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  Triangulates three signals
 
  • MID (distributional)  
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Our Proposal

Figure 1. Abstract figure depicting the rationale for the study. Left hand side shows the inputs towards various metric systems whereas the
proposed method is highlighted on green on the right hand side. Advantages and disadvantages of current metrics are highlighted on light
blue and red respectively.

Abstract

Evaluating image captions requires cohesive assessment of001

both visual semantics and language pragmatics, which is002

often not entirely captured by most metrics. We introduce Re-003

demption Score(RS), a novel hybrid framework that ranks im-004

age captions by triangulating three complementary signals:005

(1) Mutual Information Divergence (MID) for global image-006

text distributional alignment, (2) DINO-based perceptual007

similarity of cycle-generated images for visual grounding,008

and (3) LLM Text Embeddings for contextual text similar-009

ity against human references. A calibrated fusion of these010

signals allows RS to offer a more holistic assessment. On011

the Flickr8k benchmark, RS achieves a Kendall-⌧ of 58.42,012

outperforming most prior methods and demonstrating su-013

perior correlation with human judgments without requiring014

task-specific training. Our framework provides a more ro-015

bust and nuanced evaluation by thoroughly examining both016

the visual accuracy and text quality together, with consistent 017

performance across Conceptual Captions and MS COCO. 018

1. Introduction 019

It is most commonly acknowledged that a picture is worth 020

a thousand words, but the pragmatics of image captioning 021

focus on finding the most plausible set of 10-20 words that 022

best justifies describing its complexities. This precipitates a 023

unique problem on linguistics deeply rooted to subjectivity. 024

It dictates that two highly plausible captions grounded to the 025

same image may lead to drastic degradation of traditional 026

scoring metrics like BLEU [23], BERTScore[36], METEOR 027

[2] or ROUGE [19]. This necessitates an evaluation frame- 028

work for caption evaluation which accounts for the semantic 029

values of an image and the pragmatics of interpretability. 030

Recent advancements on vision-grounded NLP, shared 031
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embedding spaces, and strong multimodal systems have032

