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Abstract
Text-to-image generation using diffusion models has seen
explosive popularity owing to their ability in producing high
quality images adhering to text prompts. However, diffusion-
models go through a large number of iterative denoising steps,
and are resource-intensive, requiring expensive GPUs and
incurring considerable latency. In this paper, we introduce a
novel approximate-caching technique that can reduce such
iterative denoising steps by reusing intermediate noise states
created during a prior image generation. Based on this idea,
we present an end-to-end text-to-image generation system,
NIRVANA, that uses approximate-caching with a novel cache
management policy to provide 21% GPU compute savings,
19.8% end-to-end latency reduction, and 19% dollar savings
on two real production workloads. We further present an
extensive characterization of real production text-to-image
prompts from the perspective of caching, popularity and reuse
of intermediate states in a large production environment.

1 Introduction
Text-to-image generation has drastically matured over the

years [34, 87] and has now become a widely popular fea-
ture offered by various companies [8, 14], being integrated
into various new creative workflows [10]. The popularity of
text-to-image models has become massive. Adobe recently re-
ported [10] that over 2 billion images were created using Fire-
fly [9] text-to-image service. Similar popularity has also been
reported for Dall-E-2 from OpenAI [12]. Figure 1a shows
the staggering growth over time in the numbers of prompts
submitted to a portal running stable-diffusion-based text-to-
image model, as captured by the DiffusionDB dataset [79].

State-of-the-art in text-to-image: In text-to-image genera-
tion, given a text prompt describing certain desirable charac-
teristics of an image, a deep neural network model generates
an image capturing the descriptions provided in the prompt.
While researchers have been attempting to design viable and
consistent text-to-image models for quite some time using
∗Corresponding author (subrata.mitra@adobe.com)

†Work done at Adobe Research

(a) (b)
Figure 1: (a) Shows normalized growth in workload over 5 weeks in Diffu-
sionDB. (b) Latency for tiny, standard and XL stable-diffusion models
from Hugging Face [51] repository on three different GPU architectures in
AWS. The image quality produced by the larger XL model is far superior
to the smaller two models but comes with a substantially large latency
overhead which also implies higher costs.

(a)

(b)
Figure 2: (a) Shows how vanilla DMs work. (b) Shows how DMs with
approximate-caching works, where first K denoising steps are skipped after
an intermediate noise belonging to a different prompt present in the cache
is retrieved and reused.

VAEs [52], GANs [42] and other techniques [37], the most
popular text-to-image production systems of today [9, 17] are
based on Diffusion-Models (DMs) [36, 49]. The widespread
adaptation of DMs can be attributed to their capability to gen-
erate superior quality images and to condition the generation
more accurately according to the input prompt.

Problems with DMs: Text-to-image products should offer
real-time interaction like search platforms. However, image
generation using DMs is a computational resource-intensive
task and suffers from relatively long latency. During the in-
ference phase in DMs (that is generating an image from text),
essentially a Gaussian noise is iteratively denoised, using the
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input prompt as a condition, to produce the output image in
a Markov process [39]. The traditional DMs use as much as
1000 such iterative diffusion steps [36] for this. Some subse-
quent optimizations [61,76] enable such denoising to be done
with approximately 50-100 iterative steps [2]. Still, even with
50 iterative steps, image generation with DMs is a resource-
intensive and slow task that prohibits interactive experience
and results in huge computational costs on expensive GPUs.

In Figure 1b, we show the latency (in seconds) for
different GPU architectures (i.e., A100, A10g, and V100
from NVIDIA) that are available on Amazon Web Ser-
vices (AWS) and for a few DMs of different sizes (i.e., # of
parameters): Stable Diffusion XL, Stable Diffusion
2.1, Tiny Stable Diffusion from Hugging Face repos-
itory [51] with typical 50 diffusion steps for image generation
during inference. It can be observed that while smaller mod-
els (e.g., Tiny and Standard) can provide significantly low
inference latency compared to a larger model(e.g., XL), it usu-
ally comes with significant degradation in the quality of the
generated image [67]. Therefore, using a smaller model to
reduce latency for better user experience might actually defeat
the purpose. Latency can also be reduced by using a more
powerful GPU for inference, as can be observed in Figure 1b,
but pricing for cloud instances with powerful GPUs such as
NVIDIA A100s is significantly high. For instance, in the US
East region [1] the V100 is priced at approximately $3.06 per
hour, the A10g at $8.144 per hour, and the A100 at $32.77
per hour making an A100 instance 4X costlier than A10g
and more than 10X costlier than a V100. Therefore, while
inference latency can be reduced with more powerful GPUs,
inference cost per image also significantly increases.

In this paper, we introduce an efficient text-to-image gen-
eration system called NIRVANA that uses novel approximate
caching technique to significantly reduce the computational
cost and latency by effectively reusing intermediate states
created during image generation for prior prompts.

Figure 2 illustrates the key idea behind NIRVANA. For an
input prompt shown in red in Figure 2a we show how the
vanilla or standard DMs work through multiple iterative de-
noising steps. Here, the process starts from a Gaussian noise
at state xN and then performs N denoising steps with the input
prompt as the condition to finally produce a coherent image
in state x0. Figure 2b shows how in approximate caching, first
K steps are skipped, and directly a suitable intermediate noise
from a different prompt is retrieved and used. The value of
K depends on the similarity between the new input prompt
and the prompt from which the noise was retrieved. There-
fore, the amount of compute and latency savings can vary
across prompts based on the availability of similar prompts in
the cache that stores the intermediate noises/states produced
during the image generation from previously encountered
prompts. The phrase approximate caching emphasizes the
fact that in this system, we are not directly reusing the re-
trieved object from the cache, rather we are retrieving an

“man on a white horse
on snowy mountain”

“mountains with covered 
snow and mountaineer”

15

“dog astronaut walking
on the moon”

“astronaut on 
the moon”

10

Figure 3: Images generated using NIRVANA

intermediate state and further conditioning those to tailor the
generated image according to the new prompt. Thus, NIR-
VANA is very different from a retrieval-based system such as
GPT-CACHE [7], PINECONE [4] that proposes direct retrieval
of an image from a cache based on the input prompt.

NIRVANA selects the value of K for a particular input
prompt by effectively controlling the hit-rate vs. compute
savings trade-off. Hit-rate here means how likely an incom-
ing prompt can be matched to a similar enough prompt in the
cache, while K denotes the # steps we skip at the beginning
of the DMs when using the retrieved noise from the cache.
The hit-rate, can be made significantly high if we are plan-
ning to skip a very small number of steps at the beginning
(i.e., lower value for K). The reason being, if we are skip-
ping less diffusion steps at the beginning, noise from very
dissimilar prompts can still be denoised effectively to produce
a coherent image. While for high K, the scope for further
denoising conditioned on the new prompt becomes limited.
However, it provides huge compute savings when done for
certain amenable prompts. Careful design of NIRVANA can
navigate this complexity by calculating a suitable value for K
for each incoming prompt to maintain high quality as well as
optimize for maximum compute savings.

Figure 3 shows some real examples using prompts from
DiffusionDB [79] to illustrate how NIRVANA can transform a
noise from a seemingly different prior prompt to a coherent
and high-quality image while providing significant latency
and compute reduction at the same time.

Furthermore, in NIRVANA, we design a novel approximate-
cache management policy, called Least Computationally Ben-
eficial and Frequently Used (LCBFU), that manages the storage
of noises in such a manner that for a given cache storage size,
we optimize the space for the noises that is likely to give the
best computational efficiency to NIRVANA.

Overall, NIRVANA can maintain generated image qual-
ity very close to vanilla diffusion-models (i.e., DMs without
approximate-caching) while providing 21 % savings in GPU
computation, 19.8 % reduction in latency, and 19% amortized
savings on dollars spent on image generation. Our study in-
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volving 60 users with 1000 images shows that 79% users
liked NIRVANA generated images which is far better than the
best baseline GPT-CACHE [7] with only 31% likes, and much
closer to the quality of images generated by the expensive and
slow VANILLA model, liked by 86% users.

We summarize our contributions in this paper as follows:
1. We introduce the novel idea of approximate caching that

provides significant computation saving in the production
pipeline of diffusion models for text-to-image generation.

