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ABSTRACT

Automatic evaluations for natural language generation (NLG) conventionally rely
on token-level or embedding-level comparisons with the text references. This is
different from human language processing, for which visual imaginations often
improve comprehension. In this work, we propose IMAGINE, an imagination-
based automatic evaluation metric for natural language generation. With the help
of CLIP (Radford et al., 2021) and DALL-E (Ramesh et al., [2021), two cross-
modal models pre-trained on large-scale image-text pairs, we automatically gen-
erate an image as the embodied imagination for the text snippet and compute the
imagination similarity using contextual embeddings. Experiments spanning sev-
eral text generation tasks demonstrate that adding imagination with our IMAGINE
displays great potential in introducing multi-modal information into NLG evalua-
tion, and improves existing automatic metrics’ correlations with human similarity
judgments in many circumstances.

1 INTRODUCTION

A major challenge for natural language generation (NLG) is to design an automatic evaluation met-
ric that can align well with human judgments. To this end, many approaches have been investigated.
Metrics that base on matching mechanisms such as BLEU (Papineni et al., 2002), METEOR (EI-
liott & Keller] 2013)), CIDEr (Vedantam et al.| 2015)), have been widely adopted in the field. Edit-
distance based metrics, such as CharacTER (Wang et al. 2016), WMD (Kusner et al., 2015b),
SMD (Clark et al.l 2019b), have also been explored. Recently, |Zhang et al.| (2020) proposed to
leverage BERT (Devlin et al.,2019) embeddings for computing text similarity, which correlates bet-
ter with human judgments than previous methods. These automatic evaluation metrics make use of
textual information from various angles extensively.

Unlike commonly used automatic methods that compare the generated candidates with the refer-
ences on the text domain only, humans, in contrast, leverage visual imagination and trigger neural
activation in vision-related brain areas when reading text (Just et al.;2004). Cognitive studies show
that visual imagery improves comprehension during human language processing (Sadoski & Paivio,
1994)). Inspired by this imagination-based multi-modal mechanism in human text comprehension,
we ask a critical research question: can machines create a visual picture of any underlying sentence,
and leverage their imaginations to improve natural language understanding? The advances of pow-
erful pre-trained vision-language models such as CLIP (Radford et al., 2021) provide an excellent
opportunity for us to utilize the learned image-text representations and achieve high performance
on image-text similarity estimation in a zero-shot fashion. This enables us to introduce multi-modal
information into NLG evaluation by generating visual pictures as embodied imaginations.

In this work, we propose IMAGINE, an imagination-based automatic evaluation metric for NLG.
IMAGINE first uses the pre-trained discrete variational autoencoder (dVAE) from the vision-
language model DALL-E (Ramesh et al., |2021) to visualize imagination, which is to generate de-
scriptive images for the candidate text and the references. Then IMAGINE computes the similarity
of the two text snippets and the similarity of the two imaginative images with the pre-trained CLIP
model (Radford et al.,[2021)). Figure|l|shows an evaluation example.
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Figure 1: An evaluation example on GigaWord for text summarizatiomclN E visualizes ma-
chine imagination with DALL-E's pre-trained dVAE and extracts textual and visual representations
with CLIP. While traditional evaluation metrics for natural language generation rely-grams
matching or textual embeddings comparisamAGIN E introduces imagination into the evaluation
process and understands the text snippet as a whole with the help of multi-modal information.

To understand the role imagination plays in NLG evaluation, we conduct a series of experiments with
IMAGINE on multiple NLG tasks, including machine translation, abstractive text summarization,
and data-to-text generation, aiming to answer the following questions:

1. How in uential is IMAGIN E in NLG evaluation in terms of correlations with human judg-
ments? Can it provide additional reference information on top of existing metrics?

2. What are the applicable scenarios of introducingAGIN E to NLG evaluation? When and
why does imagination help or not?

3. What are the potentials and limitations of introducing imaginations WthGIN E to NLG
evaluation?

Experimental results point out that in a standalone mode for pairwise comparigaesNIE cannot
replace textual similarity metrics. However, addingaAlGIN E similarity scores to existing metrics
surprisingly improves most of the popular metrics' correlations with human performance. Analysis
of case studies indicates thatAGIN E can re ect the keyword difference in the visualized imagi-
nation, even if the hypothesis and reference text havetigrams overlaps. In additionylaGIN E

can grasp the gist of two text snippets with similar meanings and renders imaginations that are alike,
even if the two pieces of text have distinct word choices. OvemahdIN E displays great potential

in introducing multi-modal information into NLG evaluation.

2 RELATED WORK

Automatic Metrics for Natural Language Generation Common practices for NLG evaluation
compare the generated hypothesis text with the annotated references. Metric performance is conven-
tionally evaluated by its correlation with human judgments. Existing automatic evaluation metric
calculations are mainly based on three mechanisiggams overlap, edit distance, and embedding
matching. Some typical n-gram based metrics include BLEU (Papineni et al., 2002), ROUGE-
n (Lin, 2004), METEOR (Elliott & Keller, 2013) and CIDEr Vedantam et al. (2015), which are
widely used for text generation tasks. Another direction is based on edit distance (Tomas et al., 2003,
Snover et al., 2006; Panja & Naskar, 2018; Tillmann et al., 1997; Wang et al., 2016) , where they cac-
ulate the edit distance between the two text snippets with different optimizations. Embedding-based
metrics (Kusner et al., 2015a; Rubner et al., 1998; Clark et al., 2019a; kiu Lo, 2017; 2019) evaluate
text quality using word and sentence embeddings, and more recently, with the help of BERT (Zhang
et al., 2020; Sellam et al., 2020).

