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Abstract

Spatial awareness is key to enable embodied multimodal
AI systems. Yet, without vast amounts of spatial supervi-
sion, current Multimodal Large Language Models (MLLMs)
struggle at this task. In this paper, we introduce TWIST &
SCOUT, a framework that equips pre-trained MLLMs with
visual grounding ability without forgetting their existing im-
age and language understanding skills. To this end, we
propose TWIST, a twin-expert stepwise tuning module that
modifies the decoder of the language model using one frozen
module pre-trained on image understanding tasks and an-
other learnable one for visual grounding tasks. This allows
the MLLM to retain previously learned knowledge and skills,
while acquiring what is missing. To fine-tune the model effec-
tively, we generate a high-quality synthetic dataset we call
SCOUT, which mimics human reasoning in visual ground-
ing. This dataset provides rich supervision signals, describ-
ing a step-by-step multimodal reasoning process, thereby
simplifying the task of visual grounding. We evaluate our
approach on several standard benchmark datasets, encom-
passing grounded image captioning, zero-shot localization,
and visual grounding tasks. Our method consistently deliv-
ers strong performance across all tasks, while retaining the
pre-trained image understanding capabilities.

1. Introduction

Multimodal Large Language Models (MLLMs) have greatly
advanced vision and language tasks, excelling in image cap-
tioning and visual question answering [2, 10, 22, 28]. Mod-
els like Flamingo, BLIP-2, InstructBLIP, and VisualGLM
leverage large image-caption datasets to integrate vision and
language, addressing complex multimodal challenges. How-
ever, due to their caption-based design, these models often
lack visual grounding, limiting their suitability for tasks
requiring precise spatial understanding [9, 14, 19, 32, 42].
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While extensive pre-training can equip models with localiza-
tion capabilities [6, 40], it requires massive datasets, human-
annotated bounding boxes, and substantial computational
resources, making it impractical for many setups. Instead,
we focus on fine-tuning pre-trained MLLMs to instill spatial
understanding in a forget-free manner, preserving existing
language and vision comprehension skills.

Closest to our work is PIN by Dorkenwald et al. [13],
which addresses single-object localization in pre-trained au-
toregressive MLLMs through two key innovations: modify-
ing the vision encoder with learned spatial parameters for
bounding box prediction and introducing a synthetic dataset
of superimposed object renderings to remove reliance on
human annotations. However, PIN’s architectural modifica-
tions cause catastrophic forgetting, erasing pre-trained image
understanding. Additionally, its simplistic object-pasting
approach introduces domain shift, limiting applicability to
complex tasks requiring multi-object reasoning and richer
spatial relationships [6, 40]. Another approach is parameter-
efficient tuning via LoRA [17], which adds low-rank weight
updates to a frozen backbone. While LoRA preserves pre-
trained strengths for tasks close to its domain, its low-rank
constraints and limited capacity fail to capture new spatial
relationships and bounding-box nuances, leading to subopti-
mal grounding. Consequently, neither PIN nor LoRA retains
vision-language skills while adding robust grounding—an
issue our work addresses without full model finetuning.

To equip autoregressive MLLMs with robust ground-
ing while ensuring forget-free performance, we intro-
duce TWIST & SCOUT. TWIST stands for TWIn-expert
Stepwise Tuning, a framework with two parallel modules
and a stepwise loss function inspired by Lightman et al.
[23]. We treat the pre-trained backbone as one “expert” and
add a Mixture of Experts (MoE) as the second expert for
grounding, providing enough capacity to handle unfamil-
iar demands without overwriting pre-trained understanding.
Akin to LoRA, we add new parameters; however, rather
than relying on low-rank residuals, we fuse old and new
knowledge via a learnable gating mechanism, enabling ro-
bust grounding without erasing existing skills. Stepwise
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Figure 1. TWIST & SCOUT contributions. Our contributions include (a) TWIST, a framework that fine-tunes a pre-trained caption-based
MLLM to acquire new grounding skills while retaining existing image understanding capabilities, (b) SCOUT, a scalable synthetic dataset
that enhances model performance through step-by-step grounded chain-of-thought annotations, and (c) an evaluation protocol tailored for
assessing MLLMs on grounded image captioning tasks.

