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Abstract

We detail current limitations of GILL, and suggest possible directions to alleviate
this in future work. We also describe the broader impact of our work, including
possible applications, risks, and intended uses. Finally, we provide more quantita-
tive and qualitative evaluations, including results on deciding whether to retrieve
or generate, results on the effect of increasing context on VisDial, text-to-image
generation results on MS-COCO, and present more qualitative samples from GILL.

A Limitations

GILL relies on an LLM backbone for many of its capabilities. As such, it also inherits many of the
limitations that are typical of LLMs. One limitation is the potential for hallucinations [2], where
the model generates content that is false or not relevant to the input data. Another limitation of the
model in generating text is in repetitions and neural text degeneration [12], where the model generates
the same content multiple times. We also observed that the OPT-6.7B model also does not always
consistently generate coherent dialogue text.

These limitations may be addressed by techniques that address hallucinations and degenerations in
text-only LLMs, or by using improved LLMs that are less prone to these issues. In GILL, we used
a 6.7B model. In the future, it will be valuable to scale up the approach with even larger LMs, or
those trained with improved objectives [25]], instruction finetuning [26] or human feedback [19]].
Depending on downstream applications, using models trained explicitly on dialogue data [7] may
also be helpful for dialogue capabilities (e.g., deploying multimodal chatbots).

With regards to the visual models, another limitation of our approach is in its limited visual processing.
At the moment, we use only k = 4 visual vectors to represent each input image (due to computational
constraints), which may not capture all the relevant visual information needed for downstream tasks.
These vectors are produced by a frozen pre-trained visual encoder, and so the visual information in
the vectors is heavily constrained by the pre-training task. As a result, the model may not always
process images correctly or in enough detail to produce accurate or high-quality results. However,
this limitation can potentially be addressed in the future by scaling up the visual model, using models
with varied pre-training objectives that encode more visual information while still being mappable to
the hidden space of the LLLM, or using more sophisticated visual mappings [} [15] that can capture a
richer set of visual features. Similarly, we observed during inference that our model sometimes does
not generate relevant images for certain types of prompts. We attribute this to our finetuning dataset
being CC3M, which is relatively small compared to modern large scale image-text datasets [24]. It is
likely that training GILLMapper on an even larger corpus of text data will improve its alignment to
the image generation backbone.

One of the advantages of our model is that it is modular, and can benefit from stronger visual and
language models released in the future. It is likely that it will also benefit from stronger text-to-image
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generation backbones, or through finetuning the generation backbone rather than just the GILLMapper
module. We leave such scaling explorations for future work.

B Broader Impact

Al Assistants Recent advances in dialogue based chatbots have sparked interest in using LLMs for
interactive conversational applications. GILL is a multimodal language model capable of processing
image and text inputs, and producing image and text outputs. These capabilities may enable a wider
range of applications. For example, Al assistants which can produce image and text outputs would be
able to answer a wider range of queries, providing visual content when necessary to illustrate certain
points. Concrete applications may include creative endeavors (e.g., iteratively refining a generated
image with instructions), answering questions that benefit from visual outputs (e.g., describing food
items), and more. Scaling GILL and refining it with methods such as reinforcement learning from
human feedback (RLHF) [14]] are promising directions to improve the capabilities of multimodal Al
assistant systems.

Disinformation and Harms Aside from the technical limitations detailed in Sec. [A] there are
broader societal issues that should be considered with the development of generative models of
text and images. LLLMs have the potential to generate plausible sounding (but false) text [10} [2],
propagating disinformation at scale. As GILL uses an LLM backbone, it is also susceptible to
these potential issues. Furthermore, as multimodal generative models which can also produce image
content, models such as GILL also introduce potential issues with producing even more convincing
disinformation through interleaving text with realistic generated images. As GILL makes use of an
image generation backbone, it is also susceptible to the risks that typical text-to-image generation
models introduce, such as generating false images of real people. These harms may possibly be
mitigated by introducing watermarking into generated images [[17, 28], or by deploying systems to
detect generated images [S]].

