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ABSTRACT 

 

Multi-modal learning systems are increasingly being conditioned on pretrained text encoders 

to condition visual representations, although the behavioral implications of text encoder size 

and depth under fixed-prompt and low-data conditions remain poorly understood.The paper 

discusses the behavior of compact transformer encoders with a fixed prompt multi-modal 

learning system, and in surgery phase recognition as a controlled assessment task in seven 

stages including Preparation, Calot Triangle Dissection, Clipping Cutting, Gallbladder 

Dissection, Gallbladder Packaging, Cleaning Coagulation and Gallbladder Retraction.We 

analyze the issue of whether text size compact pretrained encoders (MiniLM-L3, MiniLM-

L6, MiniLM-L12, and DistilBERT) can be helpful in preserving multimodal alignment in 

conditions of textual inflexibility. To make the behavior of text encoders isolable, it is frozen 

and only the text encoder (a lightweight 512-dimensional projection head) and a trainable 

temperature are learned in a symmetric contrastive (InfoNCE) objective.  The dataset utilized 

in experiments is Cholec80 (80 videos), the frame rate is used, 1 FPS, phase prompts are 

fixed, pre-processing is light standardized, and the train/validation/test splits are video-wise. 

To measure the performance of the models and the confusion matrix analysis to understand 

the behaviour of per-phase alignment, the top-k (Top-1/5/10) accuracy based on the image-to-

text nearest-prompt classification is applied. The results show that Top-1 is much more 

accurate in Encoder depths: MiniLM-L3 (approximately 44%), DistilBERT (approximately 

39-40) and MiniLM-L6 (approximately 39) have the highest accuracy, and the accuracy of 

deeper MiniLM-L12 is much lower (approximately 24-25%). Despite these differences, Top-

5 (approximately9496) and near-perfect (approximately100) accuracies of all models are 

strong indicating that correct prompts tend to be in close semantic similarity. Interestingly, 

encoders with higher levels of sensitivity are more sensitive to limited supervision but low 

sensitivity encoders are more stable to fixed-prompt constraints. These findings highlight the 

point that in cases where depth of the transformers is increased multimodal alignment is not 

invariably supported in low-data fixed-prompt cases. Instead, smaller encoders can perhaps 

act more strongly and reliably, offers useful empirical guidance to the choice of encoder of 

text in restricted multimodal learning situations. The limitations of the study are the unequal 

representation of classes in the database, visual overlap of certain stages of surgery, and the 

failure to refine the vision encoder. 
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1. CHAPTER 1 

INTRODUCTION 

1.1 Background 

         Multimodal structures Multimodal learning structures are being progressively 

developed to incorporate visual representations in addition to an English language to facilitate 

the recognition, retrieval and reasoning processes. One such use is the Endoscopic video 

analysis as a form of surgical phase recognition (SPR), or a medical video recognition of the 

stage of procedure in progress in the video, which is an automated medical technique of 

identification. More lately, textual supervision Vision-language models have been shown to 

learn procedures, and can directly learn to perform zero-shot or weakly-supervised phase 

recognition at natural language prompts. Although this paradigm does improve the size of the 

multimodal systems, it is also associated with the problem of consistency of evaluation, 

reproduction and execution of the model with less supervision (Yuan, Srivastav, Navab, & 

Padoy, 2025a). 

The relevance of SPR in the current work lacks a locus of application but an experimental test 

site on the investigation of the multimodal alignment behavior. Our dataset is named 

Cholec80, and consists of 80 laparoscopic cholecystectomy videos and annotated with seven 

stages of surgery, i.e., Preparation, Calot Triangle Dissection, Clipping and Cutting, 

Gallbladder Dissection, Gallbladder Packaging, Cleaning and Coagulation and Gallbladder 

Retraction. The dataset is highly imbalanced in classes since there is high level of longer time 

of given phases than others (e.g. Calot Triangle Dissection and Gallbladder Dissection). 

Original 25-30 FPS is subsampled to 1 FPS that is also common and also contributes to the 

biases of imbalance. The differences between the measures of data splitting and testing 

regimes of previous researchers have made the comparisons between the available findings 

directly complicated (Funke, Rivoir, Krell, & Speidel, 2025). 
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Multimodal approaches that were recently introduced are fundamentally a cosine similarity 

loss with temperature scaling, over an image encoder and a text encoder (a mapping of image 

inputs and text inputs into the same embedding space) (Radford et al., 2021)(Zhang et al., 

2022). This architecture has been demonstrated to be effective, and has good zero-shot and 

few-shot transfer properties, although the capacity and depth of the text encoder, which is 

generally an opaque component, has a potent impact on its behavior. 

As a matter of fact, especially in edge to resource constrained systems, giant text transformers 

impose memory as well as latency and thermal constraints, which can negatively affect the 

stability of the system. Freezing vision encoder, lightweight projection heads and temperature 

parameter tuning techniques have been demonstrated to freeze at significantly lower 

computation price (Roy et al., 2024). These observations lead to an even more basic question: 

what are the properties of compact transformer encoders when learning multimodally is 

performed in fixed-prompt and low-data circumstances? 

The gap has implications on this research because it is a systematic investigation of the 

behavior of small pretrained text encoders; MiniLM-L3, MiniLM-L6, MiniLM-L12, and 

DistilBERT in the context of learning in a fixed-prompt multimodal learning setup. A frozen 

CLIP ViT image encoder is used in order to isolate the effect of text encoders, only the text 

encoder, a shallow projection head, and learnable temperature parameter are trained with a 

symmetric contrastive loss. The benefit of such carefully controlled combination is that the 

encoder depth, stability, and alignment behavior can be made to make an apples-to-apples 

comparison, and that it is not bound to vision encoder adaptations (Funke, Rivoir, & Speidel, 

2023). 
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1.2 Problem Statement 

 

The contemporary models of vision-language (VLMs) such as the CLIP-based one 

have been demonstrated to be characterized by a high quality of zero-shot and few-shot 

transfer performance in a large range of tasks. However, these models are typically founded 

on large text encoders based on transformers, the depth, and the number of parameters of the 

encoder that have a substantial impact on the multimodal alignment behavior. These encoders 

may have great representational capacity, but they also have great computational overhead 

and complexity and the action they produce even with limited supervision is difficult to 

interpret. Moreover, the existence of literature is largely due to the fact that the encoder of the 

text is a fixed system, and there has been very little research done to define how the size and 

depth of the text encoder affects the multimodal learning (Radford et al., 2021). 

 

A major question that is yet to be answered is whether small pretrained text encoders such as 

MiniLM-L3, MiniLM-L6, MiniLM-L12, and DistilBERT can work effectively at multimodal 

alignment when texts are supervised exclusively with text. In particular, it is not quite clear 

how such encoders would act in case of multimodal learning performed in the context of 

fixed-prompt conditions under which linguistic variation is eliminated and performance 

depends heavily on the ability of the encoder to retrieve and compare semantic substance. To 

answer this question one must divide the contribution of text pathway and hold the other 

components constant(Zhang et al., 2022). 

 

To allow an analysis that is based on fair and controlled analysis, this study employs an 

apples to apples experimental protocol in order to isolate the behaviour of text encoder. The 

CLIP ViT encoder of the images is kept fixed and only the text encoder which is a 

lightweight projection head into a common 512-dimensional embedding space and a 

learnable temperature parameter is optimized using a symmetric contrastive (InfoNCE) loss 

(Funke et al., 2023).This design eliminates confounding variables that are dominant in the 

prior surgical phase recognition work, such as the unbalanced domain of dataset partitioning, 

evaluation leakage, or metric difference (Kostiuchik et al., 2024). 
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Within this organized approach, the multimodal alignment is quantified as image-to-text 

retrieval (Recall@1, Recall@5, Recall@10) and fixed-prompt nearest-neighbor classification 

accuracy, as well as a few parameters-effort parameters, including the count of parameters 

and throughput. The methods can be used to relatively rank the size-accuracy-stability trade-

offs of compact text encoders, trained in a similar environment (Kostiuchik et al., 2024). 

 

Even though the multimodal and attention-based architecture have gained more and more 

popularity, they do not give any special analysis to the text pathway to examine the behavior 

of compact encoders in the fixed-prompt and low-data multimodal learning conditions. The 

issue on whether there is a greater alignment of deeper text encoders and whether supervision 

stability or instability are created by greater capacity even with limited supervision is not 

resolved. This study seeks to address this area of knowledge gap with empirical evidence 

concerning the behavior of text encoders that can be utilized to provide a recommendation on 

what models to apply in sparse multimodal learning environments, and use of surgical phase 

recognition as an example of evaluation task (Yuan et al., 2025a). 

 

 

1.3    Motivation 

 

  The role of pretrained text encoders in conditional visual representations provided by 

multimodal systems of learning has not been studied sufficiently but conditioning such 

encoders during behavior is increasingly relying on pretrained text encoders. Most vision-

language models often assume that the deeper the semantic grounding provided by the text 

encoder, the bigger the depth and capacity of the encoder is. However, this assumption can 

hardly be tested when the circumstances are limited by the fact that the linguistic variability 

is also limited or the size of the training data is also limited. Their behavior in such settings 

should be known so as to have reliable and interpretable multimodal systems (Roy et al., 

2024). 

An accumulating literature in contrastive vision-language learning has also shown that strong 

multimodal correspondence is possible when a range of simplifications of architecture, such 

as vision encoder freezing, lightweight and well-tuned temperature parameter projection 

heads are used in the contrastive objective (Roy et al., 2024). Despite the interest in this 

observation, most existing multimodal surgical systems focus on the quality of the alignment 
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that is determined according to the stability of the representation instead of the magnitude of 

the model itself, or the mediating role of the text pathway in this relationship (Yuan et al., 

2025a). 

Recent emergence of surgical vision-language pretraining including hierarchical and general-

purpose models demonstrates that prompt-based zero shot learning is effective in procedures. 

Such systems are however confounding the effects of depth and capacity of the text encoder 

alongside the simultaneous change in the vision backbone, temporal modeling and the 

magnitude of training data. It is therefore not definite that better language representations 

lead to better performance, or that there was another consideration of architecture and 

training (Yuan et al., 2025a). 

It is based on this gap that this paper uses a reductionist experimental configuration whereby 

CLIP ViT image encoder is frozen and the text encoder replaced systematically with variants 

of compact transformers (MiniLM-L3, MiniLM-L6, MiniLM-L12 and DistilBERT). The 

paper is able to directly measure the joint effect of encoder depth and multimodal alignment 

behavior by simply parameterizing the model by a combination of predefined textual prompts 

and only optimization of the text pathway and projection head parameter. This artificial 

setting offers the identification of surgical phases as a diagnostics problem of evaluating the 

representational power, steadiness and overfitting predisposition of weak supervision (Yuan 

et al., 2025a). 