tuning strengthens learning by breaking down complex tasks
into simpler subtasks, enhancing vision-language perfor-
mance. Complementing TWIST, we present SCOUT, short
for Synthetic Chain-of-Thought with Grounding, a high-
quality synthetic dataset capturing meaningful spatial re-
lationships, inter-object reasoning, and stepwise thought
processes—providing a rich training signal for fine-tuning
MLLMs. Recognizing the limitations of evaluation methods
focused solely on object localization, we introduce a pro-
tocol for assessing MLLMs on free-form grounded image
captioning, which requires both visual grounding and image
understanding. Our contributions can be summarized as:
1. We propose TWIST, a TWIn-expert Stepwise Tuning

framework that fine-tunes pre-trained MLLMs via two
parallel modules without forgetting. TWIST employs
step-by-step training, breaking complex grounding tasks
into simpler subtasks (Figure 1 (a)).

2. We present SCOUT, a synthetic dataset with stepwise
grounded chain-of-thought annotations. SCOUT facili-
tates fine-tuning for grounding and reasoning, providing
a rich, spatially complex training signal (Figure 1 (b)).

3. We create an evaluation protocol for assessing MLLMs
on free-form grounded image captioning (Figure 1 (c)).

Our experiments show strong performance in grounded im-
age captioning and visual grounding while retaining initial
image understanding.

2. Related Work
Multimodal LLMs. Large Language Models (LLMs),
known for their instruction-following and generalization
abilities, have been effectively integrated with vision en-
coders, achieving strong multimodal performance [1, 2, 4,
10, 11, 20, 22, 24, 33, 37, 41, 43, 47]. Pioneering mod-
els like Flamingo [2] and BLIP-2 [22] integrate vision
and language by combining CLIP-based image encoders
with LLMs—Flamingo using perceiver and gated cross-
attention blocks, while BLIP-2 employs a lightweight Query-

ing Transformer. Recent efforts have optimized training
strategies [4, 43], improved image resolution [4, 20, 40], and
enhanced image encoders [8, 48]. Additional advancements
refine input alignment [24] and projection layers [5, 10],
while expanding instruction-tuning datasets has further im-
proved performance and versatility [27, 49]. However, de-
spite these improvements, instruction-tuned MLLMs mainly
excel at image captioning and simple QA but struggle with
spatial reasoning and precise object grounding [13]. Our
work addresses these gaps by equipping MLLMs with spatial
understanding for visual grounding and object localization.

Grounded Multimodal Models and Object Detection.
Extending MLLMs beyond image and language under-
standing, several models have been developed to enable
visual grounding and object localization [4, 6, 7, 31, 38–
41, 44]. Pix2Seq [7] pioneered treating object detection as
an autoregressive language modeling task, inspiring models
like OFA [39], Unified-IO [31], UniTab [44], and Vision-
LLM [41] to integrate language and coordinate vocabular-
ies for grounding. Meanwhile, Shikra [6], CogVLM [40],
and Qwen-VL [4] further advance positional representa-
tions in natural language, facilitating seamless interleaved
grounded captions. Despite these advancements, most
models rely on large annotated datasets and extensive pre-
training. Grounding DINO [29] takes a different approach,
using a transformer-based architecture trained with con-
trastive and bounding box regression losses for object detec-
tion. However, unlike autoregressive MLLMs, Grounding
DINO is optimized specifically for detection and lacks the
ability to generate grounded image captions in free-form
text. PIN [13] attempts to bridge the gap by introducing a
learnable positional insert module and a synthetic dataset
for fine-tuning. Yet, its reliance on purely synthetic data
leads to domain shift, causing it to forget previous vision-
language abilities and remain limited to single-object local-
ization. Our approach addresses these challenges through
TWIST, a two-module framework that preserves pre-trained
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vision-language skills while incrementally adding grounding
capabilities. Paired with SCOUT, our synthetic dataset fea-
turing chain-of-thought reasoning, TWIST enables MLLMs
to handle complex, multi-object grounding tasks requiring
both spatial reasoning and image understanding.

3. TWIST
In the following sections, we briefly review standard MLLMs
and the concept of Mixture of Experts (MoE). We then in-
troduce TWIST, a TWIn-expert Stepwise Tuning framework
with two parallel modules and a step-by-step training ob-
jective. Finally, we explain how the step-by-step learning
strategy adjusts the training loss.