2. We propose an effective cache-management mechanism,
called LCBFU, that can optimize the reuse of computation
states and computation savings.

3. We present end-to-end design details and rationale for NIR-
VANA, which is our optimized text-to-image deployment
system on the cloud.

4. We characterize real production prompts for text-to-image
models from the perspective of reusability and caching.

5. We present extensive evaluation with two real and large
production prompts from text-to-image models, along with
a human evaluation and several sensitivity studies.

2 Background
2.1 Diffusion Models (DMs)

Diffusion models (DMs) progressively denoise a random
Gaussian noise to generate an image conditioned on text.
The training procedure contains a forward diffusion process,
which obscures an image by adding noise repeatedly in a
Markov process until it saturates to Gaussian noise. In the
backward diffusion process, the original image is recovered
by removing noise repeatedly. Each denoising step is called
“sampling” since the model generates a sample by removing
noise, and the method used for sampling is called the sampler.

In the forward diffusion process, Gaussian noise gets pro-
gressively added to an initial image x0 for T steps to get xT .
With the Markov chain assumption, it is expressed as:

q(x1:T |x0) :=
T

∏
t=0

q(xt |xt−1) (1)

q(xt |xt−1) := N (xt |
√

1−βtxt−1,βt I) (2)
where q(xt |xt−1) is the posterior probability, and β1, ...,βT

is the noise schedule (either learned or fixed) to regulate the
noise level at each diffusion step. Similarly, the backward
diffusion process can be written as:

pθ(x0:T ) := p(xT )
T

∏
t=0

pθ(xt−1|xt) (3)

pθ(xt−1|xt) := N (xt−1|µ̄t , β̄t I) (4)
where pθ(.) denotes the probability of observing xt−1 given

xt . Here, p(xT ) = N (xT |0, I). Here, µ̄t and β̄t is learned.
The objective is to learn p(θ) that maximizes the likelihood
of training data in the backward/reverse diffusion process.
Recent optimizations approximate the backward diffusion
process by skipping certain intermediate states at predeter-
mined timesteps [54, 90], thus reducing inference steps from
T ≈ 1000 steps to N ≈ 50 steps. This is achieved by learning

a sampler that predicts how much noise will remain after T/N
step for every one diffusion step. Notably, each step consumes
equal time and compute as it uses the same denoising process
on the same diffusion model [87]. Even with these optimiza-
tions, image generation still takes 10 seconds on A10g and 6
seconds on A100 GPUs for large models (Figure 1b).

Diffusion model backbone is based on the U-Net architec-
ture [70]. When a text prompt is given, the image genera-
tion process is conditioned through cross-attention within the
model [69]. Thus, it develops a text-to-image framework capa-
ble of generating visually coherent and contextually relevant
images based on textual descriptions.

In practice, each xi can either be the actual image or its latent
representation computed by an image encoder [69]. Generally,
the latter approach, termed as latent diffusion model (LDM)
is preferred since it captures the hidden characteristics of an
image. We use the same in our work. To generate the final
image from its latent space x0 at the end of backward diffusion,
x0 is decoded with the inverse of the image encoder.

2.2 Dynamics of Image Generation
The amount of reconditioning needed for the retrieved noise

to suit the new prompt depends on K. We observe that various
concepts/characteristics of an image, like, layout, color, shape
or objects, style, etc. are not easy to modify beyond certain K.
With initial noise being random Gaussian, similar to recent
works [89] (see Appendix E for details), we observed for our
dataset that LDM models [69] decide the layout of the objects
first within the initial ∼20% of diffusion steps. Color map
for the overall image then gets decided within ∼40% steps
followed by the shape and the size of the objects and then
the artistic style of the image. Overall, we observed that after
∼50% of the steps, the concepts get frozen and no further
attempts to recondition the intermediate image are reflected
in the final generated image. For example, when attempting
to recondition the image of a brown horse grazing in a green
field (Figure 4), the color can be modified after K = 10, but
not after K = 15. Similarly, actions, objects, and backgrounds
could be modified only till certain steps and not beyond that.

3 Understanding User Prompts
We first show some characterization of real user prompts in

DiffusionDB dataset [79] having 2 million prompts ranging
from 8 Aug, 2022 to 22 Aug, 2022. Each entry has the user-id,
prompt, timestamp, and the generated image in the dataset.
(1) Top-Y% most popular prompt clusters over days

We cluster the prompt queries for each day using DBSCAN
algorithm [73] on their CLIP text embeddings [68] with mul-
tiple eps values (eps controls the maximum distance between
two samples for one to be considered the neighbor of other).
We find top-Y% (with Y = 1, 2, 5, and 10) clusters and extract
the most popular prompts on Day 1. We then track how many
of these top-Y% clusters remain in the top-Y% on the fol-
lowing day (Day 2 to Day 18) and report this fraction as the
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Figure 4: A noise from a brown horse successfully
transforms into a white horse at K=10, while K=15
fails. The same noise becomes a bear even at K=20.

Figure 5: Popularity of top Y% popular prompt
clusters over days for different similarity thresh-
old between prompts (eps value)

Figure 6: Average number of noun, adjective,
color, count, and verb changes across similarity
for both short and long prompts

longevity probability of popular prompt clusters in Figure 5.
We repeat this analysis with different eps values (eps = 0.01,
0.1, 0.2, 0.5) in DBSCAN algorithm.
Takeaway. From Figure 5, we see that most of the clusters in
the top-Y% prompt clusters do not remain popular in top-Y%
even on Day 2 when the clusters are tightly packed (eps=0.01).
There is a more significant drop in popularity after 2 days.
However, as we increase eps and make clusters more loosely
packed, it effectively gathers more prompts within a cluster
and hence the decay rate of popular prompts is less. We em-
pirically verified that with increasing eps, higher number of
prompts and more dissimilar prompts are clustered together,
and hence the longevity of the top-Y% cluster increases. This
shows the extent of similarity in prompts over time and the po-
tential for reuse. Approximate-caching idea works even with
less similar prompts, as it can recondition the retrieved noise.
Thus, the high longevity of popular cluster, as seen in plots
for eps=0.2 and eps=0.5, shows potential of approximate-
caching for generating images in production environments.
(2) Most similar short and long prompt pairs

We divide the prompt queries into short and long prompts,
based on the 70th percentile word count (≈15 words). For
each set, we then form pairs of most similar prompts using
cosine-similarity between their CLIP embeddings and group
them into 4 buckets based on their similarity scores: Very
Low (less than 0.65), Low (0.65 to 0.8), Medium (0.8 to 0.9),
and High (more than 0.9). For each bucket, we analyze what
attributes (e.g., noun, adjective, verb, color, count) changed
between the pair of prompts within the same bucket and show
the average number of changes along these attributes, for both
long and short classes of prompts in Figure 6.
Takeaway. In Figure 6, we see that as the similarity of
the prompts within a pair increases, the average number of
changes decreases. We also see that within each bucket, the
average number of noun changes is the most, followed by ad-
jective and verb changes. Longer prompts have more changes
as compared to the shorter prompts within the same similarity
bucket. This indicates that even when several attributes in
the text of the prompt change, the CLIP embedding failed
to appropriately distinguish the difference between the two

prompts. This highlights a limitation in identifying similar
prompts when prompts are very long, as two prompts can be
misleadingly retrieved as very similar.

(a) (b)
Figure 7: Query prompt similarity (a) for inter v/s intra-session per user,
(b) range for intra, inter per user and across diff users

(3) Intra vs. inter-session similarity in prompt queries
We group the prompts per user, then divide the prompts

from that user into 1-hour sessions. We then compare the
similarity of prompts within the same sessions (intra) and
across different sessions (inter) of the same user in Figure 7a.
In Figure 7b, we further compare these with similarity scores
between prompts from sessions of 100 random other users.
Takeaway. Figure 7a shows, many users exhibit high intra-
session similarity, meaning users tend to use similar prompts
within a session with a lot of repetitions (indicated by a clus-
ter of points at 1). Also, there is high inter-session similarity,
but it is lower than intra-session, indicating diverse queries
across sessions. In Figure 7b, we observe that prompts within
a session (intra-session, left) exhibit high similarity. Notably,
prompts across sessions (inter-session, middle) of the same
user and even with prompts from different users (across-users,
right) also demonstrate significant similarity. Interestingly, the
similarity between prompts from different users is notably
higher, suggesting a promising opportunity for efficient ap-
proximate caching utilizing the power of the masses.