Bias and Safety GILL makes use of pretrained LLMs and multimodal models (such as CLIP [20]
and Stable Diffusion [22]), which are trained on large, noisy, Internet-scraped data (such as LAION-
400M [24]]). Due to their curation process, these datasets often contain undesired biases, malignant
stereotypes (see [3] for a comprehensive discussion on large scaled multimodal datasets). One
advantage of GILL is that it is efficient to train and completely modular, allowing its components
(i.e., the LLM, visual encoder, or image generator) to be swapped out for other pretrained models (for
example, models which have been further calibrated to reduce unintended biases).

Intended Uses GILL is a research prototype which showcases possible capabilities of multimodal
language models which can both process and produce image and text outputs. Due to the limitations
described above, GILL is not in its current state intended for deployment in practical applications,
especially in high risk or sensitive domains without further analysis. At its current model scale (a
6.7B parameter LLM), GILL also lacks many of the abilities of larger language models [4], and
applications would likely benefit from increased scaling of the LLM and visual models.

C Deciding to Generate or Retrieve

As detailed in Sec. 3.3 of the main paper, we evaluate several models on the annotated Par-
tiPrompts [27] dataset. Each prompt is annotated with one of two labels: “ret” or “gen”, indicating
whether image retrieval or image generation produces a more appropriate image for the corresponding
prompt. For example, the prompt “a portrait of a statue of the Egyptian god Anubis wearing aviator
goggles, white t-shirt and leather jacket, flying over the city of Mars.” is labeled as “gen”, as there are
(understandably) no appropriate images in the CC3M retrieval set, and generation produces a more
relevant output. In contrast, “the geyser Old Faithful” is labeled as “ret,” as there are very relevant
candidate images available for this prompt. We evaluate several models for making this decision on
the validation set (Tab.[T), evaluating using F1 score given the class imbalance of the dataset (201
“gen”, 110 “ret” in the validation set labels):

1. Baselines: We measure the F1 score of several baseline methods, which provide a lower
bound for how well data-driven approaches can do. We find that always retrieving an image,
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Table 1: Results on PartiPrompts for classifying retrieval or generation.

Method F1
Always retrieve 0.267
Always generate 0.389
Random 0.451
Heuristic 0.261 —0.559
Linear classifier 0.393 - 0.552
Human performance 0.851

always generating an image, or simply deciding randomly (with a prior proportional to class
frequencies) achieve F1 scores of 0.267, 0.389, and 0.451 respectively.

2. Heuristic: We also consider a simple heuristic which considers the maximum cosine
similarity of the retrieval embedding against the entire image candidate set (i.e., the training
set of CC3M). We run a grid search from 0 to 1 for possible threshold values. Whenever the
maximum cosine similarity is above a threshold, we return “ret” and “gen” otherwise. This
achieves an F1 of 0.261 — 0.559, depending on the threshold used (a threshold of 0.5 gives
F1 of 0.261).

3. Linear classifier: Lastly, we train a linear classifier that takes as input the outputs of the
LLM for the [IMG] tokens and the maximum cosine similarity. This classifier is trained
with the binary cross-entropy loss over the training set of PartiPrompts annotations. This
linear classifier achieves an F1 score of between 0.393 — 0.552, depending on the probability
threshold used (a threshold of 0.5 gives an F1 score of 0.547).

We use the linear classifier in our final model, as it requires less hyperparameter tuning compared
to the heuristic baseline, and performs comparably on quantitative metrics. During generation of
qualitative samples (Fig. [I] and Fig. 5 in the main paper), we observed that the linear classifier
generally performed well for many prompts, and decided correctly whether to retrieve or generate.

D Qualitative Results

We present further qualitative samples in Fig. [T, We find that GILL is able to process complex
text prompts more effectively than Stable Diffusion for many examples in PartiPrompts [27]]. On
VisDial [8] dialogue inputs, GILL is able to generate more relevant outputs (as measured against
groundtruth images). We attribute these improved results to the stronger text representations of the
LLM, and the effectiveness of our GILLMapper network.

E Other Evaluations

E.1 Increasing Context on VisDial

GILL leverages an LLM backbone, which allows it to inherit some of the LLM’s capabilities, such
as improved sensitivity to long input contexts. In the main paper, we showed that GILL can better
condition on longer image and text inputs to generate more relevant images for VIST [13]. We run a
similar experiment on Visual Dialogue [8]], varying the number of dialogue rounds provided as input
context to GILL and Stable Diffusion (SD) [22]].