Multi-Modal Automatic Metrics  Aside from previous text-only metrics, there also appear met-
rics that utilize pre-trained multi-modal models and introduce visual features on top of text refer-
ences for NLG evaluation. TIGEr (Jiang et al., 2019) computes the text-image grounding scores
with pre-trained SCAN (Lee et al., 2018). VILBERTScore-F (Lee et al., 2020) relies on pre-trained
VILBERT (Lu et al., 2019) to extract image-conditioned embeddings for the text. The concurrent
CLIPScore (Hessel et al., 2021) proposes a text-reference-free metric for image captioning by di-
rectly comparing the image features with caption embeddings with CLIP (Radford et al., 2021).
Our method differs in that we use visual picture generation as embodied imaginations and apply our
metric to various text-to-text generation tasks.
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Figure 2: MAGINE similarity score computation process. Given the referencextgxt and the
generated hypothesis,, , we visualize the machine imaginatibp; andl ny, with the pre-trained
dVAE. We extract features for the pair of text and corresponding pair of imagination with CLIP.
IMAGIN Eimage is the cosine similarity of the imagination representations, whiledIN Eex: is

the cosine similarity of the text representations.

Mental Imagery The great imagery debate is still an open question in the neuroscience and psy-
chology community (Troscianko, 2013). The debate between pictorialists and propositionalists is
about how imagery information is stored in the human brain. We follow the views from pictorial-
ists that information can be stored in a depictive and pictorial format in addition to language-like
forms (Kosslyn et al., 2001; Pearson & Kosslyn, 2015). In pictorialists' model, mental imagery
is constructed in the “visual buffer” either from the retinal image in seeing or from a long-term
memory store of “deep representations” in the brain. Our method of image generation is to mimic
the generation of deep representations in machines, with the help of recent powerful text-to-image
models. Inspired by empirical studies from cognitive science that visual imagination improves hu-
man text comprehension (Gambrell & Bales, 1986; Nippold & Duthie, 2003; Just et al., 2004; Joffe
et al., 2007), we are interested in exploring if one can draw similar conclusions from automatic text
evaluations by machines.

3 IMAGINE

3.1 MoDEL DETAILS

CLIP CLIP (Radford et al., 2021) is a cross-modal retrieval model trained on WeblmageText,
which consists of 400M (image, caption) pairs gathered from the web. WeblmageText was con-
structed by searching for 500K queries on a search engine. The base query list is all words oc-
curring at least 100 times in the English version of Wikipedia, augmented with bi-grams with high
pointwise mutual information as well as the names of all Wikipedia articles above a certain search
volume. Each query includes 20K (image, text) pairs for class balance.

In this work, we use the ViT-B/32 version of CLIP, in which the Vision Transformer (Dosovitskiy

et al., 2020; Vaswani et al., 2017) adopts BERT-Base con guration and3&es32 input patch

size. The Vision Transformer tak284 224inputimage and the self-attention maps are calculated
betweer7 7 grid of image patches. The Text Transformer has 12-layer, 8-head and uses a hidden
size of 512, and is trained over a vocab of 49K BPE token types (Radford et al., 2019; Sennrich
et al., 2016). The text representation is the last hidden state of the “[EOT]" token being projected
by a linear layer. The model's weights are trained to maximize the similarity of truly corresponding
image/caption pairs while simultaneously minimizing the similarity of mismatched image/caption
pairs using InfoNCE (Sohn, 2016; van den Oord et al., 2018).

DALL-E DALL-E (Ramesh etal., 2021) is a 12-billion parameter version of GPT-3 (Brown et al.,
2020) trained to generate images from text descriptions. The model is trained on a dataset of a
similar scale to JFT-300M (Sun et al., 2017) by collecting 250 million text-image pairs from the
internet, which incorporates Conceptual Captions (Sharma et al., 2018), the text-image pairs from
Wikipedia, and a ltered subset of YFCC100M (Thomee et al., 2016).

DALL-E trains a discrete variational autoencoder (dVAE) (Rolfe, 2017) to encodeZidh 256
RGB image into 82 32 grid of image tokens with a vocabulary size of 8192. The image tokens
are concatenated with a maximum of 256 BPE-encoded (Sennrich et al., 2016; Radford et al., 2019)
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tokens with a vocabulary size of 16384 that represents the paired image caption. DALL-E trains

an autoregressive transformer to model the joint distribution over the text and image tokens. The
pre-trained dVAE has been made public, while the pre-trained transformer is not released. Thus, we
use DALL-E's pre-trained dVAE to render images in this project.