Finally, not the least, when multimodal learning is performed under the same preprocessing 

and evaluation conditions, there is little empirical advice available on how to trade off 

encoder capacity, alignment quality, and stability. The previous research has also revealed 

that differences in the partitions of datasets, measurement and reporting processes obscure the 

comparisons that can be undertaken meaningfully across the models(Funke et al., 2023). The 

study will attempt to explain the behavioral trade-offs of compact transformer encoders 

through a traditional apples-to-apples comparison, but will have principled implications 

beyond just one domain of interest and could be applied more generally to assist in making 

decisions about the use of text encoders in limited multimodal learning applications 

(Kostiuchik et al., 2024). 
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1.4 Significance of the Study 

    The study provides a controlled and methodical platform of testing behavior of tiny 

transformer encoders in fixed-prompt multimodal study.The proposed research design 

disconnects the role of the text encoder to learning cross-modal representations by freezing 

CLIP ViT image encoder and assessing multimodal alignment using the text route alone 

(Radford et al., 2021).The isolation is necessary to the interpretation of the dependence of the 

encoder depth and capacity on alignment behavior when linguistic supervision is limited, and 

an example is in low-data and prompt-limited learning  (Zhang et al., 2022). 

The most important of the works is the apples-to-apples with smaller pretrained text 

encoders, i.e., MiniLM-L3, MiniLM-L6, MiniLM-L12, and DistilBERT, which are trained 

under the same preprocessing condition, training schedules, and evaluation conditions as a 

CLIP-Text reference. This solves a comparability issue that has been present in previous 

multimodal and surgical phase recognition experiments in which splits, augmentation 

strategies and measures of evaluation varied across studies and thus it was hard to interpret 

their results (Funke et al., 2023). 

The specific analysis presented in the paper also incorporates both measures of alignment 

(Recall1/5/10 and fixed-prompt nearest-neighbor Top-1 accuracy) and efficiency-related ones 

(such as the number of parameters and throughput). Such measurements are used to put size-

accuracy-stability trade-offs into perspective, not by viewing it as a deployment problem but 

to put in perspective new best practice regarding contrastive vision-language benchmarking 

(Roy et al., 2024). 

In addition to that, the outcomes demonstrate that multimodal alignment can be conducted 

with a very thin architectural dish, i.e. a lightweight projection head into a shared embedding 

space alongside a learnable temperature parameter, and no activities in the encoder of the 

vision. This finding is consistent with the theoretical results of the contrastive learning task 

and other past medical vision language tasks where fixed-prompt representational stability 

and calibration can be a determinant as scale-invariant as scale-invariant as model scale 

(Zhang et al., 2022). 

Lastly, the rigor of the methodology and reproducibility is highlighted by the paper because it 

provides a program of the experiment, partition of data fixed, CLIP-consistent, preprocessing 

of the experiment, default optimization parameter, were run with seeds, hardware and runtime 
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environment report.The research and its result are valuable because they offer empirical 

reference to the past research on evaluation drift that can be reused and replicated in studies 

of multimodal learning and text encoder analysis in future (Funke et al., 2023). 

 

1.5 Research Questions 

 

Comparisons between small pretrained text encoders (in terms of size) (MiniLM-

L3/L6/L12, DistilBERT) in effectivity in multimodal surgical phase detection with low-

data performance, and what is the effect of encoder depth/size on down-stream 

classification results? 

 

1.6 Research Objectives 

 

• To encode a fixed-prompt condition to different text encoders, which are lightweight. 

 

• To find the impact of the encoder depth on the minimum-data low-data performance. 

            text conditions. 

 

• To compare the encoder behaviors so as to determine the most appropriate models. 

 

• To provide appropriate suggestions on a selection of effective text encoders in the 

medical arena multimodal AI. 
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1.7 Research Scope and Limitations 

 

This section highlights the limitations of the study and the limitations arising from the 

dataset, chosen techniques, and evaluation process. 
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1.7.1 Scope 

 

1. The only laparoscopic cholecystectomy videos we used in this paper were Cholec80: 80 

laparoscopic cholecystectomy videos, with seven phases of annotations (Preparation; 

Calot Triangle Dissection; Clipping Cutting; Gallbladder Dissection; Cleaning 

Coagulation ). They down sample images at 1 FPS , preprocess fixed (and re-size/crop 

like in the CLIP pipelines and ImageNet mean-std CLIP normalization). We divided into 

train/val/test (no leakage of patient/video) by video. We examine class imbalance (where 

some classes e.g., have longer dwell time in steps such as CalotTriangle Dissection or 

Gallbladder Dissection are over-represented) and where one can, apply naive 

countermeasures - e.g. uniform sampling of the phases, by class - which will describe all 

the selections vividly(Kostiuchik et al., 2024). 

2. The CLIP ViT image encoder is fixed, and the only difference between MiniLM-

L3/L6/L12, DistilBERT and an image baseline CLIP-Text is the text encoder. A thin 

projection head is used to project text properties to 512-D (CLIP space), and is also 

learned, and with an additional learnable temperature (τ) on the similarity scale during 

contrastive training(Radford et al., 2021). 

3. To learn image-text and text-image features with constant hyperparameter (epochs, 

learning rate, weight decay, batch size) we firstly train all encoders with the same 

symmetric InfoNCE loss. We do not eliminate the augmentations and report whether 

gradient clipping and AMP are present or not. Reproductivity Runs are seeded(Radford et 

al., 2021). 

4. These are alignment-Recall 1/5/10 (image-text retrieval) and zero-shot phase-prompt 

Top-1) and efficiency, parameters (M), throughput (images/s) and wall-clock time in 

seconds to key milestones, optional, but measured when rationale, is GPU memory. All 

encoders have the metric execution in order to compare models on Cholec80 imbalanced 

set(Funke et al., 2023). 

5. We specify hardware, library version, checkpoints and random seeds of the tokenizer. 

Output will be provided in CSV logs and plot (e.g. accuracy vs parameters; accuracy vs 

throughput) so that it can be re-used and so that later analysis is possible. This is based on 

the community suggestions of transparent and reproducible SPR and contrastive VLM 

benchmarking(Roy et al., 2024). 
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1.7.2 Limitations 

 

1. Its result is based on the Cholec80 dataset and has not undergone other processes or 

institute approval(Kostiuchik et al., 2024). 

2. We have not optimized the visual text path- fine-tuning the CLIP ViT model only 

optimized the text path, which is not always as good as a pipeline model that is tuned 

fully(Hoque, Hasan, Emon, Khalifa, & Rahman, 2024). 

3. Video recognition of the full gallery and long-time temporal reasoning. The paper only 

describes specialized temporal models (e.g., MS-TCN/link, temporal U-Nets), which are 

not experimentally tested(Park, Oh, Jeong, & Yu, 2023)(Funke et al., 2025). 

4. The experimental research utilized English staged prompts testing and no cross-lingual 

prompts testing without studying the breadth of prompt engineering(Yuan et al., 

2025a)(Perez, Nwoye, Kermani, Mohareri, & Jamal, 2025). 

5. We have observed the fact that throughput and wall-clock time are dependent on 

hardware, and hence we should construct a correct system and relative benchmarking in 

this environmental context(Funke et al., 2023). 

6. We learn our models in a relative sense of accuracy, efficiency, and trade-off budget, and 

not absolute SOTA prioritization on the Cholec80 dataset(Funke et al., 2023)(Roy et al., 

2024). 

 

 

1.8 Thesis Organization 

 

Introduction: Introduction Presents problem context and motivation States problem 

and gaps in research formulates problem and objectives Defines scope and limitations 

Summarizes contributions 

 

Background and Related Work: describes Surgical phase recognition (SPR) and workflow 

analysis, the Cholec80 dataset and the problem of class-imbalance in it, contrastive vision-

text learning (e.g., CLIP-style dual encoders, InfoNCE, temperature scaling), medical 

adaptations (e.g., ConVIRT), surgery-aware VLP (e.g HecVL, SurgLaVi, GP -VLS ), and 

evaluation techniques/metrics of SPR. This chapter reveals definition and terms and 

contextualizes the starting point of the study in literature of accuracy-efficiency. 
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Methodology: description of the experimental set up: data pipeline (Cholec80, 1 FPS 

samples, CLIP preprocess., and video-wise splits), model architecture (frozen CLIP ViT, 

lightweight text encoders MiniLM-L3/L6/L12, DistilBERT and base line with CLIP-Text) 

projection head of dimension 512-D, learnable temperature, symmetric infonce, fixed 

hyperparameters/schedules, augmentations, seeds and any imbalance mitigation (uniform 

sampling/loss reweighting).  

 

Experiments and Results: Tables: alignment (R@top1,5,10): summary, efficiency 

(parameters, throughput, wall-clock; (memory) optional). It achieves this through the 

production of combined comparative tabular/plots of all text encoders with the same settings 

along with sensitivity analysis (pooling, prompts, batch size) showing effects size and 

variability amongst seeds. Gives examples of retrieval outside the curve and analysis of error 

due to imbalance in the phases. 

 

Discussion and Conclusion: Gives results interpretations on: the accuracy-efficiency trade-

offs, stabilization by projection.This paper gives results interpretations on the following: on 

the what was lost/gained relative to CLIP-Text; clinical implications/engineering implications 

to near-real-time deployment; and scientific implications to the text pathway under a frozen 

vision tower. They include a discussion of weaknesses (single big / dataset, frame-level, 

English prompts only, hardware independent), future work (multiple procedure / datasets, 

temporal / modelling, joint fine-tuning multilingual prompting / off-machine optimization). 
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2. CHAPTER 2 

 

 

 

       LITERATURE REVIEW 

 

 

2.1 Background & Problem Context 

 

Surgical phase recognition Surgical workflow analysis Surgical phase recognition 

Automatic identification of procedural phases of endoscopic video on two levels frame level 

(one label/frame) or segment level (continuous frames with the same label) is one of the first 

steps in surgical workflow analysis(Funke et al., 2023)(Kostiuchik et al., 2024). It provides 

workflow (phase schedules, performance and variability) intraoperative decision support 

(phase-oriented/phase-warned) reducing errors and quality assurance (objective auditing, 

standards meeting), training/education (phase-sensitive feedback and assessment)(Kostiuchik 

et al., 2024). The models are expected to be able to allocate across a change of distribution 

since the actual OR deployments involve surgeons, devices (scopes and resolutions) and 

domains (institutions, case-mix) otherwise no sensible comparison can be made without a 

practice of evaluations ontologically(Funke et al., 2023). Visual cues can be under-

discriminative (identical when used in other situations using the same tools or views), and 

may be trained with multimodal training with language semantic context phases, tools and 

actions - to separate look-alike frames and could become prompting with zero/few-shot 

behaviour by training against a vision-language loss (e.g. CLIP on natural images, ConVIRT 

on medical images), and to future surgery-sensitive video-language systems (HecVL, 

SurgLaVi, GP-VLS)(Radford et al., 2021). 

