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Abstract. Unified Multimodal Models (UMMs) integrate image under-
standing and generation within a single architecture, yet how the two
tasks interact remains understudied. We investigate transferability in
UMMs: whether training a capability on one task improves the same
capability on the other without explicit supervision. Through controlled
experiments, we empirically find that transferability depends on archi-
tecture—models with fully shared transformer backbone and a unified
visual encoder exhibit consistent cross-task transfer, while loosely cou-
pled designs show little or none. Leveraging this transferability, we pro-
pose a practical training strategy. The most straightforward way to im-
prove a target generative capability (e.g ., counting) is to fine-tune gen-
eration directly, but this can degrade visual quality due to distribution
shift. Instead, we train the corresponding understanding task and let
it transfer into generation, which improves capability-specific genera-
tive performance while minimizing distribution shift. We validate this
across three capabilities—counting, spatial relation, and text recogni-
tion/generation—showing that cross-task transferability can be system-
atically exploited in UMMs.

Keywords: Unified Multimodal Models · Cross-Task Transferability ·
Image Understanding · Image Generation

1 Introduction

Propelled by the success of Large Language Models (LLMs) [3,33,62,79], Vision-
Language Models (VLMs) [5, 16, 20, 37, 54, 101] have achieved significant break-
throughs in image understanding. Concurrently, diffusion-based generative mod-
els [10,65,67] have driven tremendous advancements in image generation. Despite
their profound progress, these two domains have mostly evolved in isolation. This
historical separation has recently motivated the development of Unified Multi-
modal Models (UMMs) [13,15,18,21,93,94], which integrate both tasks—image
understanding and generation—within a single architecture. While recent UMMs
demonstrate that such unification can achieve performance comparable to spe-
cialized experts for each task, it remains fundamentally unclear how the two
tasks interact once they are trained within a single model.

* Equal contribution.
† Co-corresponding author.
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Several recent studies [24, 52, 90, 95] have investigated interactions between
image understanding and generation, arguing that understanding can improve
generation and vice versa. However, existing analyses typically examine these
interactions through aggregate performance changes on general benchmarks [30,
34,51,102] (e.g ., adding generation training improves understanding benchmark
scores). While such results provide useful high-level observations, relying on
broad benchmark improvements makes it difficult to determine whether the ob-
served gains stem from genuine cross-task knowledge transfer or merely from
indirect factors such as additional data or regularization effects.

We address this gap by studying a more direct and actionable signal of cross-
task interaction: transferability. Instead of inferring interaction from aggregate
benchmark gains, we examine whether training a given capability (e.g ., counting)
in one task (understanding or generation) reliably improves the same capability
in the other task, under controlled interventions. Through a series of experiments,
we find that such cross-task transferability emerges in current UMMs, and this
study leads to two key findings: (i) the existence and strength of transferability
vary across models, empirically revealing a dependency on architectural design;
(ii) when transfer is present, it can be exploited as a practical mechanism to
improve targeted generative capabilities by training on the corresponding un-
derstanding task.

Specifically, we begin with a controlled analysis on architecture using counting
as a probe task. Across several representative open-source UMMs [13,15,21,93],
we empirically observe that transferability depends on architectural design. In
particular, models that employ a fully shared transformer backbone along with
a unified visual encoder [93] exhibit consistently the strongest transfer between
tasks, whereas architectures that leverage a separate backbone or an image en-
coder [13,15] show little or no transfer. These results suggest that the degree of
representation sharing may play an important role in enabling cross-task capa-
bility transfer.

Using the architecture with the strongest transfer, our next step is to in-
vestigate whether transferability can be utilized as a practical mechanism for
enhancing generative capabilities. While directly fine-tuning with a generation
objective may be the most straightforward approach to acquire a specific ca-
pability, it carries the risk of inducing a distribution shift [12, 47, 59] that may
degrade overall visual quality. Instead, we find that training on the correspond-
ing understanding task can effectively introduce the capability into generation
through transfer, minimizing the distribution shift. Extensive experiments across
multiple visual capabilities, including counting, spatial relation, and text recog-
nition/generation, confirm that cross-task transfer can consistently improve gen-
eration performance on specific capabilities while preserving general multimodal
understanding ability and generative quality.

