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ABSTRACT

Evaluating text-to-image generation models remains a significant challenge due to
the limitations of current static metrics, which fail to adaptively decompose com-
plex prompts into measurable sub-tasks, resulting in coarse-grained assessments
that overlook subtle failures in attribute binding, compositional logic, and contex-
tual nuance. While benchmarks like DrawBench and PartiPrompts rely on holistic
metrics (e.g., CLIPScore, FID) and GenEval employs predefined object detectors,
these approaches lack the granularity to isolate and score nuanced errors. Inspired
by human evaluators who implicitly decompose prompts into rubrics before as-
sessment, we propose Rubric-Driven Chain-of-Evaluation (RCE), a novel two-
stage zero-shot framework that dynamically generates task-specific evaluation cri-
teria from the input prompt itself. RCE first prompts a vision-language model
(VLM) to decompose the prompt into a weighted rubric of measurable criteria
(e.g., for ”a red cube atop a blue sphere in neon lighting”, criteria include color
verification and spatial relationships), then chains this rubric with the generated
image for fine-grained VLM evaluation, producing binary judgments, concrete
evidence, and confidence scores per criterion. We validate RCE on 1,000 prompt-
image pairs from COCO and DrawBench, demonstrating superior performance
over CLIPScore, GenEval, and naive VLM scoring in fine-grained failure detec-
tion recall (e.g., detecting 83% of human-identified attribute errors vs. 42% for
baselines) and Spearman correlation with human judgments (= 0.78 vs. 0.51).
Our method’s self-adaptive rubric generation and interpretable evidence chains
address critical gaps in text-to-image evaluation, enabling precise diagnosis of
model failures beyond the capabilities of fixed protocols.

1 INTRODUCTION

The rapid advancement of text-to-image (T2I) generation models has created an urgent need for
robust evaluation methods that can accurately assess their alignment with complex prompts. While
modern T2I systems like Stable Diffusion and DALL-E 3 demonstrate impressive capabilities in
generating visually coherent images, their performance on nuanced compositional tasks involving
attribute binding, spatial relationships, and contextual understanding remains difficult to quantify
Chen et al. (2024). Current evaluation paradigms suffer from critical limitations: static metrics like
CLIPScore Ghosh et al. (2023a) and FID provide only coarse-grained assessments, while bench-
marks such as DrawBench Yarom et al. (2023) and PartiPrompts rely on holistic judgments that fail
to isolate specific failure modes.

The Granularity Challenge. Evaluating T2I generation is fundamentally harder than traditional
computer vision tasks because it requires assessing both visual fidelity and semantic alignment
across multiple interdependent dimensions. As shown in Tan et al. (2024), even state-of-the-art
models frequently make subtle errors in color attribution (”a red cube” → blue cube), spatial logic
(”atop” → beside), or contextual details (”neon lighting” → natural light) that current metrics of-
ten miss. GenEval Ghosh et al. (2023a) introduced object detectors for limited attributes but lacks
adaptability to novel compositional concepts. Vision-language models (VLMs) like GPT-4V show
promise when prompted naively (”Score alignment 1-10”), but their judgments tend to be unreliable
and uninterpretable Liu et al. (2024).
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Human Evaluation Insights. Our analysis of professional T2I evaluators reveals they employ
a systematic rubric decomposition process: first breaking prompts into verifiable sub-tasks (e.g.,
”verify cube color → red”, ”check sphere position → below cube”), then scoring each criterion
separately before aggregating results. This contrasts sharply with automated methods that assess
alignment holistically, losing diagnostic precision. The gap between human and machine evaluation
approaches motivates our key insight: adaptive rubric generation can bridge this divide by making
implicit evaluation criteria explicit and measurable.

We present Rubric-Driven Chain-of-Evaluation (RCE), a novel two-stage framework that:

• Dynamically decomposes input prompts into weighted verification criteria using VLMs
(Stage 1)

• Chains these criteria with generated images for fine-grained, interpretable assessment
(Stage 2)

RCE produces not just aggregate scores but evidenced judgments per criterion (success/fail, con-
fidence, visual proof), enabling precise failure diagnosis. For the prompt ”a red cube atop a blue
sphere in neon lighting”, RCE might generate a rubric with criteria like:

• Cube color dominance (weight: 5) → FAIL (blue, not red; conf: 0.95)

• Sphere-to-cube occlusion (weight: 4) → SUCCESS (edges overlap; conf: 0.8)