4 NIRVANA Overview
4.1 Approximate Caching

For a new query prompt PQ, NIRVANA uses approximate-
caching to reduce computation by retrieving an intermediate
state that was created after Kth iteration of a previous image
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generation process and directly reusing and reconditioning
that for PQ for the remaining N−K steps.

Analytical Modeling: Let L denote the total end-to-end la-
tency of image generation using approximate caching. Within
this, C represents the cumulative GPU computation time for
N diffusion model steps. The set of possible values for K is
denoted as K . Each search operation in the vector database
(VDB) incurs a latency cost denoted as ls, and retrieving the in-
termediate state from the cache introduces a latency denoted
as lr. We use fc to indicate the overall compute savings.

Therefore, for prompts effectively utilizing approximate
caching with a cache generated at K, the total latency experi-
enced can be expressed as:

ls +C · N−K
N

+ lr (5)

In contrast, prompts for which NIRVANA cannot locate a
match in the cache will undergo a total latency of ls +C .

This distinction arises from the design, where it attempts to
retrieve an intermediate state from the file system (incurring
latency overhead lr) only when a hit is confirmed in the VDB,
ensuring the existence of the state in the cache.

Let us denote the hit-rate@K for approximate caching as
h(K) which is defined as the likelihood that when an inter-
mediate state from Kth diffusion step is used, it takes at most
N −K diffusion steps to generate a faithful reconditioned
image where N is fixed. That is, (1−h(K)) fraction of cache
exists, which we cannot recondition by running N−K steps.

Now at K = 0 (running diffusion model from scratch), all
historical prompts are theoretically usable since an image can
be reconditioned in at most N− 0 steps, leading to h(0) =
1.0. As K increases, h(K) decreases, since we can use only
a smaller fraction of intermediate states from Kth step to
recondition an image by running diffusion at most N −K
steps. For lower values of K, h(K) is less than 1.0 but can still
be relatively high. That is, the diffusion models can effectively
recondition the retrieved state if the state is from the initial
diffusion steps, resulting in the generation of faithful images.

The decrease in h(K) is influenced by how dissimilar the
prompts are. When K surpasses a certain threshold, denoted
as KT , the retrieved state is no longer suitable for further
reconditioning, as discussed in § 2.2, and thus, h(K ≥ KT ) = 0.

Consequently, the effective fraction of savings in GPU com-
putation for a given K can be expressed as:

fC = h(K) · K
N

(6)

It is evident that substantial savings can be achieved when
both K and h(K) are sufficiently high. However, the challenge
lies in the fact that as K increases, h(K) tends to decrease
while aiming to maintain the quality Q of the generated im-
ages1. This trend is described in § 5.2 for DIFFUSIONDB
dataset [79] across different discrete K values.
1 For example, if we assume that h(K) decreases linearly from 1.0 at K = 0
to 0 at K = KT following the equation h(K) = − K

KT
+ 1, then the optimal

single value of KOPT that maximizes fractional savings will be: KOPT =

KT /2, resulting in effective compute savings of f max
C = KT /4N. Similarly,

Now we define hopt(K) as the fraction of cache stored at
Kth diffusion step that is used to exactly recondition an image
for N−K steps. For example, with N = 50,K = 5, we get
hopt(K) is the fraction of cache that can be used to recondition
an image by running diffusion steps for exact 45 steps. Thus,

hopt(K) = h(K)−h(K′), where argmin
K′

(K′ > K) (7)

h(minK ) = ∑
K∈K

hopt(K) (8)

In essence, hopt(K) quantifies the probability that K repre-
sents the maximum potential savings for incoming prompts.
h(minK ) represents the overall hit-rate, i.e., fraction of PQ
having a cache hit.

Our primary objective is to minimize end-to-end latency (L)
while maintaining the quality (Q) of generated images. We
operate under the constraint that reconditioning of an image
with a cache at the selected K values must ensure a specified
level of quality Q compared to when the image is generated
from scratch. The goal is to find the optimal K value that
satisfies these objectives and the below quality constraint.

Thus, for a given incoming prompt PQ and its corresponding
cached prompt Pc

Objective (Minimize L): (following Eq. 5)

min
K

L = ∑
K∈K

(
ls +hopt(K) · lr +hopt(K) ·C · N−K

N

)
(9)

Quality Constraint:

Q(Ic
K |PcK ,PQ)> α ·Q(I0|PQ) (10)

where Ic
K represents the image generated by using cache

c at K and then reconditioning for N −K diffusion steps.
α ∈ [0,1] represents the tolerance threshold over the quality
of images generated and is such that Ic

K is not much worse than
I0. In our implementation (§ 5.3.1), we employ the CLIPScore
metric [46] to define Q with α = 0.9. We opt for CLIPScore
due to its widespread use in evaluating image quality.

In our use case, where lr, ls << C , the objective reduces to

min
K

L = ∑
K∈K

(
hopt(K) ·C · N−K

N

)
(11)

which maximizes K and hopt(K) to obtain minimal latency.
This framework demonstrates the relationship between la-

tency and quality in the context of approximate caching.
Notably, the wasted overhead of NIRVANA can be captured

as (1− h(K)) · ls where the vector database is queried and
results in a cache miss. This means if we operate in a set-
ting where h(K) is low even if K is high, NIRVANA may not
provide latency benefits if ls is comparable to GPU compute

for a slowly decaying quadratic form expressed as h(K) = −
(

K
KT

)2
+ 1,

f max
C = 2KT

3
√

3N
> KT

4N . Therefore, the slower the decay of h(K) with respect to

K the higher the compute savings we can expect.
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Figure 8: NIRVANA Overview

latency C and such overhead reduction can be an important
design aspect as we discuss in § 5.2. It is important to note
that, due to the disparate costs of high-end GPUs, even if
there is not much latency reduction, it can still be significantly
cost-effective to use NIRVANA as it drastically cuts expensive
GPU compute costs on the cloud. In our setting, we observed
ls is of the order of 100 ms whereas C is of the order of 10 s.

4.2 System Components
Figure 8 shows the main components and the exe-

cution paths of NIRVANA. At first, an embedding vec-
tor ep is generated for the current input prompt PQ us-
ing an embedding-generator A . Then an optional
match-predictor module B predicts whether there would
be a close enough match for this embedding in the vector-
database (VDB) C . If the presence of a similar enough cached
entry is likely, then NIRVANA starts the process of retrieving
an intermediate state from the cache. First, a search query
is sent to the VDB to find the closest cached embedding of
ep, denoted by ec. A VDB uses efficient approximate nearest
neighbor (ANN) [62] search to find such closest embeddings.
For each cached historical prompt in the VDB, NIRVANA stores
several intermediate states during the vanilla diffusion pro-
cess. Which of these intermediate states corresponding to the
match prompt ec is optimal for the new prompt vector ep is cal-
culated using a heuristic by the cache-selector module D .
Then this particular intermediate state is retrieved from EFS
storage E (i.e. Elastic File System for NIRVANA) using the
pointer of the storage location pointed by the search result of
the VDB query and the particular intermediate state number (i.e.
K as explained in § 4.1) calculated by the cache-selector
module. An intermediate state Ic

K is an L×D dimensional
latent representation captured during the denoising process of
ec, after Kth step. Finally, this retrieved intermediate state Ic

K is
passed to the DM F along with ep for it to be reconditioned for
image generation for the rest of the denoising steps. However,
there are two situations when NIRVANA directly falls back to
the vanilla diffusion model to generate an image from scratch
(using Gaussian noise), sacrificing any optimization: (i) when
match-predictor module predicts that a close entry in the

VDB is unlikely (arrow 1 ), and (ii) when VDB query returns a
match ec that is very dissimilar to ep (arrow 2 ) .

To maintain the cache under a fixed size of storage and to
prevent the VDB from arbitrarily growing and keep on storing
stale entries, a cache-maintainer module G works in the
offline mode and implements the novel LCBFU protocol to
keep both the cache and VDB entries fresh.