Our contributions are summarized as follows:

– We introduce transferability as a tool for analyzing cross-task interactions
in Unified Multimodal Models, and show that capabilities learned in under-
standing or generation can be transferred to the other task.
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– Through controlled experiments, we empirically demonstrate that transfer-
ability depends on architectural design, emerging most clearly in models with
fully shared transformer backbones with a unified visual encoder.

– We show that transferability can be leveraged as a practical strategy for im-
proving targeted generative capabilities while avoiding degradation of origi-
nal multimodal understanding ability or generative quality, and validate this
approach across counting, spatial relation, and text recognition/generation
tasks.

2 Related Work

2.1 Image Understanding and Generation in UMMs

The success of large language models [3, 33, 62, 79] has catalyzed the exten-
sion of language modeling into the multimodal domain. Vision-Language Models
(VLMs) [5, 16, 20, 37, 54] enable strong image understanding by pairing a visual
encoder with an LLM. More recently, Unified Multimodal Models (UMMs) have
pushed this paradigm further by incorporating image generation alongside un-
derstanding within a single model [13,21,76,88,93].

Visual representations. A key design axis in UMMs is the choice of visual
representation for encoding input images. One line of work adopts language-
supervised encoders such as CLIP [66] and SigLIP [80, 103], whose represen-
tations are aligned with text and thus preserve high-level semantics amenable
to reasoning. A complementary line leverages autoencoders [6] which are typi-
cally employed for image generation. These autoencoders, which prioritize pixel-
level reconstruction fidelity, are usually trained with variational objectives [43]
for continuous representation [10, 25, 45, 65, 67] or a vector quantization objec-
tive [81] for discrete representation [26,81]. Analyses in Janus [15,88] and related
works [77] show that language-supervised representations substantially outper-
form compression-oriented tokenizers for understanding tasks, motivating several
UMMs to employ separate encoders for each task.

Generation objectives. Image generation in UMMs follows two main paradigms.
Autoregressive models [15,18,44,76,88,90] employ discrete image tokenizers and
generate image tokens sequentially, directly extending the next-token prediction
framework of LLMs. Diffusion-based models instead learn a denoising objec-
tive [2, 39, 53, 56, 73, 74] and can be further divided into discrete-token diffusion
models [70,93,100] which apply discrete diffusion [4,58,68] over quantized latent
representations, and continuous diffusion models [13, 24, 32, 75, 92, 110] which
operate on continuous latent representations.

Architectural taxonomy of unified multimodal models. Although finer-
grained categorizations are possible [109], we group existing unified models into
three dominant architecture families for our analysis. (1) Single transformer
designs route all modalities through a shared transformer backbone, maximiz-
ing parameter sharing [15, 18, 70, 76, 85, 88, 93, 100]. These models either use
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unified image encoders [70, 76, 85, 93, 100] or separate ones [15, 88] for under-
standing/generation. (2) Mixture-of-Transformers (MoT) designs maintain
modality-specific transformer branches but couple them through joint attention
layers, allowing selective parameter sharing while retaining specialized capac-
ity [21,49,84,87]. (3) Decoupled transformer designs employ separate trans-
formers for language and vision, where the LLM provides conditioning signals
(e.g ., hidden states) that are subsequently fed into a dedicated diffusion module
for generation [13,32,63,75,78].

2.2 Understanding Interactions Between Understanding and
Generation in UMMs

A central question in designing Unified Multimodal Models is whether mul-
timodal understanding and generation genuinely benefit each other within a
shared architecture. Several works report potential synergy, arguing that high-
level semantic representations learned for understanding can improve the se-
mantic fidelity of generation, while fine-grained visual representations acquired
through generation may enhance visual grounding and compositional reason-
ing [44, 52, 89, 90, 93, 97, 106]. On the other hand, research such as UniFork [49]
empirically demonstrates that ideal representations for these two tasks through-
out the network layers are distinct, suggesting that simple parameter sharing can
lead to a representational compromise. This perspective aligns with a broader
trend of decoupled architectures that utilize task-specific branches in higher lay-
ers or separated visual paths to mitigate potential conflicts [15,21,88].

