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Abstract. Unified models (UMs) combine visual understanding (I2T)
and generation (T2I) in a single framework, alongside broader unimodal
capabilities. We focus on the cross-modal pair T2I and I2T, where cross-
consistency—what a model understands, it should be able to generate—
is a core promise of unification and a practical necessity in applications
that compose both capabilities. Yet, existing benchmarks evaluate them
in isolation: FID/GenEval for T2I; MME/MMBench for I2T. We show
that this gap is consequential: models that score competitively on these
benchmarks can fail severely when their own understanding and gener-
ation are composed, progressively losing core entities, attributes, spa-
tial relations, and counts, resulting in semantic drift. To quantify drift,
we introduce the Semantic Drift Protocol (SDP), inspired by the Tele-
phone Game: starting from a caption or image, we iteratively alternate
I2T and T2I over multiple generations and measure how faithfully se-
mantics are preserved. We propose two complementary metrics: Mean
Cumulative Drift (MCD), an embedding-based measure of overall con-
tent retention across three representation spaces, and Multi-Generation
GenEval (MGG), which extends GenEval’s object-level compliance scor-
ing across generations. To stress-test models beyond COCO-style data,
we create a benchmark of 400 image-text pairs sampled from NoCaps
and DOCCI that emphasizes novel objects and fine-grained descriptions.
Applying SDP to seven recent unified models reveals that drift behavior
varies dramatically and is not predicted by single-pass scores: BAGEL
retains high semantic fidelity over multiple generations, while VILA-U
and Janus variants collapse within five generations, despite comparable
isolated metrics. We identify six recurring failure modes and find that
degradation is typically catastrophic rather than gradual: once a critical
error occurs, subsequent generations compound it. Overall, SDP exposes
failure modes that single-pass benchmarks miss, enabling a more faithful
assessment of unified model reliability. Code and benchmark resources
are available at https://github.com/mollahsabbir/telephone-game-
semantic-drift.
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Fig. 1: (a) Unified models support both T2I and I2T tasks. (b) Telephone Game:
Starting from a textual prompt T (0) describing a suitcase and a banana, a unified
model iteratively alternates between T2I and I2T steps. Semantic drift compounds
across rounds: the suitcase degrades and disappears entirely after I(5), while the single
banana duplicates and proliferates, reaching 14 by T (10). Red text indicates content
that has drifted from the original prompt.

1 Introduction

Multimodal Unified Models (UMs) combine visual understanding and genera-
tion within one framework, enabling unimodal tasks (e.g., text-to-text, image-to-
image) as well as cross-modal tasks (e.g., image-to-text, text-to-image). By shar-
ing representations across modalities, UMs can demonstrate interesting emerg-
ing capabilities such as intelligent photo editing, e.g. BAGEL [8]. Despite rapid
progress, UM evaluation mostly remains fragmented. We study two properties of
unified models: semantic drift and cross-consistency. Semantic drift refers to the
progressive degradation of core scene content (entities, attributes, relations, and
counts) relative to the original input as a model repeatedly composes its own I2T
and T2I steps. Cross-consistency measures whether information inferred in I2T
can also be faithfully realized in T2I (and vice versa). Crucially, these properties
only become visible under composition: small errors in either direction can be
harmless in a single pass yet amplify over repeated I2T ↔T2I alternations.