3.1. Preliminaries
Multimodal Large Language Models (MLLMs). MLLMs
process both image and text data for multimodal genera-
tive tasks. These models consist of a vision encoder ψ(·),
a language decoder, ϕ(·), and a mapper function f(·). The
language decoder takes a sequence of tokens as inputs
[v1, v2, . . . , vm, t1, t2, . . . , tn] being composed of visual and
textual tokens. Visual tokens are computed from an image x
as [v1, v2, . . . , vm] = f(ψ(x)), and textual tokens are com-
puted from the text input t as [t1, t2, . . . , tn] = Tokenizer(t).
MLLMs are trained via the cross-entropy loss.
Mixture of Experts (MoEs). MoEs are a way to increase
small model capacity to compete with large models perfor-
mance without a proportional increase in computational cost
[36]. Specifically, an MoE layer is composed of E “experts”
and a gating network g(·). The gating network decides which
expert is most suitable for a given token:

ln = MoE(ln−1) =

E∑
i=1

gi(ln−1) · ei(ln−1), (1)

where ln represents the output of the n-th layer, ln−1 its
input, E the total number of experts, gi(·) the gating func-
tion’s weight for the i-th expert, and ei(·) the i-th expert’s
output. During inference, only the top-k experts can be used,
reducing inference costs considerably.

3.2. TWIST Workflow
In Figure 2 (a), we present the general workflow of the
TWIST model, which consists of a vision encoder, tokenizer
and an LLM, taking image-text pairs as inputs and generating
grounded free-form texts. Below, we detail each component
of the TWIST workflow.
Twin-expert module. We start with a caption-based mixture-
of-expert MLLM [25] adept at visual question answering
tasks, and extend it for the task of visual grounding as de-
picted in Figure 2 (b). A transformer block of the language
decoder of a MLLM is composed of multi-head attention

(MHA), a feed-forward network (FFN) and a layer norm
(LN), which processes the input tokens as follows:

l̂n = MHA(LN(ln−1)) + ln−1, (2)

ln = FFN(LN(l̂n)) + l̂n, (3)

where ln−1 is the input from layer n−1, l̂n is the hidden
representation at layer n, and ln is the output of the n-th
layer. The mixture of expert module only modifies Eq. (3)
by replacing the FFN module with a MoE in the transformer
block computation as follows:

ln = MoE(LN(l̂n)) + l̂n. (4)

We introduce a parallel MoE module for visual grounding
and modify the above equations as follows:

lIUn = MoEIU(LN(l̂n)) + l̂n,

lVGn = MoEVG(LN(l̂n)) + l̂n,
(5)

ln = α · lIUn + (1− α) · lVGn , (6)

where MoEIU is a frozen MoE module pre-trained on im-
age understanding tasks, MoEVG is a learnable MoE module
trained for visual grounding task, and α is a learnable coeffi-
cient weight adjusting the contribution of each MoE module.
This design choice prevents catastrophic forgetting of pre-
trained image understanding skills of MLLMs. Moreover,
the shared modules allow knowledge transfer from the pre-
trained image understanding MoE into the grounding MoE,
helping the latter to better interpret grounding tasks.
Training step. We train our model using a cross-entropy
loss for the next token prediction task:

L = −

[
N∑
i=1

logPθ(ti|v1, . . . , vm, t1, . . . , ti−1)

]
+λ·R(g),

(7)
where L is the next token prediction loss, N represents the
length of the text sequence, vi refers to the i-th visual to-
ken in the sequence, ti denotes the i-th textual token in the
sequence, θ refers to the model parameters, λ is a regular-
ization coefficient, and R(g) is a regularization term for
sparsifying the gating mechanism. This loss function aims to
minimize the discrepancy between the predicted and actual
next token in the sequence.
Step-by-step loss function. To fully leverage the Twin-
Expert module of TWIST, we implement a step-by-step loss
inspired by Lightman et al. [23]. This approach decomposes
complex tasks into sequential, easily digestible subtasks,
each corresponding to a specific part of the overall reasoning
process, as seen in Figure 2 (c). These steps are not separate
tasks but subtasks of a unified task. To illustrate this concept
mathematically, the loss function for training under step-by-
step reasoning supervision can be expressed as:
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Figure 2. TWIST system overview. (a) The MLLM processes an image and text prompt via a vision encoder and language decoder to
generate outputs, (b) Twin-Expert, featuring two parallel mixture of experts modules: a frozen one for image understanding and a trainable
one for visual grounding, (c) The stepwise loss function breaks down complex reasoning into sequential subtasks, simplifying the training
process, (d) During inference, information flows through the image understanding module (blue box) for those tasks and through both
modules (blue and red box) for grounding tasks.