While these studies provide valuable insights into the potential benefits and
trade-offs of joint training, most analyses examine interaction through aggre-
gate performance changes on general benchmarks. For example, prior work of-
ten evaluates whether increasing generation-oriented training improves overall
understanding benchmarks (e.g ., MMMU [102] or POPE [51]), or conversely
whether additional understanding supervision improves generation benchmarks
such as GenEval. Although such evaluations provide useful high-level signals,
they make it difficult to isolate how specific capabilities learned in one modality
influence the other. In contrast, our work investigates cross-task interaction at
the capability level through the lens of transferability. Rather than inferring in-
teraction from aggregate benchmark improvements, we directly examine whether
learning a capability in one modality improves the same capability in the other
modality.

3 Does knowledge transfer emerge in UMMs?

In this section, we investigate cross-task transfer in current open-source UMMs:
(i) whether learning a capability in one task (understanding or generation) im-
proves the same capability in the other, and (ii) whether this transfer depends
on architectural design. To this end, we conduct an analysis using counting as
a probe capability, which provides a clean and quantifiable concept that both
understanding and generation should encode.
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Fig. 1: Architecture of chosen unified multimodal models for cross-task
transferability analysis on counting. (a) Shared Transformer with a unified im-
age encoder. (b) Shared Transformer with separate image encoders for each task (un-
derstanding/generation). (c) Mixture-of-Transformer which uses separate transformers
for understanding and generation but connects each other via joint(multimodal) self-
attention. (d) Separate Transformer where the MLLM transformer provides condition-
ing signals that are fed into a diffusion transformer (DiT).

Train → Test (a) Lumina-DiMOO (b) Janus-Pro (c) BAGEL (d) BLIP3-o
Acc. (%) ↑ MAD ↓ Acc. (%) ↑ MAD ↓ Acc. (%) ↑ MAD ↓ Acc. (%) ↑ MAD ↓

Generation Evaluation
Baseline 48.0 1.11 38.0 1.46 42.0 1.16 31.0 2.08

und → gen 57.0 (+9.0) 0.83 (-0.28) 32.0 (-6.0) 1.55 (+0.09) 47.0 (+5.0) 1.11 (-0.05) 37.0 (+6.0) 1.80 (-0.28)

Understanding Evaluation
Baseline 22.0 2.48 37.0 2.70 63.0 0.65 63.0 0.54

gen → und 30.0 (+8.0) 1.88 (-0.60) 38.0 (+1.0) 3.34 (+0.64) 64.0 (+1.0) 0.62 (-0.03) 62.0 (-1.0) 0.56 (+0.02)

Table 1: Probing cross-task transferability on counting across different
UMM architectures. We conduct two separate fine-tuning experiments and com-
pare them against the baseline. (i) und → gen: training only on understanding and
evaluating on generation. (ii) gen → und : training only on generation and evaluating
on understanding. Acc. denotes exact-match accuracy (%) and MAD denotes mean
absolute deviation from the ground-truth count. Shared transformer models with a
unified visual tokenizer (Lumina-DiMOO) show the strongest transferability in both
directions.

3.1 Experimental setup

Considering the diverse architectural choices introduced in Section 2.1, we select
four representative open-source models: Lumina-DiMOO [93] for (a) Shared
Transformer with unified image encoder, Janus-Pro [15] for (b) Shared
Transformer with separate image encoder, BAGEL [21] for (c) Mixture
of Transformers, and BLIP3-o [13] for (d) Separate Transformer. The
architectural overview of each selected model is illustrated in Figure 1. We select
7B–8B parameter versions of each model.

For each model, we conduct two separate training runs (understanding and
generation) using LoRA-based supervised fine-tuning. We construct training
datasets by filtering PixMo-Points and PixMo-Count [20] to a counting range of
0–20. For understanding, the model learns counting through visual question an-
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Fig. 2: Qualitative results of und → gen transferability across models. For
each prompt, we compare the baseline model with the model trained only on counting
understanding data (und → gen) and evaluated on generation. All images are generated
using the same random seed for fair comparison.

swering, where it answers how many objects appear in an image. For generation,
the model learns counting through text-to-image generation, where it is super-
vised to produce images containing objects whose count matches the prompt. To
get the generation prompts, we use Qwen3-VL [5] to caption the same images
and append object count information to form the generation prompts.