3.2 IMAGINE SIMILARITY SCORE

Construct Imagination For each image, we randomly initialize a latent maktixand use the pre-
trained dVAE to produce the RGB image dV AE_decodepH g We use the ViT-B/32 version
of the CLIP model to encode the generated imhgend the input texk. Then we use CLIP to
compute the similarity between the received image embeddingCLIP p gand text embedding
t CLIP xgas the loss to optimize the hidden matrix while keeping the weights of the network
unchanged. We optimize each generation process for 1000 steps, and refer to the generated image
as the imagination for further computation.

vTt

it}

Similarity Measure For the generated text snippety, and all the referenceief, W' ;, we
generate corresponding imadeg, andl ¢ ; fori P rl; ns wheren is the number of parallel refer-
ences. During evaluation, we pass both the pair of text snippets and the corresponding imaginations
through corresponding CLIP feature extractors to receive the textual represetdgioner ; , and

the imagination representationg,, , Vrer ;. Then, we compute three types of similarity scores for
IMAGIN E with the received embeddingsvAGIN Eiex compares the hypothesis texty, with the

text references rer ; ; IMAGIN Eimage COMpares the visualized imaginatidng, with | (ef ;, gener-

ated by the pre-trained dVAE in previous stepsAGIN Eext gimage 1S the average ofMAGIN Eext

and IMAGIN Eimage , Which takes both the text and the imagination into consideration.
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3.3 EXTENSION TOEXISTING METRICS

The IMAGIN E similarity scores can be used as individual automatic metrics. Apart fromihis-l

INE can also act as an extension to existing metrics, as it provides multimodal references that com-
pensate for current text-only evaluations that compare tokens or text-embeddings. Our adaptation of
IMAGIN E to other automatic metrics is direct, which is summing Mp&IN E similarity score with

the other automatic metric score for each example:

metric_score! metric_score IMAGINE_similarity _score 4)

4 EXPERIMENTAL SETUP

Tasks, Datasets, and Models We evaluate our approach on three natural language generation
tasks: machine translation, abstractive text summarization, and data-to-text generation. For ma-
chine translation, we use Fairseq (Ott et al., 2019) implementation to generate English translation
from German on IWSLT'14 (Bell et al., 2014) and WMT'19 (Barrault et al., 2019) datasets. We
choose these two to-English translation tasks because currently, DALL-E and CLIP only support
English. For abstractive text summarization, we use the implementation of Li et al. (2017) to gen-
erate sentence summarization on DUCZ08Ad use ProphetNet (Yan et al., 2020) for generation

on Gigaword. We choose abstractive text summarization instead of document summarization since
CLIP sets a length limit of input text of 77 BPE tokens. For data-to-text generation, we conduct ex-
periments on three datasets, namely WebNLG (Gardent et al., 2017), E2ENLG (Dusek et al., 2019;

Yhttps://duc.nist.gov/duc2004/
2https://catalog.ldc.upenn.edu/LDC2011T07
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Figure 3: The effectiveness of augmenting BLBUn=1,2,3,4) and BERTScore witrMAGINE
similarities and BEREy: similarity on two machine translation datasets. The y-axis shows the
Pearson correlation with human judgments.

Figure 4: Case studies for machine translati@ic: the German text to be translate®ef. the
reference translatiodyp: the generated translation candidate. We report the metric scores and the
human score for the reported pair of (Ref, Hyp).

2020) and WikiBioNLG (Lebret et al., 2016). We use the text generated by the KGPT (Chen et al.,
2020) model in our experiments. Table 3 lists out the statistics of the test set used for each dataset.

Automatic Metrics For machine translation, we report BLEU¢Papineni et al., 2002) fan

1, 2; 3; 4 and BERTScore (Zhang et al., 2020). For abstractive text summarization, we report results
on ROUGE-1, ROUGE-2, ROUGE-L (Lin, 2004) and BERTScore. For data-to-text generation, we
utilize ve automatic metrics for NLG, including BLEU, ROUGE-L, METEOR (Elliott & Keller,
2013), CIDEr (Vedantam et al., 2015) and BERTScore. In comparison Wilg N Eex: , We also
compute BERTy; , the text similarity score with BERT encoder. We use the last hidden state for
the “[CLS]” token as the representation of the text snippet, and compute cosine similarity with the
two “[CLS]” embeddings for the reference and the generated text candidate.

Human Evaluation We invite MTurk® annotators to judge the quality of the generated text. The
estimated hourly wage is $12. We use the complete test set for DUC2004 and E2ENLG, which
contains 500 and 630 examples, respectively. For the remaining ve datasets, we randomly sample
1k pair of test examples for human evaluation due to the consideration of expenses. Each example is
scored by three human judges using a 5-point Likert scale. The generated text is evaluated from three
aspects, namely uency, grammar correctness, and factual consistency with the reference text. We
take the mean of human scores to compute correlations. In the following sections, we report Pearson
correlation (Freedman et al., 2007) to human scores. We also record Kendall correlation (Kendall,
1938) in the Appendix.