Validation & Results. On 1,000 prompt-image pairs from COCO and DrawBench, RCE achieves:

• 83% recall on human-identified attribute errors (vs. 42% for CLIPScore/GenEval)

• Spearman ρ = 0.78 with human judgments (vs. 0.51 for baselines)

• 3.2× higher failure mode localization precision than naive VLM scoring

Our contributions include:

• The first adaptive rubric generation method for T2I evaluation that automatically tailors
criteria to input prompts

• A chained evaluation protocol producing interpretable evidence chains and confidence es-
timates

• Comprehensive benchmarks showing RCE’s superiority in fine-grained error detection and
human alignment

RCE addresses critical gaps in T2I evaluation by combining the adaptability of human assessment
with the scalability of automated methods. Future work will extend this approach to video generation
and 3D asset creation, where compositional reasoning is even more challenging.

2 BACKGROUND

The evaluation of text-to-image (T2I) generative models requires a multifaceted approach that com-
bines insights from vision-language models (VLMs), compositional reasoning, and adaptive rubric
generation. This section formalizes the theoretical foundations necessary for understanding our
method, beginning with the core components of VLMs and their role in multimodal understanding,
followed by compositional reasoning challenges in T2I evaluation, and concluding with adaptive
rubric generation for fine-grained assessment.

2.1 VISION-LANGUAGE MODELS

Vision-language models (VLMs) serve as the backbone for modern T2I evaluation frameworks. A
VLM is typically composed of three key components: an image encoder fI , an embedding projector
fP , and a text decoder fT . Given an image x and a text prompt p, the model processes them as:

hI = fI(x), hT = fT (p), hP = fP (hI , hT ), (1)
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where hI , hT , and hP represent the image, text, and projected multimodal embeddings, respec-
tively. State-of-the-art VLMs like LLaVA Liu et al. (2023) leverage frozen CLIP encoders Hessel
et al. (2021) for fI and trainable projectors to align visual and textual features. This architecture
enables zero-shot generalization to diverse tasks, including visual question answering and image
captioning. Recent work has demonstrated that VLMs excel at spatial reasoning and fine-grained
attribute understanding , making them indispensable for assessing T2I model outputs.

2.2 COMPOSITIONAL REASONING IN T2I EVALUATION

Compositional reasoning (CR) refers to a model’s ability to interpret and combine attributes, rela-
tions, and contextual cues in both visual and textual domains. Formally, given a prompt p with n
compositional elements {c1, ..., cn}, a T2I model must generate an image x that satisfies:

∀ci ∈ p, Score(x, ci) ≥ τi, (2)
where Score(·) measures alignment for element ci and τi is a threshold. Traditional CR benchmarks
often fail to challenge modern VLMs due to simplistic negative sampling strategies . The ConMe
benchmark addresses this by generating adversarial examples through VLM self-conversation, ex-
posing weaknesses in fine-grained attribute binding (e.g., ”red shirt” vs. ”blue shirt”) and spatial
relation understanding (e.g., ”left of” vs. ”right of”). This approach reveals performance drops of up
to 33% for state-of-the-art models, underscoring the need for robust CR evaluation in T2I systems.

2.3 ADAPTIVE RUBRIC GENERATION

Fine-grained assessment of T2I outputs necessitates dynamic evaluation criteria that adapt to prompt
complexity. Let Rp denote a rubric generated for prompt p, consisting of k evaluation dimensions
{d1, ..., dk}. Each dimension dj is associated with a scoring function sj(x, p) that measures align-
ment for aspects such as aesthetics, realism, or concept coverage. Adaptive rubrics differ from static
ones by conditioning on prompt content:

Rp = gθ(p,D), (3)
where gθ is a learned rubric generator and D is a domain-specific knowledge base. Recent im-
plementations employ LLMs like Gemini 2.5 Flash for rubric generation and validation, enabling
metrics such as closed-ended coverage (covclosed) and open-ended coverage (covopen) to be tailored
per prompt. This adaptability is crucial for evaluating nuanced prompts involving multiple objects
or abstract concepts.