5 NIRVANA Design Details
We present the detailed design of various components in

NIRVANA. The full algorithm can be found in Appendix A.

5.1 Embedding Generator
Similar to vanilla DMs, NIRVANA first computes a 768-

dimensional vector CLIP embedding [68] (ep) from the text
prompt. CLIP effectively positions visually similar prompts
closer in the embedding space, which optimizes the likelihood
of cache hits in our case.

5.2 Match Predictor
Using ep, NIRVANA could directly make a search query to

VDB for the closest prompt in the cache. If cache exists, there
will be substantial savings in GPU usage for image generation.
However, in case of cache miss, the search to VDB becomes a
latency overhead without getting any reduction in the GPU
computation. Now, several factors including: a) if it is in the
same LAN vs. far away from the GPUs, b) the particular
architecture of the VDB and its internal indexing mechanism,
and c) the compute resources dedicated to it etc., dictate the
magnitude of the wasted latency overhead during each miss.

To reduce this overhead, NIRVANA uses a component called
match-predictor, ( B in Figure 8), which predicts if an
embedding close enough to ep is likely to be present in the
VDB. If the prediction says it is unlikely, then NIRVANA simply
bypasses cache retrieval flow altogether, reducing the wasted
overhead. Additionally, match-predictor also reduces VDB
load corresponding to search misses, improving scalability.

Internally, match-predictor uses a lightweight classifier
for predictions that runs on the CPU of the same node where
the DM runs on the GPU. This reduces the classification la-
tency by orders of magnitude compared to a query to the VDB,
making latency overhead insignificant.

Recall from § 4.1 that analytically the latency overhead
is (1− h(K))× ls. Now let cp denote the precision of the
match-predictor classifier. The effective overhead of NIR-
VANA with an active match-predictor is then:

1−max(h(K),cp) · ls, where h(K),cp ∈ [0,1]

This means that either when h(K) = 1.0, i.e., prompts are
so similar that for every incoming prompt, there is a suitable
match available in the cache, or when cp = 1.0, i.e., the clas-
sifier is perfect in predictions, the system will not have any
wasted latency overhead. Note that, when cp < 1.0, NIRVANA
would miss some opportunity of compute savings during false-
negative cases as it would directly fall back to vanilla DM and
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Algorithm 1 CacheSelector-Profiling(K , Ic
K , α)

1: for K in K do
2: [IK ]← model(PQ, Ic

K , K) ∀ PQ
3: min_sim←min{sim s | ∀I ∈ [IK ], quality(I)> α}
4: sim_K_map[K]←min_sim
5: end for
6: return sim_K_map

generate an image from scratch instead of attempting to re-
trieve an intermediate state. For this classifier, NIRVANA uses
One-Class Support Vector Machine (One-Class SVM) [20]
which constructs a decision function for outlier detection. This
is trained by utilizing all prompt embeddings stored in the
VDB and assigning them a positive label of 1. To achieve high
precision and recall, we effectively overfit the model to the
existing prompt embedding space. Further, we use Stochastic
Gradient Descent (SGD) to enable faster retraining of the clas-
sifier when embeddings in VDB change significantly (i.e., >
5%). NIRVANA achieves a cp = 0.95 for production prompts.
Why not a Bloom Filter? Similar to our motivation, Bloom
filters [29] are popularly used as a low-cost mechanism to
check cache entries in various web services and database sys-
tems [19]. Bloom-filters use hashing algorithms to calculate if
an item is likely to be present in the cache with zero false neg-
ative rate but with some false positive rate. However, Bloom
filters are not suitable for NIRVANA as we do not search for
an exact match for cache entries, we search for the nearest
neighbors in the VDB by using ANN algorithms.

5.3 Cache Retrieval
Cache Retrieval and cache-maintainer are the main com-

ponents of NIRVANA. In this section, we elaborate on the
design of the cache retrieval phase which has three internal
components VDB, cache-selector, and storage-system. In
§ 5.4 we discuss the design of cache-maintainer.
Vector Database: NIRVANA stores the embedding of the
historical prompts in a vector-database (VDB) for fast and
efficient similarity search with the embedding of incoming
prompts. A VDB uses indexing methods like quantization,
graphs, or trees to store and perform high-dimensional simi-
larity search over vectors. For a query embedding vector, it
can find m approximate nearest neighbors. In NIRVANA, for
each incoming search with ep, VDB already populated with
the embeddings, its payload points to the path where the
corresponding intermediate states of ec at different Ks are
stored. NIRVANA uses cosine-similarity as a measure to
find the nearest neighbor. While NIRVANA can work with
any VDB such as Qdrant [21], Milvus [18], Weaviate [23],
Elasticsearch [13], in this paper we present results with
Qdrant as benchmarking [3] shows low read latency at scale
and moderately low update and delete latency.
Elastic File System as Storage: NIRVANA stores the actual
intermediate noise states on AWS Elastic File System (EFS).
After comparing with LustreFS [16] on read latency, through-
put, and storage cost, we chose EFS as our storage system.

Figure 9: Quality of image generation with
cache vs. similarity score across K. Thresh-
olds for cache usage at different K values.

� �
1 def cache_selector(s):
2 if s > 0.95: k = 25
3 elif s > 0.9: k = 20
4 elif s > 0.85: k =

15
5 elif s > 0.75: k =

10
6 elif s > 0.65: k = 5
7 else: k = 0
8 return k� �

Figure 10: Determining K
based on similarity score (s).

The size of the files containing intermediate-state depends
on the architecture of the DM. For NIRVANA the default DM
uses an intermediate-state of the size of 144 KB and stores
for 5 distinct values of K ∈K = {5,10,15,20,25} as increas-
ing beyond K = 25 compromises output quality significantly
and more granular Ks does not necessarily yield proportional
gains but increases algorithmic complexity.
5.3.1 Cache Selector

The cache-selector component primarily determines
which K ∈K for ec from EFS should be retrieved to recondi-
tion the intermediate state for the rest of the N−K steps with
prompt PQ for maximum compute saving while maintaining
acceptable image quality.
How do we choose the K? We observed empirically that
the number of steps that can be skipped is correlated to the
similarity between ep and ec. Based on this observation, we
perform an offline profiling/characterization (Algorithm 1) to
find the appropriate K such that the intermediate-state gener-
ated at Kth diffusion step is optimal based on the similarity
score between the two prompt’s embeddings (Eq. 10). The
algorithm ("CacheSelector-Profiling(.)") generates images at
each value of K for a set of prompts with their nearest cache
prompt. It then finds the minimum similarity score such that
all generated images are above a quality threshold α. This is
then chosen as the minimum similarity at which the value of
K works and is stored to be used later at run-time. As shown in
Figure 9, we plot the image quality (higher the better) against
various similarity scores between the query and the cached
prompts across multiple values of K.

We use the profiled information to determine the opti-
mal value of K for image generation at run-time. Using
the similarity score s between ep and ec obtained from
VDB, we choose a K such that the quality score at the plot
(x = K, similarity_score = s) is ≥ α. We choose α = 0.9.
In simple words, we search the inverse map stored by Algo-
rithm 1. The red band in Figure 9 represents the threshold α.
Each line in the figure, corresponding to different K values,
intersects this red band at the specific similarity scores above
which that particular K value is applicable. Thus, if similarity
score is high, we can skip a greater number of diffusion steps
and choose higher K to achieve acceptable image quality. But,
if similarity score is low, we can skip only a limited number
of iterations and hence, a lower K. Figure 10 shows the logic
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for computing the optimal K given a similarity score s be-
tween two prompts that is identified for DiffusionDB dataset
using the previously discussed profiling technique. Based on
this, we query the cache storage to obtain Ic

K . Once NIRVANA
retrieves the appropriate intermediate noise from the cache ,
DM denoises it for N-K steps to generate the final image.

Quality vs. performance tradeoff: NIRVANA is designed
to extract as much compute savings as possible without de-
grading the quality of images. However, if more aggressive
compute savings is needed for certain use cases that are ready
to sacrifice some accuracy, NIRVANA can trivially expose a
knob that can be used to trade off quality vs. compute savings.
The cache-selector heuristic can be biased to select higher
values of K. This will provide more compute reduction while
letting image quality degrade, as NIRVANA will get fewer
steps to recondition the retrieved noise according to the new
prompt. At the extreme, for K = N, NIRVANA will behave
exactly like a pure image retrieval system [4, 7].