 

More recent vision-language models can be of either of two broad types, dual encoders, in 

which the visual and textual data are separately encoded and aligned at a common space, such 

as contrastive learning (e.g. CLIP); or encoder-decoder or instruction-tuned stacks, where the 

generation is conditioned by an input visual signal (e.g. BLIP/BLIP-2, LLaVA)(Radford et 

al., 2021). Other contrastively trained dual encoders, like CLIP (and its successor developed 

with ALIGN) are trained on a joint embedded space, and also learn or sample a temperature 

to maximize similarities, scales to web-scale data and can be queried with a text query to do 

zero-/few-shot recognition(Roy et al., 2024). Encoder-decoder models have likewise 

represented the retrieval and survived to grounded generation and thought when dealing with 
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images by vision encoder coupled with language model bound to light-weight adapters 

(BLIP-2), follow-the-prompt behavior through instruction tuning (LLaVA)(Hoque et al., 

2024). ViLT shows another step closer step that includes the patches and tokens with the help 

of only one transformer at the expense of strong and heavy CNN backbones and expense of 

cross-modal attention between token representations(Roy et al., 2024). In these works, there 

are also sharing ideas: similar space (to access or condition), conflicting goals (or cross 

entropy between image-text pairs), temperature scaling to regulate the logits as well as 

prompting them in natural language to encode them(Radford et al., 2021). General-purpose 

surgical VLMs Video-language pretraining General-purpose video-based sensing and 

understanding tasks are a more recent area of research and recent studies have used task 

phase recognition by directly basing on textual anchors such as phase names, instruments or 

actions to pretrain VTL(Yuan et al., 2025a). 

 

The benchmark datasets superimpose development of SPR. The frame-wise label of seven 

stages (Preparation, CalotTriangle Dissection, Clipping Cutting, Gallbladder Dissection, 

Gallbladder Packaging, Cleaning Coagulation, Gallbladder Retraction) and 80 videos of 

laparoscopic cholecystectomy make up Cholec80(Kostiuchik et al., 2024). M2CAI workflow 

benchmark (laparoscopic cholecystectomy) M2CAI workflow benchmark (laparoscopic 

cholecystectomy) is a frame-based phase annotation benchmark, and has been used most 

commonly in the challenge-based efforts at comparing across studies(Kostiuchik et al., 2024). 

Microscope-video Cataract-101collection relates to cataract surgery, and is phase/step (and, 

in most cases, generally) annotated at frame/segment granularity and generalizes between 

cholecystectomy in order to observe the differences in modality between laparoscopic and 

ophthalmic scope(Kostiuchik et al., 2024). Vision-only (unimodal) Older Systems Vision 

only systems consisted of per-frame C CNN classifiers, CNN + LSTMGRU sequence models 

and temporal convolutional (e.g. TCNMS-TCN) methods with HMM/CRF smoothing to add 

temporal coherence, but with no prior text or language knowledge(Park et al., 2023)(Funke et 

al., 2025). They are not only effective at within-dataset, they also have severe weaknesses, 

they lack (weak) semantics (they are not based on a language), they are expensive to run in 

real-time and can be scaled only to, and cannot be scaled to unseen procedures or queries 

previously(Funke et al., 2023)(Kostiuchik et al., 2024). Under these constraints, the emergent 

multimodal work was already in operation working in line with video with text e.g. 

hierarchical video-language pretraining to zero-shot phase recognition and early general-
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purpose surgical VLMs/datasets, but the extent to which the data modalities could be 

stabilized under fair conditions was not known(Yuan et al., 2025a)(He et al., 

2025)(Schmidgall, Cho, Zakka, & Hiesinger, 2024a). 

 

2.2  CLIP and the Text Modality 

 

Transformer encoder A CLIP-style dual encoder represents a text tower, which 

encodes a tokenized prompt linearly to the space of the image encoder to match it 

against(Radford et al., 2021)(Roy et al., 2024). The following design levers have been shown 

to influence this tower: the hidden size and depth (determining semantic capacity and long-

range context), the vocabulary/tokenizer (determining the fragmentation of domain terms, 

such as instruments, phase names, etc.), and the positional encoding form (determining how 

orders of words are modelled) - the design levers directly influence both latency and memory 

footprint (activations KV caches) and hence, the quality of text-image alignment under 

InfoNCE can be learnt with a learnable temperature(Radford et al., 2021)(Hoque et al., 2024). 

In this paper, we substitute the CLIP-Text by light-weight transformers (MiniLM-L3/L6/12, 

DistilBERT), without modifying the standard CLIP image tower (512-D) or contrastive 

objective that is symmetric, which simply freezes the ViT encoder image tower and only 

trains text pathway, and a very narrow projection, thereby, making any improvement in 

alignment or performance merely owed to the text encoder(Radford et al., 2021)(Roy et al., 

2024). 

Visual encoder Pre-train on large-scale images-text data sets: visual backbone models RN50 

and ViT-B /16, text tower models Transformer based, optimization InfoNCE learnable-

temperature, image-text retrieval (Recall at K ) and zero-shot top-1 image -text performance 

with prompt templates. Linear heads The heads are linear, the main inferred task is on frozen 

models with optional fine-tuning to the task; Efficiency Metrics Backbone scale and batch 

computation are efficiency metrics(Radford et al., 2021). 

Recall@K and zero / few-shot performance on matched conditions and a large search of 

architecture tuning processes (prompt engineering, freezing vs. fine-tuning) and throughput / 

parameters trade-offs - they can be interpreted as text tower scale-performance trade-offs and 

domain transfer resilience can be discussed on a massive scale(Roy et al., 2024). 
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In order to achieve endoscopy based on CLIP-type contrastive learning, sequence of frames 

are broken into text labels/prompts (stage/instrument/procedure words). We have now a ViT-

type CLIP image encoder, the text Transformer tower, which uses temperature-scaled 

InfoNCE, and in the form of retrieval recall at K, and no-shot accuracy with prompts. The 

model structure has thick links, as customarily believed in (stage/instrument strings) custom 

prompts, but the linear projection, and most methods used to freeze the image tower. Some 

measures of efficiency (parameters, latency) are also acquired, yet they are also readily more 

in common field than the CLIP model(He et al., 2025). 

 

General Surgical Vision Language Model CLIP Style Dual Encoder of Diversity of Surgery 

Scenes: Introducing ViT-like Visual Backbone, Transformer Text Tower, InfoNCE+ 

Temperature Mechanism and Reporting Recall@ and Zero-Shot Phase/Tool Top-1 Metrics 

Under Prompt Variants. The paper examines domain shift and considers the methods of 

prompting and domain text augmentation methods to resolve the domain shift problem. The 

majority of the previous researches optimized the model by freezing a portion of the layers of 

the tower and lightweight projection heads. Problems of magnitude of parameters, qualitative 

latency at deployment are explained in some closely related works(Schmidgall et al., 2024a). 

 

Since one holds a frozen visual tower, any decisions made in the CLIP central route (text 

encoder - scale/capacity, prompt engineering and projection/temperature) have a proportional 

influence on a zero-shot domain transfer retrieval/performance. Good prompts and stable 

training When the informative prompt is good enough and there is no catastrophic collapse / 

forgetting patterns during fine-tuning, then we can freeze ViT using a lightweight text path, 

and this is what we are attempting to accomplish in our frozen ViT with replaceable text 

experiments(Radford et al., 2021)(Schmidgall et al., 2024a)(He et al., 2025)(Roy et al., 

2024). 
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Table 2.1 Several representative papers in the field of surgical phase recognition (SPR) 

 

 

 

 

 

 

 

 

Paper Method Approach 
Text encoder 

used 
Dataset 

HecVL (video–language 

pretraining)(Yuan, 

Srivastav, Navab, & 

Padoy, 2025b) 

CLIP-style dual 

encoders + 

hierarchical 

video–text 

pretrain 

Frozen/partia

l-frozen ViT, 

InfoNCE + τ, 

prompt-based 

zero-shot 

phases 

CLIP-style 

Transformer 

(text encoder) 

Cholec80 

GP-VLS(general-

purpose surgical 

VLM)(Schmidgall, Cho, 

Zakka, & Hiesinger, 

2024b) 

CLIP-style dual 

encoders across 

mixed surgical 

corpora 

ViT image + linear 

projection, 

temperature 

scaling, prompt 

variants 

CLIP-style 

Transformer 

(text encoder) 

Cholec80 

Endo-CLIP (endoscopy 

adaptation)(He et al., 

2025) 

Contrastive 

image–text 

training (CLIP 

variant) 

Frozen ViT, linear 

head, hand-crafted 

phase/tool prompts, 

InfoNCE + τ 

CLIP-style 

Transformer 

(text encoder) 

Cholec80 

Adapting Generalist 

VLM for SPR(Faray 

De Paiva, Yuan, 

Srivastav, & Padoy, 

n.d.) 

Transfer of 

CLIP-family 

model to phases 

Frozen image tower; 

fine-tune text/head; 

retrieval + zero-shot 

via prompts 

CLIP-style 

Transformer 

(text encoder) 

Cholec80 
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2.3 Limitations & Motivation for Lightweight CLIP Text Towers 

 

Though small and whatever-large variations of CLIP-Text have also been proposed to 

resolve such latency/memory problems, the overall forward pass by CLIP-Text of CC is not 

the best characterization to either the embedded/edge deployment, or real-time OR loop 

feedback(Radford et al., 2021). Moreover, CLIP is also trained on text on web-scale, which 

can lead to incompatibility of linguistic priors in CLIP with surgical jargon (e.g. the steps of a 

procedure, equipment, and movements), triggering zero-shot grounding without domain 

adaptation or prompting(Kostiuchik et al., 2024)(Hoque et al., 2024). Timeliness is also a key 

factor in performance, such prompts as phase of surgery is non-standard and the results are 

thus quite susceptible to phrasing decisions of the natural language, and the inter-study 

reproducibility is poor(Roy et al., 2024)(Funke et al., 2023). CLIP generates frame-level 

embeddings automatically which do not depend on any temporal signal, and thus cannot learn 

procedure dynamics without sequence modeling (i.e. MS-TCN or video-level pretraining 

)(Park et al., 2023)(Funke et al., 2025). Lastly, alignment and efficiency (parameters, 

throughput, wall clock) are not reported collectively in the majority of articles, and little 

evidence of real-time performance has been published, which added to the fact that almost no 

experiment of hypothesis can be undertaken in the OR environment until now makes 

arguments about deployability in the real world even more burdensome to 

develop(Schmidgall et al., 2024a)(Funke et al., 2023)(Roy et al., 2024)(He et al., 2025). 