Lstep-by-step =

J∑
j=1

[
−

(
Nj∑
i=1

logPθ(t
(j)
i | v1, . . . ,

vm, t
(j)
1 , . . . , t

(j)
i−1)

)]
+ λ ·R(g),

(8)

where Lstep-by-step represents the step-by-step reasoning loss
function, J is the number of reasoning steps, Nj is the num-
ber of tokens in step j, t(j)i represents the ith token in the
jth step output, v1...vm are the image tokens, Pθ is the prob-
ability predicted by the model and R(g) is the regularization
term with weight λ.
Inference step. During inference, we determine the task
type (image understanding or visual grounding) based on
the input prompt and adjust α accordingly. We employ a
lightweight BERT-based classifier [12] which takes an input
prompt and classifies it into one of the two task categories.
Based on the classifier’s output, α is adjusted dynamically:

α =

{
1 for Image Understanding,
unchanged for Visual Grounding.

(9)

Thus, at test time, the output of the twin-expert module, as

depicted in Figure 2 (d), is as follows:

ln+1=

{
lIUn+1 for Image Understanding,
α·lIUn+1+ (1−α)·lVGn+1 for Visual Grounding.

(10)
The BERT classifier adds minimal computational over-

head, as it is an 8-bit quantized tiny model with approxi-
mately 1 million parameters, bringing the total active pa-
rameters from 1.67B to 1.671B. Our experiments show that
the classifier achieves 99.98% accuracy, ensuring negligible
impact on performance.

4. SCOUT
Preliminaries. Visual question answering datasets often
involve spatial reasoning, such as “What object is to the
left of the girl?” or “Is there a bowl on top of the table?”.
Grounding tasks benefit from this reasoning, as describing
relationships like “A cat at [x1, y1, x2, y2] sits to the left
of a dog at [a1, b1, a2, b2]” provides clearer relative posi-
tioning, improving localization interpretation for MLLMs.
Recent works like Shikra [6] have explored grounded chain-
of-thought multimodal datasets, using LLMs to generate
reasoning-based Q&A pairs from image captions—without
direct visual access. However, relying solely on captions
leads to hallucinated narratives that fail to reflect the actual
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Figure 3. SCOUT data generation. We use an LLM to gener-
ate “what” and “where” questions from the input caption. With
these questions and the image, we prompt an MLLM to produce
the SCOUT grounding dataset, ensuring visually grounded and
contextually relevant data.

image (see hallucination examples of the Shikra dataset in
Figure A.3 of our Appendix).
SCOUT data generation. To generate our SCOUT dataset
with high-quality, visually grounded data, we use a two-step
process aimed at reducing text-only biases (see Figure 3).
Starting with an image-caption pair from Flickr30k [34],
we prompt an LLM like Mixtral [18] in-context to produce
spatial reasoning questions of the “what” and “where” type,
centered on captioned objects. This ensures relevance and
grounding in the original description. To improve robust-
ness, we also generate negative samples by asking about
objects absent from the image, training the model to detect
invalid or irrelevant queries. See Figures A.5 and A.6 in
the Appendix. To reduce hallucinations—specifically, the
kind caused by relying solely on text descriptions without
verifying or aligning with the actual visual content—we use
a state-of-the-art MLLM, CogVLM [40], for answer genera-
tion which is recognized for its strong performance in visual
grounding and reasoning tasks. For the positive samples, we
feed CogVLM the image and the question, prompting it to
analyze the visual scene step-by-step, ensuring the answers
accurately reflect objects and spatial relationships present in
the image. For the negative samples, we skip feeding them
to the MLLM and instead explicitly indicate that the refer-
enced object is not in the image. This approach helps the
model learn to distinguish valid questions from those that are
irrelevant or incorrect. Since we rely on CogVLM for gen-
erating SCOUT, the quality of our data—and consequently,
our model’s upper bound performance—is inherently tied to
CogVLM’s reasoning capabilities.
SCOUT data quality. In a small-scale human analysis of
100 randomly selected samples, SCOUT achieved an accu-
racy of 94.7%, significantly outperforming Shikra’s 63.1%.
A response was considered correct if the predicted object
relationships and spatial positions matched the ground truth
with at least 50% Intersection over Union (IoU) for bounding
boxes and accurately described the relative spatial arrange-
ment between objects based on the image content.