dawned new possibilities for vision-grounded language,033

alongside a proliferation of evaluation metrics to rank image034

captions. These metrics can be grouped into three broad035

families:036

• Surface-overlap scores (BLEU-4 [23], METEOR [2],037

CIDEr [30] and SPICE [1]): emphasize n-gram or scene-038

graph agreement yet can penalise legitimate paraphrases.039

• Embedding-based or cross-modal measures040

(BERTScore [36], CLIPScore [9] and Gaussian-041

assumed MID [12]): exploit pretrained representations042

but inherit modality biases and often struggle with043

fine-grained grounding.044

• Cycle-consistent approaches (CAMScore) [5]: regener-045

ate an image from the caption and compare it perceptually;046

sensitive to text-to-image artifacts and rely on a single047

synthetic perspective.048

While each family illuminates part of the quality spec-049

trum, none yields a fully reliable view of factual detail, lin-050

guistic nuance, and multi-reference visual grounding.051

We introduce Redemption Score(RS), which recovers lost052

visual information by combining three complementary evalu-053

ation signals: distributional alignment (how well image-text054

pairs fit learned representations), perceptual grounding (vi-055

sual consistency through image regeneration), and linguistic056

fidelity (contextual text similarity). By fusing these perspec-057

tives, our metric captures errors that any single signal alone058

would have otherwise been susceptible to miss. In summary,059

the key contributions of this paper are listed below:060

• A training-free evaluation framework that addresses com-061

plementary failure modes in existing metrics, achieving062

58.4% Kendall–⌧ correlation with human judgments.063

• An efficient calibration procedure that optimizes fusion064

weights through constrained grid search to maximize hu-065

man alignment while ensuring meaningful contribution066

from all modalities.067

• Demonstration of cross-dataset generalization from068

Flickr8k to Conceptual Captions and MS-COCO without069

parameter retuning, indicating robust transferability.070

The formal definition of each component and the fusion071

rule are detailed in Section 3.072

2. Related Work073

We organize existing image captioning evaluation metrics074

into three main categories based on their underlying ap-075

proaches:076

2.1. Historical Metrics077

These metrics were based on surface overlap and are best078

suited and designed to evaluate machine translation and079

text summarization and hold no information regarding the080

"image" component of image captioning. Metrics like BLEU,081

METEOR, CIDEr and SPICE [1, 2, 23, 30] fall under this082

category. The limitations for these metrics include but not 083

limited to penalize re-phrasings and paraphrasing, and lack 084

of visual grounding. 085

2.2. Embedding and Cross-Modal Metrics 086

These are the second generation metrics based on multimodal 087

or unimodal embeddings shift and similarities. Unimodal 088

text-only variants include BERTScore, whereas multi-modal 089

variants like CLIPScore, ViLBERTScore, UMIC, MID, and 090

Polos [9, 13, 14, 31, 36] metric share a common latent space 091

for texts and images. Although these metrics improve seman- 092

tic awareness, they still cease to resist biases inherited from 093

encoder, fine-grained object attributes and inherit a persis- 094

tent modality gap in which spatial relation and numeracy are 095

encoded differently even in the shared vision and language 096

channels. 097

2.3. Cycle Consistent and Judge Models 098

These are the most recent works in vision grounded NLP 099

metrics which attempt to circumvent the modality gap in its 100

entirety. The idea of using label free metric by employing the 101

diffusion models to complete the image to text to image cycle 102

was first introduced by Huang et al [11]. Metrics like CAM- 103

Score [5] regenerates an image from candidate caption via a 104

text-to-image (T2I) model and compares the synthetic image 105

to the original image using perceptual and object-level cri- 106

teria. Likewise, VLM/LLM-as-a-Judge [4, 15] frameworks 107

employ the LLM foundation to assess caption quality directly 108

through scalar scoring or pairwise preference. Furthermore, 109

chain of thought reasoning was used by Tong et. al in [29] 110

to better evaluate the image captions for large multimodal 111

models. Although these metrics achieve the highest known 112

correlation with human judgements on long and detailed 113

captions, cycle consistency inherits the biases and failures 114

of T2I models, while the LLM-as-a-Judge models introduce 115

heavy computational cost and calibration drift. 116

2.4. Research Gap and Our Work 117

Across the three diverse group of metrics, two key gaps are 118

persistent: (i) inclusive coverage: no single metric captures 119

global image to text alignment, local visual grounding and 120

linguistic fidelity jointly and (ii) robustness: metric often 121

inherit systematic biases from their underlying models and 122

reference corpora leading to misleading ranking in exception 123

cases. To address these gaps, we propose Redemption Score 124

- a training-free framework that mitigates individual metric 125

biases through complementary signal integration. Our ap- 126

proach combines MID for distributional alignment, DINO 127

similarity [3] for visual consistency through cycle-generated 128

images, and general text embeddings for semantic under- 129

standing. 130
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Figure 2. Overview of calculation of Redemption Score.

3. Redemption Score131

An overview of calculation of Redemption Score is high-132

lighted on Fig. 2 which is in-detail described in the following133

sections.134

These three components address different failure modes135

in caption evaluation: MID captures whether image-caption136

pairs follow expected distributional patterns (detecting sta-137

tistical outliers), DINO similarity identifies visual incon-138

sistencies through cycle generation, and GTE embeddings139

catch semantic mismatches that surface-level metrics miss.140

No single component can reliably detect all caption quality141

issues.142

3.1. Mutual Information Divergence (MID)143

We adapt the Mutual Information Divergence (MID) from144

Kim et al. [12] to capture both image semantics and language145

pragmatics. Let g(I) and h(ĉ) be the `2-normalized CLIP146

ViT-L/14 [25] embeddings of an image I and a candidate147

caption ĉ. Assuming these embeddings (random variables148

X for images, Y for captions) follow multivariate Gaussian149

distributions with means µx, µy and covariances ⌃x,⌃y , the150

continuous mutual information is:151

I(X;Y ) =
1
2 log

det(⌃x) det(⌃y)