 

2.4 Research Focus & Evaluation Plan 

    Freeze vision tower CLIP ViT and replace CLIP-Text with MiniLM-L3/L6/L12 and 

DistilBERT and add a thin projection that projects text embedding into CLIP space 512-D 

and is trained on the known symmetric InfoNCE objective at an learnable temperature where 

any change of the alignment is unrealistically during text encoder representation(Radford et 

al., 2021)(Roy et al., 2024). we report Recall1510 Image-Text retrieval and Zero-shot phase 

prompt Top-1 and performance measures such as the number of parameters, throughput 

(images/s)(Funke et al., 2023)(Roy et al., 2024). We call upon other, more relevant medical 

contrastive adaptations, which can be used to humanize design decisions in the clinical space 

(e.g. contrastive training with bidirectional losses), neither do we draw our apples-to-apples 

comparisons on a fixed protocol(Zhang et al., 2022)(Kostiuchik et al., 2024). 
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2.5 Summery & Literature Review 

 

  Multimodal model used in this work is a CLIP-style dual-encoder model comprising 

of a frozen vision encoder and a learnable text pathway that shares an embedding space. To 

be more specific, the image encoder is a fixed CLIP ViT model that takes input frames and 

transforms them into 512-dimensional visual representations, whereas the text pathway uses 

small pretrained transformer encoders (MiniLM-L3, MiniLM-L6, MiniLM-L12, or 

DistilBERT). The text representations are projected to the same space of dimension 512 with 

a lightweight projection head and aligned with visual features with a temperature-scaled 

symmetric contrastive (InfoNCE) objective (Radford et al., 2021). 

 

The information flow in this model is based on 1 FPS frame sampling and CLIP-stable image 

preprocessing, image visual feature extraction and parallel tokenization of fixed textual 

prompts, which can be seen as canonical surgical stages. Cosine similarity is calculated 

between image and text embeddings in a normalized form and training of these 

measurements motivates that image-prompt pairs are closer in the embedding space than 

mismatched pairs. Multimodal prediction during inference is done through a nearest-prompt 

decision rule whereby each frame is compared with all fixed prompts and a nearest prompt is 

picked. This design allows the multimodal alignment behavior to be evaluated in a controlled 

way without bringing with it any linguistic variability (Roy et al., 2024). 

 

The contrastive vision-language models, such as CLIP, and their variants have shown 

effective zero-shot and few-shot performance in a wide range of domains due to their use of 

shared embedding space and temperature-scaled alignment. A number of limitations however 

are evident when such models are introduced to constrained multimodal settings. To begin 

with, the capacity and depth of text encoder is a significant factor that influences the latency, 

memory, and optimization dynamics. Second, CLIP has been trained on big web data and as 

such may experience semantic mismatch with domain-specific and fixed prompts common 

when dealing with medical or procedural data. Other recent researchers have established that 

the performance of a model can be very sensitive to the timeliness of its formulation, whereas 

reporting tends to exclude the analysis of accuracy, efficiency, and stability jointly, and 

hinders reproducibility and interpretability (Kostiuchik et al., 2024). 

 

 



©Daffodil International University 19  

Late advances in medical vision-language learning have been on mass video-language 

pretraining and hierarchical multimodal representations to enhance zero-shot generalization. 

Though these methods are shown to achieve very high performance increases, they usually 

require concurrent modifications of vision backbones, temporal modeling, and scale of data 

and it is hard to separate the influence of the text encoder alone. Therefore, the behavioral 

value of compact transformer encoders in the conditions of fixed-prompt and low-data are not 

sufficiently investigated (Schmidgall et al., 2024a). 

 

To fill this gap, the given study will have a controlled experimental design, that is, it will 

freeze the CLIP ViT image encoder and replace the text encoder with compact transformer 

variants in a systematic fashion. The experiments are all done on the Cholec80 dataset with 

the same preprocessing, video-wise partitions, constant phase prompts, and training 

programs. The temperature parameter, projection head, and the text encoder are optimized 

together on a symmetric InfoNCE objective, and performance metrics are measured in 

alignment metrics (Recall@K), fixed-prompt Top-1 classification accuracy, and efficiency-

related measures, such as the number of parameters and throughput. Random seeds and 

hardware specifications are clearly reported to make it reproducible. 

 

This study presents a narrow analysis of the effects of the encoder depth and the capacity on 

the multimodal alignment behavior with limited learning conditions by formulating the 

surgical phase recognition as a diagnostic standard and not an end use. This view builds upon 

literature with empirical evidence of stability and performance of fixed-prompt multimodal 

learning using compact transformer encoders, which augments previous studies that could 

focus on end-to-end performance and large-scale pretraining (Radford et al., 2021). 
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3. CHAPTER 3 

 

 

 

         METHODOLOGY 

 

 

 

We start first by processing raw laparoscopic videos with time-stamped annotations of vi-

sion, before converting them to per-video phase files that are frame and phase-indexed i.e. 

Frame/Phase. The frames are then sampled with a crude rate of 1FPS and rescaled to cfg. 

Image size and stored into a clean per-video file format, to enable fast and portability of 

access (hexa shrink Rates/{8 or 32). All the generators are generated on top of the 

Preprocessed Frame Dataset which sort out the labelling of the frames in execution and at the 

load time normalizes CLIP-style to make fair comparisons. In order to avoid leakage we 

provide three train/validation/test splits (fixed random seed), indicate the actual video IDs in 

the appendix and include the per-splits video/ frame counts per class, datapoint statistics and 

phase-duration histograms showing the current class- imbalance. 

Image processing Image preprocessing Image preprocessing Image preprocessing is 

performed using the canonical make clip tensor trans form that performs size-normalization 

CLIP normalization. The input data is in text form and it is motivated by a hard written 

dictionary, DEFAULTPHASEPROMPTS (seven Cholec80 phase prompts) that is available 

in the appendix in its raw form in order to be readable. They prepare the encoders by training 

them with their associated default tokenizers in the training loop, however, most importantly, 

in testing how similar or different two encoders are, the same prompt strings are presented to 

both encoders, and hence, only differences between encoders are compared and not wording 

effects. 

Our two-encoder model and pre-trained CLIP ViT-B/16 image tower are not trainable and 

our text tower can be changed between MiniLM-L3/L6/L12 (and DistilBERT in both).  An 

adjustable temperature ( ) magnifies the components of the correlations to regulate the acuity 

of the SoftMax in contrastive learning. The architecture section contains a description of 

projections, logits normalization, logits similarity and temperature-scaled logits. 
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The symmetric InfoNCE loss is an average of the image-text cross-entropy loss and the text-

image cross-entropy loss, which is minimized, and we look at a ( N ) in-batch negatives that 

can be used to boost the retrieval signal in-batch without necessarily having to use external 

hard-negatives which are mined. 

The optimization is performed with AdamW, a single constant learning rate (3x10-4), and 

weight decay (1x10-4) on all the trainable (text tower, projection head and temperature) is 

performed. We do not take 3 epochs, 3 epochs and batch size of 8 (clip-norm = 1.0). 

Python/NumPY/PyTorch is always concerned to ensure that splits and other mini-batches are 

chosen in a way that is reproducible. The loss (current (tau) and Recall@) on validation Log 

loss is saved at the end of each epoch and the checkpoint with the highest validation R1 is 

saved to be used in downstream experiments. 

 

The used InfoNCE equation (appendix) reinforcement was also complete with 3-epoch/batch-

8 schedule TBST Checkpointing with resume support also enabled. We test on a NVIDIA 

GeForce RTX 3050 Ti Laptop GPU that has the ability to provide the throughput needed to 

our frozen-vision swappable-text pipeline and also to provide realistic edge/OR HW 

impairments. 

The measurement of alignment applied when the formal definition is applied to a ranked 

prompt list is recall at 1/5/10 (Top-k). In identifying imbalance-based classification detection 

report, we also give Precision, Recall also F1 macro-averaged and per-phase levels. A 

confusion matrix (representing systematic confusions between visually or semantically 

similar phases) is also graphically illustrated (through correct/incorrect assignment) to help in 

improvements of prompting, augmentation, or reweighting. 
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3.1 Data Collection 

 

Purpose: 

This section describes the Cholec80 data whose focal point is the study that is done in this 

thesis. The information provides the premises of exploring surgical phase recognition (SPR), 

that is, during the laparoscopic cholecystectomy operations. The fact that this experiment can 

be contextualized and that the methods introduced in this publication can be used to 

comprehend the nature of the dataset that was utilized, the difficulties, and the purpose of the 

data choice is significant. 

 

Dataset Source: 

Public availability Cholec80 data is publicly availed and the outcome of the Cholec80 

research team in collaboration with the University Hospital of Strasbourg/IRCAD 

(Strasbourg, France). It consists of 80 videos of laparoscopic cholecystectomy surgeries with 

7 phases being marked. The tools of the dataset are also annotated, indicating that seven 

surgical tools were used by the operations. It is also published freely under the Creative 

Commons (CC-BY-NC-SA 4.0) license, which allows using the data in the non-commercial 

process and at the same time, it is possible to transform it or republish it, but with the 

references to the original authors. 

 

Dataset Characteristics: 

Videos Headcount: The dataset has 80 laparoscopic cholecystectomy videos all of which are 

complete procedure videos. The videos will also play an important role in training the SPR 

models since they will be fully informed of each step of the surgery. 

 

Number of Phases: Cholec80 data set is identified with 7 phases of surgery: 

 

• Preparation 

• Calot's Triangle Dissection 

• Clipping and Cutting 

• Gallbladder Dissection 

• Gallbladder Packaging 

• Cleaning and Coagulation 

• Gallbladder Retraction 
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These phases entail the most significant parts of a laparoscopic cholecystectomy and hence 

the data is ideal to the surgical phase recognition action. 

Tool Annotations: The tool annotations are also generated at 1 frame per second (fps) which 

fact implies the availability of seven tools, that is, the grasper, bipolar, hook, scissors, clipper, 

irrigator, and the specimen bag. These annotations may also inform the phase recognition 

models, especially when there is an effort at mapping of the tools with specific surgical tasks. 

Video Length: The videos of cholec80 dataset are of mean video length of 38 minutes with a 

standard deviation of 16 minutes. 

Frames: Frame rate was taken to 25 fps which give approximately 1000 frames in a video 

and each frame is identified by a phase which it belongs to. This frame extraction can be 

properly analyzed and frame-level annotations can be used to train the model. 

 

Phase Durations: 

The table 1 below shows all 7 surgical phases of the Cholec80 dataset and their mean time in 

the 80 videos. The values are given in seconds alongside the standard deviations. 

 

Table 3.1 Phase Durations: 

Phase Duration (s) 

Preparation 125 ± 95 

Calot’s Triangle Dissection 954 ± 538 

Clipping and Cutting 168 ± 152 

Gallbladder Dissection 857 ± 551 

Gallbladder Packaging 98 ± 53 

Cleaning and Coagulation 178 ± 166 

Gallbladder Retraction 83 ± 56 

 

 

These eras demonstrate the discrepancies of the different stages in which some phases like 

the Triangle Dissection by Calot and the Dissection of the Gallbladder are much longer than 

others like the Gallbladder Retraction. The period of time is to be mentioned in the case of 

the real time phase detection training models. 
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Challenges: 

The Cholec80 dataset is not an exception as it also faces several challenges, which make it a 

difficult yet still useful tool in developing SPR models: 

Imbalanced Phases: Phases in surgery of Cholec80 are not as represented as others. As an 

example, cleaning and coagulation stage and gallbladder retraction may have smaller 

numbers than other more popular stages like the Calot Triangle Dissection, Gallbladder 

dissection. This causes the imbalance in classes making the models to be inclined more in 

identifying more common phases and less common phases are identified by the model. 

