Supplementary Material for DEVA: Fine-tuning Multimodal Large Language
Models for Visual Perception Tasks

Debasmit Das!  Munawar Hayat' Fatih Porikli'
'Qualcomm AI Research
{debadas, hayat, fporikli}@qgti.qualcomm.com

1. Use of Large Language Model

In this paper, we use GPT V only for refining and polishing the text in the paper.

2. Implementation Details

For datasets and benchmarking, we follow exact protocol and input prompts as introduced in [19] following guidelines [ﬂ
A few-shot learning approach is considered for image classification and object detection task and for the rest we consider
fine-tuning on a small-scale dataset. For the SFT-CoT dataset, we generate a CoT reasoning dataset using Qwen2.5-VL-32B-
Instruct [1]] with the input as the image and the prompt as the following:

Question: <QUERY>
Answer: <OUTPUT>
Generate reasoning: Explain step by step how to find the answer from the image.

Here, <QUERY> and <OUTPUT> is replaced by the corresponding query and output in the training dataset. The generated
reasoning is the ground-truth answer that will be used to train the model using SFT.

For fine-grained image classification benchmark, we consider four datasets: Flower102 [21]], Pets37 [22]], FGVC-Aircraft [20]
and Car196 [12]. For evaluation, we consider 1-shot, 2-shot, 4-shot, 8-shot and 16-shot protocol with the Qwen2-VL-2B
model. For GRPO and their variants, we always use 8 generations. For all the datasets, we train for 8 epochs except for
Pets37, where we train for 24 epochs. For training, we use a batch size of 8 distributed across 8 GPUs. We use bf16 datatype
during the fine-tuning and gradient accumulation steps of 2. We follow the training setup in the lines of the description El
For different baselines used for comparison, we use their open-source implementation and report results for the best hyper-
parameter configuration. For DEVA, we use the following hyper-parameters: v = 0.5, the default weight on diversity Lgiy
and regularization loss Ly are both 1e — 4. The default values of a, b and c are 1.0, 0.0 and 2.0, respectively. For computing
alignment features, we use BLIP-2 [[14] as the feature extractor, where we use the output of the Q-Former as the alignment
features. These are then used to compute the alignment volume.

We also apply a few-shot learning setup for the object detection task. Specifically, we selected 8 classes from the COCO
dataset and vary the number of fine-tuning samples per class. This includes 1, 2, 4, 8, and 16 training samples per class. This
is done to construct training sets with very limited data. For this setup, we finetune Qwen2-VL-2B, while we fine-tune the
Qwen2-VL-7B for the 4-shot case. The mAP for the 8 classes is calculated and the average is reported. The eight classes
taken from the COCO dataset includes: bus, train, fire hydrant, stop sign, cat, dog, bed, toilet. The hyper-parameters are
the same as that of fine-grained classification task except that for the 7B model, we use 4 generations for computing GRPO
instead of 8.

We also evaluate on the LISA grounding benchmark, where the task is to ground the relevant part of an image given a
query and an image. For the LISA grounding dataset, we finetune both the Qwen2-VL-2B and the Qwen2-VL-7B on 239
training samples. After finetuning is done, the model is then evaluated on the test and validation split of the LISA grounding
benchmark. The hyper-parameters are the same as fine-grained classification except that fine-tuning is done for 6 epochs and
for the 7B model, we use 4 generations instead of 8 for computing GRPO.
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For Table [I] we use the same hyper-parameters as fine-grained classification except that for evaluation on the COCO
dataset, the model is fine-tuned for 2 epochs while for evaluation using the LVIS dataset, the model is fine-tuned for 4
epochs.

3. Additional Comparison Studies

Table 1. Object Detection Results First six columns show open vocabulary results on COCO dataset. We trained on 65 base categories
and tested on 15 novel categories. Seventh and ninth column show few-shot results on LVIS [9] dataset of 6 rare categories. We conducted
10-shot experiments on 6 rare categories from the LVIS dataset. Eighth and tenth column shows open vocabulary object detection results
on LVIS dataset. We trained on the 65 base categories of the COCO dataset and tested on the 13 rare categories of the LVIS dataset. The
parenthesis in the last column of the first row are the results of GroudingDINO-B [17]. Best results are shown in bold and second best
results are underlined.

Models | mAP, mAP, mAPy | mAP, mAP,  mAPy | mAP  mAP | mAP mAP
Qwen2-VL-2B | 7B | | 2B | 7B | 98 6.0 6.7 | 263 175 192 | 40 27 ] 154 157 (23.9)
+ SFT 13.6 7.8 8.9 25.7 17.5 19.0 10.0 76 27.6 240
+ SFT-CoT 17.1 12.8 122 293 20.8 22.1 135 122 28.9 274
+PPO 24 27.6 16.2 17.3 332 23.1 24.9 16.3 17.2 30.1 28.5
+ PAPO [27 322 213 24.6 37.0 27.9 283 24 22.1 352 323
+DAPO [29 323 21.6 25.7 36.2 27.8 27.1 23.1 220 354 320
+ Dr GRPO (I8 33.1 224 26.3 37.0 28.9 28.5 242 23.1 36.7 333
+ BNPO 28 320 21.9 25.8 372 275 28.1 24.6 24.0 375 34.1
+ GRPO-CARE [2 33.6 23.1 27.2 38.0 28.9 29.5 25.6 242 36.6 330
+ CPPO [I3 332 24.2 27.1 39.1 295 30.3 24.0 243 372 342
+ GMPO 30 325 23.1 26.4 37.8 283 29.2 24.3 239 352 333
+ GSPO [B1 34.6 25.2 28.2 39.6 30.1 31.2 253 252 376 35.5
+ ViRFT [19 313 20.6 22.6 35.8 254 274 19.4 20.7 338 30.4
+ DEVA (Div.) 37.8 28.1 30.2 413 32.8 34.0 26.2 273 40.1 372
+ DEVA (Div. + Explor.) 38.9 30.0 313 425 339 35.1 27.4 28.6 414 38.6
+ DEVA (Div. + Explor. + Align. Vol.) 39.9 313 325 439 346 36.8 287 299 428 398
+ DEVA (Div. + Explor. + Align. Vol. + Agg) | 419 323 333 45.0 357 38.1 30.1 320 439 41.2