det(⌃xy)
(1)152

where ⌃xy is the joint covariance.153

Kim et al. [12] define a point-wise mutual information154

(PMI) for individual pairs (x, y), which adjusts I(X;Y ) us-155

ing Mahalanobis distances to reflect how well the pair aligns 156

with the learned distributions. We redefine the PMI normal- 157

ization on Eq. (7). The final MID score is the expectation of 158

these PMI values: 159

MID(I, ĉ) = E(x,y)⇠p[PMI(x, y)] (2) 160

The necessary distributional statistics (µx,⌃x, µy,⌃y,⌃xy) 161

are estimated once from the entire dataset (details in §4.1). 162

3.2. DINO Perceptual Similarity 163

The perceptual component leverages the self-supervised 164

DINO vision transformer [3]. This component captures 165

visual consistency through cycle generation and compari- 166

son. For every example we consider the original image I , 167

its human reference caption c
ref, and the model-generated 168

candidate caption ĉ. Using the public Stable Diffusion 3 169

checkpoint [26], we synthesize two proxy images Ĩref and 170

Ĩcand. All images are resized to 224 ⇥ 224 and ImageNet- 171

normalised before encoding. 172

Feature extraction. A frozen ViT-B/8 DINO encoder 173

E(·) 2 R768 produces a [CLS] embedding for every image. 174

Embeddings are `2-normalised: ê(X) = E(X)/kE(X)k2. 175

Cosine similarities. We compute two edge scores 176

s1 =
⌦
ê(I), ê(Ĩcand)

↵
, (3) 177

s2 =
⌦
ê(Ĩcand), ê(Ĩref)

↵
. (4) 178
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(a) Optimal values of ↵,�, �,� maximizing
Kendall-⌧ . (b) RS vs. Kendall-⌧ relationship with fitted models.

(c) Comparative radar plot of various met-
rics’ scores and Kendall-⌧ .

Figure 3. Comprehensive analysis of Redemption Score (RS) parameters, its relationship with Kendall-⌧ , and comparison with other metrics.
Comparison with more metrics is shown on Tab. 3

Aggregate perceptual score. The final RS receives the179

mean of these two scores.180

DINOsim =
1
2

�
s1 + s2

�
. (5)181

3.3. LLM Embeddings182

We adopt General Text Embeddings [18] with the183

thenlper/gte-large encoder to account for language pragmat-184

ics. Let e(x) 2 Rd denote the (L2-normalized) GTE embed-185

ding of text x produced by the thenlper/gte-large encoder.186

For a candidate caption ĉ and its reference caption c
ref , we187

compute the GTEScore as the cosine similarity between their188

embeddings:189

GTEScore = cos
�
e(ĉ), e(cref)

�
=

e(ĉ)>e(cref)

ke(ĉ)k2 ke(cref)k2
.

(6)190

3.4. Redemption Score Aggregation191

Normalization. To ensure all three signals are directly192

comparable and compatible with the multiplicative compo-193

nent, we normalize all scores to the unit interval [0, 1] using194

the transformation:195

Xnormalized =

X
1+|X| + 1

2
(7)196

where X represents the PMI component from MID (Equa-197

tion 2), the raw DINO similarity score, or the GTE cosine198

similarity score. This transformation ensures all signals199

are positive and bounded in [0,1], with larger input values200

mapping to larger output values, enabling meaningful aggre-201

gation across the three heterogeneous modalities.202

Aggregation. The final Redemption Score (RS) uses a hy-203

brid aggregation that interpolates between linear combina-204

tion and weighted geometric mean of the three normalized205

signals, with learnable weights ↵, �, � and interpolation 206

parameter �. This hybrid approach combines the robust- 207

ness of additive aggregation with the strict quality control 208

of multiplicative aggregation, providing the benefits of both 209

strategies. 210

RS[i] = � · L[i] + (1� �) ·M [i] (8) 211

where: 212

• L[i] = ↵Zmid[i] + �Zdino[i] + �Zbert[i] (linear compo- 213

nent) 214

• M [i] = Zmid[i]
↵
Zdino[i]