5 RESULTS

5.1 MACHINE TRANSLATION

Figure 3 shows the system-level Pearson correlation to human judges when extending®ur |
INE similarity to existing automatic NLG metrics on the IWSLT'14 and WMT'19 German to
English datasets. MAGINEiexy and IMAGIN Etext ¢ image  Steadily improves all the listed metrics'

*https://www.mturk.com/



Under review as a conference paper at ICLR 2022

Figure 5: The effectiveness of augmenting BLEU, BERTScore and ROUGE-related metrics with
IMAGIN E similarities and BEREy; similarity on two abstractive text summarization datasets. The
y-axis shows the Pearson correlation with human judgments.

Figure 6: Case studies for abstractive text summarizagoc. the text to be summarize®ef: the
reference summaryHyp: the generated summary candidate. We report the metric scores and the
human score for the reported pair of (Ref, Hyp).

correlations with human scoresMAGIN Eimage @and IMAGIN Egeyt gimage CONtributes the most in
IWSLT'14 while IMAGINEwx: plays the most important role in WMT'19. MIAGIN Ejnage  also
enhances most of the metrics' correlations except for BERTScore in WMT'19. BRkRfas rela-
tively small impact on improving other metrics' correlation in the machine translation task.

Figure 4 lists out two examples for the case study. We notice thvat IN E can capture the keyword
difference between the reference and the hypothesis text, even if they have similar sentence struc-
tures and higim-grams overlaps.MAGIN E shows its sensitivity to word choice in Figure 4(a). The
main difference between the reference text and the generated text is the mention of “manager” and
“ladder”. While other metrics score high, the quality of the generated text is questionable. In con-
trast, our MAGIN E renders distinct imaginations and assigns lower image similarity. In Figure 4(b),
the reference text leaves the movie names in German, while the hypothesis text translates all con-
tents to English. Aside from this, the translations are nearly identical. HoweweGINE yields
completely different imaginations. This suggests thatdINE's performance is greatly impaired

when applied to non-English scenarios.

5.2 ABSTRACTIVE TEXT SUMMARIZATION

Figure 5 shows the system-level Pearson correlation to human judges when extending®ur |
INE similarity to existing automatic NLG metrics on the DUC2004 and Gigaword. Both datasets
are built upon news articlesMhGINE can steadily improve BLEU, ROUGE-related metrics, and
BERTScore on DUC2004MAGIN Eqext contributes to the most signi cant improvement on Giga-
word. IMAGIN Eieyt Surpasses BERJy: on all metrics except for BERTScore on Gigaword.

IMAGINE can capture the gist of texts with similar meanings and renders reasonable descriptive
imaginations that are alike, regardless of word choices. Figure 6 shows two sets of examples where
the hypothesis summary scores high in human evaluation but scores low on existing automatic eval-
uation metrics. Both examples have lmagrams overlaps between the hypothesis and reference
summary, butMAGIN E renders similar imagination and assigns high image similarity scores, which
align with human scores.
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Figure 7: The effectiveness of augmenting BLEU, METEOR, ROUGE-L, CIDEr, and BERTScore
with IMAGIN E similarities and BER{Ey: Similarity on three data-to-text generation datasets. The
y-axis shows the Pearson correlation with human judgments.

Figure 8: Case studies for data-to-text generati®ef: the reference textdyp: the generated text
candidate. We report the metric scores and the human score for the reported pair of (Ref, Hyp).

5.3 DATA-TO-TEXT GENERATION

Figure 7 shows the system-level Pearson correlation to human judges when extendingaure
similarity to existing automatic NLG metrics on the WebNLG, WikiBioNLG, and E2ENLG datasets.
Figure 8 lists out four examples for the case study.

On WebNLG, addingMAGIN Eexy and IMAGIN Eext & image Can steadily improve all the listed met-
rics' correlation with human scoresMAGIN Eimage improves BLEU, METEOR, ROUGE-L, and
CIDEr but it only has limited impact on BERTScore. Among the two metrics that compare tex-
tual similarity, IMAGIN Eex; booSts correlations more than BER{J . As discussed in Section 5.1,
IMAGIN E shows its sensitivity to the input text snippet. We see this again in Figure 8(a), in which
changing the relative position of “grounds” shifts the central part of the imagination from a person
to the dirt ground.

We witness a drawback in most listed metrics' correlations after applyingmaeiN E approach

on WikiBioNLG. This is because the WikiBioNLG dataset is built upon Wikipedia biography, and
IMAGINE is not good at visualizing abstract concepts. In Figure 8(b),@acIN E failed to visual-

ize the player's birth date or height. Such information may be contained in BERT pre-training data,
but is not as likely to be covered by the dataset to train CLIP, which expl&insiN Ey; 's infe-

rior performance compared to BERY . Figure 7(b) shows the lowest Pearson correlation among
all three datasets on all metrics, which means this dataset is not only a challenge toncux [E
approach but also to other existing metrics as well.
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On E2ENLG, textual similarity scores play a more in uential role in improving correlation as it has
a positive impact on all listed metrics except for METEOR. BERT outperforms MAGIN Egext

in all listed metrics except for ROUGE-L. On the other hanadadIN Einage has a salient negative
impact on correlation. The E2ENLG dataset is built upon restaurant domain information. We found
that IMAGINE is sensitive and may be misguided by irrelevant information, such as the restaurant
names, which explains the poor performancerod&IN Eimage . FOr example, “Giraffe” and “Rain-

bow” in Figure 8(c) result in weird imagination that is unrelated to the main content of the generated
text. “Blue Spice” leads to the appearance of blue patches in Figure 8(d).

