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Scope of this work
●  Task: Image Captioning

● generating descriptions for images
● usually non-interactive 

● Key question: How does pragmatic reasoning affect 
the diversity of generated captions?

●  Focus on decoding stage
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Outline
1)  Background
2)  Decoding Methods
3)  Experimental Set-Up

●  Data
●  Model
●  Evaluation

4)  Results
5)  Conclusion & Future Work
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Introduction
Human Annotations:
● “Boats are traveling in the 

large open water”

● “A cruise ship travelling out 
of an expansive harbor.”

● “There is a boat going across 
the waterway.”
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Introduction
Captioning Model (Beam Search):
● a boat that is floating in the 

water
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Introduction
CollieDog



7

Introduction

Animal
Collie Dog

Pet
Dog with long hair
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Experimental Set-Up

Likelihood Diversity Informativity

Decoding
Methods Greedy, Beam Top-K, Nucleus Emitter/Supressor, RSA

Evaluation
Metrics

BLEU4, CIDEr, SPICE
Metrics from Van 

Miltenburg et al. 2018, 
frequency ranks

Recall from external 
retrieval model
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Decoding / Likelihood
1) Greedy Search: 

● Pick the most probable token at each step

2) Beam Search
● Expand multiple hypotheses simultaneously



10

Decoding / Diversity
1) Top-K Sampling (Fan et al. 2018)

●  Sample from the k most probable candidates

2) Nucleus Sampling (Holtzman et al. 2020)
●  Sample from the top p part of the cumulative probability 

mass
●  Additional parameter: Temperature t
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Decoding / Informativity
●  RSA Decoding (Cohn-Gordon et al. 2018)

● Based on the Rational Speech Acts Framework
● Integrates pragmatic reasoning into the iterative 

unrolling of the generation model: How would a 
listener interpret the utterance?
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Decoding / Informativity
● Literal Speaker (S0): Generation Model; assigns initial 

probabilities to token candidates
● Pragmatic Listener (L0): Assesses whether token 

candidates allow identifying the target
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Decoding / Informativity
● Pragmatic Speaker (S1): Chooses the most 

informative token candidates

● α : Rationality Parameter
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Decoding / Informativity
●  Emitter / Supressor (Vedantam et al. 2017)

● Base model as Emitter
● Supressor function rates informativity
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Decoding / Informativity
●  Slightly modified for multiple distractor images

● λ: Rationality Parameter
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Evaluation
1) Likelihood

● BLEU4, CIDEr, SPICE

2) Diversity
● TTR1, TTR2, % novel, word types, % coverage (Van Miltenburg et al. 2018); 

avg. frequency rank

3) Informativity
● Recall from external retrieval model (Faghri et al. 2018)
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Data
● COCO Caption Dataset
● Image clusters needed for discriminative decoding & 

informativity evaluation

Target Image Distractor Images
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Model
●  Adaptive Attention Model (Lu et al. 2017)

● Used for all decoding methods
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Hypotheses
1) Discriminative Decoding  higher diversity→
2) Pragmatically driven variation  improved →

retrieval results
3) Similar linguistic strategies as found in 

humans
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Results: Likelihood / Diversity
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Results: Likelihood / Diversity
Likelihood Diversity
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Results: Informativity
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Results: Informativity
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Sampling

Discriminative

Greedy + Beam
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Results: Qualitative Examples
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Results: Specificity / Modifiers
● Lexical Specificity (Distance from WordNet root)

● More specific for higher rationalities
● Descriptive Modifiers (Distribution of POS Tags)

● Higher ratio of adjectives for higher rationalities 

(should be taken with some caution)
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Discussion & Conclusion
●  Main Results:

● Discriminative decoding increases diversity & informativity, 
although not aiming at diversity itself

● Indications for linguistically plausible variation
● Conclusions: 

● Diversity arises from (and can be modeled through) general 
principles of language use
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Discussion & Conclusion
● Future work: 

– other kinds of data (e.g. Referring Expression 
datasets)

– other dialogue tasks
– other sources of variation
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