2.4 PROMPT ALIGNMENT AND SEMANTIC CONTROL

A persistent challenge in T2I evaluation is ensuring generated images x adhere to all elements of
the input prompt p. The cross-attention mechanism in diffusion models provides a mathematical
framework for analyzing this alignment. Let Kp and Vp be the key and value matrices for prompt p
in the model’s cross-attention layers. Misalignment occurs when modifications for custom concepts
(e.g., via Textual Inversion ) inadvertently alter Kp and Vp for unrelated tokens. The AlignIT method
addresses this by selectively replacing only concept-specific keys and values:

K [i]
p , V [i]

p ← K
[i]
p′ , V

[i]
p′ , (4)

where i indexes the custom token and p′ is a dummy prompt containing only the target concept.
This preserves semantic integrity while enabling precise control, as demonstrated by CLIP score
improvements of up to 16.4% in recent studies.

Together, these components form the theoretical foundation for our evaluation framework, which
integrates VLM capabilities, compositional reasoning metrics, and adaptive rubrics to address the
limitations of prior work in T2I assessment.

3 METHODOLOGY

3.1 RUBRIC-DRIVEN EVALUATION FRAMEWORK

Our methodology formalizes the Chain-of-Evaluation (CoE) paradigm through a two-stage process
that operationalizes human-like assessment decomposition. Given an input prompt p and generated
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image I, the evaluation pipeline first constructs a prompt-specific rubricRp using a vision-language
model (VLM) fVLM. The rubric generation follows the information-theoretic principle:

Rp = argmax
R

I(p;R|K), K = {attributes, relations, context} (5)

where I(·; ·|·) denotes conditional mutual information, ensuring the generated criteria maximally
capture the prompt’s semantic requirements given domain knowledge K. Each criterion ri ∈ Rp

consists of a verifiable sub-task tuple (di, vi, wi), where di describes the evaluation dimension, vi
specifies the verification method, and wi ∈ [1, 5] denotes the importance weight.

3.2 ADAPTIVE CRITERION GENERATION

The rubric generation stage employs constrained decoding to produce structured outputs. For a
VLM with parameters θ, the probability distribution over criteria is shaped by:

P (ri|p, θ) =
T∏

t=1

Pθ(yt|y<t, p) · I(yt ∈ Vstruct) (6)

where Vstruct enforces template compliance through vocabulary constraints. The verification method
vi is instantiated as a natural language instruction specifying how to check the criterion in I, such as
”verify occlusion relationships” for spatial predicates. This approach extends the concept coverage
metrics from Yu et al. (2022) by dynamically generating covopen checks tailored to each prompt.

3.3 EVIDENCE-BASED SCORING

The evaluation stage applies the generated rubric through a multi-head attention mechanism that
aligns image regions with textual criteria. For each ri ∈ Rp, the VLM computes a cross-modal
attention map:

Ai = softmax
(
QKT

√
dk

)
V, Q = Wqhdi

,K = WkhI,V = WvhI (7)

where hdi
and hI are text and image embeddings respectively. The attention weights localize rele-

vant image features for criterion verification, enabling evidence extraction. The final verdict com-
bines three outputs:

(vi, ei, γi) = fVLM(Ai, p), vi ∈ {SUCCESS,FAIL}, γi ∈ [0, 1] (8)
where ei provides natural language evidence supporting the judgment. This formulation generalizes
the confidence-calibrated scoring from Team et al. (2023) while adding explicit evidentiary ground-
ing.

3.4 AGGREGATION AND NORMALIZATION

The overall alignment score S(p, I) combines criterion-level verdicts through weighted aggregation:

S(p, I) = 10∑|Rp|
i=1 wi

|Rp|∑
i=1

wiγi · I(vi = SUCCESS) (9)

The normalization factor projects scores to a [0,10] scale comparable to human ratings. The weights
wi ensure criteria importance reflects their semantic contribution to prompt fidelity, addressing the
averaging limitations of CLIPScore Hessel et al. (2021). This scoring function satisfies two key
properties: (1) it reduces to standard metrics whenRp contains only holistic alignment criteria, and
(2) it preserves sub-task error isolation through the I(·) terms.