6 DISCUSSION

Metric ‘ Original +BER-Eext +|Etext +|Eimage pdV AE q +|Eimage pBigGAN g +|Eimage pvV QGAN ¢
ROUGE-1 13.66 14.05 17.21 16.05 0.46 15.82 0.72 15.93 0.91
ROUGE-2 9.74 10.71  16.29 14.92 0.61 14.62 0.96 14.77 1.21
ROUGE-L 13.14 13.65 17.66 16.25 0.55 16.01 0.85 16.12 1.07
BERTScore 19.44 19.50 20.97 19.50 0.43 19.29 0.70 19.39 0.90
BLEURT 23.59 2353 24.28 23.47 0.23 23.33 0.39 23.39 0.46

Table 1: The Pearson correlations with human judges when using B& Rsimilarity and MAG-

INE similarities to augment ROUGE, BERTScore, and BLEURT on DUC2004. Here we computes
three sets of MAGIN Eimage Similarity scores (meanstd) with three different image generation
backbones forMaGIN E, namely dVAE, BigGAN, and VQGAN. IE:MAGINE.

Image Generation Backbones In previous sections, we implememAGIN E with dVAE as the

image generation backbone. There also appear a number of exciting and creative CLIP-based image
generation repositories such as BigSfeapd VQGAN-CLIP, which use BigGAN (Brock et al.,

2019) and VQGAN (Esser et al., 2021) to generate images respectively.

Here we discuss the choice oIAGINE's image generation backbone and its effect on evaluation
performance. We conduct experiments on DUC2004 for summarization, and compare dVAE with
BigGAN and VQGAN. For fair comparisons, each generative backbone has a 1000-step learning
phase to render a 512x512 image for each piece of input text. Examining Table 1, we nd compa-
rable IMAGIN Eimage performances when using different generative backbones. The dVAE leads to
slightly higher correlations and smaller variance. The variability of random initialization may cause
the larger variances of the two GAN-based image generators.

To assess the in uence of random initialization, we repeat the image generation process ve times
and compute pairwise visual similarities within each group of 5 images. Notice in Figure 9(a)
that dVAE has the highest intra-group visual similarity, which suggests that compared to the two
GAN-based generative backbones, dVAE is relatively more robust to the random initialization.

Applicable Scenarios As shown in Figures 3, 5 and 7, we notice that adding certain type of
IMAGIN E similarities improves non-embedding-based metrics' correlations with human scores in
most cases. This suggests that it is helpful to extend text-only non-embedding-based metrics with
multimodal knowledge. Table 2 lists out each metric's Pearson correlation with human judgments
on each dataset. In standalone-mode for pairwise comparisensINE similarity scores can

not replace textual similarity metrics. In Section 5.3, we nd therGINE struggles to render
informative images on WikiBioNLG, a dataset that contains many abstract concepts that are hard to
visualize, such as speci ¢ date, length, weight, etc.

From Figures 5 and 7, it also occurs to us thaa&INE sometimes fails to improve BERTScore's
performance, while BER{y; often has further improvements over BERTScore. One possible ex-
planation is the domain difference between CLIP and BERT, which causes their embeddings to lie
in distinct spaces. Since BERTScore is computed on top of BERT-based textual embeddings that are
pre-trained on another source of data, our CLIP-basedIN E may not be supportive.

Score Distribution To further validate the effectiveness of our methods, we visualize the score
distributions of different metrics. As shown in Figure 9(b), BERT has the sharpest distribution,

“https://github.com/lucidrains/big-sleep
Shttps://github.com/nerdyrodent/VQGAN-CLIP
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Figure 9: (a) The intra-group pairwise visual similarity distributions for images generated by dVAE,
BigGAN, and VQGAN. The plot shows the three quartile values and the extreme values. (b) The
score distributions histplot oMAGINE, BERTy and BERTScore used in our experiments. All
four metrics range between [-1, 1].

Task | Dataset Pearson Correlation

\

| | BLEU-1 BLEU-2 BLEU-3 BLEU-4 BERTScore BLEURT BERZ: [|Etext IEimage  |Etext &image

MT ) wmT1e 16.41 15.76 15.06 13.15 17.14 17.79 4.3720.34 3.80 1.78 10.11 151
IWSLT14 21.47 20.82 19.17 17.60 23.95 22.93 18.42 1411 1592095 17.75 0.71

| | BLEU ROUGE-1 ROUGE-2 ROUGE-L BERTScore BLEURT BERT IEiex IEimage  |Etext &image

TS DUC2004 11.47 13.66 9.74 13.14 19.44 2359 12,10 19.81 1501 1.03 18.03 1.08
Gigaword 9.39 14.58 7.75 14.31 19.59 20.23 17.49 1556 3.74 0.98 12.27 0.69

| | BLEU METEOR ROUGE-L CIDEr BERTScore BLEURT BERL  |Ewex IEimage  |Etext &image

