement the main paper, we provide in
Tables 3 and | the complete performance curves
over IoU thresholds 0.50-0.95 on all RefCOCO
splits and the Ref-L4 benchmark. These results
allow a fine-grained analysis of localization pre-
cision and further highlight the strengths of Loc-
Boost under increasingly strict spatial alignment
requirements.

2.2.2. RefCOCO/+/g: Consistent and Increasing
Gains Under Higher Strictness

Across all RefCOCO, RefCOCO+, and Ref-
COCOg splits, LocBoost-3B and LocBoost-7B
deliver universal improvements at every IoU
threshold, confirming the trend reported in the
main paper. The advantage becomes even more
striking under high-IoU evaluation:

* Large high-IoU margins. At IoUpgs and
IoUp .95, LocBoost surpasses all MLLM-based
baselines by dramatic margins, frequently im-
proving accuracy by 10-20+ points compared
with Ferret-7B and Shikra-7B. These thresholds
capture fine-grained spatial grounding, where ex-
isting MLLMs notoriously break down. Loc-
Boost, in contrast, maintains strong performance
even as the IoU becomes extremely strict.

* Outperforming detector-based models with-
out using detectors. Although ONE-PEACE re-
lies on explicit region proposals, LocBoost-7B
exceeds its performance at nearly all thresholds,



including difficult settings such as RefCOCO val
at IoUg g5 (79.15 vs. 74.33), despite operating
with a fully end-to-end MLLM pipeline.

* Superior mloU across all datasets. mloU gains
further confirm that LocBoost does not merely
improve at a single threshold, but reshapes the
entire localization curve, elevating both coarse
recall (IoUg 5) and precise alignment (IoUg g5—
0.95).s

Overall, these full-IoU results reinforce a key
takeaway of the main paper: LocBoost turns
general-purpose MLLMs into reliable high-
precision localizers, a capability that has remained
elusive in prior MLLM grounding research.

2.2.3. Ref-L4: High-Precision Localization at a
New Level

Table 1 reports exhaustive comparisons on Ref-

L4. This benchmark requires reasoning over ob-

jects across varying scales and evaluating models

at extremely strict thresholds (e.g., [oUg g).
Several observations stand out:

* New state of the art at all strict thresh-
olds. LocBoost-7B achieves 75.86 IoU@0.75
and 53.72 IoU@0.9, surpassing CogVLM-
Grounding (a 17B model) by a large margin at
the high-IoU region. These results highlight Loc-
Boost’s ability to deliver precise spatial align-
ment beyond what significantly larger models
achieve.

e Strong cross-dataset generalization without
Ref-L4 training. Even without training on Ref-
L4, LocBoost-3B reaches 84.28 IoU@0.5 and
68.71 mAcc, outperforming CogVLM-17B by
2.6 points in mAcc while using 82% fewer pa-
rameters. This demonstrates that LocBoost’s
coordinate refinement module generalizes across
datasets and object distributions, bridging the gap
between semantic reasoning and geometric preci-
sion.

* Robust improvements across object scales.
LocBoost enhances grounding for small,
medium, and large objects alike. The 7B variant
achieves 94.45 IoU@0.5 on large objects and
strong gains on small ones, where prior MLLMs
struggle most.

2.2.4. Conclusion: High-Precision Grounding Is
Now Possible for MLLMs

The complete IoU sweeps confirm and further
strengthen the central claim of our work: LocBoost
fundamentally elevates the localization capabil-
ity of MLLMs, enabling them to match, and in
many cases surpass, detector-based systems under
strict localization metrics, while still retaining the
strong semantic reasoning abilities of end-to-end
language—vision models.

These results demonstrate that the combination
of explicit coordinate modeling and inference-time
refinement provides a powerful and broadly ap-
plicable solution to the long-standing challenge of
achieving precise visual grounding in MLLMs.

2.3. Additional Analysis

2.3.1. Inference-Time Expansion (ITE) Training
and Inference Cost

For completeness, we detail the training and infer-
ence cost introduced by our Inference-Time En-
hancement (ITE). During training, ITE is super-
vised with a lightweight denoising objective that
perturbs the bounding box and asks the model to
recover the correct coordinates. This denoise train-
ing does not require any extra data and is applied on
top of standard grounding supervision, resulting in
only a small increase in training computation com-
pared with the base MLLM training. No additional
parameters or modules are introduced beyond the
existing prediction pipeline.

At inference time, each ITE refinement step
feeds the updated bounding box back into the
MLLM and performs an additional forward pass.
Therefore, increasing the iteration count 7" leads to
a roughly linear cost: each extra refinement step
adds approximately the cost of one more MLLM
forward. In practice, however, most of the per-
formance improvement occurs within the first one
or two iterations, so the overall latency increase is
modest.