5.4 Cache Maintenance: LCBFU Policy
In popular production text-to-image system, there is a large

stream of incoming prompts. The cost associated with to-
tal storage used increases, and VDB performance also de-
grades beyond a certain limit of entries if we keep on storing
the cache. Therefore, even though NIRVANA can theoreti-
cally support infinite cache, the storage cost and increasing
search latency would eventually make it unattractive. The
cache-maintainer component works in the background to
maintain the entries in the cache storage in EFS and in VDB.

To achieve this, NIRVANA uses a novel cache maintenance
policy Least Computationally Beneficial and Frequently Used
(LCBFU) customized for approximate caching in DMs. The fun-
damental idea is that not all intermediate states are equally
beneficial for overall compute and latency savings. Interme-
diate states with high K values can provide huge compute
savings but can be used only when PQ has high similarity
to one of the cached items. Items stored at low K are usable
with a variety of prompts since they can be reconditioned
even when the similarity with PQ is relatively low, but pro-
vides low compute savings. With LCBFU, NIRVANA can limit
a total of 1 TB cache in EFS without degrading any perfor-
mance or quality, which on average corresponds to 1.5 million
intermediate-states or noises and 300k unique prompt embed-
dings stored in the VDB.

Drawbacks of traditional cache policies: Due to the
unique compute model of approximate-caching, the tradi-
tional cache policies such as LRU (least recently used), LFU
(least frequently used), and FIFO (first-in first-out) are not
very useful in NIRVANA, since they treat each item in the
case homogeneously and only focus on the access patterns or
arrival sequence while evicting an item. As discussed in § 2.1,
hit-rate alone does not determine the efficiency of NIRVANA
as items with large K values, even though less frequently
accessed can provide significant overall compute reduction.

LCBFU: We design the LCBFU that takes into account both
access frequency of items as well as potential compute benefit
in case of a hit. It evicts items with least LCBFU-score which
for each item i is calculated as fi×Ki. Here fi is the access
frequency of item i and Ki denotes which step of the denois-
ing process this intermediate state belongs to. Notably, since
the cache-selector heuristic determines K based on the
similarity of ep and ec, an aggressive heuristic (high K for low
similarity), will force high fi for high K noises and hence low
K noises will be evicted. For example, an item with Ki = 25
was accessed 100 times, its LCBFU-score is 2500, while an
item with K j = 5 was accessed 200 times, its LCBFU-score
is 1000. Thus, the item i has a higher LCBFU-score since it
will provide better compute savings while generating an im-
age. LCBFU prioritizes compute savings while managing the
trade-offs for optimal user experience at different K values.

The complete mechanism of LCBFU is described as follows:
• Insertion: With every cache miss, we directly insert all

the intermediate states generated at diffusion denoising
step K ∈ K to the cache-storage and the corresponding
embedding of the prompt to the VDB. Thus |K | are stored in
the cache storage per prompt. The insertions are performed
without any eviction until we reach the target storage limit.
After that, every insertion is preceded by an eviction.

• Eviction: For eviction, LCBFU maintains a running list of
LCBFU-score in a K-min heap, and evict the top-|K | items
from the heap root just before inserting |K | intermediate-
states for a new prompt. The LCBFU-score evicts image
noises which contribute least to compute savings.

With this cache eviction policy, cases can arise for a par-
ticular prompt where noises at some Ks are evicted, while
noises at other Ks are still in the cache. This creates holes in
the intermediate-states stored.

Handling of holes: Once eviction policy creates a hole,
no straightforward way exists to fill that hole, as targeted re-
generation of the intermediate state is not possible without
running the full diffusion process. However, the heuristic used
by cache-selector (§ 5.3.1) is oblivious to the existence of
these holes while determining an appropriate K to be used
with the retrieved prompt. NIRVANA handles this situation by
choosing the intermediate state with the largest value K that
is less than or equal to the optimal K (e.g. it can use K=10,
if a hole is at K=15). This ensures that NIRVANA continues
to generate high-quality images, albeit with little sacrifice in
potential compute savings when it encounters the holes. How-
ever, we observed that such cases arise only in 4-5% of the
prompts, resulting in imperceptible performance degradation.

NIRVANA does not actively use any strategy to clean such
holes. Only when all the intermediate-states for a prompt cor-
responding to all the |K | values turn into holes, LCBFU marks
that prompt embedding as dirty and removes it from VDB as
well as corresponding metadata from the storage-system.
cache-maintainer performs both insertions and deletions

on VDB in batches, and at the same time, the classifier in the
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match-predictor is also retrained with the fresh entries in
the VDB. Recall, as mentioned in § 5.2 and § 5.3, both VDB
update and classifier updates are fast and takes only around
7.5 and 0.04 seconds respectively for 10k records.

Discussions: In Appendix C, we explore NIRVANA’s adapt-
ability to image diversity, workload shifts, the generalizability
of caching, LCBFU policy, and its use with ML optimizations.

6 Implementation
NIRVANA is implemented in Python using PyTorch [65] for

diffusion model architecture, enabling user-friendly modules
and seamless support for SYSTEM-X production integration.
Our design also enables easy integration with image gen-
eration frameworks like Stable Diffusion. More details on
batching and framework used are given in Appendix B

System Components: Our system components consist of
(i) a classifier that uses SGDOneClassSV M [20] from scikit-
learn [66] with ν = 0.001, where ν controls the trade-off
between training errors and support vectors, (ii) VDB hosted in
a Docker container on an AWS m5.4xlarge EC2 instance with
HNSW indexing of 256 for prompt embedding search [62],
(iii) AWS EFS system that offers web and file system ac-
cess, object storage, and scalability, (iv) MySQL database to
record accesses of cache items, and (v) a text-to-image gen-
erator powered by a larger version of stable diffusion-based
model with DDIM (Denoising Diffusion Implicit Model) sam-
pler [76]. It generates images in N = 50 iterations utilizing
approximately 8 GB of memory for a batch size of 1.

7 Evaluation
We first evaluate the overall effectiveness of NIRVANA in

terms of quality and in providing significant compute and
end-to-end latency savings, throughput, and cost savings for
serving on the AWS cloud platform. We perform a user study
with 60 participants to compare the image generation quality
against baselines. We present LCBFU benefits against common
cache-management policy to demonstrate the effectiveness of
NIRVANA’s internal component design. We also perform and
present ablation studies. The key takeaways are:
• NIRVANA generates high quality image while reducing

both GPU usage and end-to-end latency by up to 50%.
• NIRVANA reduces all three - cost, latency and compute

requirements of DM by ∼20% on average.
• With a 27% improvement in system throughput, NIR-

VANA ensures a stable user experience with minimal re-
sponse time variations.

7.1 Methodology
Base Diffusion Model: As the base text-to-image model, we
use a larger Stable Diffusion based model (which we call
VANILLA), having approximately 1.5 times the number of
parameters as compared to the 2.3B parameter Stable Diffu-
sion XL model [67]. Our model operates within a 96-pixel
latent space and performs N = 50 denoising steps to generate

an image in 8.59 seconds, on average, on an A10g GPU. The
final image generated is of size 768×768×3.
Experimental Setup: We run the DM and
embedding-generator of NIRVANA on a single NVIDIA
A10g GPU (24 GB GPU memory), while the other compo-
nents are run on a 32-core AMD EPYC 7R32 2.8 GHz CPU
with 128 GB CPU memory. The GPU and the CPU machines
were attached to a sub-network which included EFS and VDB.
We optimize GPU usage by reusing prompt embeddings with
diffusion model embeddings, reducing GPU overhead.
Dataset: We evaluate NIRVANA on two production datasets.
• DiffusionDB [79]: A total of 2M images for 1.5M unique

prompts, with a total dataset size of ≈ 1.6 T B. We filtered
the dataset and removed NSFW images

• SYSTEM-X: Prompts from production setup SYSTEM-X
spanning over 8 weeks, containing over 7M images for
6.2M unique prompts, with a total size of ≈ 5 T B.