Motion Artifacts Laparoscopy surgery has been prone to motion artifact due to the 

movements of camera and movements used by the surgeon. The phase detection can also be 

complicated by these artifacts that introduce noise to the visual channel that is difficult to 

classify phases based on the video frames when applying the models. 

 

Tool Occlusions: It is worth mentioning that in laparoscopy surgery, surgical tools could also 

block sections of the field of view that is vital in the specified operation. It can cause the 

neglect of visual information potentially causing the model to be unable to determine some of 

the stages in a correct way. 

 

Visual Similes: It is due to the fact that a lot of steps in Cholec80 are visually similar, e.g. 

Triangle Dissection and Dissection, where the instruments and the environment around them 

are visually similar. This is why it is hard to draw a line between the phases using the visual 

stimulus only, and it is required to resort to the use of the text that will assist in the phases 

classification. 

 

Why this Dataset: 

The Cholec80 data is particularly appropriate in this research because the data is a large and 

well-labeled collection of laparoscopic surgical videos, and thus an ideal data to evaluate the 

method of surgical phases recognition. The experimental settings of multimodal fusion 

strategies can be made under realistic settings because of the dataset heterogeneity in regard 

to the surgical stages, interactions of the tools, and visual challenges. In addition, it possesses 

frame-level annotations, thereby making it an ideal data to be used to train deep learning 

models, particularly in cases where the objective is the fusion of multi modals as in the case 

of CLIP based model in this paper. 
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This research paper aims at exploring how the issue of data imbalance, visual similarity, and 

motion artifact in real time surgical phase detection can be addressed through dissimilar 

lightweight fusion techniques. 

 

 

3.2 Data Preprocessing 

  

Video Preprocessing 

• Each laparoscopic cholecystectomy video in the Cholec80 dataset is sampled to 1 fps 

and the video frames are then extracted using the aid of video. 

• It is the reason why they become the most significant stages, which are covered 

without overloading the model with irrelevant data. 

• Frames extracted are trimmed down to 224x224 (CLIP model size). 

• The frames are then standardized to remove the meaning and then divided by the 

standard deviation of the values of the pixels that stabilizes the training process. 

 

Text Preprocessing 

• The CLIP tokenizer is used for phrased phase descriptions tokenization (Ivor-Lewis). 

• The tokenized text is stretched out or cut to a certain length (in our case we cut off the 

end) in our example, 32 tokens. 

 

Frames are stored in the form of .pt files (PyTorch tensors) for a number of reasons: 

 

• Reduction of frames to tensors makes sure that the I/O overhead is minimized and 

makes the training data faster to access. It does not require recurring preprocessing 

either as frames are already readily available. 

• pt); therefore, the preprocessed frames can be easily combined into the training 

pipeline without any preprocessing. 

• Tensors are less memory-consuming as compared to the image files, and this implies 

that you can store the visual information in totality in full visual quality without 

necessarily filling up your drive. 

• PT files can be used to introduce a certain amount of randomness during the pre-

processing of the image, e.g., random cropping, flipping and color jittering, as well as 

enhancing generalization of the model. 
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Data Augmentation 

 

• In order to overcome the data imbalance problem and make the data more robust: 

• Coping with Class Imbalance: Under-represented phases are oversampled to bring 

about the equilibrium of all classes when training. 

• Random Cropping: It adds spatial invariance, like the model can be tolerant to 

changes of viewpoint and the location of tools. 

• Flipping: Horizontal flipping is done in random fashion; this can be performed 

during training in order to mimic random camera orientation as well as tool side 

that would assist the network to generalize better between different conditions in 

the surgery. 

• Other Augmentation Rotation, jittering of color, zoom-in, etc., are other types used 

to assist the model to operate in different conditions of lighting and camera angle 

in surgery. 
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3.3 Model Architecture  

  

            We adopt a CLIP-aligned dual-encoder design with a frozen image tower and a 

swappable lightweight text tower, coupled in a shared embedding space and trained with 

a temperature-scaled symmetric InfoNCE objective. 

 

Figure 3.1 Clip Architecture 

 

 

3.3.1 Encoders and projections 
 

Image (frozen CLIP ViT) 

Let, 𝑥 ∈ ℝ𝐻×𝑊×3 be a preprocessed frame (CLIP normalization). The frozen vision tower 

produces a visual feature: 

𝐯0   =   𝑓img(𝑥) ∈ ℝ𝑑𝑣  

If , 𝑑𝑣 ≠ 𝑑 (the target shared dimension, d=𝑑 = CFG.emb_dim = 512 we apply a (fixed 

or trainable) linear projection 𝐏img ∈ ℝ𝑑×𝑑𝑣:  

𝐯̃   =   𝐏img 𝐯0 ∈ ℝ𝑑   

 

 

Finally, we L2-normalize (CLIP practice): 

𝐯   =   
𝐯̃

∥ 𝐯̃ ∥2
∈ 𝕊𝑑−1. 
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Text (swappable, lightweight) 

Given with the input prompt string 𝑡 , the text tower (MiniLM-L3/L6/L12 or DistilBERT) is 

tokenized to {𝑤𝑖}𝑖=1
𝐿   and encodes to token embeddings {𝐡𝑖}𝑖=1

𝐿 , 𝐡𝑖 ∈ ℝ𝑑𝑡. We construct a 

sentence embedding using either [CLS] pooling or mean pooling: 

𝐳text   =    {

𝐡[CLS] (CLS pooling)

1

𝐿
∑ ⬚

𝐿

𝑖=1
𝐡𝑖 (mean pooling).

 

A lightweight projection head (TinyMLPHead) maps to the shared space: 

𝐮̃   =   𝜙 ⁣(𝐖2
   𝜎 ( 𝐖1

   𝐳text
 + 𝐛1

 ) + 𝐛2) ∈ ℝ𝑑 , 

where 𝜎(⋅) is a pointwise nonlinearity (e.g., GeLU) and 𝜙(⋅) can be identity (yielding a linear 

head) or a mild nonlinearity; in our implementation the head is intentionally tiny to minimize 

latency/params. We L2-normalize: 

𝐮   =   
𝐮̃

∥ 𝐮̃ ∥2
∈ 𝕊𝑑−1. 

Trainable components: The text encoder, TinyMLPHead (text path), and a temperature  

parameter are trainable; the CLIP ViT image tower is frozen.  
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Figure 3.2  Architecture Pipeline 
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Shared embedding space & projection heads 

• Target dimensionality: Each of the comparisons is done in a common-space of dimension CFG. 

embmm = 512 (CLIP default). 

• Text projection: The projection of each text encoder hidden dimension (d n ) to 512-D space, 

which uses a light projection head TinyMLPHead (din, dout=CFG. embdim). To reduce the 

overhead and provide enough capacity to be aligned to an enormous range of text spaces 

(MiniLM/DistilBERT vs CLIP-Text), small (e.g., linear or small MLP) head has been selected. 

• Visual projection (conditional): When frozen vision encoder generates features whose dV not is 

not equal to 512 a visual projection in the composite model would be used to take it to CFG. 

embdim. As a matter of fact CLIP ViT-B/16 already generates 512-D and thus this branch usually 

does not matter; it is just to have a clean architecture and to be able to swap architectures in the 

future. 

• Normalization: to normalize image and text on projection i.e. cosine similarity = dot product and 

stabilizing contrastive softmax. 

 

 

Figure 3.3 Linear Projection 
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3.3.2  Similarity and temperature scaling 

For a minibatch of 𝑁 frames and 𝑁 prompts (paired by index), we compute the 

cosine-similarity matrix in the shared space: 

𝐒𝑖𝑗   =   𝐯𝑖
⊤𝐮𝑗     ∈ [−1,1]. 

We follow CLIP and learn log-temperature 𝛼 = log 𝜏 (scalar), using 𝜏 = 𝑒𝛼&𝑔𝑡; 0. The 

scaled logits are: 

                                                                        𝐋   =   
𝐒

𝜏
   =   

𝐒

𝑒𝛼. 

 

Temperature modulates the softmax sharpness, a key factor in retrieval alignment and 

training stability. 

 

3.3.3  Symmetric InfoNCE (bidirectional) objective 

Image→Text loss (each image’s positive is its paired prompt): 

ℒi2t   =    −
1

𝑁
∑ ⬚

𝑁

𝑖=1

log
exp  ⁣(𝐋𝑖,𝑖)

∑ ⬚𝑁
𝑗=1 exp  ⁣(𝐋𝑖,𝑗)

. 

Text→Image loss (each prompt’s positive is its paired image): 

ℒt2i   =    −
1

𝑁
∑ ⬚

𝑁

𝑗=1

log
exp  ⁣(𝐋𝑗,𝑗)

∑ ⬚𝑁
𝑖=1 exp  ⁣(𝐋𝑖,𝑗)

. 

The symmetric contrastive loss is their average: 

ℒ   =   
1

2
(ℒi2t + ℒt2i). 

This bidirectional InfoNCE mirrors CLIP and empirically improves gradient balance across 

modalities. 
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3.3.4  Inference (nearest-prompt decision rule) 

Given a frame 𝑥 and the set of seven phase prompts {𝑡𝑘}𝑘=1
7  , we compute normalized 

embeddings 𝐯(𝑥) and 𝐮(𝑡𝑘), then select: 

𝑘̂(𝑥)   =   arg max ⬚
𝑘∈{1,…,7}

  𝐯(𝑥)⊤𝐮(𝑡𝑘). 

This yields promptable zero-shot phase classification consistent with the retrieval objective. 

3.3.5 Interfaces 

• Vision tower (frozen): Configured as CFG.IMAGE_ENCODER = "openai/clip-vit-

base-patch16". Features exposed via an image-feature interface (conceptually, 

get_img_feats). 

• Text towers (swappable): CFG.TEXT_ENCODER_LIST = {MiniLM-L3, MiniLM-

L6, MiniLM-L12} (CLIP-Text for reference). Tokenization is encoder-native; 

features via a text-feature interface (conceptually, get_txt_feats). 

• Composite model: A Text Alignment Model wraps the frozen image encoder and a 

chosen text encoder with projections to the shared d=512d=512d=512 space, and 

exposes encode_image / encode_text for clean forward paths. 

• Temperature: Learnable 𝛼 = log 𝜏 applied to the similarity logits. 

3.3.6 Design levers and their effects 

• Pooling (CLS vs mean): Affects the geometry and stability of 𝐳text ; small encoders 

sometimes favor mean pooling for robustness, whereas larger encoders exploit CLS 

semantics. 