Overall, ITE introduces minimal extra training
cost and a controllable inference overhead, while
offering disproportionately large gains in strict lo-
calization accuracy under high-IoU evaluation.



Table 1. Full Comparison on RefL.4 benchmark (Val+Test).The symbol f denotes models that outputs segmentation

masks.
Method Val+Test Val | Test Small Medium Large
IoUg.s IoUp.75 IoUpg mAcc | mAcc | mAcc | IoUps mAcc | IoUgs mAcc | IoUgs mAcc
ONE-PEACE 70.82  60.09 36.12 55.07 | 5549 | 54.89 | 22.18 1398 | 83.26 63.39 | 83.81 70.04
Ferret-7B 57.54 4244 21.01 40.29 | 40.31 | 40.28 | 30.93 14.57 | 62.40 43.72 | 68.18 52.92
Ferret-13B 64.44  49.04 2746 46.88 | 47.31 | 46.71 | 36.46 17.88 | 70.50 51.86 | 73.92 59.09
Shikra-7B 65.06 39.62 1045 38.60 | 3891 | 38.47 | 4391 1850 | 7598 46.27 | 60.60 39.34
Qwen-VL-Chat 73.80 58.05 37.16 5594 | 56.18 | 55.83 | 47.66 26.26 | 79.80 61.06 | 82.01 68.37
CogVLM-Grounding | 81.70  70.77 4835 66.09 | 66.25 | 66.02 | 75.06 52.85 | 86.43 7131 | 7791 66.25
Qwen2.5-VL-3B-SFT | 80.11 5429 38.03 56.47 | 56.68 | 55.94 | 61.10 49.48 | 79.75 53.62 | 91.19 6891
PixelLM-13B+ 49.89 3537 1842 34.10 | 3452 | 3392 | 17.05 8.54 | 5340 3548 | 67.59 50.34
LISA-Explanatoryt 65.12 5235 3826 50.77 | 50.89 | 50.72 | 39.11 27.16 | 70.03 54.61 | 75.25 61.09
LISAY} 66.23  54.02 39.73 5218 | 52.44 | 52.07 | 39.24 27.49 | 71.17 56.05 | 77.01 63.22
GlaMM+ 7190 60.27 45.15 57.89 | 58.16 | 57.78 | 47.07 34.36 | 77.17 62.28 | 80.50 67.14
LocBoost-3B (ours) 84.28 7421 51.02 68.71 | 69.05 | 68.49 | 6249 4272 | 88.85 72.61 | 92.98 82.55
LocBoost-7B (ours) | 84.71 75.86 53.72 69.95 | 70.39 | 69.63 | 63.27 44.08 | 89.57 74.30 | 9445 84.48

2.3.2. Training Stability

To verify that our method does not rely on a lucky
run, we trained the LocBoost-3B model twice in-
dependently. Table 2 reports the mean and stan-
dard deviation (std) of the two runs. The differ-
ences between the runs are very small across all
IoU thresholds, indicating that the training process
is stable and the improvements brought by Loc-
Boost are consistent. The main paper reports the
better result of the two runs.

Table 2. Mean and standard deviation (std) over two in-
dependent training runs of LocBoost-3B on RefCOCO
val.

Metric Mean Std
ToUp 5 92.55 0.06
IOU0_65 8992 0.27
IoUo.75 86.44 0.52
ToUg 35 77.93 1.23
IOU0_95 33.17 0.53
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Table 3. Overall comparison on RefCOCO, RefCOCO+, and RefCOCOg splits. mloU denotes the mean localization
accuracy averaged over IoU thresholds from 0.50 to 0.95. Only methods that we were able to reproduce are included in
this table.

Traditional Methods MLLM-Based Methods

2.5- 2.5- .
Grounding ONE Qwen QW\C/IL Qw\e/rlld InternVL Shikra Ferret LocBoost LocBoost

DINO PEACE |VL-Chat 3B-SFT  7B.SFT 3.5-2B 7B 7B  3B(ours) 7B(ours)

IoUps  84.47 92.51 88.55 89.39  90.10 88.70  87.01 87.49 9249 92.60

IoUp.65 82.08 89.32 80.64 83.12 86.07 73.63 78.61 77.24 89.65 90.18

RefCOCO IoUp.75 79.10 85.24 69.83 71.14  72.96 6536 66.65 67.00 8592  86.95
val IoUp.g5 74.28 74.33 59.64  62.21 63.38 50.01 41.70 39.99 77.88 79.15
IoUo.g5 45.47 24.66 19.75 21.38 2232 1585 585 795 3224  33.69