Unless otherwise mentioned, we evaluate the results on DIF-
FUSIONDB dataset, since SYSTEM-X data is proprietary.
Baselines: We compare two versions of NIRVANA: (1) with
match-predictor (referred as NIRVANA) and (2) without
match-predictor (referred as NIRVANA-w/oMP) against
the following baselines:
• GPT-CACHE: Retrieves image for the closest prompt

based on BERT embedding similarity. Otherwise, gener-
ates an image from scratch [7]

• PINECONE: Retrieves image for the closest prompt based
on CLIP text embedding similarity. Otherwise, generates
an image from scratch [4]

• CRS (Clip Retrieval System): Clip Retrieval System [5]
is another image retrieval method that uses the embedding
of the final image generated by the previous prompts when
retrieving the closest image for a given input prompt.

• SMALLMODEL: A smaller diffusion model [69] with
860M parameters, consuming only 33% of compute/la-
tency compared to VANILLA, generating an image by 50
diffusion steps in 3.05 seconds on average on A10g.

Workload Generator and Cache Preload: The workload
generator dispatched prompts in the order in which they ar-
rived, using the dataset’s arrival timestamp field to create a
stream of prompts. Each prompt query was dispatched to the
NIRVANA immediately upon the completion of the preced-
ing query. This query stream began only after the initial 10k
prompts were employed to preload the VDB and EFS with their
respective caches for kick-starting the system.
Evaluation Metrics: We evaluate NIRVANA on various met-
rics covering both quality and efficiency aspects.
1. Quality Metrics:

• FID Score (Fréchet Inception Distance): Computes
the difference between two image datasets and corre-
lates with human visual quality perception [47].

• CLIP Score: Evaluates the alignment between gener-
ated images and their textual prompts [46]
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• PickScore: A metric designed for predicting user pref-
erences for generated images [53]

2. Efficiency Metrics: To evaluate the efficacy of NIRVANA
in providing system efficiency, we report an average of
5 runs for % savings in GPU usage time, % reduction
in end-to-end latency of image generation, % increase in
throughput as number of images generated per second in a
cluster and also amortized dollar-cost per image generation.
We also report hit-rate = h(minK ) (Eq. 8) for NIRVANA.

7.2 Overall Performance on Quality
In this section, we evaluate how NIRVANA performs signifi-

cantly better with respect to image generation quality.
Quantitative Generation Performance: Table 1 summa-

rizes NIRVANA’s improvements in terms of the quantitative
image quality metrics. When compared against the retrieval-
based baselines (§7.1), NIRVANA and NIRVANA-w/oMP im-
prove performance significantly as captured by all three met-
rics [77]. Retrieval-based baselines directly retrieve the image
generated from the most similar previous prompt for the query
prompt. Hence, these methods fail to capture the differences
between the incoming prompt and the retrieved prompt, since
similarity metrics are unable to capture these (§3). Thus, all
the retrieval-based baselines incur a significant hit in the qual-
ity of the image generated, which is of utmost importance in
production user-facing text-to-image use cases. Compared to
SMALLMODEL, both NIRVANA and NIRVANA-w/oMP per-
form far superior, which shows bigger models retain quality
even with approximate-caching.

The metrics for VANILLA show the generated image quality
without any kind of approximations. The performance of NIR-
VANA is very close to VANILLA when compared against CLIP
and Pick score for both datasets. This shows that approximate-
caching does not hurt the overall performance.

We measure FID (lower the better) of baselines against im-
ages generated using VANILLA for the same prompts. We also
compute FID of VANILLA to indicate the inherent variability
of the generated images without any change in the base model.
To calculate FID for VANILLA, we generated 4 sets of images
with 4 different seeds and calculated the FID between these
resulting 4C2 sets of images. As can be seen for both datasets,
NIRVANA and NIRVANA-w/oMP exhibit much lower FID
values than even the internal dissimilarities between different
sets of generations by the VANILLA model. This means that
images generated by NIRVANA will be indistinguishable from
the VANILLA model - which is the design goal.

NIRVANA performs slightly better than NIRVANA-w/oMP
due to the presence of match-predictor which generates an
image from scratch during a predicted cache miss. However,
this comes with a very small hit on NIRVANA’s efficiency,
compared to NIRVANA-w/oMP (see §7.3).

User Study for Accessing Quality: We conduct a user
study with 60 participants to demonstrate the qualitative anal-
ysis. We evaluate 1000 randomly chosen prompts from DIF-

Quality

Dataset Models FID ↓ CLIP Score ↑ PickScore ↑

DiffusionDB

GPT-CACHE 7.98 25.84 19.04
PINECONE 10.92 24.83 18.92

CRS 8.43 24.05 18.84
SMALLMODEL 11.14 25.64 18.65

NIRVANA−w/oMP 4.94 28.65 20.35
NIRVANA 4.68 28.81 20.41

VANILLA 6.12-6.92 30.28 20.86

SYSTEM-X

GPT-CACHE 8.15 26.32 19.11
PINECONE 10.12 24.43 18.83

CRS 8.38 23.81 18.78
SMALLMODEL 11.35 25.91 18.92

NIRVANA−w/oMP 4.48 28.94 20.31
NIRVANA 4.15 29.12 20.38

VANILLA 5.42-6.12 30.4 20.71

Table 1: We compare NIRVANA against several baselines GPT-CACHE,
PINECONE, CRS that are pure retrieval-based techniques, a smaller-model,
and with vanilla diffusion model. CLIP score and PickScore are based on
text-to-image score. FID is image-to-image comparisons, using VANILLA
images as Ground Truth. Classifier has 0.96 Precision, 0.95 Recall.

FUSIONDB, where each user was presented with 15 random
<prompt, generated-image> pairs and were asked to vote
Yes, or No based on whether the generated image properly rep-
resents the given prompt. Out of these 15 prompt-image pairs,
5 pairs were generated by GPT-CACHE, the best-performing
image-retrieval-based baseline, next 5 pairs generated by NIR-
VANA and, next 5 using VANILLA. The images from these
three types were shuffled and presented to each user in a
random order and no prompt was repeated within a session.
Users were also given the option to disclose reasons for No.

In Figure 11, we show the ratio between Yes and No re-
sponses for each of the three models aggregated across all
users. It can be seen that GPT-CACHE gets the lowest num-
ber of Yes votes, while NIRVANA is just marginally beneath
the upper bound VANILLA. When analyzed for reasons of No
(∼12% of the negative responses), we discovered that 80% of
these reasons were for the images generated by GPT-CACHE.
These insights underscore the challenges of relying solely on
retrieval-based solutions for image generation and hence we
do not use these baselines in further evaluation.

This reinforces the fact that NIRVANA is much superior in
maintaining image quality, which is of paramount importance
for commercial deployment.

7.3 System Efficiency of NIRVANA
We compare NIRVANA in terms of image generation latency,

hit rate, compute savings, and cost of running NIRVANA.
Latency: Latency in Table 2 refers to the average end-to-

end latency across two million prompt queries tested. We
plot the nth percentile over the median of response latencies
for some baselines. An image generation system should ex-
hibit low latency for enhanced user experience. However, pure
retrieval techniques like GPT-CACHE provide low latency
but produce low-quality images and experience significant
fluctuations in their end-to-end latency since they need to
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Figure 11: User survey response

Latency(s) 90th/median 95th/median 99th/median

GPTCache 2.8 29.52 29.64 29.75
NIRVANA 6.9 1.20 1.21 1.21
VANILLA 8.6 1.01 1.02 1.02

Table 2: Average latency and nth percentile over median
values of the response latencies for approaches

Figure 12: Throughput comparison of models
against a stream of queries over time

Figure 13: Cost comparison of model compo-
nents against a stream of queries over time

run diffusion model from scratch for certain prompts that
are dissimilar from the cached prompts, thus impacting the
user experience [26] as shown in Table 2. NIRVANA reduces
such variance in latency compared to the baselines and also
the overall latency compared to VANILLA providing a much
more stable and faster user experience. The key to minimiz-
ing response time variability lies in the smoother transition in
compute time across different prompts, attributable to NIR-
VANA’s ability to retrieve caches at various values of K.

This observation underscores that NIRVANA not only re-
duces overall latency by 19.8% but also minimizes variance in
response times across different prompts, ultimately providing
a consistent and stable user experience [30].