There are several ways to evaluate a model’s image generation capabilities.
For example, ClipScore [13] uses CLIP to measure semantic alignment of the
prompt with generated images. However, its reliance on embeddings may not
be reflective of human perceptions [10]. Fréchet Inception Distance (FID) [14]
measures the distributional similarity against a reference dataset, but ignores
the generated image’s faithfulness to the input prompt. A model that ignores
the input text and produces high-quality, yet off-prompt images can still score
well [10]. GenEval [10] improves prompt compliance via object- and relation-level
checks using detectors, but it does not assess realism and, like FID, remains a
single-pass measure. A similar limitation holds for image-understanding bench-
marks such as MME, MMBench, POPE, and VQA [2, 9, 17, 19], which evaluate
I2T in isolation without testing unified model’s alignment with T2I. These single-
pass metrics do not assess whether entities, attributes, relations, and counts are
retained under repeated I2T ↔T2I composition. We therefore focus on the cou-
pled I2T/T2I setting, where semantic drift is most consequential in composed
applications.
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Fig. 2: An example of cross-inconsistency in
the BAGEL unified model. Top: In I2T mode,
BAGEL correctly analyzes a chess position and
identifies white as the winning side (✓). Bot-
tom: In T2I mode, when prompted to generate
a chessboard where white is winning, the model
produces a generic board that does not depict a
winning position (✗). This exposes a fundamen-
tal inconsistency: a unified model’s understand-
ing and generation capabilities are not necessar-
ily aligned, even for the same semantic concept.

Much like the popular chil-
dren’s game Telephone Game,
where a whispered message drifts
in meaning as it passes from
person to person, UMs tend to
lose or distort semantic meaning
when cycling between text and
image representations, as shown
in Fig. 1(b). Starting from a tex-
tual prompt, “a suitcase left of
a banana”, the model produces
an image I(1) correctly, which is
then captioned (I2T) to form the
next prompt T (2), and so on. Al-
though each individual step can
look plausible in isolation, seman-
tic drift accumulates across cy-
cles: by generation 5, the image
has changed drastically. Notably,
a model may score well on isolated
single-pass I2T or T2I metrics
while still exhibiting such cross-
modal inconsistencies, which cur-
rent metrics fail to capture. Cross-consistency is illustrated in Fig. 2: even state-
of-the-art models like BAGEL [8] can correctly reason about a chessboard in I2T
(identifying that “the white side wins”), yet fail to generate a faithful T2I image
of the same winning scenario.

These failures suggest that a unified model should maintain a balanced ca-
pability in both visual understanding (I2T) and visual generation (T2I), such
that semantics inferred in one direction remain realizable in the other. Our eval-
uation therefore avoids committing to any single downstream task and instead
probes this coupled behavior directly: we alternately compose I2T and T2I with-
out user intervention, so that small understanding–generation mismatches accu-
mulate into measurable semantic drift. This coupling is implicitly assumed in
multi-step workflows that alternate between describing visual states and synthe-
sizing new ones; SDP isolates whether divergence arises from the model’s own
loop rather than from prompting choices. To address this gap, we evaluate uni-
fied models for (i) single-step cross-consistency and (ii) multi-step semantic drift
under repeated I2T ↔T2I composition. We introduce the Semantic Drift Pro-
tocol (SDP), which generates alternating chains from either text or image and
measures how faithfully semantics are preserved as the chain grows ( Sec. 3).

Our experiments reveal substantial variation in semantic drift behavior across
models. For example, BAGEL [8] maintains strong semantic fidelity across mul-
tiple generation cycles, whereas models like VILA-U [41] and Janus [40] degrade
rapidly, exposing weaker coupling between their visual understanding and visual
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generation capabilities despite competitive single-pass metrics. These findings
underscore the need to move beyond isolated I2T or T2I metrics and toward
evaluations that directly measure cross-consistency.

Our contributions are summarized as follows:

– We formalize the cross-consistency and semantic drift problem, showing that
single-pass metrics cannot expose gaps between a model’s understanding and
generation capabilities.

– We propose the Semantic Drift Protocol (SDP), which jointly evaluates I2T
and T2I over multiple transitions to track semantic preservation and exposes
recurring semantic drift failure modes that emerge during cyclic inference.

– We extend GenEval [10] to a multi-generation setting, which amplifies ob-
servable performance differences between models.

– We conduct a human study to determine cross-consistency in existing models
and provide a comparative ranking.

2 Related Works

Text-to-image (T2I) generation has advanced rapidly with diffusion models such
as DALL·E 2 [26], Imagen [29], and Stable Diffusion [28], while visual under-
standing and captioning progressed from CNN-RNN pipelines [31] to transformer-
based architectures trained at web scale [7, 11,12,18,32].