DT | WebNLG 25.79 30.78 24.15 23.09 3453 35.97 2238 26.81 19.69 0.49 24.82 0.37
E2ENLG 12.78 25.55 12.22 13.83 22.76 22.75 13.11 18.19 10.82.40 15.33 1.02
WikiBioNLG 8.19 8.31 9.88 5.35 8.98 9.21 6.07 414 332089 4.10 0.50

Table 2: The Pearson correlations with human judgement for each individual metri@A&INE.
MT: machine translation. TS: abstractive text summarization. DT: data-to-text generation.

while our imagination-based methods lead to smoother distributions. This indiegtesN Einage

is more diverse than text-based metrics with the same measurement (i.e., cosine similarity). We also
observe that BERTScore, which computes maximum matching after calculating cosine similarity on
token embeddings, provides a more uniform distribution compared to the other three. Currently, the
value of IMAGINEgey usually lies between [0.6, 1], anMhGIN Einage usually lies between [0.3,

1]. It would be preferable if future work can helpAGIN E to be more distinctive.

Future Work  As noted in Section 5,MAGINE can capture the keyword difference and render
distinct imaginations for two pieces of similar text. One supportive case is Figure 4(a). While
this ensuresMAGIN E's ability to distinguish keyword differences, it also cast doubtianadINE's
robustness. In Figure 8(a), merely changing the relative position of “grounds” result in two entirely
different images. In Figure 8(c) and (d), the name of the restaurants also reduces the quality of
the imagination. Future work may systematically examine the robustness of CLIP and DALL-E
regarding textual variance.

Furthermore, even though we have access to DALL-E's pre-trained dVAE decoder, we still need to
generate the imagination from scratch for each example, which can be compute-intensive. We are
interested in exploring more ef cient ways to speed up the image generation process.

Aside from the above points listed, we also nd the following topics worth exploring. Currently, the
CLIP text encoder has a length constraint of 77 BPE tokens, [BOS] and [EOS] included. This limits
our attempt on longer text generation tasks, such as story generation, document summarization, etc.
Also, CLIP and DALL-E only support English for now. With a multilingual CLIP and DALL-E, we

may cross verify the similarity with text and imagination in other source languages.

7 CONCLUSION

In this paper, we proposevhGIN E, an imagination-based automatic evaluation metric for NLG.
Experiments on three tasks and seven datasets nd out that addik@N E similarity scores as

an extension to current non-embedding-based metrics can improve their correlations with human
judgments in many circumstances. We hope our work can contribute to the construction of multi-
modal representations and the discussion of multi-modal studies.
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ETHICAL STATEMENT

Our study is approved for IRB exempt. The estimated hourly wage paid to MTurk annotators is $12.

Speaking of potential ethical concerns, our “imagination” approach may face an issue of fairness if
there exists any bias in the training dataset for CLIP or DALL-E. In such circumstances|N E

might display a tendency to render speci ¢ types of images that it has seen in the training data. Even
though we did not witness such issues in our study, we should keep in mind that this unfair behavior
would impair IMAGIN E's effectiveness as an evaluation tool.

REPRODUCIBILITY STATEMENT

All of the datasets used in our study on machine translation, data-to-text generation and abstractive
text summarization tasks are publicly available. We use the public repositories to implement |

INE. The implementations of CLIP-based image generators used in our study are dVAE#+CLIP
Big-Sleep(BigGAN+CLIP} and VQGA+CLIP.
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A APPENDIX

A.1 DATASET DETAILS

Table 3 lists out the statistical details of the datasets' test sets used in our study.

Task Dataset #sample #ref #lener #lenpy
Machine Translation WMT'19 2,000 1.0 22.4 22.4
IWSLT'14 6,750 1.0 20.3 19.1
Abstractive Text Summarization bucz004 500 4.0 14.0 10.0
GigaWord 1,950 1.0 9.9 11.9
_ WebNLG 1,600 2.6 28.3 26.9
Data-to-Text Generation E2ENLG 630 74 28.0 11.6
WikiBioNLG 2,000 1.0 34.8 19.0

Table 3: Dataset statisticsamples the number of samples in the test sagf is the number of
parallel references per visual instangenis the average reference length.

A.2 RANDOM INITIALIZATION
We discussed the in uence of random initialization for different image generative backbones in

Section 6. In Figure 10, we show several groups of images generated by dVAE, BigGAN and
VQGAN with random initialization.

A.3 CORRELATION RESULTS

We list the numbers on Pearson correlation in Tables 6, 8 and 10 that match Figures 3, 5 and 7 in
the main paper. Tables 4, 5, 7 and 9 display results on Kendall correlation for the three NLG tasks

used in our study. The Kendall correlations with human judgement show similar trends as those on
Pearson correlation.