5. Experiments
We evaluate our approach on three grounding tasks: i) object
localization, ii) grounded image captioning, and iii) visual
grounding, as well as standard image understanding tasks.
Below, we detail our architectural implementation and train-
ing datasets.
Implementation details. Our twin-expert module is built
on MoE-LLaVA [25], which uses Phi-2 as its pre-trained
language model. MoE-LLaVA has four experts for image
understanding tasks, and we add a separate MoE with two
experts for grounding, initialized from the image understand-
ing MoE in the same decoder layer. The vision encoder
and multi-head attention layers remain frozen, as do the
interleaved decoder layers. We optimize the model with
AdamW [30] using a 2e−5 learning rate, training on four
A6000 GPUs for 1.5 days. The model contains 1.67B train-
able parameters, with 0.8B active. We will release the code
and our synthetic datasets.
Datasets. In addition to SCOUT, we train our model
on two established datasets. We use the RefCOCO
dataset [46], comprising three splits—RefCOCO, Ref-
COCO+, and RefCOCOg—with a total of 128,000 image-
referential expression pairs from COCO2014 [26]. We also
use 108k images from COCO2017, excluding the 6549
unique RefCOCO val/test images to prevent data leakage.
Since COCO provides only object labels and bounding boxes,
we use CogVLM to generate grounded image captions, form-
ing the GIC dataset. TWIST & SCOUT refers to TWIST
trained on REC, GIC, and SCOUT, using 512k samples from
SCOUT unless otherwise specified.

5.1. Object Localization
Setup. We evaluate single-object localization—a core
grounding capability—by comparing TWIST & SCOUT
with PIN [13] and LoRA [17] in Table 1. PIN’s evaluation
requires generating bounding boxes when prompted with
object names. Their evaluation is conducted on subsets of
COCO [26], Pascal VOC (PVOC) [15], and LVIS [16], with
up to three objects per image, totaling 3,582, 2,062, and
6,016 test images, respectively. The mean Intersection over
Union (mIoU) is reported for all bounding boxes, along with
separate scores for medium (32 × 32 to 96 × 96 pixels)
and large (over 96× 96 pixels) objects, quantifying overlap
between predicted and true boxes.
Results. Although TWIST and PIN use different back-
bones—complicating direct comparisons—Table 1 shows
that TWIST & SCOUT outperforms PIN trained on the Open-
Flamingo [3] backbone in single-object localization, improv-
ing mIoU by 22% on PVOC, 32% on COCO, and 39% on
LVIS, particularly excelling with medium objects. Mean-
while, fine-tuning MoE-LLaVA via LoRA underperforms
across all datasets, reinforcing the need for our approach.
Notably, TWIST’s improvement over its LoRA counterpart
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PVOC≤3 Objects COCO≤3 Objects LVIS≤3 Objects

Method Model mIoU mIoUM mIoUL mIoU mIoUM mIoUL mIoU mIoUM mIoUL

PIN OpenFlamingo 0.45 0.27 0.62 0.35 0.26 0.59 0.26 0.24 0.61
LoRA OpenFlamingo 0.44 0.26 0.62 0.33 0.23 0.58 0.23 0.19 0.55
LoRA MoE-LLaVA 0.43 0.21 0.65 0.36 0.29 0.60 0.24 0.21 0.62
TWIST & SCOUT MoE-LLaVA 0.68 0.58 0.81 0.66 0.57 0.78 0.65 0.55 0.76

Table 1. Object localization comparison with PIN [13] and LoRA [17] on three benchmarks. TWIST consistently outperforms PIN across
various datasets and metrics. Although PIN and TWIST use different backbones, making direct comparisons tricky, the LoRA variants
peform on par, but TWIST shows a much larger improvement over its LoRA variant compared to PIN.

exceeds that of PIN over its own LoRA variant, demonstrat-
ing TWIST’s superior adaptability to new grounding tasks
without erasing pre-trained vision-language expertise.