Fig. 3: (Left) A single model handles both under-
standing and generation. (Middle) The architecture
partially shares weights, with a decoder capable of
generating text and visual features, the latter is
passed to another image generation model. (Right)
Understanding and generation processes are fully
decoupled, using separate models for each task.

Motivated by applications
that compose understanding
and generation, recent work
explores unified models that
support both I2T and T2I
within a single system. Early
efforts such as Chameleon [36]
studied autoregressive mixed-
modal generation, while later
designs vary in objectives
and coupling: Transfusion [45]
combines autoregressive and
diffusion losses; Show-o [42]
uses next-token prediction
for text and masked-token
prediction [4] for images;
VILA-U [41] adopts sepa-
rate text/vision decoders; and
Janus [40]/Janus-Pro [6] de-
couple visual encoders for understanding and generation. Other approaches relax
full sharing, e.g., BLIP3-o [5] adds a dedicated diffusion head, and BAGEL [8]
reports strong unified behavior from large-scale interleaved pretraining.

Because these systems differ in how tightly I2T and T2I are coupled, we
categorize them by parameter sharing ( Fig. 3): (i) shared-weights unified
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models that use a single backbone for both modalities (e.g., BAGEL [8], Show-
o [42], VILA-U [41], Janus [40], Janus-Pro [6]); (ii) partially-shared models
that retain shared representations but delegate generation to specialized modules
(e.g., BLIP3-o [5]); and (iii) decoupled UM that emulate unified behavior by
composing independently trained models, e.g., pairing LLaVA [18] for I2T with
SDXL [25] for T2I.
With the rapid development of MLLMs [15,16,18,32,35], many benchmarks tar-
get understanding: MME [9], MMBench [19], POPE [17], VQA [2] and TLQA [34];
broader reasoning suites include MMMU [44], MM-VET [43], MathVista [20],
VRR-QA [33], and robustness or alignment-focused works such as MMVP [37],
HumaniBench [27], BBQ-V [23], ALM-Bench [38], and VISAGE [22]. For T2I,
common metrics include Inception Score [30], FID [14], and GenEval [10]. How-
ever, most benchmarks evaluate I2T and T2I largely in isolation and in a single
pass; iterative text–image loops are rarely studied systematically. The work in [3]
is closest in spirit, using cycle-consistency to construct preference datasets, but it
considers only a single generation step and does not specifically analyze unified
models. In contrast, our work evaluates how semantics evolve under repeated
composition of I2T and T2I operations. Uni-MMMU [46] takes an important
step toward coupled evaluation by designing bidirectionally linked understand-
ing–generation tasks, but it does not measure how faithfully core scene semantics
are preserved under repeated I2T ↔T2I self-composition, leaving semantic drift
in multi-round unified-model feedback loops largely unquantified.

3 Semantic Drift Evaluation

We propose a cyclic evaluation protocol, SDP, with two metrics for measuring how
well a unified model preserves semantic fidelity when alternating between I2T
and T2I. SDP proposes to evaluate on multi-generation cycles to provide quan-
titative measures of semantic drift. In this setting, we treat the UM as a model
composed of at least two functionalities. Image Generation: UMT2I : T → I,
which synthesizes an image given a textual description. Image Understanding
(I2T): UMI2T : I → T , which generates a textual description from a given im-
age. Here, T denotes the set of text representations (e.g., captions, instructions),
and I denotes the set of all possible image representations.

Let D = {(Ii, Ti)}Ni=1 represent a dataset of N paired samples, where each
Ii ∈ I and each Ti ∈ T is its corresponding caption. A generation step is defined
as the application of either UMT2I or UMI2T to transform an input from one
modality into the other. We define alternating chains of length G starting from
either text or image. Let g ∈ {0, 1, . . . , G} be the generation step index. Then
similar to the chains defined in [3] and as illustrated in Fig. 4, we consider two
experimental setups depending on the initial modality:

– Text-First-Chain: Starting from T (0), each step applies T2I then I2T:

T (0) T2I−−→ I(1)
I2T−−→ T (2) T2I−−→ I(3) · · ·



6 S. Mollah et al.

Fig. 4: Semantic Drift Protocol (SDP). We alternate between text-to-image (T2I) and
image-to-text (I2T) generations in two setups: Text-First-Chain (a) and Image-First-
Chain (b). Blue arrows denote I2T; purple arrows denote T2I; dashed black arrows in-
dicate similarities computed back to the initial input in both same- and cross-modality
directions used for MCD. Across generations, concepts drift despite plausible single steps:
a “red F-450 truck” evolves into a semi-truck with changing attachments and positions;
in the image-first chain, group size inflates and new objects (e.g., a sports ball) appear.
The proposed cyclic evaluation reveals cross-modal concept drift that single-pass met-
rics overlook, enabling direct comparison of unified model’s semantic stability

Here, similarity can be measured from initial text against later texts or
images, giving the modality mappings {text→text, text→ image}.

– Image-First-Chain: Starting from I(0), each step applies I2T then T2I:

I(0)
I2T−−→ T (1) T2I−−→ I(2)

I2T−−→ T (3) · · ·
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Here, similarity can be measured from initial image against later images or
texts, giving the modality mappings {image→ image, image→text}.

Depending on the modality of initial input and the modality considered
for distance calculation, we define a set of modality mappings, ∆ = {text →
text, image→text, text→ image, image→ image}. The intuition for SDP is that a
semantically consistent model will preserve the core meaning of the original con-
tent across many generations of alternating T2I and I2T; a weaker model, on the
other hand will drift away from the original meaning more quickly. To systemat-
ically measure this degradation, in our protocol we propose two distinct metrics.
MCD provides a holistic measure of drift based on embedding similarity. On the
other hand, MGG grounds the evaluation in object-level fidelity by extending the
GenEval benchmark across multiple generations.

3.1 MCD: Mean Cumulative Drift

MCD measures how much meaning a model can retain after multiple T2I and
I2T cycles. To obtain this metric we compare the input with the output of later
generations using embedding based similarity scores. For any dataset that has
text-image pairs, we can construct two separate chains (Text-First and Image-
First chains). Then, for each modality mapping δ ∈ ∆ we obtain a sequence of
similarity scores across the generations. We then average the sequences at every
generation along the entire dataset D,

Sδ(g) =
1

|D|
∑
d∈D

sim
(
inpd, M

(g)
d,δ

)
(1)

where Sδ(g) is the average similarity at generation g for modality mapping δ,
M

(g)
d,δ is the generated text or image at generation g. Here, sim denotes a sim-

ilarity function using one of the embedding models (CLIP, DINO, or MPNet).
To get overall drift, we compute mean across generations Sδ(g),

MCDδ =
1

G

G∑
g=1

(
Sδ(g)

)
, (2)

where MCDδ is a single scalar denoting mean cumulative drift for a given modal-
ity mapping. To compute across all mappings, we compute mean across all
modality mappings to get MCDavg. A higher MCDδ indicates stronger seman-
tic retention across generations (and therefore lower drift), while a lower value
indicates higher drift.

As MCD relies on embedding similarities, the choice of representation back-
bone may influence the measured drift. To reduce dependence on a single rep-
resentation space, we compute drift across multiple embedding spaces rather
than relying on one metric. Specifically, we evaluate drift using MPNet (text-
text), DINO (image-image), and CLIP (cross-modal), which differ in architecture
and training objectives. Further, we examine the effect of representation choices



8 S. Mollah et al.

in Supplementary Secs. 3.2–3.3. Overall, while different embedding spaces may
slightly change the ordering of closely performing models, the overall trends re-
main consistent and align with human judgments, suggesting that SDP captures
semantic degradation beyond representation overlap.