For evaluation, we use two separate protocols. Understanding is evaluated on
the test split of PixMo-Count [20] in a VQA format, where the model is asked to
count target objects in an image and responds with a number. For generation,
we follow the counting protocol from GenEval [34] and construct prompts in the
form "A photo of [NUMBER] [OBJECT]s" with counts ranging from 2 to 10.
Generated images are evaluated using an object detector [17] to verify whether
the number of detected objects matches the specified count. We report both
accuracy and mean absolute deviation (MAD) to capture exact correctness and
proximity to the ground truth.

3.2 Transferability across architectures

Transferability varies across architectures. Table 1 summarizes the results.
The most consistent finding is that knowledge transfer from understanding to
generation, which we term understanding-to-generation transfer (und → gen), is
observed in all models except Janus-Pro [15]. BAGEL [21], Lumina-DiMOO [93],
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and BLIP3-o [13] all show improved generation accuracy and lower MAD when
trained with the understanding objective, indicating that counting capability
acquired through understanding can be transferred to generation. In contrast,
the inverse direction (gen → und) is more selective: only BAGEL and Lumina-
DiMOO show gains in counting understanding from generation training, making
transfer bi-directional in these two models. Among all models, Lumina-DiMOO
shows the strongest effect in both directions, underscoring that transferability
is not uniform across UMM architectures. Qualitative examples illustrating this
behavior are shown in Figure 2.

Which architecture results in the strongest transferability? From an
architectural perspective, we empirically observe that models which employ a
fully shared transformer backbone for both understanding and generation, along
with a unified vision encoder (Figure 1-(a)), such as Lumina-DiMOO [93], ex-
hibit the strongest transferability. This result is consistent with recent empirical
findings that adopting a unified encoder for image understanding and genera-
tion produces synergistic effects in UMMs [89,90]: because a shared transformer
backbone with a unified encoder lets both tasks operate over a shared represen-
tation, knowledge acquired through one objective naturally propagates to the
other, facilitating cross-task transfer. By contrast, architectures that maintain
separate visual pathways for each task offer fewer opportunities for such prop-
agation, which explains the weaker or absent transfer observed in models like
Janus-Pro.

4 Using Transferability to Improve Generative
Capabilities

In this section, we investigate how the transferability that emerged in UMMs can
be practically exploited. In practice, generative models often exhibit weaknesses
in specific capabilities such as spatial relation [14, 29, 36, 55, 64, 86, 91] or object
counting [8, 11, 31, 50]. Generation objectives [2, 39, 53, 56, 73, 74] fundamentally
learn to approximate their training data distribution, so a straightforward way
to inject a specific skill (e.g ., counting) is fine-tuning directly on a skill-focused
dataset with generation objectives. However, fine-tuning pulls the model away
from its original image generation distribution, which can cause a distribution
shift that may degrade generative quality [12,47,59].

This issue is even more pronounced for recent models whose generation dis-
tribution is carefully aligned with human preferences in a final post-training
stage, using SFT over curated high-quality datasets [19, 65] or RL-based meth-
ods [9, 27, 46, 48, 83, 98]. However, direct fine-tuning readily destroys this align-
ment. Workarounds would be either curating a dataset that is simultaneously
high-quality and skill-rich, or repeating the costly post-training alignment after
fine-tuning, neither of which is practical.

We propose a practical alternative that leverages transferability. Rather than
optimizing the generation objective directly, we train the target capability through
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“ a photo of five persons“ 

Baseline und → gen gen → gen 

“ a photo of six dogs” 

Fig. 3: Qualitative comparison of understanding-to-generation transfer (und
→ gen) versus direct generation training (gen → gen) on counting. While
direct generation training (gen → gen) significantly degrades image quality due to
distribution shift, und → gen preserves generation quality while achieving improved
counting accuracy.