Throughput: We quantify throughput as the number of
prompts processed per minute by the system. To evaluate
this, we replay the stream of prompts from the DiffusionDB
dataset. We assess the relative throughput of NIRVANA in
comparison to VANILLA, considering two cache settings. The
first setting employs LCBFU with a cache size of 1.5 million
items, while the second setting involves an increasing cache
configuration where no cache eviction occurs, effectively pro-
viding a theoretically infinite cache size. Figure 12 represents
our findings, where the x-axis corresponds to the stream of
queries, and we plot the relative throughput of the system.
Notably, our results indicate that NIRVANA achieves ∼1.28
times higher throughput than VANILLA for both settings.

Cost of Image Generation: To provide a detailed cost
breakdown for NIRVANA and VANILLA, we considered spe-
cific AWS components and their associated expenses, as per
AWS pricing [1]. We use the g5.24xlarge GPU (96 GB GPU)
instance from the US East region which costs $8.144 per
hour. This cost was used to estimate the GPU-related ex-
penses incurred by VANILLA and NIRVANA. VANILLA solely
uses the GPU resources for each image generation. However
NIRVANA also relies on additional components besides GPU,
namely VDB [6] and EFS. For VDB, the cost is estimated at
$0.12 per hour which covers storage and search operations
performed over the prompt embeddings. Additionally, NIR-
VANA incurs costs associated with EFS. In the US East region,
utilizing the standard storage type with 20% frequent access
over elastic throughput cost amounts to $0.09 per hour. To
determine the overall amortized cost of NIRVANA, we cal-
culated it by dividing the GPU cost by the throughput and

then adding the costs related to VDB and EFS. It is important
to note that this cost analysis was conducted under identical
settings for both systems. Despite the inclusion of these addi-
tional expenses, Figure 13 highlights that NIRVANA manages
to achieve a remarkable 19% reduction in cost compared to
VANILLA. This significant cost efficiency underscores the
practical advantages of NIRVANA in real-world deployment.

Hit-Rate and Compute Savings: Figure 15 highlights the
hit-rate and compute-savings of NIRVANA across K (x-axis).
Averaging over all Ks, NIRVANA achieves a substantial hit-
rate of 88% and noteworthy compute savings of 21% as in-
dicated by the blue and black dotted lines. The cumulative
hit-rate curve illustrates how the hit-rate varies with different
values of K and plots h(K). Additionally, the bar plot show-
cases the potential savings achievable at each K and the actual
savings realized at specific K values. For instance, at K = 25,
there is a potential savings of 50%, while the actual hit-rate
is 8%, resulting in an actual savings of 4%.

7.4 LCBFU Performance
We experiment the effectiveness of LCBFU against common

caching techniques like FIFO, LRU, and LFU. To ensure a
fair evaluation, we maintained the same workload generator
settings across all experiments with cold cache setting. FIFO
removed the earliest added noises from the cache. LRU and
LFU evict cache items based on their access frequency and
recency. Table 3(a) reports hit-rate (Eq. 8) and % compute
savings (% of GPU time savings when compared against
VANILLA) for various cache eviction policies across different
cache sizes. The hit-rate of LCBFU is comparable to LRU and
LFU while outperforming FIFO. Notably, as highlighted in
Table 3(b), the proposed LCBFU offers substantial compute
savings compared to all other policies since it is designed
to incorporate K with image access frequency for eviction.
LCBFU is not designed to have the best hit rate.

7.5 Sensitivity Analysis
We now present some sensitivity analysis regarding NIR-

VANA’s design choices. Additional sensitivity analyses are
present in the Appendix D.

Embedding type: We conducted a comparison of NIR-
VANA using various types of embeddings for query and/or
cache. Some embeddings are applied to the query as well
as cache prompts, while other is applied just to the cached
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Cache Size #noises in cache FIFO LRU LFU LCBFU

1GB 1500 0.58 0.65 0.64 0.65
10GB 15000 0.68 0.77 0.78 0.77
100GB 150000 0.74 0.85 0.83 0.82
1000GB 1500000 0.83 0.95 0.94 0.93

(a) Hit rate
Cache Size #noises in cache FIFO LRU LFU LCBFU

1GB 1500 0.11 0.12 0.12 0.12
10GB 15000 0.13 0.14 0.14 0.15
100GB 150000 0.14 0.16 0.16 0.18
1000GB 1500000 0.17 0.20 0.19 0.23

(b) % Compute savings
Table 3: Performance of different eviction techniques.
Compute savings with LCBFU eviction is significant.

Figure 15: Hit rate and compute
saved across K’s

Figure 16: Overhead latency distribution with and
without match-predictor.
Embedding Prompt/Cache FID↓ CLIPScore↑ HitRate↑ ComputeSavings↑

BERT Query & Cache 4.53 28.94 0.77 0.16
CLIPImage Only Cache 4.85 28.49 0.84 0.18
CLIP Query & Cache 4.94 28.65 0.93 0.23

Table 4: Quality of generation for different embed-
dings.

prompt and CLIP embedding is maintained for the query
prompt. This is indicated by the column ‘Prompt/Cache’. The
results, summarized in Table 4, indicate that the quality of im-
age generation, assessed through metrics such as FID, CLIP
Score, and PickScore remains consistent across different em-
bedding types. However, the hit rate and compute savings
achieved with the CLIP Text embeddings significantly out-
perform the other two embedding types. Hence, we selected
CLIP Text embeddings for our system design.

Effectiveness of Match-Predictor: We conducted an
evaluation to assess the effectiveness of using the
match-predictor within NIRVANA, where we measured
the average overhead in image generation latency. Figure 16
shows that match-predictor contributes significantly to
lowering the overhead latency values as a considerable frac-
tion of queries has negligible overhead, approximately equal
to zero. This behavior is attributed to the match-predictor’s
ability to promptly predict whether a particular prompt is
present in the cache or not. It reduces the requirement for
I/O-related activities, resulting in decreased latencies. Net-
work delays in VDB/EFS cause right-tail latency. About 4% of
these cases result from cache misses, reduced to zero with
match-predictor. However, right-tail latency persists due
to network call delays, even with match-predictor.

8 Related Works
ML optimizations. Various techniques like model dis-

tillation [63, 72], pruning [38], quantization [60] and oth-
ers [50, 57, 85] exists for large DMs but often degrades the
quality as well. DeepSpeed [35] is an optimization library
for distributed inference and implements multiple techniques
for the same. These can make the base model faster but are
orthogonal to NIRVANA as they do not fundamentally change
the nature of the iterative denoising process that NIRVANA
exploits for compute reduction.

Model-serving in Cloud. Past research [33, 44, 58, 83, 86]
explored efficient ML model serving to reduce inference
latency. Clipper [33] implements optimizations like layer
caching, ensembling methods, and straggler mitigation. Cock-
tail [44] designs a cost-effective ensemble-based model serv-
ing framework along with proactive autoscaling for resource

management to provide high throughput and low latency.
Other works [31, 32, 86] optimized the prediction pipeline
cost during load variations. However, these are complimen-
tary to NIRVANA and can be integrated easily. Tabi [78] uses
multiple heterogeneous models for Large Language Models.

Text-to-image models. Diffusion model is one of the
main classes of text-to-image models, which was popular-
ized by Dall-E [12], Imagen [71] and Stable Diffusion [69].
Several other enterprises like Midjourney [17], Deci [15],
and Adobe [9] have built their own diffusion models. Algo-
rithmic optimizations include designing of faster sampling
step [49, 54, 76, 80, 90] and parallel sampling [75, 90] and
hence trading off compute for speed. However, our work is
orthogonal, and the underlying diffusion model can be chosen
from any of the above-mentioned works.

Caching. Caching in DNN inference has been explored
in the past [33, 43, 55, 56] including caching intermediate
layer outputs to avoid running every layer again on different
input [33, 56]. Kumar et al. [56] coins the term approximate
caching for above, but our semantics are orthogonal since we
cache the intermediate image noise, and not the model layer
outputs. None of the caching policies implemented in these
works (LRU, static cache) work in our case. Other caching
techniques [28, 84] are non-trivial to extend for our purpose.
Retrieval-based works [4,5,7] uses caching to retrieve images
for the most similar prompt, but suffer in quality (see §7).