3.2 MGG: Multi-Generation GenEval

To complement embedding-based similarities with object-level fidelity, we fur-
ther extend GenEval [10] to our proposed multi-generation setting. The existing
protocol is designed to assess text-to-image fidelity across multiple dimensions
of quality. These dimensions include single object, two object, counting, colors,
and positions, and attributes binding. For each task, GenEval proposes a diverse
set of prompts such as "a photo of a/an [COLOR] [OBJECT]". Once a model
has generated images for all the prompts, GenEval uses a pre-trained object
detection model to detect and localize objects in the generated images. This
process allows us to calculate the accuracy of the model for each task. An av-
erage of the task level accuracies is then denoted by GenEval overall accuracy.
We build on the existing benchmark by incorporating the rewritten GenEval
prompts (provided in the BLIP3-o [5] repository), adopting the newer OwlV2
object detection model [21], and extending evaluation across multiple genera-
tions. To calculate MGG, we first calculate the GenEval scores for each generation
for all tasks. Then, similar to GenEval overall accuracy, we compute the tasks
scores to obtain GenEval overall accuracy for each generation. Finally, we av-
erage the generation scores to obtain the MGG score. Higher MGG scores indicate
better ability to produce semantically accurate, context-preserving outputs. We
provide a human audit of detector reliability in the Supplementary Sec. 3.5,
showing that OWLv2 agrees well with human judgments and remains stable
across early and late generations.

3.3 Single-Pass Human Evaluation (Cross-Consistency)

We complement our cyclic analysis with a single-step cross-consistency evalu-
ation to highlight cross-modal fidelity issues, sampling 100 Text-First and 100
Image-First chains from the MCD evaluation set for a total of 200 examples.
Given a ground-truth pair (I, T ), we first generate a caption T (1) = UMI2T(I)
via I2T and an image I(1) = UMT2I(T ) via T2I. We then assess whether T (1)

and I(1) preserve the semantics of (I, T ) along two axes: (a) I → T (1) con-
sistency—does T (1) faithfully describe I? and (b) T → I(1) consistency—does
I(1) depict T? Six human annotators participated in the study; each received a
comparable workload, and every example was evaluated independently by two
different annotators. Using a web interface, annotators provided two judgments
per sample: a three-level fidelity score (Good, Medium, or Poor) and a ranking
of model outputs based on semantic correctness relative to the original input.
To ensure unbiased evaluation and prevent positional bias, model identities were
masked and the output order was randomized for every instance. Each sample
page contained two sections: in the understanding section, annotators rated
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and ranked captions for the input image; in the generation section, they rated
and ranked generated images for the input text prompt. Finally, rather than aver-
aging annotators’ opinions, we keep annotations at the individual level, enabling
consistency analysis while preserving annotators’ distinct perspectives.

4 Evaluations & Findings

For embedding-based semantic drift analysis (MCD), we sample 400 image–text
pairs from two challenging vision-language datasets: 200 pairs from NoCaps [1]
and 200 pairs from DOCCI [24]. We refer to this 400-pair evaluation set as
Nocaps+Docci400. These datasets stress complementary aspects of visual seman-
tics. NoCaps contains novel object categories unseen in COCO and visually com-
plex images, making it useful for testing out-of-domain generalization. DOCCI
emphasizes fine-grained image–text correspondence, with captions covering at-
tributes, spatial relationships, object counts, text rendering, and world knowl-
edge. For object-level multi-generation evaluation (MGG), we use the GenEval pro-
tocol [10] with rewritten GenEval prompts from released evaluation resources [5],
which provide longer descriptive prompts that better match the caption style
produced during cyclic evaluation.

To diagnose where drift occurs, we further evaluate models under controlled
common-vs.-novel and simple-vs.-complex settings, using 80 examples for each
diagnostic subset. For MCD, the common-object subset comes from GenEval-R
single-object prompts with COCO-style categories, while the novel-object subset
uses NoCaps examples containing out-of-domain objects. For MGG, we compare
simple prompts involving single objects and colors with compositional prompts
involving multiple objects, counting, positioning, and attribute binding. These
diagnostic results are reported in Tab. 2 and analyzed separately from the full
benchmark. All full-set, diagnostic, and human-evaluation pairs are included
with the released code. Our primary full-set ranking uses the seven open sys-
tems evaluated consistently across the benchmark; additional small-subset com-
parisons with Emu3 [39] and proprietary models are provided in Supplementary
Sec. 3.1 as diagnostic results rather than part of the primary ranking.