A.4 CASE STUDY
We provide more case studies for the three NLG tasks used in our study in Figures 11 to 17. For

each dataset in each task, we list 4 groups of examples together with the imagination rendered by
IMAGIN E and the automatic evaluation scores.
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Task | Dataset

Kendall Correlation

|
| |BLEU-1 BLEU2 BLEU3 BLEU-4 BERTScore BLEURT BERJ: IEwx IEmage  |Etext &image
MT | wMT19 1322 12.98 12.07 10.74 12.23 13.06 728590 283 142 7.5 112
IWSLT14 1419 14.26 13.68 1279 1668  14.64 1384 1290 1087073 1258 0.61
| | BLEU ROUGE-1 ROUGE-2 ROUGE-L BERTScore BLEURT BERT IEwx IEmage  |Etext &image
TS | buc2004 8.96 8.71 7.75 7.22 1282 16.04 831 049 823 1.02 894 095
Gigaword 12.26 12.15 9.21 12.40 1410 1516 1311 1283 218 0.85 9.04 062
| | BLEU METEOR ROUGE-L CIDEr BERTScore BLEURT BERJ IEwex IEmage  |Etext &image
DT | WebNLG 15.94 21.30 15.24 13.40 23.44 2431 1541 1055 12.84 0.44 16.73 0.30
E2ENLG 11.53 18.46 8.60 10.29 1445 1461 1086 1059 6.31.49 886 081
WikiBioNLG 3.27 373 4.00 2.10 500 532 307 208 136 0.66 168 0.35

Table 4: The Kendall correlations with human judgement for each individual metricMAGINE.
MT: machine translation. TS: abstractive text summarization. DT: data-to-text generation.

Dataset ‘

Kendall Correlation

Metrics  Original +BERText +IMAGINEext  +IMAGINEimage  +IMAGIN Egext & image

BLEU-1 13.22 13.02 14.98 12.46 0.67 1412 0.43

BLEU-2 12.98 12.74 14.35 12.40 0.64 13.77 0.40

WMT19 BLEU-3 12.07 11.91 13.52 11.98 0.61 12.97 0.35
BLEU-4 10.74 10.63 12.42 10.67 0.60 11.63 0.30

BERTScore 12.23 11.98 13.96 11.21 0.75 13.02 0.51

BLEURT 13.06 13.05 14.31 13.02 0.46 13.82 0.25

BLEU-1 14.19 14.42 15.07 15.150.38 15.67 0.23

BLEU-2 14.26 14.48 14.95 15.310.35 1552 0.19

IWSLT14 BLEU-3 13.68 13.82 14.25 14.690.31 1481 0.17
BLEU-4 12.79 13.02 13.39 14.00 0.28 13.99 0.16

BERTScore 16.68 16.70 17.38 17.100.34 17.70 0.17

BLEURT 14.64 14.68 14.93 15.36 0.17 15.28 0.08

Table 5: The Kendall correlations with human judgement on the machine translation task.

Pearson Correlation

Dataset
\ Metrics Original +BERText +IMAGINEtext  +IMAGINEimage  +IMAGIN Etext & image
BLEU-1 16.41 16.21 19.25 16.17 0.99 18.46 0.54
BLEU-2 15.76 15.62 18.41 15.86 0.89 17.68 0.49
WMT19 BLEU-3 15.06 14.96 17.61 15.30 0.81 16.87 0.45
BLEU-4 13.15 13.12 15.72 13.66 0.78 14.98 0.42
BERTScore 17.14 16.86 19.70 15.95 1.07 18.78 0.59
BLEURT 17.79 17.73 18.86 18.40 0.53 18.77 0.25
BLEU-1 21.47 21.77 22.01 22.970.50 23.33 0.26
BLEU-2 20.82 21.10 21.56 22.770.45 22.82 0.22
IWSLT14 BLEU-3 19.17 19.50 20.21 21.73 0.42 21.52 0.21
BLEU-4 17.60 17.96 18.88 20.58 0.41 20.22 0.20
BERTScore 23.95 24.02 24.24 25.100.43 25.34 0.21
BLEURT 22.93 23.00 23.12 24.06 0.20 23.74 0.09

Table 6: The Pearson correlations with human judgement on the machine translation task.
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Dataset \ Kendall Correlation

\ Metrics Original +BERText +IMAGINEwex  +IMAGINEimage  +IMAGIN Egext gimage

BLEU 8.96 9.42 10.03 9.10 0.71 9.59 0.57

ROUGE-1 8.71 8.86 9.96 9.49 0.39 9.77 0.30

DUC2004 ROUGE-2 7.75 9.49 9.89 9.10 0.61 9.62 0.55
ROUGE-L 7.22 8.09 9.91 9.40 0.51 9.61 0.37
BERTScore 12.82 13.15 12.63 11.93 0.43 12.35 0.32

BLEURT 16.04 16.11 16.00 15.52 0.22 15.74 0.20

BLEU 12.26 12.50 12.37 7.49 0.68 11.47 0.33

ROUGE-1 12.15 12.14 12.18 11.04 0.39 12.13 0.19

Gigaword ROUGE-2 9.21 12.04 11.79 6.74 0.63 10.10 0.34
ROUGE-L 12.40 12.59 12.55 11.260.45 12.69 0.21
BERTScore 14.10 14.24 14.32 13.560.32 14.39 0.16

BLEURT 15.16 15.24 14.96 1491 0.19 15.09 0.09

Table 7: The Kendall correlations with human judgement on the abstractive text summarization task.