5.2. Visual Grounding

Setup. We compare our models to existing literature on the
following two types of visual grounding tasks:
▷ Grounded Image Captioning. Grounded image caption-
ing extends object detection by requiring models to rec-
ognize and localize objects within free-form text. Unlike
standard detection tasks with predefined categories, this task
generates structured outputs while aligning textual and vi-
sual elements. The lack of a standard evaluation protocol
complicates model comparisons. To address this, we propose
a protocol that maps object names from different MLLMs
to COCO class labels using a sentence transformer [35]
(Figure 1 (c)). We then evaluate models with COCO-style
metrics, leveraging standardized annotations for consistency
and fairness.
▷ Referential Expression Comprehension. Referential
expression comprehension (REC) focuses on identifying a
single object in an image based on a descriptive query. We
evaluate this task using the RefCOCO [46] dataset, where
models must accurately localize the target object given nat-
ural language descriptions which requires a deeper under-
standing of contextual relationships.
Results. Table 2 compares models on referential expres-
sion comprehension (REC) and grounded image captioning
(GIC), highlighting their strengths and limitations. For REC,
Grounding DINO [29] achieves the highest accuracy (green),
as expected for a specialized object detector, while Ferret-
7B [45] and Shikra-7B [6] perform competitively (orange)
due to large-scale pre-training. TWIST & SCOUT remains
on par, showing that fine-tuning preserves strong grounding
capabilities, whereas PIN underperforms (red), revealing the
limitations of its synthetic training. For GIC, Grounding
DINO fails entirely (red) due to its lack of language capa-
bilities. TWIST & SCOUT achieves the best performance
(green), surpassing Ferret-7B by 2.2 AP50, reinforcing the
advantage of fine-tuning VLMs for multi-object grounding.
While Ferret-7B and Shikra-7B perform well (orange), they
still fall short, showing that pre-training alone is insufficient

for mastering both spatial and semantic reasoning. Check
Table A.3 and A.4 in Appendix for full comparison.

These results confirm our core hypothesis: models trained
for one task struggle with another. Grounding DINO excels
in REC but fails in GIC, while Ferret-7B and Shikra-7B per-
form moderately in both but do not surpass our fine-tuned ap-
proach. TWIST & SCOUT bridges this gap, adding ground-
ing abilities to MLLMs while preserving vision-language
understanding—without full retraining.

5.3. Image Understanding
Setup. An appealing characteristic of TWIST & SCOUT
is its ability to retain image understanding capabilities even
after fine-tuning for grounding tasks.
Results. As shown in Table 3, our approach matches the
performance of MoE-LLaVA (our base) and is better than
much larger models like LLaVA-phi2 [28], despite being
nearly ten times smaller. The reported numbers, except
for MME, reflect accuracy scores, while MME represents a
cumulative perception score with a maximum value of 2000.

5.4. Ablations
Component ablation. Table 4 breaks down the contribution
of each component in TWIST & SCOUT. Without TWIST,
the model completely lacks image understanding, as re-
flected in the 0 MM-Vet score. Introducing TWIST restores
image understanding (34.3 MM-Vet) while slightly improv-
ing grounding performance (+0.8 in RefCOCO, +1.8 in
COCO), indicating that retaining pre-trained knowledge ben-
efits grounding to some extent. Adding SCOUT further
enhances grounding, boosting RefCOCO by 1.3 and COCO
by 2.3, confirming its role in improving spatial reasoning. Fi-
nally, applying step-wise loss leads to the best performance,
particularly on COCO (+1.3), showing that structured learn-
ing helps integrate SCOUT’s knowledge more effectively.

Beyond these components, we analyze the impact of α-
gating, which facilitates knowledge transfer from image
understanding to grounding. Instead of learning a standalone
grounding module, α controls how much pre-trained fea-
tures are reused, ensuring the grounding module learns delta
features rather than redundant representations. Replacing the
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RefCOCO GIC

Method Parameters Type val test-A test-B AP AP50 APL

Shikra-7B [6] 7.0B pre-trained 87.0 90.6 80.2 13.2 46.8 16.7
Grounding DINO [29] 172M pre-trained 90.6 93.2 88.2 0 0 0
Ferret-7B [45] 7.0B pre-trained 87.5 91.3 82.4 13.9 47.1 17.4

PIN [13] 1.2M fine-tuned n.a. 26.4 n.a. 0 0 0
TWIST & SCOUT 1.6B fine-tuned 87.2 90.2 80.3 15.0 49.3 19.1

Table 2. Visual grounding. Object detectors like Grounding DINO excel in REC but fail in GIC, while pre-trained models like Ferret-7B and
Shikra-7B perform moderately in both. TWIST & SCOUT bridges this gap, achieving the best GIC performance while maintaining strong
REC results, demonstrating the benefit of incremental fine-tuning over full retraining. Note that red indicates failure, orange represents
moderate performance, and green highlights the best performance.