Choosing the generation length G is an important design choice for cyclic
evaluation, as it determines how long semantic drift can accumulate. If G is too
small, drift may not fully manifest; if too large, most models may already have
diverged from the original semantics. Hence, the maximum number of genera-
tions G should be large enough for drift to reliably emerge, but not so large that
the evaluation is dominated by saturated, post-failure trajectories. We set G=20
based on the weakest model in our study (VILA-U), which reaches a near-zero
MGG score by generation 19 in Fig. 6. This choice provides enough horizon to sep-
arate strong and weak models before saturation, and it yields strong agreement
with our human evaluations.
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Position Inconsistency
T(0) (Input): A clear photo of a clock positioned directly below a television mounted on a wall...

Object Inconsistency
T(0) (Input): a photo of a baseball bat

Style Transition
T(0) (Input): A clear photo featuring a horse standing next to a computer keyboard on a flat surface...

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)
Quantity Inconsistency

T(0) (Input): A clear photo featuring four clocks arranged neatly on a plain wall...

Object Hallucinations
T(0) (Input): A high angle view of an old faded street corner. ... orange spray painted word ""ROW"" ... "" FIRE LANE""...

Color Inconsistency
T(0) (Input): A clear photo featuring a yellow suitcase and a brown bus positioned next to each other...

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)

I(1) I(3) I(5) I(7) I(9) I(11) I(13) I(15) I(17) I(19)

Fig. 5: Failure modes during cyclic generation. Starting from the input prompt
T (0), the model repeatedly generates images I(g) through alternating T2I–I2T cycles.
Across generations, semantic information can drift in multiple ways, including spatial
relation errors, object changes, style shifts, count errors, hallucinated scene content,
and color changes. These examples show that drift is not limited to object presence,
but can affect several semantic attributes needed for faithful cyclic generation.

4.1 Semantic Drift Protocol Findings

We observe several qualitative failure patterns in cyclic generation. Fig. 5 illus-
trates six representative ways in which unified models lose information under
alternating T2I ↔ I2T cycles:

1. Position inconsistency, where the spatial relation “clock directly be-
low the television” is gradually ignored; 2. Object misidentification, where a
baseball bat is rendered or re-captioned as a spoon; 3. Style transition, where
the visual style shifts from a realistic photograph to a cartoon-like depiction; 4.
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Quantity inconsistency, where the specified count of four clocks is not pre-
served; 5. Object hallucination, where the scene expands to include a city
environment not present in the prompt; and 6. Color inconsistency, where
the brown bus changes into a yellow bus.

Table 1: Semantic-drift results. BAGEL
performs best on both embedding-based
retention (MCDavg) and object-level multi-
generation preservation (MGG).

Model MCDavg MGG

BAGEL 0.4414 78.2
BLIP3-o 0.3984 62.2
Show-o 0.3691 57.8
Janus-7B 0.3778 52.5
LLaVA+SDXL 0.3298 32.3
Janus-1.3B 0.3470 27.0
VILA-U 0.2829 19.7

The overall model-level evaluation
scores in Tab. 1 show that mod-
els with stronger object-level preser-
vation generally also achieve higher
embedding-based semantic retention
across generations. A notable excep-
tion is the decoupled LLaVA+SDXL
system, which scores relatively well
on MGG but lower on MCDavg, suggest-
ing that it can render specific ob-
jects while losing holistic scene seman-
tics. Across all evaluations, BAGEL
shows the greatest resilience to se-
mantic drift, likely due to its scale,
unified architecture, and diverse inter-
leaved training. Supplementary Sec. 2
provides a complete summary table
with individual MCD components, MCDavg, MGG, and human rankings.

Fig. 6: Several models begin with high
first-generation compliance, but repeated
self-composition causes semantic drift:
BAGEL remains comparatively stable,
while weaker models collapse over later gen-
erations.