Dataset \ Pearson Correlation

\ Metrics Original +BERText +IMAGINEwext +IMAGINEimage  +IMAGIN Egext gimage

BLEU 11.47 12.47 18.31 16.25 0.71 17.50 0.62

ROUGE-1 13.66 14.05 17.21 16.05 0.46 16.67 0.39

DUC2004 ROUGE-2 9.74 10.71 16.29 1492 0.61 15.72 0.53
ROUGE-L 13.14 13.65 17.66 16.25 0.55 17.05 0.46
BERTScore 19.44 19.50 20.97 19.50 0.43 20.30 0.37

BLEURT 23.59 23.53 24.28 23.47 0.23 23.86 0.19

BLEU 9.39 10.95 13.21 9.44 0.58 12.21 0.29

ROUGE-1 14.58 15.40 16.06 14.44 0.45 15.85 0.22

Gigaword ROUGE-2 7.75 9.27 11.84 8.35 0.51 10.71 0.25
ROUGE-L 14.31 15.13 15.93 13.81 0.48 15.60 0.24
BERTScore 19.59 19.81 19.51 18.84 0.39 19.71 0.18

BLEURT 20.23 20.41 20.28 20.19 0.21 20.40 0.11

Table 8: The Pearson correlations with human judgement on the abstractive text summarization task.

Dataset \ Kendall Correlation

\ Metrics Original +BERText +IMAGINEwext +IMAGINEjmage  +IMAGIN Etext & image

BLEU 15.94 16.76 19.25 18.65 0.20 19.49 0.13

METEOR 21.30 22.03 23.08 20.43 0.25 22.42 0.17

WebNLG ROUGE-L 15.24 16.16 18.74 17.92 0.20 18.74 0.13
CIDEr 13.40 13.59 14.43 14.56 0.05 14.52 0.03

BERTScore 23.44 23.68 24.19 22,93 0.19 23.90 0.11

BLEURT 24.31 24.38 24.92 24.54 0.09 24.84 0.05

BLEU 11.53 13.32 11.99 8.80 1.29 11.04 0.65

METEOR 18.46 18.86 14.37 11.08 1.20 13.41 0.67

E2ENLG ROUGE-L 8.60 9.59 11.60 9.49 1.03 10.82 0.46
CIDEr 10.29 12.45 11.56 9.41 1.06 11.03 0.56

BERTScore 14.45 14.85 14.47 12.72 0.95 13.90 0.45

BLEURT 14.61 14.80 15.26 14.86 0.40 15.08 0.19

BLEU 3.27 3.61 2.61 2.01 0.58 2.31 0.33

METEOR 3.73 4.30 3.03 2.43 0.53 2.65 0.30

A ROUGE-L 4.00 4.27 4.17 3.39 0.46 3.89 0.30
WIkiBioNLG CIDEr 2.10 2.60 2.22 1.39 0.44 167 0.28
BERTScore 5.09 5.18 4.58 462 0.35 4.73 0.18

BLEURT 5.32 5.43 4.87 485 0.29 490 0.13

Table 9: The Kendall correlations with human judgement on the data-to-text task.
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(©

Figure 10: Groups of images generated k& IN E with different image genrative backbones with
random initializations. The image generative backbones are dVAE, BigGAN and VQGAN.
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Dataset \ Pearson Correlation

\ Metrics Original +BERText +IMAGINEext  +IMAGINEjmage  +IMAGIN Etext & image

BLEU 25.79 26.80 30.04 28.72 0.22 29.86 0.16

METEOR 30.78 31.88 33.50 30.94 0.27 33.08 0.20

WebNLG ROUGE-L 24.15 25.23 28.70 27.66 0.21 28.59 0.15
CIDEr 23.09 23.25 23.98 24.07 0.04 24.02 0.02

BERTScore 34.53 34.84 35.82 34.11 0.19 35.38 0.12

BLEURT 35.97 36.00 36.80 36.26 0.10 36.62 0.06

BLEU 12.78 14.66 19.11 1393 1.94 17.23 0.76

METEOR 25.55 25.93 23.37 17.85 1.80 21.44 0.69

E2ENLG ROUGE-L 12.22 13.48 18.69 14.62 1.66 17.22 0.62
CIDEr 13.83 14.27 16.46 15.45 0.73 16.06 0.26

BERTScore 22.76 23.15 23.71 20.18 1.27 22.40 0.47

BLEURT 22.75 22.96 23.68 22,55 0.59 23.22 0.21

BLEU 8.19 9.25 5.67 4.88 0.82 5.73 0.45

METEOR 8.31 9.35 6.33 5.58 0.75 6.36 0.40

I ROUGE-L 9.88 10.51 8.16 7.40 0.69 8.23 0.36

WIkiBIoNLG CIDEr 535 5.78 5.92 5.85 0.39 597 0.19
BERTScore 8.98 9.24 8.22 7.78 0.47 8.19 0.23

BLEURT 9.21 9.39 8.84 8.58 0.32 8.80 0.15

Table 10: The Pearson correlations with human judgement on the data-to-text task.

Figure 11: More examples for the machine translation task on WMTSt&. the German text to be
translatedRef: the reference translatiohlyp: the generated translation candidate.
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