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“A plate filled with a bowl of vegetables and two slices of bread.”

“A desk-top with a bunch of electronics on it.”

“A person riding skis down a snow covered slope.”“A bed filled with different types of stuffed animals.”

“A cat looking like it is using a laptop.”

“A dining table has a large pizza and wine glasses.”

FreeDoM [1] Ours
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Figure 1. Qualitative comparison of our method with other
training-free methods.

A. Additional Results
In Section A.1, we show additional qualitative results for
our method against some state-of-the-art training-required
methods like T2I-Adapter [3] and Control-Net [2]. In sec-
tion B, we provide some additional implementation details
about our method.

A.1. Qualitative Results
As depicted in Figure 2, TINTIN exhibits a superior ca-
pability in producing images that closely align with the
color distribution inherent in the provided color palettes,
surpassing alternative methodologies. Notably, the gener-
ated images by TINTIN demonstrate a heightened fidelity
to the given prompt in comparison to the outputs from T2I-
Adapter [3] and Control-Net [2]. In Figure 3, we present
a visual comparison of images generated by our approach
alongside those generated by the aforementioned methods,
each conditioned on corresponding edge maps. Evidently,
TINTIN-generated images exhibit a commendable adher-
ence to the structural cues provided by the edge maps, out-
performing alternative approaches in this regard. In Figure
1, we also provide qualitative comparison of TINTIN with
some other training-free approaches like FreeDoM [5] and
MasaCtrl [1] for both color and edge conditioning. We ob-
serve that our method not only performs better than some

training-dependent approaches but is also superior to many
training-free methods.

B. Implementation Details
In our approach, we leverage the pre-trained Stable Diffu-
sion model [4], specifically version 1.4, which is also em-
ployed in the baseline methods. We use a A100-8GB GPU
machine for our experimentations. During the sampling
process, we uniformly resize both the denoised image and
the condition maps to dimensions of 512× 512. In the con-
text of color conditioning, we determine the optimal values
for λ1 and λ2, utilized in the final loss term as outlined in
Equation 11 of the main paper, to be 1 and 0.1 respectively.
The reported results in our study are grounded in the appli-
cation of these specified parameter values.

C. Limitations
In this Section, we briefly discuss a few limitations of
TINTIN when seen in a conditional text-to-image genera-
tion setup. Firstly, TINTIN is slower than training-required
methods during inference due to the presence of gradient
computation of the energy function and iterative sampling
strategy. Secondly, since the performance of TINTIN is
highly dependent on the loss functions and the designated
Conditioning Zone (CZ) for a specific condition, the exten-
sion of TINTIN to other conditions would require loss func-
tions and the conditioning zone that can be very different for
different conditions. Moreover, since we are building on top
of existing text-to-image models, any potential fairness con-
siderations for these base models will flow to our method as
well.

1



“A bird is walking right through a dining room.”

“A cloth bag is on the keyboard of a laptop.”

“There is a polar bear swimming in the water.”

“A decorated kite with tail flies in a gray sky.”

“A whimsical artistic toaster has eyes, a mouth, a nose, 
spoon feet, spoon ears, and a mixing beater tail.”

T2I-Adapter ControlNet Ours

“Plate of food with meats, potatoes, eggs, and fruit.”

Figure 2. We illustrate the ability of TINTIN in generating color palette conditioned images against trainable methods like T2I-Adapter[3]
and ControlNet[2]. Our training-free approach is able to generate color balanced results as compared with other state-of-the-art methods
that require training a model.
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“The stuffed teddy bear is sitting near the wall.”

“A cat curiously looking sideways at a television.”

“A pizza that is sitting on a plastic tray.”

“A guy doing a skateboard trick along a concrete railing.”

“A baby cow standing in a pen next to another cow.”

T2I-Adapter ControlNet OursEdge Maps

“A plate with a banana and slices of cheese.”

Figure 3. We illustrate the ability of TINTIN in generating edge map conditioned images against trainable methods like T2I-Adapter[3]
and ControlNet[2]. Our training-free approach is able to generate diverse images following the structure of the reference edge map as
compared with other state-of-the-art methods that require training a model.
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