mloU  73.08 73.21 63.68 65.45 66.97 58.71 5596 5593 75.64  76.51

IoUos  88.47 94.18 92.27 91.97 92.87 91.60 90.61 9135 94.29 95.09

TIoUp.e5 85.88 91.92 85.50 88.03 89.13 78.33  83.88 84.61 92.47 92.70

RefCOCO IoUp.75 83.35 88.14 78.38 81.19 81.84 69.14 74.05 71.71 87.99 89.34
testA IoUg.s5 77.66 77.73 65.65 70.08  71.13 53.81 49.20 45.99 80.28 81.63
IoUg.05 47.55 26.55 22.09 2134 22.69 1750 7.12 6.89 34.04  35.64

mloU  76.58 75.70 68.78  70.52  71.53 62.08 60.97 60.11 77.81 78.88

IoUps  80.24 89.38 84.51 84.73 85.92 84.80 81.81 8245 88.89 89.40

IoUp.65 76.57 84.46 73.33 75.67  76.79 66.38 70.03 71.02 83.99 85.38

RefCOCO IoUg.75 73.19 79.04 65.63 68.08  70.39 57.80 57.45 5425 80.10  81.63
testB IoUp.g5 68.05 67.67 5240  56.73 57.86 4540 32.62 33.82 71.85 73.46
IoUp.o5 38.69 21.28 17.35 20.78 21.17 13.82 357 584 3062  31.68

mloU  67.34 68.37 58.64 6120  62.43 53.64 49.10 4948 71.09 72.31

IoUgs 73.54 82.36 82.82 82.57 84.78 82.70  81.60 80.78 87.67 87.95

IoUpes 71.17 79.33 74.67 7637  77.43 67.90 73.84 73.34 84.45 85.56

RefCOCO+ IoUp.75 68.35 75.87 68.27 68.12  69.57 60.58 6324 6221 81.82  82.33
val IoUp.s5 64.35 65.82 55.70  57.22  58.78 46.47 40.03 39.16 74.05 75.15
IoUg.o5 39.74 22.45 20.09 21.59 2276 1484 576 691 3198 32.97

mloU 6343 65.16 60.31 61.17  62.66 5450 52.89 5248 71.99 72.79

IoUps 81.86 88.11 88.59 88.26 89.78 88.40 87.36 87.38 9132  92.18

IoUp.65 79.58 85.99 81.96 83.32 83.60 74.55 80.13 80.84 89.68 89.68

RefCOCO+ IoUg.75  76.95 82.26 75.06  78.14  79.28 65.82 71.20 69.87 86.27 86.81
testA  IoUp.gs 71.25 71.87 62.17 6427 6536 5148 46.25 43.58 7820  79.51
IoUp.o5 43.29 26.06 21.79 2326  24.17 17.03  6.69 693 33.83 35.00

mloU  70.59 70.86 65.91 67.45 68.44 59.46 5833 57.72 75.86  76.64

IoUps  63.80 73.63 76.79 76.45 78.03 76.60 72.12 73.14 81.41 82.18

IoUp.e5 60.97 69.81 65.47 67.01 68.13 5942 6261 6193 7852  78.75

RefCOCO+ IoUg.75 58.01 64.94 59.07 59.09  60.37 51.97 51.50 4829 7486  75.21
testB IoUp.g5 54.10 55.90 47.13 51.12 5231 40.70  29.52 29.19 6691 68.42
IoUp.o5 31.21 18.20 17.32 19.19 19.76 1297 329 286 30.11 31.36

mloU  53.62 56.50 53.16 5457 5572 48.33  43.81 43.08 6636  67.18

IoUogs 7825 85.33 85.96 85.61 87.78 85.60 8227 83.93 8840  89.24

IoUg.65 74.47 81.84 73.73 75.04  76.30 70.30  63.46 64.58 84.44 8599

RefCOCOg IoUp.75 71.49 77.88 67.16  68.16  69.70 61.23 52.10 50.07 80.78 81.92
val IoUg.s5 65.89 69.32 56.58 6049  61.38 46.16 3094 31.60 7197 73.39
TIoUp.05 36.44 32.07 28.08 25.85 26.12 13.62 341 497 3211 33.44
mloU  65.31 69.29 62.30  63.03 64.25 5538 4644 47.03 71.54  72.80
IoUps 7794 85.20 86.32 86.12 87.67 85.50 82.19 84.76 88.85 88.92
IoUp.65 74.83 82.02 74.35 77.31 77.33 69.50 6424 66.36 8546  86.09
IoUo.75 71.77 78.63 67.49 68.24  69.35 61.24 5347 5434 81.37 82.93
IoUp.s5 67.07 70.45 56.22  59.56  60.01 4724 3150 32.80 74.04 7512
IoUp.95 38.78 34.47 27.61 29.15 29.84 1596 345 491 33.68 34.83

Dataset Metric

RefCOCOg
test
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