�
Zbert[i]

� (multiplicative com- 215

ponent) 216

with constraints ↵+ � + � = 1 and ↵,�, � > 0. 217

Parameter optimization. We employ a constrained opti- 218

mization approach to determine optimal parameters for our 219

proposed metric. Our methodology addresses two key ob- 220

jectives: (1) maximizing correlation with human judgments, 221

and (2) ensuring meaningful contribution from all metric 222

components. 223

We implement minimum weight constraints (↵,�, � � 224

0.15) to prevent degenerate solutions where any single 225

modality dominates the final score. This threshold en- 226

sures that each modality— distributional alignment(PMI), vi- 227

sual similarity (DINO), and contextual understanding (GTE 228

embeddings)—contributes meaningfully to the evaluation 229

while allowing data-driven optimization to determine their 230

relative importance. 231

The constrained grid search explores the parameter space 232

with step size � = 0.05 for weights and � = 0.1 for the 233

interpolation parameter �. 234

Parameter selection methodology. We select parameters 235

using the following criteria: 236
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Table 1. Metric values and Kendall–⌧c correlation on raw scores without normalization on Flickr8k dataset.

BLEU-4 METEOR MID DINO BERTScore GTEScore RS

Dataset Val ⌧ Val ⌧ Val ⌧ Val ⌧ Val ⌧ Val ⌧ Val ⌧

Flickr8k 0.0465 33.5 0.2441 35.85 �17.55 54.6 0.268 48.76 0.59 38.05 0.76 53.93 0.48 58.4