Next, we present the empirical re-
sults in Fig. 7, which shows the scores
from Eq. (1) for all four modality
mappings, δ ∈ {text→ text, image→
text, text → image, image → image}.
These scores are later used to com-
pute MCD. Ideally, similarities should
remain nearly constant across gen-
erations. Instead, we observe consis-
tent degradation in semantic fidelity,
with modality-dependent asymme-
tries. Fig. 7(a) compares the origi-
nal caption with text generated in
the Text-First chain. Top-performing
models start with high similarity
(∼0.65–0.70), but only BAGEL main-
tains it relatively well, ending around
0.65. In contrast, VILA-U and Janus
1.3B decline more steeply, with VILA-
U dropping below 0.40, indicating
that its generations quickly lose con-
nection to the original prompt. Fig. 7(b,d) provide a cross-modal view, evaluating
text→ image and image→ text, respectively. In both cases, BAGEL maintains
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a clear lead, while VILA-U drifts severely at later stages. The final-generation
ranking is identical across both plots. Fig. 7(c) measures visual fidelity by com-
paring the original image with generated images in the Image-First chain. While
leading models follow similar trends, Janus 1.3B starts high in the first gener-
ation (0.6) but degrades substantially by the last generation. Overall, models
may perform well initially yet lose context over later generations, a behavior not
reliably captured by conventional single-pass metrics.

(a) text → text (MPNet) (b) text → image (CLIP)

(c) image → image (DINO) (d) image → text (CLIP)

Fig. 7: Similarity scores Sδ(g) computed using Eq. (1) across generations. Panels (a,b)
show Text-First chains, while panels (c,d) show Image-First chains. Lower scores indi-
cate greater semantic drift, and legend values report the average score across genera-
tions for each modality mapping.

Fig. 6 shows that while initial MGG scores are high, they can mask differences
between models. For instance, BAGEL produces more faithful generations than
Show-o even with similar initial scores, a divergence that only becomes numer-
ically apparent in later generations as semantic drift occurs. This underscores
that cyclic evaluation reveals quality differences that single-pass metrics ob-
scure. Furthermore, performance collapses dramatically on compositional tasks
like positioning and attribute binding (this trend is shown in the per-task MGG
breakdown in Supplementary Sec. 3.6), suggesting this weakness is a main cause
of semantic drift.
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Table 2: Common/novel columns report MCD,
while simple/complex columns report MGG. Models
degrade more sharply on compositional constraints
than on simpler contexts, indicating that drift is
driven largely by loss of structured semantics.

MCD MGG

Model Common Novel Simple Complex

BAGEL 0.3178 0.2969 92.4 75.9
BLIP3-o 0.3293 0.2897 87.2 49.5
Show-o 0.3152 0.2853 89.8 43.4
Janus-7B 0.3041 0.2776 55.0 14.9
LLaVA+SDXL 0.2453 0.2554 70.2 14.0
Janus-1.3B 0.2833 0.2675 78.9 39.6
VILA-U 0.2600 0.2540 49.5 8.6

Table 3: Average rank for under-
standing fidelity (I2T) and gen-
eration fidelity (T2I): 1 indicates
the best-ranked model and 7 the
worst among the models.

Model I2T ↓ T2I ↓

BAGEL 2.65 1.63
BLIP3-o 3.34 4.51
Show-o 5.04 4.01
Janus-7B 3.41 2.88
LLaVA+SDXL 4.81 4.20
Janus-1.3B 4.06 5.12
VILA-U 4.70 5.65

Tab. 2 shows where drift is most severe. Models retain simple semantics
more reliably, while complex constraints degrade much faster. The large simple–
complex MGG gap shows that drift comes not only from losing objects, but also
from failing to preserve counts, spatial relations, and attribute bindings. The
common-vs.-novel MCD split shows a similar pattern: models stable on common
objects also tend to be stable on novel objects. These findings suggest that drift
is often catastrophic: once a critical mistake occurs (e.g., the brown bus turning
yellow in Fig. 5), the original semantic content is effectively unrecoverable. Sup-
plementary Sec. 3.7 quantifies this with a survival-style semantic-collapse anal-
ysis, reporting when each semantic property is first lost. After such loss, later
generations mostly compound the error, and scores quickly saturate—especially
for weaker models—indicating that the chain has already diverged. While sec-
ondary details may still erode, the metric largely plateaus once core entities,
attributes, relations, or counts are compromised. To verify that these trends are
not tied to a particular embedding choice, we also report CLIP-based text→text
and image→image drift in Supplementary Sec. 3.2, and a Show-o representation-
backbone ablation in Supplementary Sec. 3.3.