• Hidden size & depth (MiniLM-3/6/12): Control representational capacity vs latency 

/memory. Better/broader more expensive; more semantics; more deep, more, our thin 

head would assist in compressing between different spaces of text and CLIP visual 

space. 

• Tokenizer/vocabulary: Native tokenization encoding, which ensures that domain 

vocabulary (e.g. Calot Triangle Dissection) is also encodings) prompts are identical 

across encoders, and models are only allowed to vary in how they encode prompts 

(fairness rule). 

 



©Daffodil International University 34  

• Projection head size: TinyMLPHead (not deep adapters) provides minimal flexibility 

just to accommodate text/vision space misalignment at maintaining efficiency - of 

critical interest to OR edge constraints.
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3.4 Training Setup 

 

Loss Function: 

The contrastive loss function is used to train the visual-textual model that is in charge of 

aligning the multimodal features of the text and image encoders. To be more specific, our 

approach utilizes the InfoNCE loss as the means of calculating the similarity between the 

normalized image and text embedding. The following is the contrastive loss formula: 

ℒcontrastive = − log (
exp (

sim(𝑧𝑣, 𝑧𝑡)
𝜏 )

∑ ⬚𝑁
𝑖=1 exp (

sim(𝑧𝑣, 𝑧𝑖)
𝜏 )

) 

Where: 

• sim(𝑧𝑣, 𝑧𝑡) is the cosine similarity between the image 𝑧𝑣  and text 𝑧𝑡  embeddings. 

• 𝜏  is a learnable temperature parameter that scales the similarity score. 

• 𝑁  is the total number of samples in the batch, with the sum in the denominator 

accounting for all possible image-text pairs. 

This loss causes the similarity of image-text pairs located close to each other in the common 

embedding space and the dissimilar pairs are separated. 

 

Optimizer: 

The optimization of the model is done with the AdamW optimizer that builds on Adam and 

adds a weight decay regularization. Such choice results in optimal optimization particularly 

in large models. The optimal parameters are determined with the help of the following 

configuration: 

• Learning Rate: 3 × 10−4  

• Weight Decay: 1 × 10−4  

These parameters are useful to ensure that the learning process is controlled to prevent 

overfitting especially in large scale data. 
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Learning Rate and Weight Decay: 

The learning rate is set to 3 × 10−4  which is a typical value of transformer based models (to 

ensure stable convergence). A decay of  1 × 10−4 is also applied to discourage large weights 

and discourages overfitting. 

With this configuration, there is no explicit learning rate scheduling, although we have the 

advantage of the learning rate decay that was added to AdamW. 

Epochs and Batch Size: 

• Batch Size: 8 

• Epochs: 3 

The batch size is chosen as large as possible that fits in memory on the GPU and provides a 

good rate of convergence and speed of training. We hope that the number of epochs that we 

take is also 3 to be able to learn models without overfitting on the costly to compute 

Cholec80 dataset. 

 

Gradient Clipping: 

The result is clipped to ensure that the gradient is not too large and the gradient will explode 

during back propagation. Specifically the magnitude of gradients was limited by gradient 

norm to a limit 1.0, and appears to have a stabilizing influence on training and a benefit us 

effect on model convergence 

 

Checkpointing and Incremental Training: 

We have a checkpointing scheme, which facilitates retraining in partial steps and model 

recovery in case of long training execution. The state of a model is stored at the completion 

of every epoch in such a way that the most appropriate (judged by the evaluation metrics) can 

be recovered to be utilized further. The check-pointing system is already installed: 

• At the end of each epoch, the trained model will write out its weights and the best 

model will be written to best fusion model .pt. 

• The continuation of the training process may proceed based on the last model 

checkpoint saved, instead of restarting, and the result will not be any strangled 

computations. 
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• As more information becomes available or more fine-tuning is needed, the model can be 

retrained in small steps using the existing checkpoints which facilitate long-term 

optimization as additional data is produced. 

It is particularly helpful in deploying the model in the real-time surgical setting where it is 

anticipated that the model will be updated frequently as more and more videos will be made 

in the operating room and different phases / data outliers will be identified. 

 

Hardware: 

All the models are trained using a NVIDIA GeForce RTX 3050 Ti Laptop GPU due to the 

enormous size of CLIP models and that is where we are able to effectively train multimodal 

fusion. This GPU setup ensures that training proceeds with reasonable speed while 

maintaining the model's accuracy across multiple training iterations. This setup of GPU 

allows a good training rate and at the same time allows the model to maintain its accuracy by 

undergoing multiple training sessions. 

 

3.5 Evaluation Metrics  

Purpose: The primary evaluation measurements are stated and discussed to measure the 

work of the model in surgical phase recognition (SPR). These steps quantify the effectiveness 

of the model re-rise in placing phase, imbalance of classes and displaying errors patterns to 

guide better. 

3.5.1 Top-k Accuracy / Recall@k (R@k) 
 

 

Top-k accuracy The correct phase of the top k estimates of each sample. Top-1 (R@1), Top-

5 (R@5) and Top-T0 (R@10). 

R@k   =   
1

𝑁
∑ ⬚

𝑁

𝑖=1

 𝕀 ⁣(𝑦𝑖
 ∈ 𝑦̂𝑖

(1:𝑘)
) 
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Where: 

• 𝑁 is the number of test samples, 

• 𝑦𝑖 is the true label for sample iii, 

• 𝑦̂𝑖
(1:𝑘)

 is the set of top- 𝑘 predicted labels for sample 𝑖 

• 𝕀(⋅)is the indicator function (1 if the true label is within the top- 𝑘, else 0). 

Interpretation 

• R@1 (Top-1): measures if the top prediction is correct. 

• R@5 (Top-5): measures if the correct phase appears within the top five. 

• R@10 (Top-10): measures if the correct phase appears within the top ten. 

 

This information can be used by SPR where the visual confusion may cause the near-misses 

that place the actual phase in the lead over the random one. 

 

3.5.2  Precision, Recall, and F1-score 

 

In order to evaluate the quality of classification, we compute precision, recall and F1-

score, macro-averaged (i.e. comparing the phases with each other equally) and per-phase (to 

show class-specific results). 

Precision =
TP

TP + FP
 

Recall =
TP

TP + FN
 

F1 =
2 ⋅ Precision ⋅ Recall

Precision + Recall
  

• Macro-average: Compute the metric, of each of the labels, and their unweighted 

average. (averaging does not take into account whether a label is imbalanced or 

not) 

• Per-phase: report measures phase by phase, which phases (e.g. rare or temporary) 

are more difficult to find. 
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3.5.3  Per-Phase Metrics 

 

Phase wise precision/recall/F1 provides an analytical view to the performance. They 

can be used in the discovery of these underrepresented stages that are either over-missed 

(poor recall) or over-predicted (poor precision) and direct selective data augmentation, 

reweighting, or timely refinements. 

3.5.4  Confusion Matrix 

The confusion matrix 𝐂 summarizes correct and incorrect predictions across phases: 

𝐶𝑖𝑗   =   number of samples of true class 𝑖 predicted as class 𝑗. 

Here, 𝐶𝑖𝑗   counts how often ground-truth phase 𝑖 is classified as 𝑗 . From 𝐂  we can derive 

accuracy, precision, recall, and F1 per phase, and inspect which phases are most frequently 

confused (e.g., semantically or visually similar steps). This analysis informs further 

improvements in prompting, augmentation, or handling of class imbalance. 

 

 

3.6 Summery of Methodology 

 

 

• Problem framing: We study text-path efficiency in CLIP-style surgical phase 

recognition by holding the vision tower fixed and swapping in lightweight text encoders 

to test whether alignment quality can be preserved at lower compute. 

• Data & preprocessing: We use Cholec80 only. Videos are sampled at ~1 FPS, resized 

to CFG.img_size, and normalized with CLIP-style transforms. Human timestamps are 

converted to frame-indexed phase files (Frame, Phase). Frames and labels are aligned at 

load time. Class imbalance is documented and, where noted, mitigated with simple 

strategies (e.g., oversampling/reweighting). Splits are video-wise with a fixed seed; 

exact video IDs are listed in the appendix. We report per-split counts (videos/frames), 

per-phase counts, and phase-duration histograms. 

• Prompts & tokenization:  A fixed dictionary DEFAULT_PHASE_PROMPTS (seven 

canonical phases) is used unchanged across all encoders (fairness rule). Each encoder 

uses its native tokenizer; tokenization occurs inside the training loop. 
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• Model architecture: 

o Vision tower: CLIP ViT-B/16 (frozen). 

o Text towers (swappable): MiniLM-L3/L6/L12 (and optionally DistilBERT/CLIP-

Text for reference). 

o Projection: a TinyMLPHead maps text features to the shared 512-D space; an 

image-side projection is available if needed to match dimensions (typically a no-

op for ViT-B/16). 

o Normalization & similarity: L2-normalized embeddings; cosine similarity in the 

shared space. 

o Temperature: a learnable scalar τ (stored as log-τ) scales similarities. 

• Training objective: Symmetric InfoNCE (CLIP loss) over mini-batches: we average 

image→text and text→image cross-entropy terms using in-batch negatives. Batch size N 

yields N−1 negatives per anchor. Stability uses global-norm gradient clipping and mixed 

precision (AMP). 

• Optimization & hyperparameters (used settings): AdamW (β₁=0.9, β₂=0.999, ε=1e−8), 

constant LR = 3×10⁻⁴ for all trainables, weight decay = 1×10⁻⁴, no LR scheduler, 3 

epochs, batch size = 8, clip-norm = 1.0. Seeds fixed across Python/NumPy/PyTorch; 

reproducible splits and batches. 

• Evaluation protocol: 

o Alignment: Recall@1/5/10 (image↔text retrieval) and zero-shot phase Top-1 via 

nearest-prompt decision rule. 

o Efficiency: parameters (M), throughput (images/s), and wall-clock time (s) to best-

val. 

o Diagnostics: per-phase precision/recall/F1 and confusion matrix to analyze error 

patterns under class imbalance. 

• Reporting & reproducibility: We publish CSV logs, best-validation checkpoints, 

hardware specs (GPU/VRAM, CPU/RAM), library/tokenizer versions, seeds, and exact 

split IDs. Figures/tables relate accuracy to parameters and accuracy to throughput, 

enabling apples-to-apples comparisons across text encoders. 

 

• Scope control: The vision tower is always frozen; only the text encoder, text projection 

head, and τ are trained. This isolates the role of the text pathway in maintaining CLIP-

level alignment for surgical phase prompts under realistic, edge-oriented constraints. 
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4. CHAPTER 4 

 

 

 

RESULTS 

 

 

 

4.1 Overview of Results 

 

    This chapter evaluates lightweight text encoders paired with a frozen CLIP ViT on 

Cholec80 using frame-level prompts. Headline accuracy shows MiniLM-L3 with the 

highest Top-1 (44%), DistilBERT and MiniLM-L6 near ~39–40%, and MiniLM-L12 

lowest (24–25%) (see Fig. 4.1). Despite this spread, models converge at broader 

neighborhoods—Top-5 94–96% and Top-10 100%—indicating that the correct phase 

prompt is usually among the top candidates even when the first choice differs. 