Image Question Answering Benchmark Toolkit

Method Parameters GQA SQA1 VQAT POPE MME LLaVAW MM-Vet

PIN [13] 1.2M n.a. n.a. n.a. n.a. n.a. n.a. n.a.
LLaVA-phi2 13.0B – 68.4 48.6 85.0 1335.1 – 28.9
MoE-LLaVA-phi2 (our base) 3.6B 61.4 68.5 51.4 86.3 1423.0 94.1 34.3
TWIST & SCOUT 1.6B 61.4 68.5 51.4 86.3 1423.0 94.1 34.3

Table 3. Image understanding comparison. We retain the image understanding abilities of our base model (MoE-LLaVA) through the
twin-expert step-wise tuning framework, while PIN fails in image understanding tasks. Note that “n.a.” denotes that the corresponding
method is inherently incapable of performing the specified task and “–” means the numbers are not reported by the baselines.

TWIST SCOUT Step-wise MM-Vet RefCOCO COCO
× × × 0 84.8 9.6
✓ × × 34.3 85.6 11.4
✓ ✓ × 34.3 86.9 13.7
✓ ✓ ✓ 34.3 87.2 15.0

Table 4. Component ablation. TWIST preserves image under-
standing (MM-Vet), SCOUT enhances grounding abilities, and the
step-wise loss simplifies SCOUT, making grounding easier to learn.

learned α=0.31 with α=0 disrupts this transfer, dropping
model performance from 15 mAP to 0, confirming its neces-
sity. These results validate our approach: TWIST ensures
knowledge retention, SCOUT enhances grounding, stepwise
tuning refines learning efficiency, and α-gating enables ef-
fective feature reuse across tasks.
Fine-tuning challenges. We analyze the limitations of stan-
dard fine-tuning strategies in Table 5. Adapting a pre-trained
MLLM for both image understanding and grounding is
challenging—training on LLaVA-mix-665k (GQA, SQA,
VQA) preserves image understanding but prevents ground-
ing, while training on SCOUT erases image understanding,
causing the model to generate bounding boxes instead of
textual answers. Even training on both datasets together
remains suboptimal, as the model struggles to balance both
tasks. This issue worsens when adding a dataset with a
domain shift. To test this, we train MoE-LLaVA in a multi-
task setting using both VQA-RAD [21], a biomedical VQA
dataset, and LLaVA-mix-665k simultaneously. As shown in

Table 6, MoE-LLaVA suffers a drop across all tasks, failing
to generalize between biomedical reasoning and standard vi-
sual question answering. In contrast, TWIST & SCOUT fine-
tunes each module separately while preserving pre-trained
knowledge, maintaining strong performance across all tasks.
These results show that standard fine-tuning struggles to
integrate new abilities without degrading existing ones, es-
pecially with domain shifts. TWIST & SCOUT overcomes
this by retaining image understanding while incorporating
domain-specific reasoning, demonstrating the benefits of a
modular, task-adaptive fine-tuning strategy.

Effect of number of experts. Table 7 examines the impact
of varying experts in the grounding MoE module, evaluated
on RefCOCO and RefCOCO+ test-A and test-B splits. A sin-
gle expert (equivalent to a simple MLP) underperforms com-
pared to multiple experts, reinforcing our choice of MoEs for
flexible parameter allocation to meet grounding tasks’ com-
putational demands. Increasing experts from 1 to 2 yields
substantial gains, validating the need for multiple experts.
However, increasing from 2 to 4 provides only marginal
improvements while doubling trainable parameters, making
it inefficient. Thus, we adopt the 2-expert configuration for
the best balance of performance and efficiency.