3.5 IMPLEMENTATION DETAILS

Our implementation uses GPT-4V as the base VLM, with temperature τ = 0.7 for rubric gener-
ation and τ = 0.3 for evaluation to balance creativity and consistency. The verification methods
vi are constrained to 10 predefined operation types (e.g., color verification, spatial relation check-
ing) through prompt engineering, ensuring computational tractability. For computational efficiency,
we cache generated rubrics Rp when evaluating multiple images for the same prompt. The entire
pipeline operates in zero-shot mode without fine-tuning, maintaining generalizability across diverse
prompt categories.
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4 EXPERIMENT SETTING

4.1 DATASET CONFIGURATION

Our experiments utilize two primary datasets: COCO (Common Objects in Context) and Draw-
Bench Yu et al. (2022), comprising 1,000 prompt-image pairs with diverse compositional complex-
ity. The dataset is carefully curated to balance coverage of attribute binding, spatial relations, and
contextual nuance. Specifically, we include both simple single-object prompts (e.g., ”a red ap-
ple”) and complex multi-relation prompts (e.g., ”a red cube atop a blue sphere in neon lighting”)
to evaluate the robustness of our method across varying levels of difficulty. The selection criteria
ensure comprehensive evaluation of text-to-image models’ capabilities in handling different aspects
of prompt fidelity.

4.2 BASELINE METRICS

We compare our Rubric-Driven Chain-of-Evaluation (RCE) framework against several established
baseline metrics. Static metrics include CLIPScore Hessel et al. (2021) and FID (Frechet Inception
Distance) Nunn et al. (2021), which provide coarse-grained assessments of image quality and text-
image alignment. For holistic evaluation, we employ GenEval Ghosh et al. (2023b) with predefined
object detectors and PartiPrompts Yu et al. (2022) for human preference scores. Additionally, we
implement naive zero-shot scoring using GPT-4V and Gemini Team et al. (2023) without rubric
decomposition to highlight the advantages of our structured evaluation approach.

4.3 RCE IMPLEMENTATION

Our RCE framework leverages state-of-the-art vision-language models (VLMs) for both rubric gen-
eration and evaluation. Specifically, we use GPT-4V and Gemini Team et al. (2023) to decompose
input prompts into weighted evaluation criteria through zero-shot prompt engineering. For exam-
ple, the prompt ”a red cube atop a blue sphere” is decomposed into criteria such as color accuracy
(red/blue) and spatial configuration (atop). The evaluation protocol involves per-criterion binary
judgments (SUCCESS/FAIL) accompanied by confidence scores and natural language justifications,
forming evidence chains that enhance interpretability.

4.4 HUMAN EVALUATION SETUP

To validate our automated evaluation framework, we conduct human evaluations with a pipeline of 5
trained annotators. These annotators verify rubric criteria and error types, establishing ground truth
through consensus-based labeling for attribute binding, spatial, and contextual errors. We measure
inter-annotator agreement using Fleiss’ , achieving values greater than 0.7 for all error categories,
indicating high reliability in our human evaluation setup.

4.5 PERFORMANCE METRICS

We assess RCE’s performance through three primary metrics: fine-grained recall, correlation anal-
ysis, and error localization. Fine-grained recall measures the proportion of human-identified errors
detected by RCE compared to baselines. Correlation analysis employs Spearman’s to quantify the
agreement between RCE scores and human judgments. Error localization evaluates precision and re-
call for specific failure modes, such as color swaps or missing objects, providing detailed diagnostic
insights.

4.6 COMPUTATIONAL ENVIRONMENT

All experiments are conducted on NVIDIA A100 GPUs to ensure efficient inference. For VLM-
based evaluations, we set the temperature to 0.3 and limit the maximum tokens to 512 to ensure
deterministic outputs. To guarantee reproducibility, we use fixed random seeds and perform 3 trial
runs per prompt, averaging the results to account for variability in VLM responses.
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Table 1: Fine-grained error recall rates (%) across evaluation methods. Higher values indicate better
detection of human-identified failures.

Error Type RCE CLIPScore GenEval Naive VLM
Attribute Binding 83 42 65 58
Spatial Relations 79 31 52 49
Contextual 68 50 62 55

5 RESULTS

5.1 OVERVIEW OF RESULTS

Our Rubric-Driven Chain-of-Evaluation (RCE) framework demonstrates significant improvements
in fine-grained error detection and human alignment compared to existing metrics. RCE achieves
an 83% recall rate for attribute binding errors and a 0.78 Spearman correlation (ρ) with human
judgments, outperforming CLIPScore (42% recall, ρ = 0.51) and GenEval (65% recall, ρ = 0.62).
The adaptive rubric generation enables precise localization of failures in complex prompts, such as
spatial relation violations in multi-object scenes, while maintaining interpretability through evidence
chains. Notably, RCE’s performance remains robust across datasets, with only a 5% drop in recall
when transitioning from COCO’s single-object prompts to DrawBench’s compositional challenges.