Approximations in System Design: Various forms of ap-
proximations are employed in system designs to reduce re-
dundant computation, enhancing efficiency in domains such
as big data [24, 25, 27, 40, 41, 48, 64, 74], mobile comput-
ing [45, 81], and video processing [82, 88]. However, none of
these approaches apply to DMs.

9 Conclusion
In this paper, we introduced the design and implementation

of NIRVANA that uses a novel technique called approximate-
caching to significantly reduce compute cost and latency
during text-to-image generation using DMs by caching and
reusing intermediate-states created while processing prior
text prompts. We also presented a new cache management
technique to optimize performance under a fixed storage.
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A NIRVANA Algorithm
NIRVANA first uses the match-predictor to predict if

there is a close match for the prompt query PQ. If the predic-
tion is yes, it makes a VDB call to get the nearest prompt and
finds the K using heuristics (see 5.2). Next, it retrieves the
intermediate image noise at Kth step from EFS and passes it to
the diffusion model to generate the final image in N −K
steps. If there is no match predicted or found, NIRVANA
takes fallback to generate an image from scratch. Note, using
match-predictor reduces the case where VDB call is made
for cache miss cases.

Algorithm 2 GenerateImageCache(PQ)

1: Pe← Embed(P)
2: if MatchPredictor(Pe) is True then
3: // Generate using cache
4: (neigh,score)← search_VDB(Pe)
5: K← heuristics_K(score)
6: if K ̸= 0 then
7: pathK ← neigh[′payload′][′noise′][K]
8: c_noise← retrieve_EFS(pathK)
9: I← model(P,c_noise,K)

10: else
11: // No suitable cache found, generate from scratch
12: I← model(P, null, 0)
13: end if
14: else
15: // Generate from scratch
16: I← model(P, null, 0)
17: end if
18: return I

B Implementation Details
Batch Processing: While deploying, our diffusion model

takes up around 80% of GPU memory with batch size 1, so
concurrent batching isn’t supported.

AITemplate (AIT): We leverage AITemplate (AIT) [11],
a Python framework to accelerate inference serving of the
PyTorch-based diffusion model by converting it into CUDA
(NVIDIA GPU) / HIP (AMD GPU) C++ code. It provides
high-performance support during the inference process.

C Discussions
Image diversity. Since NIRVANA reuses previous interme-

diate states from the cache, over time the diversity of images
generated by the system can be reduced if the majority of the
prompts encountered by the system are very similar. This can
be addressed in the following ways: first, by actively chang-
ing the seed of the denoising process after retrieval. We ob-
served that for K < 35 this can increase diversity. However,
if prompts become too similar, then NIRVANA would attempt
to save compute more aggressively using a higher K where
seed change becomes ineffective. In that case, NIRVANA can
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be designed to let an ε fraction of prompts follow the vanilla
diffusion process to maintain the diversity of images.

Change in prompt characteristics. If the characteristics
of the prompts suddenly change due to some external fac-
tors, NIRVANA will find less similar items in the cache and
will automatically move towards lower K, or even for more
dissimilar prompts the match-predictor will kick in and
redirect the prompts to vanilla diffusion process. While this
will reduce compute savings, by design NIRVANA will not
let the image quality degrade in case of a sudden change in
prompt characteristics.

Generalizability of Approximate Caching: The concept
of approximate caching easily extends to iterative generation
approaches. It can also be applied to other architectures, such
as Transformers (in LLMs) in sequential decoding [59], or at
the layer level [56] for models like U-Net.

Cache management policy: The proposed LCBFU policy
prioritizes compute savings, particularly with higher K values.
However, there’s a nuanced trade-off, notably for frequently
accessed prompts at lower K (e.g., K = 5) v/s less frequent
access at higher K (e.g., K = 25). Eviction at lower K may
seem to impact the user experience by removing frequently
used cache, but a lower K = 5 facilitates alternative matches
with a lower similarity score requirement. Preserving K = 25
is critical for its similarity to specific prompts and substan-
tial compute savings; evicting it might result in the absence
of a highly similar prompt. Hence, (LCBFU) aims for max-
imum compute optimization with minimal impact on user
experience.

ML optimizations. Several techniques are used to reduce
the compute footprint and latency of models such as the use
of lower precision [60], distillations [63, 72], pruning [38],
batched-inference optimizations [22]. NIRVANA is comple-
mentary to such techniques as it can be used on top of those
optimized models as well to reduce redundant computation
using approximate caching. However, if a new family of gen-
erative models emerges that does not require such a large
number of iterative steps, then NIRVANA’s applicability will
become limited. But since as of today, DMs with 50 or more
denoising steps produce the best and production quality im-
ages, NIRVANA provides an attractive proposition for compute
reduction.

D Additional Results from Sensitivity Analysis
D.1 Match-Predictor Settings

The SGDOneClassSV M match-predictor can produce
binary predictions (0 or 1) by employing various thresholds.
These thresholds influence the Precision (P) and Recall (R)
values obtained from the match-predictor. To determine
the optimal settings, we conducted an ablation study, mea-
suring the overhead latency under different P and R config-
urations. The resulting plot in Figure 17 led us to select the
settings with a P = 96 and R = 95. The choice is made to

prioritize high precision, aiming to minimize false positives.
Simultaneously, we aim to maintain a high recall to avoid
missing opportunities for using approximate-caching.

Figure 17: Hit rate and compute saved across K’s

D.2 Decomposition of End-to-End Latency in
NIRVANA

In Figure 18 we show the end-to-end latency of VANILLA
diffusion model and also how different components of NIR-
VANA contribute towards its end-to-end latency. We can see
noise retrieval from EFS and VDB search is the main contrib-
utor to the overhead.

Figure 18: Time taken by different components of VANILLA and NIRVANA
for generating an image using 50 steps on A10g GPU instance.

D.3 Image Quality across Long vs. Short
Prompts

As we discussed in §3, the prompt queries can be either long
or short. We perform ablation to see how the system works
with them. The ablation results presented in Table 5 indicate
that NIRVANA performs more effectively with slightly shorter
prompts compared to very lengthy ones. This disparity in
performance can be intuitively attributed to the retrieval tech-
nique employed. Longer prompts tend to challenge the ability
of embeddings (in our case, CLIP) to capture the context
adequately. If the prompt retrieved from the cache signifi-
cantly deviates from the query despite high similarity based
on CLIPText embeddings (as discussed in §3), it may result
in the generation of incoherent images

Prompt FID ↓CLIPScore ↑

Short 7.96 28.48
Long 11.48 28.96

Table 5: Generation of short v/s long prompts. Less than 15 words are
considered short.

D.4 Quality with different Caching Policy
We conducted an evaluation to compare image quality met-

rics, including FID, CLIPScore, and PickScore, while using
different cache eviction techniques. The results, presented in
Table 6, demonstrate that image generation quality remains
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consistent across all caching techniques. Therefore, the choice
of eviction mechanism should prioritize improved compute
savings and hit rates.

Policy FID ↓CLIPScore ↑ PickScore ↑

FIFO 5.12 28.25 20.31
LRU 4.82 28.54 20.38
LFU 4.98 28.61 20.42
LCBFU 4.94 28.65 20.41

Table 6: Quality of generation for different eviction techniques with 1500
GB cache.

E Concept Development in Image Generation
This section gives a motivating example of how various con-

cepts/characteristics develop during image generation [89].
In Figure 19, we present an illustrative example of image

Figure 19: Generation across K
generation using a prompt that encompasses various aspects,
including color, layout, content, size, style, and more. We
divide the generation steps into four distinct time buckets,
labeled t1, t2, t3, and t4, with each bucket having a unique
role in shaping different facets of the image. The formation of
color initiates in t1 and becomes relatively stable by t2. Style,
here referring to generating a digital art image in the style
of a detailed photograph, commences in t1 and experiences
significant development in t2. The image’s content, featuring
a bird and leaves, begins to manifest partially towards the end
of t2, with substantial development occurring in t3. Layout,
which dictates the positioning of elements like the blackbird,
starts its formation in t1 and progresses towards the end of this
phase. By the time we reach t4, most aspects of the image are
firmly established, with this final bucket primarily responsible
for fine-tuning and enhancing details and clarity.
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