Per-class analyses reveal a common tendency to over-predict Gallbladder Dissection, 

especially for uncertain frames, while the hardest boundary is between Clipping Cutting 

and Gallbladder Dissection due to overlapping tools and tissue context. MiniLM-L3 

attains high Top-1 largely via frequent assignments to Gallbladder Dissection; MiniLM-

L6 reduces this bias and improves recognition of Preparation and Clipping Cutting; 

MiniLM-L12 provides the fairest per-class behavior with a cleaner separation between 

Clipping Cutting and Gallbladder Dissection but at a Top-1 cost; DistilBERT maintains 

competitive Top-1 primarily through over-assignment to Gallbladder Dissection. 

Overall, the results point to strong neighborhood alignment across encoders and an 

accuracy–balance trade-off governed by final selection: models differ less in retrieving the 

right prompt neighborhood and more in how decisively they choose among adjacent 

surgical stages. 
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4.2 Overall Top-k accuracy 

 

Top-1: MiniLM-L3 attains the highest Top-1 (44%), followed by DistilBERT (39–40%) 

and MiniLM-L6 (39%); MiniLM-L12 is lowest (24–25%). 

 

 

Figure 4.1 Top-1 Accuracy Comparison 

 

                   
Top-5 / Top-10: All models converge at Top-5  94–96% and Top-10 100%, indicating the correct 

phase prompt is usually in the immediate neighborhood even when Top-1 differs. 
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Figure 4.2 Top 5 Accuracy Comparison 
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Figure 4.3 Top 10 Accuracy Comparison 

 

                              

 

 

 

 

 

Tight Top-5/10 spread indicates the true phase lies near the correct prompt for all models; 

Top-1 differences reflect collapse to a dominant class vs fine separation between adjacent 

phases. 
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4.3  Per-class behavior (confusion matrices & error-flow) 

 

4.3.1  MiniLM-L3 

 

Observation: The confusion matrix is dominated by predictions for Gallbladder Dissection. 

Correct recognitions for Preparation and Clipping Cutting are present but relatively weak, 

while Calot Triangle Dissection, Gallbladder Packaging, Cleaning Coagulation, and 

Gallbladder Retraction are seldom identified. This pattern indicates a strong bias toward the 

long, visually varied Gallbladder Dissection stage. 

 
Figure 4.4 Confusion Metrix – MiniLM-L3 
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 Error-flow: The MiniLM-L3 error-flow matrix reveals a strong bias toward predicting 

Gallbladder Dissection, regardless of the true phase. High misclassification rates from Calot 

Triangle Dissection (0.68), Cleaning Coagulation (0.95), Clipping Cutting (0.74), Gallbladder 

Packaging (0.84), and Preparation (0.77) indicate that the lightweight model overgeneralizes 

common dissection cues and treats this phase as a default when uncertain. This occurs 

because dissection visually dominates the dataset, while MiniLM-L3 lacks fine semantic 

discrimination for tool-specific actions such as clip application, coagulation, or bag insertion. 

As a result, subtle phases or shorter tasks (e.g., Packaging, Retraction) are overshadowed, and 

even thermally focused Cleaning Coagulation is nearly absorbed into dissection. Although 

the model achieves high Top-k performance, its accuracy arises from generic visual matching 

rather than balanced class recognition. Therefore, deployment would require enhancements 

such as tool-action-aware prompts, balanced loss strategies, and temporal smoothing to 

prevent critical decision phases from being masked by dissection dominance. 

 

 
 

Figure 4.5 Error Flow(Misclassification) – MiniLM-L3 
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4.3.2  MiniLM-L6 

 

 

Observation: MiniLM-L6 strengthens the diagonals for Preparation and Clipping Cutting 

compared with MiniLM-L3, while reducing indiscriminate assignments to Gallbladder 

Dissection. Minority phases—Calot Triangle Dissection, Gallbladder Packaging, Cleaning 

Coagulation, Gallbladder Retraction—still show low recall, but overall class balance is 

improved. 

 

 
Figure 4.6 Confusion Metrix – MiniLM-L6 
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Error-flow: The error-flow distribution of MiniLM-L6 continues to show a strong bias 

toward Gallbladder Dissection, although the bias is less extreme compared to MiniLM-L3. 

Misclassifications from key phases such as Calot Triangle Dissection (0.44), Cleaning 

Coagulation (0.84), Clipping Cutting (0.45), Gallbladder Packaging (0.85), and Preparation 

(0.72) indicate that the model still overgeneralizes common dissection cues but captures more 

variation in early actions, especially clip placement. Higher confusion between Calot 

Triangle Dissection and Clipping Cutting (0.32) also reflects improved recognition of 

preparatory anatomical exposure, even if it remains visually ambiguous. Meanwhile, 

Packaging and Retraction retain notable uncertainty due to limited visual distinctiveness and 

tool visibility. Thus, MiniLM-L6 demonstrates more balanced semantic separation than 

MiniLM-L3 but still relies heavily on generic mid-phase cues, suggesting that enhanced tool-

action prompting and temporal reasoning remain essential for reliable phase identification. 

 

 

 
Figure 4.7 Error Flow (Misclassification) – MiniLM-L6 
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4.3.3  MiniLM-L12 

 

 

Observation:  MiniLM-L12 provides the clearest separation between Clipping Cutting and 

Gallbladder Dissection and also shows better recognition of Preparation. The overall 

tendency to predict Gallbladder Dissection for many inputs is visibly reduced, yielding fairer 

per-class behavior even if headline Top-1 is lower. 

 

 

 
Figure 4.8 Confusion Metrix – MiniLM-L12 
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 Error-flow: MiniLM-L12 exhibits a noticeably more balanced error structure compared to 

MiniLM-L3 and L6, reducing over-prediction of Gallbladder Dissection and instead 

redistributing errors toward Clipping Cutting in several phases. Misclassification of Calot 

Triangle Dissection (0.74) and Cleaning Coagulation (0.48) into Clipping Cutting reflects 

stronger sensitivity to anatomical exposure and tool-based clipping cues, even though the 

model still struggles to differentiate specific actions that occur close in the surgical timeline. 

Meanwhile, misrouting into Gallbladder Dissection persists but at lower intensity (e.g., 

Packaging: 0.78; Retraction: 0.81) compared to earlier models, indicating improved 

distinction of mid-phase semantics. MiniLM-L12 therefore learns finer tool-action 

relationships but remains limited when phases share similar motion patterns, showing that 

lightweight encoders need explicit instrument-level textual prompts to avoid collapsing 

neighboring dissections into semantically adjacent clipping tasks. 

 

 

 
 

Figure 4.9 Error Flow (Misclassification) – MiniLM-L12 
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4.3.4  DistilBERT 

 

 

Observation: DistilBERT shows the strongest bias toward Gallbladder Dissection: correct 

hits outside this phase are scarce, and minority phases—Calot Triangle Dissection, 

Gallbladder Packaging, Cleaning Coagulation, Gallbladder Retraction—are rarely detected. 

Headline Top-1 is maintained largely by frequent predictions of Gallbladder Dissection. 

 

 

 
Figure 4.10 Confusion Metrix – DistilBERT 
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Error-flow: DistilBERT exhibits the strongest phase bias among all evaluated encoders, 

heavily funneling errors into Gallbladder Dissection, particularly from Cleaning Coagulation 

(0.96), Clipping Cutting (0.68), Packaging (0.82), and Preparation (0.75). This reflects an 

extreme reliance on dominant dissection cues and a failure to separate fine-grained surgical 

actions, especially thermal coagulation, which is nearly indistinguishable to the model. 

Although Calot Triangle Dissection shows a secondary spillover into Clipping Cutting (0.23), 

this does not reflect meaningful semantic learning; rather, the encoder collapses nearly all 

mid and late-stage actions into the longest and most visually generic dissection phase. 

DistilBERT therefore achieves competitive Top-k accuracy by exploiting phase duration 

imbalance rather than learning meaningful instrument-action relations. This highlights the 

need for explicit tool-action textual encoding and class balancing before DistilBERT-based 

alignment can be considered reliable for surgical decision support. 

 

 
 

Figure 4.11 Error Flow (Misclassification) – DistilBERT 
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4.4  Cross-model comparison & trade-offs 

 

 

Accuracy vs. balance:  

 

As shown in Fig. 4.3.1, MiniLM-L3 achieves the highest Top-1 largely by predicting 

Gallbladder Dissection on ambiguous frames, which helps on videos dominated by that stage 

but depresses minority-phase recall. In Fig. 4.3.3, MiniLM-L6 softens this bias and improves 

recognition of Preparation and Clipping Cutting, yielding a more balanced profile with only a 

small Top-1 trade-off. Fig. 4.3.5 shows MiniLM-L12 with the fairest per-class behavior—

especially a cleaner boundary between Clipping Cutting and Gallbladder Dissection—but the 

lowest Top-1 because it resists collapsing uncertain cases into the long dissection stage. 

Finally, Fig. 4.3.7 indicates DistilBERT maintains a competitive Top-1 mainly by over-

assigning Gallbladder Dissection, producing the weakest overall balance. 

 

 

Shared failure modes: 

 All models struggle to keep Clipping Cutting distinct from Gallbladder Dissection due to 

temporal adjacency and overlapping tools/tissue appearances. Shorter phases—Calot Triangle 

Dissection, Gallbladder Packaging, Cleaning Coagulation, (Gallbladder Retraction—remain 

under-recognized across models. 

 

Neighborhood agreement:  

Despite these differences, Top-5 and Top-10 results converge across encoders (see Fig. 4.2.2 

and Fig. 4.2.3) indicating that the correct prompt is usually retrieved among the top 

candidates; most of the gap is in the final argmax choice, not in coarse alignment. 

 

Side-by-side confusion matrices make the trade-off obvious: heavier reliance on Gallbladder 

Dissection raises Top-1 but degrades fairness, whereas stronger separation—particularly 

between Clipping Cutting and Gallbladder Dissection—improves balance at some Top-1 cost 

(Fig 4.3.1, Fig 4.3.3, Fig 4.3.5 and Fig 4.3.7) 
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4.5  Error analysis & practical remedies 

 

 

Primary error sources 

• The long and visually diverse Gallbladder Dissection dominates training signals, so 

ambiguous frames from other stages are often assigned there. 

• Clipping Cutting and early Gallbladder Dissection share tools, tissue exposure, and 

verbs (“dissect,” “separate”), blurring their boundary. 

• Calot Triangle Dissection, Gallbladder Packaging, Cleaning Coagulation, and 

Gallbladder Retraction are briefer or visually understated, leading to low support and 

weak recall. 

• Without temporal smoothing, predictions flicker at stage transitions. 