Backbone ablation. We assess TWIST’s flexibility by
testing different backbones, as shown in Table 8. While
TWIST is built on MoE-LLaVA, replacing it with LLaVA
still enables effective grounding, achieving 85.7 test-A /
77.2 test-B on RefCOCO and 81.9 test-A / 63.8 test-B on
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Datasets Question Answering Visual Grounding

Method LLaVA-mix-665k SCOUT GQA SQA VQAT AP AP50 APL

MoE-LLaVA
✓ × 61.4 68.5 51.4 0 0 0
✓ ✓ 53.1 56.9 46.3 8.1 32.6 10.3
× ✓ 0 0 0 10.7 35.2 12.9

TWIST × ✓ 61.4 68.5 51.4 15.0 49.3 19.1

Table 5. Fine-tuning challenges for image understanding and grounding tasks. Fine-tuning on one task leads to catastrophic forgetting
of the other, while joint fine-tuning remains suboptimal. TWIST & SCOUT preserves both abilities effectively.

Methods VQAT VQA-RAD

MoE-LLaVA 31.7 28.5
TWIST 51.4 63.1

Table 6. Fine-tuning with domain shift. Adding the biomedical
VQA-RAD degrades MoE-LLaVA’s performance, while TWIST &
SCOUT maintains strong results across all tasks.

RefCOCO RefCOCO+

Experts Parameters test-A test-B test-A test-B

1 0.8B 79.8 71.6 78.4 60.2
2 1.6B 90.2 80.3 87.7 71.9
4 3.3B 90.3 80.5 88.0 72.1

Table 7. Effect of number of experts. A single expert (MLP)
underperforms, validating the need for MoEs. Two experts match
four in performance while using half the parameters.

RefCOCO+. Though MoE-LLaVA performs better due to
its expert-based design, these results confirm that TWIST
is a general framework adaptable to different base models
without being architecture-specific.

RefCOCO RefCOCO+

Methods test-A test-B test-A test-B

LLaVA 85.7 77.2 81.9 63.8
MoE-LLaVA 90.2 80.3 87.7 71.9

Table 8. Backbone ablation. TWIST generalizes across backbones,
enabling grounding when replacing MoE-LLaVA with LLaVA.

Impact of fine-tuning datasets. Table 9 shows the effect
of different fine-tuning datasets on TWIST’s performance.
Using only Visual Genome (VG) degrades performance
(AP: 9.2, AP50: 38.5) due to its noisy annotations. Adding
SCOUT improves results (AP: 12.7, AP50: 44.1), while
training exclusively on SCOUT yields the best performance
(AP: 15.0, AP50: 49.3). This highlights the importance of
high-quality, visually grounded data, with SCOUT providing

a cleaner, more informative signal than VG.

Dataset Type COCO

VG SCOUT AP AP50

✓ × 9.2 38.5
✓ ✓ 12.7 44.1
× ✓ 15.0 49.3

Table 9. Impact of fine-tuning datasets. Adding the visual
genome (VG) dataset degrades performance due to noisy labels,
while incorporating SCOUT enhances grounding effectiveness.

Scaling properties of SCOUT. We assess SCOUT’s impact
on localization by varying dataset size from 64k to 3M sam-
ples, as shown in Table 10. TWIST’s performance improves
steadily, particularly up to 1M samples, after which gains
plateau. This saturation occurs because SCOUT inherits
CogVLM’s 3-object-per-image limitation, meaning that be-
yond 512k samples, additional data increases quantity but
not diversity in grounding information. Thus, further scaling
becomes ineffective, emphasizing dataset quality over sheer
volume for improving grounding performance.

Datasets 64k 128k 256k 512k 1M 3M

PVOC 0.21 0.34 0.59 0.68 0.69 0.69
LVIS 0.20 0.38 0.61 0.65 0.67 0.67
COCO 0.10 0.12 0.13 0.14 0.15 0.15

Table 10. Scaling properties of SCOUT on localization tasks,
showing improvements until saturation at 1M samples.

6. Conclusion
We propose TWIST, a fine-tuning framework that equips pre-
trained MLLMs with visual grounding while preserving their
image understanding capabilities. By leveraging SCOUT, a
high-quality synthetic dataset, our approach enables effective
grounding without full model retraining. Through rigorous
evaluation, we demonstrate TWIST & SCOUT’s ability to
enhance multimodal reasoning and localization, providing a
scalable solution for integrating new skills into MLLMs.
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