Train → Test Acc. (%) ↑ MAD ↓ IS [69] ↑ FID [38] ↓
Baseline 48.0 1.11 16.86 -

und → gen 57.0 (+9.0) 0.83 (-0.28) 17.55 31.47
gen → gen 57.0 (+9.0) 0.91 (-0.20) 15.29 52.51

Table 2: Quantitative comparison of understanding-to-generation transfer
(und → gen) versus direct generation training (gen → gen) on counting.
Using transferability (und → gen) attains task accuracy on par with direct training
(gen → gen) while retaining image quality (IS [69], FID [38]). In contrast, gen → gen
degrades both metrics.

the understanding and let it transfer to generation. This approach enables tar-
geted improvements in generative capabilities while maintaining the overall gen-
eration quality of the model. To study this mechanism, we analyze understanding-
to-generation transfer across three representative tasks, i.e., counting, spatial re-
lation, and text recognition/generation. We conduct the following experiments
on Lumina-DiMOO [93], as its single-transformer design with a unified image
encoder empirically exhibited the strongest cross-task transfer among the UMMs
studied in Section 3. Result on another model [100] sharing the same architecture
is reported in the Appendix.

4.1 Counting

We first revisit the counting generation from this perspective. Table 1 previ-
ously showed that counting exhibits strong transferability from understanding
to generation. To examine whether this transfer can be practically beneficial, we
compare the model trained with the understanding objective (und → gen) with
a model directly trained with the generation objective (gen → gen) in Table 2.
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Surprisingly, the model trained through understanding achieves a lower mean
absolute deviation (MAD) in counting generation. In other words, introducing
counting capability through the understanding leads to more accurate counting
behavior in generation than directly optimizing the generation objective.

The qualitative results in Figure 3 further highlight this difference. When
the model is trained with the generation objective (gen → gen), the narrow
distribution of the dataset causes the model to drift from its original training
distribution, resulting in noticeable degradation of overall image quality. In con-
trast, the model trained via understanding (und → gen) preserves the overall
image quality. To quantify this, we additionally measure distribution shift using
Fréchet Inception Distance (FID) [38] and image quality using Inception Score
(IS) [69] in Table 2. Specifically, FID is computed between the baseline generated
images and those from the trained models. Training directly with the genera-
tion objective (gen → gen) yields a higher FID than und → gen and degrades
IS relative to the baseline, confirming both a larger distribution shift and loss
of generative quality. In contrast, the understanding-based approach (und →
gen) maintains generation quality with lower distribution shift, while improving
counting accuracy, demonstrating that transfer through understanding provides
a more stable way to introduce new capabilities into generation.

4.2 Spatial relation

We next consider a structurally different capability, spatial relation, where the
model must encode the relative layout of objects. Unlike counting, this task
requires capturing compositional relationships between multiple entities. This
allows us to examine whether the transferability observed in counting extends
to more complex relational concepts.

Q: How is the pelican 
positioned with respect to the 
baboon? 

A: The pelican is at the 
bottom-left of the baboon. 

Q: Where is the hognose 
snake located relative to the 
cheetah?  

A: The hognose snake is 
located in the top-left of the 
cheetah. 

Image
s 

Question-answer pair 

Fig. 4: Example of synthetic
dataset for spatial relation.

Experimental setting. We observe that
pretrained models already handle simple spa-
tial relations such as left, right, top, and bot-
tom reasonably well. We therefore focus on
a more challenging setting: diagonal relations
between two objects (e.g ., top-left, top-right,
bottom-right, bottom-left). Since existing spa-
tial reasoning datasets [23,28,40,72,96,99,107]
are difficult to use directly for our purpose—
owing to their limited scale, mismatched spa-
tial complexity, or inconsistent annotation
formats—we construct a synthetic dataset of
200K samples from ImageNet [22]. For each sample, as shown in Figure 4 we
select two class–image pairs and place them on a canvas according to a randomly
sampled diagonal direction. Each sample is paired with a prompt of the form
"[class A] is located in the [direction] of [class B]".

For evaluation, we use the same T2I prompt format as the training data
and follow GenEval [34] protocol. We apply a detection model [17] to localize
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Baseline und → gen gen → gen 

“The truck can be found to the top-left of a baseball bat” 

“The wine glass located in the bottom-right of a kite.“ 

Fig. 5: Qualitative comparison between und → gen and gen → gen on spatial
relation tasks. While generation-only training (gen → gen) significantly degrades im-
age quality reflecting traits of synthetic training data, und → gen preserves generation
quality while achieving improved spatial relation accuracy.