4.2 Human Evaluation Results

We summarize human preferences in Tab. 3, where rankings are averaged across
samples separately for understanding and generation, and lower values indicate
stronger preference. Here, BAGEL receives the best generation ranking and re-
mains among the strongest models for understanding, while weaker automated
scores generally correspond to worse human rankings. Additional qualitative ex-
amples of each cross-inconsistency type are included in Supplementary Sec. 4.
We then compare these human rankings with our automated metrics to assess
whether MCD and MGG reflect human-perceived semantic fidelity. Fig. 8(a,b) shows
that MCDavg correlates strongly with human rankings, with Pearson correlations
of r = −0.818 for T2I and r = −0.833 for I2T. Fig. 8(c,d) compares GenEval and
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MGG against human rankings for image generation. GenEval obtains a Pearson
correlation of r = −0.753, while MGG shows stronger agreement at r = −0.821,
suggesting that multi-generation evaluation better captures human-perceived
generation quality.

(a) MCDavg vs. generation ranking (b) MCDavg vs. understanding ranking

(c) GenEval vs. generation ranking (d) MGG vs. generation ranking

Fig. 8: Correlation between automated metrics and human judgments. Each
point is a model, and lower human ranking is better. Both MCD and MGG align well with
human preferences, supporting their use as proxies for semantic drift.

Beyond ranking, human evaluation further confirms that cross-consistency
failures are asymmetric across modalities. We consider a model consistent when
the caption and generated image for the same (I, T ) pair receive the same fi-
delity rating (e.g., Good); otherwise, the mismatch indicates inconsistency and
reveals which failure type is more prevalent. As shown in Fig. 9, most unified
models perform better in image understanding than generation, leading primar-
ily to Poor-Generation/Good-Understanding cross-inconsistency. BAGEL shows
the strongest cross-consistency in Fig. 9(c), with fewer mismatches between un-
derstanding and generation fidelity.
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Fig. 9: Human evaluation of cross-consistency. First two plots show the percentage of
samples (y-axis) rated with a fidelity score (color) for different models. We see that
most models gain a high proportion of Poor fidelity score in image generation, whereas
understanding is comparatively balanced, with BAGEL mostly getting Medium or
better. The third plot illustrates a finer look at the responses for the BAGEL model.
For BAGEL, only 7% of samples show Good-Understanding/Poor-Generation incon-
sistency, while 5.9% show Good-Generation/Poor-Understanding inconsistency, indi-
cating stronger cross-consistency than other models.

5 Conclusion

We introduced the Semantic Drift Protocol (SDP), a cyclic evaluation framework
that alternates image-to-text (I2T) and text-to-image (T2I) to measure how
unified models preserve meaning over repeated modality shifts. By combining
embedding-based metrics (MCD) and object-level fidelity (MGG), SDP reveals se-
mantic degradation that single-pass evaluations often fail to capture. Evaluating
seven recent models on the sampled Nocaps+Docci400 benchmark shows sub-
stantial variability: BAGEL maintains the strongest cross-modal stability, VILA-
U and Janus variants drift quickly, and Show-o, while not always leading initially,
degrades more gracefully across generations. Human evaluations confirm these
findings, showing that automated metrics like MCD strongly align with human
judgments. These results demonstrate that single-pass benchmarks can over-
state robustness, whereas our cyclic evaluation validated by human judgment
reveals hidden inconsistencies between image understanding and image gener-
ation. These findings highlight the importance of cyclic evaluation for reliably
assessing unified multimodal models.
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