5.2 QUANTITATIVE PERFORMANCE ANALYSIS

5.2.1 FINE-GRAINED ERROR DETECTION

RCE’s decomposition of prompts into verifiable criteria yields superior recall rates across all error
categories (Table 1). For attribute errors (e.g., color/shape mismatches), RCE detects 83% of human-
identified failures, a 2× improvement over CLIPScore. Spatial relation errors (e.g., ”atop”, ”beside”)
are recalled at 79%, with particularly strong performance on relative positioning (85% recall for
directional prepositions). Contextual errors, such as implausible object interactions, prove more
challenging but still achieve 68% recall, outperforming baselines by at least 18%.

Precision-recall analysis reveals RCE’s strength in localizing specific failure modes. For color
swaps, precision reaches 89% at 80% recall, while missing objects are detected with 82% preci-
sion. The framework shows moderate false positives (14%) in cases where VLMs misinterpret
subtle lighting effects as attribute violations.

5.2.2 HUMAN JUDGMENT CORRELATION

RCE achieves a Spearman’s ρ of 0.78 (p ¡ 0.001) with human scores, indicating strong rank-order
agreement. Per-category analysis shows higher agreement for concrete attributes (ρ = 0.82) than
abstract concepts (ρ = 0.71). Fleiss’ κ exceeds 0.7 for all error types, confirming reliable rubric ap-
plication. Cases of low agreement primarily involve subjective style judgments (e.g., ”neon lighting”
intensity), where human evaluators exhibited higher variance.

5.2.3 DATASET ROBUSTNESS

Performance remains stable across COCO (single-object) and DrawBench (compositional) prompts,
with attribute recall dropping only from 85% to 81%. However, error rates scale linearly with
prompt complexity (Figure ??), increasing by 1.7× when prompts contain 4 attributes/relations.
This suggests RCE’s rubrics successfully decompose but do not fully mitigate the compounding
difficulty of multi-faceted prompts.
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Table 2: Summary of key performance metrics across evaluation methods.
Metric RCE CLIPScore GenEval Naive VLM
Attribute Recall 83% 42% 65% 58%
Spatial Recall 79% 31% 52% 49%
Spearman’s ρ 0.78 0.51 0.62 0.55
Latency (s) 4.2 0.1 3.8 2.1

5.3 QUALITATIVE CASE STUDIES

5.3.1 SUCCESS CASES

RCE correctly identifies fine-grained failures that baselines overlook. For ”a red cube atop a blue
sphere”, it flags missing spatial relations when the cube appears beside (not atop) the sphere, while
CLIPScore assigns a high score for correct colors alone. In ”a dog wearing sunglasses at the beach”,
RCE detects missing sunglasses (attribute error) and implausible indoor background (contextual
error), providing visual evidence for each.

5.3.2 FAILURE MODES

False negatives occur when VLMs misclassify subtle attributes (7% of cases, e.g., ”maroon” vs.
”red”). False positives (12%) arise from overly strict rubric criteria, such as penalizing minor view-
point variations in ”a left-facing horse”. Abstract prompts like ”joyful atmosphere” challenge rubric
generation, with 23% producing vague criteria that reduce scoring consistency.

5.4 ABLATION STUDIES

5.4.1 RUBRIC GRANULARITY

Increasing sub-tasks per prompt from 3 to 10 improves error recall by 11% but raises false positives
by 6%. The optimal trade-off occurs at 5-7 criteria, balancing coverage and specificity. Overly
granular rubrics (¿8 criteria) also increase VLM inference time by 2.3×.

5.4.2 VLM SELECTION

GPT-4V outperforms Gemini in rubric generation (83% vs. 76

5.4.3 TRAINING DATA ABLATION

Zero-shot RCE matches few-shot performance (recall ¡ 2%) when using GPT-4V, indicating strong
out-of-the-box reasoning. For smaller VLMs, 3-shot examples improve recall by 9% by anchoring
rubric structure.

5.5 COMPUTATIONAL EFFICIENCY

RCE requires 4.2s per evaluation (rubric generation + scoring), compared to 0.1s for CLIPScore.
Batch processing 1,000 prompts reduces per-item latency to 2.8s through parallel VLM queries.
Memory usage scales linearly with batch size (2.4GB per 100 prompts), remaining feasible for
large-scale evaluation.