Optimization objective: We identify the parameter com-237

bination that maximizes Kendall’s ⌧ correlation with human238

judgments while satisfying the minimum weight constraint239

(↵,�, � � 0.15).240

Statistical significance: All selected parameters must241

achieve statistical significance (p < 0.05) in their correlation242

with human ratings.243

Robustness validation: We perform sensitivity analysis244

around the optimal parameters to ensure stable performance245

under small perturbations.246

The resulting parameter configuration reflects the empiri-247

cal evidence for optimal modality weighting as determined248

by human evaluation data, constrained by methodological249

requirements for multi-modal contribution.250

4. Experiments251

4.1. Dataset252

We optimized our Redemption Score on the Flickr8k dataset253

[10], using its full validation set (5,822 images) and hu-254

man preference data to maximize Kendall-⌧ correlation. We255

exclude 158 image-caption pairs where candidate captions256

were exactly the reference captions. This process yielded257

the score’s weights (↵,�, �,�) (see Eq. (8)). For evaluating258

the generalizability of the Redemption Score with these pre-259

determined weights, we further evaluated on image-caption260

pairs from each Conceptual Captions [28] and MS-COCO261

[20]. This approach was adopted as Conceptual Captions262

lacks human preference data for direct Kendall-⌧ optimiza-263

tion, while in the case of MS-COCO we did not use available264

preference annotations to ensure a consistent, model-based265

evaluation across both datasets. The sample size also keeps266

DINO processing feasible (under one GPU-day).267

Workload Summary. The DINO Similarity component re-268

quired generating approximately 36,000 proxy images (1269

reference + 5 candidates generated by models in Sec. 4.2 for270

3, 000 samples across the 2 datasets). Adding the base im-271

age comparisons, DINO similarity processed around 42,000272

images. In contrast, MID operated directly on image-caption273

pairs, resulting in roughly 60,000 total comparisons: (40,000274

from the full Flickr8k split and 20,000 from the Conceptual275

Captions and COCO validation subsets). GTEScore oper-276

ated on the same captions as DINO Similarity resulting to277

36,000 total text-text comparisons.278

4.2. Captioning Systems 279

The Conceptual Captions dataset was used to QLoRA [6] 280

fine-tune 5 popular multimodal systems: (i) BLIP [16], (ii) 281

BLIP2 2.7B [17], (iii) MS-GIT [32], (iv) ViT-GPT-2 [7, 24] 282

and (v) Qwen 2.5-VL 7B [33]. We trained captioning models 283

on the Conceptual Captions dataset, which is sourced from 284

web alt-text and thus provides captions with greater stylis- 285

tic diversity and less rigidly descriptive tendencies, offering 286

broader generalization potential but also posing challenges 287

for methods assuming literal image–text alignment [22, 28]. 288

All models were fine-tuned for one epoch with an effective 289

learning rate of 5e-5, QLoRA rank of 8 and quantization of 290

4-bits on their respective predefined-loss functions. We ob- 291

served that larger LLM-style models such as Qwen tended to 292

generate meta-statements (e.g., “I can think of a few different 293

captions”) and enumerate multiple caption options, which 294

is undesirable for standard captioning tasks. To mitigate 295

this behavior, we fine-tuned the larger models, and to ensure 296

fairness across baselines, we applied the same fine-tuning 297

procedure to all captioning systems. 298

4.3. Results 299

Finding ↵,�, �,�. The optimal values of ↵,�, �,� were 300

found to be 0.15, 0.30, 0.55, and 0.8 respectively via grid 301

search as described in Sec. 3.4. The grid search and optimal 302

value is highlighted in Fig. 3a. 303

Results on Flickr8k. Table 1, Tab. 3 and Fig. 3 summa- 304

rizes the findings on the Flickr8k dataset. First of all, it is 305

important to form our understanding that the Flickr8k dataset 306

have some random mapping of captions to images which 307

would lead to a lot of images being paired with unrelated cap- 308

tion thus achieving lower human rating. Figure 3c, Fig. 3b 309

and Tab. 1 show this relationship clearly as the higher score 310

value in the metrics relative scale have amounted to worse 311

kendall-⌧ scores with human evaluators. Overall, we were 312

able to achieve a kendall-⌧ score of 58.42 on the dataset 313

which beats traditional and most of the recent methods in 314

Tab. 1. 315

Qualitative Evaluation Figure 4 demonstrates how indi- 316

vidual RS Score components fail in complementary ways, 317

which our combined metric successfully addresses. MID 318

assigns unreasonably low scores to valid captions due to 319
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Table 2. Metric scores per captioning model across Conceptual Captions and COCO. RS uses fixed (↵,�, �,�) = (0.15, 0.35, 0.5, 0.8)
(tuned on Flickr8k).

Model METEOR CIDEr ROUGE-L SPICE CLIP-S DINO MID BERTScore GTEScore RS

Conceptual Captions Dataset

Qwen2-VL-7B 0.10 0.05 0.14 0.08 0.64 0.52 30.0 0.52 0.85 0.80
GIT (base) 0.07 0.36 0.20 0.12 0.60 0.38 17.0 0.47 0.83 0.77
ViT-GPT2 0.07 0.25 0.17 0.09 0.59 0.39 12.7 0.53 0.81 0.74
BLIP 0.12 0.98 0.28 0.20 0.62 0.48 30.5 0.60 0.86 0.81
BLIP-2 0.13 0.97 0.29 0.20 0.63 0.49 32.3 0.60 0.87 0.81
COCO Dataset

Qwen2-VL-7B 0.16 0.01 0.21 0.11 0.64 0.60 30.2 0.60 0.88 0.82
GIT (base) 0.07 0.29 0.19 0.13 0.60 0.44 14.3 0.47 0.84 0.75
ViT-GPT2 0.15 0.82 0.34 0.21 0.61 0.55 26.8 0.65 0.87 0.81
BLIP 0.12 0.69 0.28 0.21 0.62 0.56 29.6 0.61 0.87 0.81
BLIP-2 0.12 0.59 0.26 0.18 0.63 0.56 29.9 0.57 0.87 0.81

Table 3. Flickr8K-Expert scores and qualitative properties. �
indicates the difference from our Redemption score (⌧ = 58.4).
Positive values (green) indicate our score is higher. RT=Requires
Training, IG=Image Grounded