Train → Test Acc. ↑ IS [69] ↑ FID [38] ↓
Baseline 67.0 16.86 -

und → gen 74.0 (+7.0) 17.50 30.95
gen → gen 80.0 (+13.0) 17.41 32.28

Table 3: Quantitative comparison of understanding-to-generation transfer
(und → gen) versus direct generation training (gen → gen) on spatial re-
lation. Both und → gen and gen → gen improve spatial accuracy over the baseline,
with und → gen attaining a substantial gain (+7.0%) from transferred understanding
supervision alone, approaching direct generation training (+13.0%). und → gen also
stays closer to the baseline image distribution (lower FID)

bounding boxes of the two objects and compute the center points of the detected
boxes and verify whether their relative position matches the specified direction.
More details of the dataset construction and evaluation pipeline can be found in
the Appendix.

Results. Table 3 confirms that understanding-to-generation transferability also
holds for spatial relation. The model trained through understanding (und →
gen) achieves higher spatial accuracy than the baseline, showing that relational
knowledge transfers from understanding to generation. Training directly on gen-
eration data (gen → gen) yields slightly higher accuracy but at the cost of a
higher FID. Qualitative results in Figure 5 illustrate this trade-off: gen → gen
drifts toward the training distribution, producing images that resemble cropped
objects pasted onto a canvas rather than natural scenes, whereas und → gen
improves spatial correctness while preserving realistic appearance.
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Baseline und → gen gen → gen 

“FAQ” “World” 

Baseline und → gen gen → gen 

Fig. 7: Qualitative comparison between und → gen and gen → gen on text
generation task. und → gen generates clear and accurate text, preserving rendering
fidelity.

Train → Test WER ↓ CER ↓ Edit Dist. ↓ BLEU ↑ METEOR ↑ F1 ↑

Baseline 0.654 0.362 36.812 0.277 0.403 0.446

und → gen 0.641 (-0.013) 0.351 (-0.011) 35.636 (-1.176) 0.274 (-0.003) 0.410 (+0.007) 0.452 (+0.006)
gen → gen 0.641 (-0.013) 0.367 (+0.005) 37.312 (+0.500) 0.354 (+0.077) 0.533 (+0.130) 0.525 (+0.079)

Table 4: Quantitative comparison of understanding-to-generation transfer
(und → gen) versus direct generation training (gen → gen) on text gener-
ation. We apply an OCR model [1] to the generated images for text extraction and
compute WER, CER, edit distance, BLEU, METEOR, F1 between the extracted text
and the original prompt. und → gen transfer yields improvements in most metrics.

4.3 Text recognition and generation

Fig. 6: Synthetic dataset
for text recognition and
generation.

We next examine text-contained image generation,
where the model must render legible characters with
accurate strokes, spacing, and glyph structure. Un-
like counting or spatial relation, this requires the
model to capture highly localized and fine-grained
visual details. We investigate whether such fine-
grained capabilities can be introduced through un-
derstanding and transferred into generation.

Experimental setting. We find that existing
OCR datasets tend to focus on either too small,
sign-level text in natural scenes [71,82,108] or dense,
full-page documents [61]. Both may be too hard for
models based on discrete image tokenizers, as quan-
tizing such images into discrete tokens discards much of the fine-grained visual
details. Thus, we construct a synthetic dataset of 200K image-text pairs by
rendering Markdown documents into images (Figure 6). Our rendered dataset
provides diverse text content at a moderate difficulty level. For evaluation, we
apply an OCR model [1] to read text from the generated image and compute
five metrics against the original prompt: word error rate (WER) and character
error rate (CER) measure exact correctness at the word and character level.
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Edit Distance captures the minimum number of operations needed to align the
prediction with the ground truth. METEOR [7] and F1 assess partial matches
by accounting for token overlap and ordering. Details of the dataset construction
and evaluation pipeline can be found in the Appendix.

Results. Table 4 summarizes the results. The model trained through under-
standing (und → gen) shows improvements over the baseline on most met-
rics, including WER, CER, Edit Distance, METEOR and F1, confirming that
understanding-to-generation transfer also exists for text generation. The quali-
tative examples in Figure 7 further verify this: the understanding-trained model
produces more legible text compared to the baseline. While direct training with
generation objective (gen → gen) yields larger gains in text accuracy, this comes
at the cost of generation quality. These results together indicate that the transfer-
based approach remains a safer alternative that avoids degrading generative
quality when boosting specific visual capabilities.