The results are presented in Fig.[2] We find that when longer text context is provided to both models,
the performance of generating relevant images steadily improves. Interestingly, SD performance
plateaus after 6 rounds of dialogue, while GILL continues to improve, outperforming SD when 7
or more rounds of dialogue are provided. These results showcase the improved sensitivity of our
model to conditioning on long, dialogue-like text. Despite both approaches using the same image
generation backbone, GILL is able to better make use of longer dialogue-text inputs (despite being
only finetuned on image caption data).
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Our model can process long, dialogue-like text inputs to generate more relevant images compared to non-LLM based text-to-image generation models.
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Our model can decide when to return retrieved images, generated images, or text, allowing it to respond effectively to a wider variety of dialogue settings.
D Retrieved

Multimodal Dialogue

D User prompts

D Generated

Figure 1: Further qualitative samples from GILL. It is more sensitive to text inputs due to its LLM
backbone, and better at processing complex text prompts.
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Table 2: Zero-shot FID [[11]] on the

Results With Increasing Context on VisDial MS-COCO [16] (2014) validation
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Figure 2: Performance of our model and Stable Diffu- Re-Imagen [6] 6.88
sion [22] with increasing context for generating VisDial [8]] -
images. Our model is able to better process long dialogue- SD [22] v1.5 9.22
like text descriptions. GILL (ours) 12.2
s .

Shown below are two images and a description for the images. Please answer two questions:
Caption: "bond"
1. Select the image which matches best with the text. For this task, ignore how realistic the images may look. Please only
focus on how appropriate the image content is with respect to the caption. 1) Is image A or image B more relevant to the above caption? (ignore image realism
2. Select the image which is more visually realistic. For this task, ignore how appropriate the image content is with respect for this question)
to the caption. Please only focus on how visually realistic the image is.

2) Is image A or image B a more realistic image? (ignore the caption for this question)

Als more realistic @

Image A Image B

Figure 3: User interface shown to human annotators for annotating PartiPrompts [27] examples.

E.2 Image Generation

In addition to our evaluations on VIST [13] and VisDial [8]], we also run evaluations on our model’s
ability to generate images from MS-COCO [I6] captions (Tab. ). We generate images using
30,000 randomly sampled captions from the MS-COCO (2014) validation set, which is the standard
evaluation of text-to-image generation models. We report zero-shot FID scores [[11] of our model,
Stable Diffusion [22] v1.5 (which we use as our backbone image generator), and several other
approaches in Tab. [2] For our generation results and SD results, we use a classifier-free guidance
scaling factor of 3.0 and 250 DDIM inference steps. On MS-COCO, our approach achieves a worse
FID score than SD (9.22 to 12.2). This is likely because this task does not benefit as much from the
LLM backbone, which has not been trained on as many image captions as SD (which exclusively
trains on caption-like data). These numbers will likely improve further by finetuning GILL on even
more text data (including image captions), which will allow our model to align more closely to the
input space of the SD image generator.

F Human Annotation on PartiPrompts

In Sec. 3.3 of the main paper, we described the process of annotating PartiPrompts [27] with per-
example labels to retrieve or generate. The interface shown to human annotators is shown in Fig. [3]
Annotators are tasked to determine which of two anonymized images are (1) more relevant to the
provided prompt, and (2) more realistic. We randomize the order of the two images as well (i.e., the
output of the retrieval model shows up 50% of the time as Image A).
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We show each example to 5 independent human annotators. For determining whether to label a
particular example as “ret” or “gen”, we take the majority vote of the 5 annotators on the image
relevance question (“Is image A or image B more relevant to the above caption?”), and only keep
the examples with an inter-annotator agreement of at least 4/5. This results in approximately 900
examples remaining (out of the 1,632 examples in PartiPrompts). Our annotations will be publicly
released to facilitate future evaluations on this task.

We conducted evaluations on the Amazon Mechanical Turk platform with human annotators located
in the US and Canada. Annotators were paid at an estimated hourly rate of 15 USD per hour. In total,
we spent approximately 326 USD to collect these annotations.
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