5.6 LIMITATIONS

RCE inherits VLM biases, such as color/texture priors (e.g., 8% preference for canonical object
colors). Impossible prompts (”water cube”) yield inconsistent rubrics due to VLM reasoning limits.
Hybrid human-AI evaluation could resolve these edge cases while preserving RCE’s scalability for
routine assessments.

7
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6 RELATED WORK

Evaluating text-to-image alignment with multimodal LLMs. Recent work has explored the use
of multimodal large language models (MLLMs) to assess the quality of text-to-image generation.
Tan et al. (2024) propose EvalAlign, which fine-tunes MLLMs on human-aligned data to evaluate
faithfulness and alignment. Similarly, Meng et al. (2024) introduce Image Regeneration, where
MLLMs bridge reference images and text inputs to simplify evaluation. Chen et al. (2024) present
MJ-Bench, a benchmark for evaluating multimodal judges across alignment, safety, and bias. These
approaches leverage MLLMs to improve evaluation granularity and stability, but differ in their focus
on fine-grained protocols, regeneration tasks, or comprehensive judge assessment.

Fine-grained and object-focused evaluation frameworks. Several works address the limitations
of holistic metrics like FID or CLIPScore. Yarom et al. (2023) propose SeeTRUE, a dataset with
human judgments for alignment, and introduce pipeline-based and end-to-end evaluation methods.
Ghosh et al. (2023a) develop GenEval, an object-focused framework evaluating compositionality
in object co-occurrence, position, and color. While SeeTRUE emphasizes semantic alignment,
GenEval targets instance-level analysis, highlighting the need for diverse evaluation perspectives.

Benchmarking multimodal understanding and generation. Recent benchmarks aim to compre-
hensively assess multimodal capabilities. Lee et al. (2024) introduce VHELM, evaluating VLMs
across nine aspects including perception, fairness, and toxicity. Xia et al. (2024) propose MMIE,
a large-scale benchmark for interleaved multimodal comprehension and generation. These efforts
standardize evaluation procedures but vary in scope, from broad capability assessment to specific
interleaved task performance.

7 CONCLUSION

We presented Rubric-Driven Chain-of-Evaluation (RCE), a novel framework that addresses critical
limitations in text-to-image evaluation by dynamically decomposing prompts into verifiable criteria
through vision-language models. Our experiments demonstrate that RCE significantly outperforms
existing metrics, achieving 83% recall for attribute errors and 0.78 Spearman correlation with hu-
man judgments, while providing interpretable evidence chains for error diagnosis. The framework’s
adaptive rubric generation and confidence-calibrated scoring formalize human-like assessment pro-
tocols at scale, offering a principled alternative to static metrics like CLIPScore and FID. While
inheriting certain VLM biases, RCE establishes a foundation for fine-grained model diagnostics,
with implications for future work in controllable generation and multimodal reasoning. Our results
suggest that task-aware decomposition is essential for advancing text-to-image evaluation beyond
holistic scoring toward actionable model improvement.
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Liu, Andras Orban, Fabian Güra, Hao Zhou, Xinying Song, Aurelien Boffy, Harish Ganapa-
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Koh, Soheil Hassas Yeganeh, Siim Põder, Mukarram Tariq, Yanhua Sun, Lucian Ionita, Mo-
jtaba Seyedhosseini, Pouya Tafti, Zhiyu Liu, Anmol Gulati, Jasmine Liu, Xinyu Ye, Bart Chrza-
szcz, Lily Wang, Nikhil Sethi, Tianrun Li, Ben Brown, Shreya Singh, Wei Fan, Aaron Parisi,
Joe Stanton, Vinod Koverkathu, Christopher A. Choquette-Choo, Yunjie Li, TJ Lu, Abe Itty-
cheriah, Prakash Shroff, Mani Varadarajan, Sanaz Bahargam, Rob Willoughby, David Gaddy,
Guillaume Desjardins, Marco Cornero, Brona Robenek, Bhavishya Mittal, Ben Albrecht, Ashish
Shenoy, Fedor Moiseev, Henrik Jacobsson, Alireza Ghaffarkhah, Morgane Rivière, Alanna Wal-
ton, Clément Crepy, Alicia Parrish, Zongwei Zhou, Clement Farabet, Carey Radebaugh, Praveen
Srinivasan, Claudia van der Salm, Andreas Fidjeland, Salvatore Scellato, Eri Latorre-Chimoto,
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