5 Discussion

While our experiments demonstrate that understanding-to-generation transfer
can effectively improve generative capabilities, several natural questions remain.
In this section, we further analyze the properties and implications of transferabil-
ity in UMMs. We first investigate whether the reverse direction, i.e., generation-
to-understanding transfer, can also provide meaningful improvements. We then
examine whether jointly training understanding and generation tasks could serve
as an alternative to transfer-based training. Finally, we analyze whether our un-
derstanding training negatively affects general multimodal understanding ability.

5.1 Can generation-to-understanding transfer also be useful?

While the previous section demonstrated that und → gen transfer can be ex-
ploited to improve specific generative capabilities, we observed that the strength
of transferability is not uniform across capabilities. To quantify the strength, we
assume direct (e.g ., generation) training on the same dataset as the upper bound
for transfer (e.g ., und → gen). We then measure transfer strength as the ratio
of the improvement from transfer to that from direct training, with the results
presented in Table 6. We found that for text generation, the transfer strength
of und → gen is overall lower than that of counting and spatial relation. This
raises the question of what factors determine how well a capability transfers.

We hypothesize that the strength of und → gen transfer depends on the
nature of the visual knowledge each capability requires. Counting and spatial re-
lation rely on relatively high-level, structural concepts, such as numerical quan-
tity and relative object layout. Consequently, transferring from understanding
to generation for these tasks does not strictly require pixel-level precision. The
text capability, by contrast, intrinsically demands highly fine-grained visual de-
tails, such as stroke geometry, character spacing, and glyph composition. Such
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Train → Test Counting Spatial Rel. Text Recognition/Generation

Acc. (%) ↑ MAD ↓ Acc. (%) ↑ WER ↓ CER ↓ Edit Dist. ↓ BLEU ↑ METEOR ↑ F1 ↑

Baseline 22.0 2.48 61.0 0.129 0.073 7.464 0.835 0.899 0.885

gen → und 30.0 (+8.0) 1.88 (-0.60) 67.0 (+6.0) 0.118 (-0.011) 0.061 (-0.012) 6.232 (-1.232) 0.845 (+0.010) 0.907 (+0.008) 0.892 (+0.007)
und → und 57.0 (+35.0) 0.89 (-1.59) 89.0 (+28.0) 0.091 (-0.038) 0.042 (-0.031) 4.276 (-3.188) 0.875 (+0.040) 0.928 (+0.029) 0.912 (+0.027)

Table 5: Generation-to-understanding transfer (gen → und) versus direct
understanding training (und → und) on counting, spatial relation, and text
recognition for Lumina-DiMOO. Across all three capabilities, gen → und transfer
consistently improves over the baseline.

Transfer Direction Counting Spatial Rel. Text Recog./Gen.
Acc. MAD Acc. WER METEOR F1

und → gen 100% 140% 53.8% 100% 5.4% 7.6%

gen → und 22.9% 37.7% 21.4% 28.9% 27.6% 25.9%

Table 6: Transfer strength comparison across tasks and directions. Assum-
ing direct training as an upper bound that transfer can achieve, we quantify transfer
strength as the ratio of the improvement obtained by transfer to that obtained by
direct training. For counting and spatial-relation, und → gen transfer is stronger than
gen → und, whereas for text recognition/generation the opposite holds, indicating that
the dominant transfer direction may be capability-dependent.

fine-grained precision is difficult to acquire purely through the understanding
objective [35,41,42,104,105], which often relies on partial or contextual cues to
perform recognition without fully encoding the exact visual details needed for
rendering. This gap between the coarse-grained representations learned through
the understanding objective [60, 90] and the fine-grained precision inherently
required by the text capability explains the weaker und → gen transfer.

This reasoning leads to a natural follow-up question: if text generation re-
quires pixel-level precision, and text recognition fundamentally demands the
same level of detailed visual discrimination, does the reverse transfer direction
(gen → und) work more effectively for such capabilities? Since the generation
objective inherently provides more detailed supervision than the understanding
objective, we expect that learning to generate text forces the model to capture
the fine-grained representations highly beneficial for text recognition.