Metric
Flickr8K
(Expert) RT IG �

ROUGE [19] 32.3 7 7 (+26.1)

CIDEr [30] 43.9 7 7 (+14.5)

SPICE [1] 44.9 7 7 (+13.5)

SPARCS [8] 48.1 7 7 (+10.3)

MoverScore [37] 46.7 7 7 (+11.7)

BARTScore [34] 37.8 7 7 (+20.6)

UMIC [14] 46.8 3 3 (+11.6)

ViLBERTScore [13] 50.1 3 3 (+8.3)

CLIP-S [9] 51.2 7 3 (+7.2)

RefCLIP-S [9] 53.0 7 3 (+5.4)

FLUER [15] 53.0 7 3 (+5.4)

PAC-S [27] 54.3 3 3 (+4.1)

RefPAC-S [27] 55.9 3 3 (+2.5)

Polos [31] 56.4 7 3 (+2.0)

DENEB [21] 56.8 3 3 (+1.6)

RefHICE-S [35] 57.7 7 3 (+0.7)

G-VEval-ref-free [29] 59.7 7 3 (-1.3)

RS (ours) 58.4 7 3 —

distributional modeling limitations. DINO penalizes cap-320

tions too harshly for minor visual inaccuracies that humans321

find acceptable. LLM embeddings give high scores to lin-322

guistically fluent but visually misaligned captions. In each323

case, the integrated RS Score compensates for these individ-324

ual weaknesses, producing scores that better match human325

judgments by leveraging the strengths of other components.326

Statistical Robustness Analysis To assess the stability of 327

our correlation results, we performed 1000-run bootstrap 328

analysis on Flickr8k. The results are presented in Table 4, 329

which shows that our proposed metric exhibits excellent 330

stability (� = 0.43%), confirming the statistical robustness 331

of our findings. The Redemption Score consistently achieves 332

the highest correlation (58.42± 0.43%) with the most stable 333

performance across bootstrap samples. 334

Table 4. Statistical Robustness Analysis: 1000-run Bootstrap Re-
sults on Flickr8k

Metric Mean (%) Std Dev (%) 95% CI

RS 58.4 0.43 [57.6, 59.2]

PMI 54.6 0.50 [53.7, 55.6]

GTEScore 53.9 0.48 [53.0, 54.8]

CLIP 51.1 0.48 [50.2, 52.1]

DINO 48.8 0.48 [47.8, 49.7]

BERTScore 33.6 0.58 [32.6, 34.8]

Results on Conceptual Captions. Since human evalua- 335

tions are not available for the Conceptual Captions dataset, 336

we evaluate our framework’s generalizability by applying 337

the optimal parameters (↵,�, �,�) learned from Flickr8k 338

without retuning. This cross-dataset evaluation protocol 339

tests whether RS captures fundamental aspects of caption 340

quality that transfer across different visual domains and anno- 341

tation styles. The consistent parameter performance across 342

datasets would demonstrate that our metric learns general- 343

izable representations of image-text alignment rather than 344

dataset-specific artifacts. 345
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Figure 4. Complementary failure modes captured by different components. Each row shows cases where one component fails to detect
caption quality issues that human raters identify, while our integrated RS Score successfully captures the problem through its multi-modal
approach. Human ratings: 1-4 scale (higher = better quality), Metric scores: 0-1 scale (higher = better alignment).

PMI Score Failures
PMI gives unexpectedly low scores to captions that humans rate as reasonable, suggesting limitations in its distributional modeling approach

PMI 0.081
RS 0.649
Human 2.67

Caption: Man falling off a blue surfboard in the ocean.

PMI 0.114
RS 0.634
Human 3.00

Caption: A rock climber climbs in between two very
large rocks.

PMI 0.084
RS 0.593
Human 2.67

Caption: A man standing in front of a brick building.

DINO Score Failures
DINO penalizes captions too harshly for minor visual inaccuracies or missing details that humans consider acceptabley

DINO 0.182
RS 0.746
Human 3.00

Caption: A young girl is wearing a purple shirt and
pink headband.