 

 

Targeted remedies (drop-in and lightweight) 

 

1. Make prompts phase-specific and instrument-aware 

 

• Refine each prompt to include verb + instrument + object cues, e.g.: 

 

o Clipping Cutting: “apply clip applier to cystic duct and cut with scissors,” 

o Gallbladder Dissection: “dissect gallbladder from liver bed using cautery,” 

o Cleaning Coagulation: “coagulate oozing bed and rinse field with suction–

irrigation.” 

 

• Optionally ensemble multiple prompts per phase (average their text embeddings). 

• Quick check: confusion between Clipping Cutting and Gallbladder Dissection 

should shrink, with precision for each improving. 

 

2. Stabilize over time 

• Post-process frame scores with majority/median filtering over a short window; or 

use a light HMM/TCN on top of embeddings at inference. 

• Fewer rapid label flips near transitions, higher per-video consistency without 

retraining the vision tower. 
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3. Guard against overfit to background cues. 

• Apply modest augmentation (color jitter, small rotations) and randomize non-

diagnostic borders so the model relies more on tool–tissue interaction than 

background. 

 

What to report after applying fixes 

• Add a small ablation table showing macro-precision/recall/F1 and Top-1 before vs 

after: 

o rebalancing, 

o prompt assembling, 

o pooling/τ selection, 

o temporal smoothing. 

 

• Emphasize improvements for Calot Triangle Dissection, Gallbladder Packaging, 

Cleaning Coagulation, Gallbladder Retraction, and reduced confusion between 

Clipping Cutting and Gallbladder Dissection—while keeping overall efficiency 

unchanged (frozen vision). 
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4.6  Summary of findings 

 

 

MiniLM-L3 delivers the highest Top-1 (44%) but does so by frequently predicting 

Gallbladder Dissection; MiniLM-L6 moderates this bias and improves recognition of 

Preparation and Clipping Cutting; MiniLM-L12 shows the fairest per-class behavior—

especially a cleaner boundary between Clipping Cutting and Gallbladder Dissection—at the 

cost of lower Top-1; DistilBERT attains a competitive Top-1 largely through over-

assignment to Gallbladder Dissection, resulting in the weakest balance. 

Across encoders, Top-5 is consistently 95% and Top-10 100%, indicating that the correct 

phase prompt almost always appears among the top candidates. Thus, differences across 

models stem mainly from the final selection step rather than from a failure to retrieve the 

correct neighborhood. 

The most persistent confusion occurs between Clipping Cutting and Gallbladder Dissection 

due to temporal adjacency and overlapping tool–tissue cues. Shorter or subtler phases—Calot 

Triangle Dissection, Gallbladder Packaging, Cleaning Coagulation, Gallbladder Retraction—

remain under-recognized. 

 With the image tower frozen, lightweight text encoders can maintain strong neighborhood 

alignment, but class balance depends on prompt specificity and supervision balance. Simple, 

deployment-friendly remedies—class-aware sampling, verb + instrument prompt design 

(with optional prompt assembling), careful pooling/temperature choices, and light temporal 

smoothing—are expected to raise macro-level performance and reduce confusion between 

Clipping Cutting and Gallbladder Dissection while preserving efficiency. 
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5. CHAPTER 5 

 

CONCLUSION 

 

5.1 Summary of Findings  

 

This experiment examined the dynamics of small trained transformer text encoders in 

a fixed prompt multi-modes learning model, where surgical phase recognition is the 

controlled trial. The only variation was the encoder depth and capacity of the text pathway 

with all other training factors held constant to identify the effect they had in influencing 

multimodal alignment behavior in low-data conditions. 

 

The results show that small encoders of text can provide high rates of neighborhood scale 

compatibility with a frozen vision backbone. High results were observed in all the assessed 

models on Top-5 accuracy and Top-10 accuracy was very close to saturation indicating that 

the correct phase suggest was almost accurately retrieved in local semantic environment. This 

fact suggests that there exists rough multimodal alignment which is largely preserved 

regardless of the size of encoders. 

 

However there were great differences in final selection behavior. Minimally shallow encoders 

in particular MiniLM-L3 performed more accurately at Top-1, though with a higher amount 

of bias in classes, most evidently to Gallbladder Dissection. This bias was reduced in 

MiniLM-L6 with an encoder of medium depth, and it improved the recognition of less 

intense phases. The less unbalanced per-class behaviour and the more pronounced dissimilar 

phases of MiniLM-L12 encoder are accompanied by the lower Top-1 accuracy of the 

judgements in fixed-prompt and low-data scenarios. DistilBERT managed to achieve 

competitive Top-1 scores yet a low class balance as it was over-assigned to dominant stages. 

 

Further trans-location was observed between a temporal related and a visual related phase, 

namely, Clipping and Cutting and Gallbladder Dissection. Even the small and less prominent 

intermittences were not detected in all the models, which were the combined effects of the 

imbalance in classes and the lack of oversight. 

 

Overall, the findings can show that under fixed-prompt conditions compact text encoders 

would be able to sustain multimodal alignment, though the depth of the encoder is an 
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essential consideration establishing which encoder selection is stable and the behavior of 

classes. The higher the capacity, the higher the difference in performance, and can lead to 

instability in case of minimal supervision. The results are noteworthy because they justify the 

importance of studying behavior in comparison to restricted multimodal learning situations 

when comparing text encoders. 

 

5.2 Contributions to the Field 
 

The paper is something significant to the area of multimodal learning and vision-

language representation analysis, especially on constrained and fixed-prompt scenarios. 

 

To begin with, this paper gives a behavioral systematic analysis of compact transformer text 

encoders under a fixed-prompt multimodal learning design. In contrast to the previous works 

with the focus on end-to-end performance or large-scale pretraining, this thesis separates the 

text pathway by simply freezing the vision encoder and standardizing all the other 

experimental factors. The design allows the direct analysis of the effect of the encoder depth 

and capacity on multimodal alignment behavior in low-data conditions. 

 

Second, the research presents the empirical findings that the greater the text encoder depth, 

the higher the multimodal performance is not always achieved in case of the limitations of 

linguistic supervision. These findings show that less deep encoders are able to be more stable 

and exhibit more successful alignment behaviour than their deep counterparts, and that larger 

language models are not necessarily superior in multimodal tasks. 

 

Third, this study presents a controlled and repeatable assessment guide of the behavior of text 

encoders in multimodal systems. With fixed prompts, fixed preprocessing, consistent data 

splits, and identical optimization parameters, the study will solve long-term comparability 

problems in earlier literature of multimodal and surgical phase recognition. This is a protocol 

that could be utilized again to form a diagnostic platform in subsequent studies on encoder 

design decisions. 

 

Fourth, it is also observed that the class-wise behavior and selection stability of fixed-prompt 

multimodal learning are significantly dependent on coarse retrieval capability alone. The fact 

that all encoders are highly aligned at neighborhood-level and at least partially different in the 
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choice of final classes offers novel information on how compact transformers are able to 

tackle semantic ambiguity under limited supervision. 

 

Last but not the least, this is practically oriented and empirically based advice to the selection 

of text encoders in constrained multimodal learning context. The study can guide model 

design choices in applications where size, performance, and stability trade-offs are significant 

factors by understanding the size-performance-stability trade-offs across compact encoders. 

 

 

 

5.3 Future Work 
 

 

Although this research offers controlled analysis of compact transformer text encoders 

in a fixed-prompt multimodal learning, there are still a number of areas that can be explored 

in the future. 

 

To begin with, adaptive or learned prompt-representations can be investigated in the future 

work subject to a controlled state of evaluation. Though this makes it possible to isolate the 

behavior of the text encoder by use of fixed prompts, prompt optimization or prompt 

ensembles may indicate how the depth of the encoder can interact with linguistic flexibility 

and how shallow encoders can be made, without collapsing in the presence of higher prompt 

variety. 

 

Second, it would be beneficial to apply the analysis to larger and more diverse datasets to 

establish how far the observed patterns of behavior are applicable to the conditions outside 

the low-data regime. Assessment of compact text encoders on multi-procedure or cross-

institutional surgical datasets can help to understand whether more powerful encoders are 

more active with increased supervision or a broader domain of variation. 

 

Third, the literature might explore the topic of lightweight temporal modeling as an addition 

to fixed-prompt alignment in the future. More basic temporal smoothing or phase-transition 

constraints can eliminate uncertainty between temporally neighboring phases without the 

need to model the sequence of temporal behavior explicitly, which allows one to further 

examine the role of text encoders in facilitating temporal consistency. 
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Fourth, further studies can be conducted on different projection and pooling techniques in the 

text pathway such as token-level pooling or attention-based summarization to gain a better 

insight into the impact of representational compression on alignment stability. On the same 

note, systematic temperature calibration plans might be researched to determine their effects 

on selection confidence and proportion of classes. 

 

Lastly, this framework could be extended to other multimodal fields in the future besides 

surgical video analysis (radiology, pathology, procedural robotics). The identical controlled, 

fixed prompt evaluation protocol would permit a comparative evaluation of compact text 

encoder behavior across tasks to add to the influence of representing learning in constrained 

multimodal systems. 

 

 

 

 

5.4  Conclusion  
 

 

The thesis discussed the behavior of small pretrained transformer text encoders in a 

fixed-prompt multimodal learning system where a controlled evaluation test is surgical phase 

recognition. In the study, decoupling of the effects of encoder depth and capacity on 

multimodal alignment behavior under low-data conditions was also achieved by freezing the 

vision backbone and manipulating the text encoder systematically under all the same training 

and evaluation settings. 

 

It has been discovered that small text encoders can maintain good multimodal consistency at 

a neighborhood scale with small model capacity. The findings do show though that increase 

in encoder depth does not always prove to be better when one is working with fixed-prompt 

constraints. The encoders were more stable, and the behaviour of the deeper encoders was 

more balanced, but the less robust to the issues of optimization and worsening behaviour. 

This means that representational capacity comes at a heavy trade-off with the stability of 

alignment of constrained multimodal learning. 

 

It is worth noting that the Top-5 and Top-10 retrieval performance of all the tested encoders 

remains high and this indicates that most of the models can retrieve the correct semantic 

neighborhood. The discrepancies in performances are therefore primarily due to the final 
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selection of prompts that are in close relation with each other rather than attributing it to the 

failure to fine tune the multimodal performance. The observation adds to the reason why the 

study of encoder behavior is relevant beyond the aggregate measures of accuracy in the 

assessment of multimodal systems. 

 

Its capability to provide text pathway behavior and a controlled and repeatable protocol of 

evaluation is an empirical clarity of the design and analysis of multimodal learning system 

that is helpful in informing the selection of the compact text encoders in terms of the stability 

and behavioral attributes in comparison to the model size. In general terms, the contemporary 

study demonstrates the reductionist analysis can be applicable in describing the multimodal 

representation learning and forms the platform on which future investigations can be carried 

out on constrained and interpretable multimodal systems.
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