To investigate this, we extend our evaluation to the remaining capabilities—
text and spatial relation—by reporting the gen → und transfer performance
on Lumina-DiMOO alongside direct training (und → und) for comparison (Ta-
ble 5), and calculate their respective transfer strengths (Table 6). Consistent with
our hypothesis, Table 6 demonstrates that while und → gen transfer remains
stronger for counting and spatial relation, the reverse direction (gen → und)
more robustly improves performance for text capabilities compared to und →
gen. These findings confirm that the dominant direction and strength of transfer-
ability are capability-dependent and governed by the granularity of supervision
required.
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(a) Quantitative results of 𝑢𝑛𝑑 + 𝑔𝑒𝑛	 → 𝑢𝑛𝑑 (b) Quantitative results of 𝑢𝑛𝑑 + 𝑔𝑒𝑛	 → 𝑔𝑒𝑛 

Fig. 8: Trade-off in joint und+gen training. (a) Counting understanding accuracy
and mean absolute deviation (MAD) over training epochs. (b) Counting generation
accuracy and MAD over training epochs. Blue lines denote accuracy and red lines
denote MAD.

5.2 Does joint training lead to stronger transferability?

Throughout this work, we examined transferability in UMMs and showed that
training a capability through one task can improve it in the other task. This
naturally raises the question of whether training both tasks simultaneously leads
to improved performance for both.

To investigate this, we trained Lumina-DiMOO on understanding and gener-
ation jointly (und + gen) for counting. Results shown in Figure 8 indicate that
the two objectives do not improve simultaneously during training. Instead, their
performance exhibits an oscillatory pattern. Understanding accuracy increases
in the first half of training while generation accuracy declines, and the trend
reverses in the latter half. This behavior suggests that the presence of trans-
ferability does not necessarily translate into consistent gains when the two are
optimized simultaneously.

One possible explanation is that understanding and generation require dif-
ferent alignment patterns within the network, which may lead to conflicting
optimization signals during joint training, as suggested by [49]. At the same
time, our experimental setting may limit how clearly synergy can be observed.
We conduct our experiments as post-training on a pretrained model whose ca-
pabilities are already largely established, which may lead to different training
dynamics from those that arise during large-scale pre-training. In addition, the
joint training uses the same concept-focused dataset constructed for the indi-
vidual experiments in Section 3, where each image-text pair is tightly aligned
around counting. Such paired data distributions are uncommon in typical mul-
timodal pre-training corpora and may introduce an unfamiliar training configu-
ration when the two objectives are optimized together. Distinguishing between
these possibilities is difficult within the scope of post-training experiments and
therefore remains an open question.

5.3 Does understanding training harm general multimodal ability?

A potential concern of capability injection through understanding training is
that it may negatively affect the model’s overall multimodal ability. Since our
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Train (und) POPE [51] MMBench [57] MMMU [102] MME-P [30]

Baseline 86.7 90.8 57.7 1534
Counting 86.4 90.9 62.0 1492

Spatial Relation 87.3 90.8 61.3 1554
Text recognition 86.7 90.5 61.3 1538

Table 7: Performance on general multimodal benchmarks after
understanding-based training. Despite introducing task-specific capabilities
through understanding training for und → gen transfer, the model’s general multi-
modal understanding remains largely preserved across all benchmarks.

approach introduces additional supervision targeting specific capabilities, one
might expect such training to overfit to the target task or degrade performance
on general multimodal benchmarks.

To examine this, we evaluate the models on several widely used multimodal
understanding benchmarks, including POPE [51], MMBench [57], MMMU [102],
and MME [30]. The results are summarized in Table 7. Across all benchmarks, we
observe that understanding-based training does not degrade general multimodal
performance. The scores on POPE and MMBench remain nearly unchanged
compared to the baseline model, while performance on MMMU even improves
slightly after capability-focused training. These results suggest that injecting
capabilities through understanding tasks introduces only minimal changes to the
model parameters while preserving the model’s general multimodal knowledge.

6 Conclusion

In this work, we studied cross-task transferability between understanding and
generation in UMMs. Through controlled experiments, we empirically showed
that capabilities transfer between the two tasks and that the strength of this
transfer depends on architectural design. We further exploited this as a practical
strategy: introducing a target capability through understanding, rather than
fine-tuning generation directly, improves capability-specific performance while
preserving overall generative quality. We hope our findings provide new insights
into the interaction between understanding and generation and open promising
directions for post-training in unified multimodal models.
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