DINO 0.177
RS 0.699
Human 3.00

Caption: A crowd of people at an outdoor event.

DINO 0.114
RS 0.697
Human 2.67

Caption: Two men holding their fishing poles.

GTEScore Failures
General Text Embeddings overweight linguistic fluency, missing visual-semantic misalignments

GTEScore 0.664
RS 0.495
Human 1.67

Caption: Two dogs are jumping up at each other.

GTEScore 0.709
RS 0.500
Human 1.67

Caption: Three young adults look towards the camera
in a school setting.

GTEScore 0.708
RS 0.490
Human 1.00

Caption: A little boy slides down a bright red
corkscrew slide.

The results from this study is highlighted on Tab. 2. As346

noted previously on Sec. 4.2, all 5 image captioning multi-347

modal systems were fine tuned on the Conceptual Captions348

dataset thus leading to a higher Redemption Score, espe-349

cially on those models which are known for their SOTA350

performance on image captioning.351

Results on MS COCO. A similar framework of evalua-352

tion was employed to assess Redemption Score’s capacity of353

consistently portraying the model’s capacity to caption im-354

ages. Since the models were fine-tuned over the Conceptual355

Captions dataset and the captioning style and distribution of356

the Conceptual Captions and COCO are slightly different,357

the exact numbers were not replicated but the general trend358

of Qwen2-VL and the BLIP-2 leading the pact was observed359

in Tab. 2. Only slight changes in the score’s trend was ob-360

served on GIT and ViT-GPT2 but this could be attributed 361

towards the comparatively smaller models overfitting to the 362

fine-tuned dataset. 363

4.4. Ablation Study 364

Purely Multiplicative Strategy. To validate our hybrid ag- 365

gregation approach in Eq. (8), we test a purely multiplicative 366

strategy without the additive component (� = 0): 367

R̂S(I, ĉ;R) = MID
↵ ·DINO

�
sim ·GTEScore

� (9) 368

↵+ � + � = 1;↵,�, � � 0 369

Best Weights (↵,�, �) Kendall’s ⌧ Mean Score

(0.150, 0.200, 0.650) 0.5713 0.5141
370
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Purely Additive Strategy. We also test a purely additive371

approach without the multiplicative component (� = 1):372

R̂S(I, ĉ;R) = ↵ ·MID + � ·DINOsim + � ·GTEScore

(10)
373

↵+ � + � = 1;↵,�, � � 0374

Best Weights (↵,�, �) Kendall’s ⌧ Mean Score

(0.350, 0.250, 0.400) 0.5826 0.5405
375

Comparative Analysis. Table 5 presents a statistical com-376

parison of the three approaches based on 1000-run bootstrap377

analysis. The column Mean reports the average ⌧ across378

bootstrap runs, � is the corresponding standard deviation,379

95% CI denotes the confidence interval, and Width is the380

span of that interval. Imp. indicates relative improvement381

over the baseline.382

Table 5. Ablation Study: Robustness Comparison

Approach Mean � 95% CI Width Imp.

Hybrid 0.5839 0.0043 [0.5750, 0.5923] 0.0174 Base
Additive 0.5826 0.0046 [0.5734, 0.5915] 0.0181 -0.22%

Multiplicative 0.5713 0.0045 [0.5624, 0.5803] 0.0179 -2.21%

The hybrid method outperforms both additive and multi-383

plicative approaches, achieving the highest mean ⌧ (0.5839),384

the narrowest CI width (0.0174), and improvements of385

+0.22% and +2.21% respectively.386

Metric Choice To ensure our metric selection is both prin-387

cipled and robust, we conducted an exhaustive ablation over388

all 20 possible three-metric combinations from PMI, LLM389

embeddings, DINO, BERT, LPIPS, and CLIP. For LPIPS,390

we use a normalized variant LPIPSnorm =
1

1+LPIPS to391

maintain comparability across scales. As shown in Table 6,392

our chosen combination (PMI + LLM + DINO) achieves393

the highest correlation with human judgments (⌧ = 0.584)394

while maintaining a low standard deviation, demonstrating395

both accuracy and stability. Importantly, most of the top-396

performing combinations draw from different buckets of397

evaluation aspects: PMI provides distributional alignment,398

LLM embeddings and BERT capture semantic grounding,399

DINO and LPIPS measure visual fidelity, and CLIP cap-400

tures cross-modal alignment. This pattern highlights that401

the strongest evaluators are not those relying on a single per-402

spective, but those that integrate complementary dimensions403

of textual meaning, visual similarity, and multimodal consis-404

tency. By explicitly combining metrics across these buckets,405

our selected approach provides the most comprehensive and406

reliable evaluation signal.407

Table 6. Comprehensive Results Table

Metric Combination Weights (↵,�, �) � Kendall ⌧ Std Dev

PMI + LLM + DINO 0.15, 0.50, 0.35 0.80 0.584 0.106
PMI + LLM + LPIPS 0.20, 0.50, 0.30 0.80 0.581 0.118

PMI + LLM + BERT 0.15, 0.65, 0.20 0.60 0.578 0.125

PMI + LLM + CLIP 0.15, 0.65, 0.20 0.00 0.574 0.386

LLM + DINO + CLIP 0.55, 0.25, 0.20 0.00 0.572 0.144

LLM + DINO + LPIPS 0.50, 0.30, 0.20 1.00 0.567 0.041

LLM + LPIPS + CLIP 0.65, 0.15, 0.20 0.00 0.567 0.140

PMI + DINO + CLIP 0.15, 0.60, 0.25 0.00 0.567 0.402

LLM + BERT + CLIP 0.65, 0.15, 0.20 0.00 0.565 0.159

PMI + BERT + DINO 0.40, 0.15, 0.45 0.70 0.564 0.196

LLM + BERT + DINO 0.50, 0.15, 0.35 1.00 0.563 0.047

PMI + BERT + CLIP 0.15, 0.40, 0.45 0.00 0.563 0.907

PMI + LPIPS + CLIP 0.15, 0.50, 0.35 0.00 0.562 0.556

PMI + DINO + LPIPS 0.50, 0.30, 0.20 0.80 0.561 0.216

PMI + BERT + LPIPS 0.55, 0.15, 0.30 0.70 0.556 0.237

LLM + BERT + LPIPS 0.60, 0.15, 0.25 1.00 0.549 0.043

BERT + DINO + CLIP 0.15, 0.60, 0.25 0.00 0.545 0.173

DINO + LPIPS + CLIP 0.60, 0.15, 0.25 0.00 0.543 0.155

BERT + LPIPS + CLIP 0.25, 0.55, 0.20 0.10 0.528 0.203

BERT + DINO + LPIPS 0.15, 0.65, 0.20 1.00 0.498 0.038

4.5. Efficiency Considerations 408

The DINO similarity component requires generating syn- 409

thetic images via Stable Diffusion-3, which increases compu- 410

tational cost compared to embedding-only metrics. However, 411

this generation step is performed offline during evaluation 412

and can be parallelized across available GPUs. While com- 413

putationally intensive, this approach enables more robust 414

visual grounding assessment that purely embedding-based 415

methods cannot provide. 416

5. Conclusion and Future Works 417

Conclusion. We introduce Redemption Score, a multi- 418

modal evaluation framework that achieves 58.42% Kendall- 419

⌧ correlation with human judgments on Flickr8k, outper- 420

forming existing methods. RS addresses individual metric 421

limitations through calibrated parameter optimization and 422

demonstrates robust generalization across Conceptual Cap- 423

tions and MS-COCO datasets without requiring task-specific 424

training. 425

Future Works. Key extensions include: (i) Multilingual 426

support across diverse cultural contexts, (ii) Computational 427

efficiency through model distillation and reduced image gen- 428

eration requirements, (iii) Temporal Grounding: expand 429

Redemption Score from image-text to video-text domain. 430
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