In Table [T} we report additional results on the open-vocabulary setup. The goal of this setup is to understand whether
reinforcement fine-tuning can aid in better generalization compared to supervised fine-tuning (SFT). Specifically, we finetune
both Qwen2-VL-2B and Qwen2-VL-7B on 65 base categories and evaluate on 13 novel categories. We also evaluate on the
base categories as well as combination of base and novel categories. As expected, we can see that when we apply DEVA on
top of Visual-RFT, it produces an improvement of +10-12 pts improvement in mAP across novel categories, base categories
and an aggregated set of categories. We can even outperform the highly competitive GSPO by + S pts improvement in mAP.

We also evaluate the model trained on COCO on 13 rare categories of the LVIS dataset. This is shown in the eight and
tenth column of the Table |1} DEVA essentially produces +10 pts improvement over Visual-RFT and +5-6 pts improvement
over GSPO. Finally, we also evaluate 10-shot object detection performance within the LVIS dataset of 6 rare categories. We
show similar improvement in performance compare to Visual-RFT and GSPO. To summarize, from Table[l} it is clear that
DEVA is more effective for open vocabulary setup and can easily boost generalization capabilities.

4. Boosting Competitive Methods

In this section, we analyze whether DEVA can boost existing competitive methods. This is shown for fine-grained image
classification dataset in Table [2| and for LISA reasoning grounding dataset in Table 3| In Table |2} we see that our proposed
method can produce +4-5 pts improvement in accuracy when applied to existing RL algorithms. For reasoning grounding
task in Table[2] we also observe similar trends, where our proposed framework can produce improvements upto +6-7 pts in
IoU.

5. Effect of Low Rank Adaptation

For adapting the multi-modal model on small-scale fine-tuning data, our default setup is to finetune the whole model. In this
section, we consider the situation where we finetune LoRA instead of fine-tuning the whole model. We consider different
variations for LoRA. This includes changing ranks for LoRA and also the attachment points. The adaptors are attached on
the @), K, V matrices in the transformer layers of the large language model (LLM) and/or vision encoder (VE). The results
are shown in Table[d] From the results, we see that fine-tuning LoRA instead of full finetuning produces subpar performance,
which is expected since LoORA modifies a very small subspace of the parameter space compared to full finetuning. As



Table 2. Few-shot results on Fine-grained Classification dataset. We evaluated four fine-grained image classification datasets when
DEVA is added to existing RL algorithms.

Model 1-shot 2-shot 4-shot 8-shot 16-shot
Qwen2-VL-2B [26] 56.0 56.0 56.0 56.0 56.0
+ PAPO [27] 81.1 84.2 81.9 85.9 86.2
+ PAPO + DEVA 86.4 89.4 87.3 91.4 91.6
+ DAPO [29] 81.3 83.9 82.3 86.2 86.6
+ DAPO + DEVA 86.5 89.1 87.4 91.5 91.8
+ GRPO-CARE [2] 82.5 85.5 83.5 86.7 87.1
+ GRPO-CARE + DEVA 874 90.4 88.5 92.2 92.6
+ CPPO [15] 81.9 86.7 83.8 87.3 86.9
+ CPPO + DEVA 87.1 91.5 89.0 92.7 924
+ GSPO [31] 82.6 85.2 84.0 87.8 88.0
+ GSPO + DEVA 87.8 90.6 89.3 93.2 934

Table 3. Reasoning Grounding Results on LISA [13]. We evaluated reasoning grounding results when DEVA is added to existing RL
algorithms.

Model mloUey mloUyy  gloUg | mloUey mloUyy  gloUeg
Qwen2-VL-2B | 7B [26] 26.9 30.1 25.3 | 40.4 45.2 38.0
+ PAPO [27] 38.2 41.4 35.6 44.2 47.9 43.8
+ PAPO + DEVA 44.6 47.7 42.0 50.3 54.4 50.1
+ DAPO [29] 394 42.6 37.2 447 48.1 43.7
+ DAPO + DEVA 45.8 48.9 43.3 51.2 54.8 49.9
+ GRPO-CARE [2] 394 42.6 36.1 45.1 49.1 44.7
+ GRPO-CARE + DEVA 45.6 48.7 42.3 51.3 55.2 50.2
+ CPPO [135] 40.1 43.3 36.2 45.6 49.2 45.0
+ CPPO + DEVA 46.3 494 42.8 51.9 55.6 50.6
+ GSPO [31] 41.3 44.5 37.1 46.0 499 46.1
+ GSPO + DEVA 47.2 50.3 434 52.3 56.2 514

expected, higher ranks for LoRA produces higher IoU since it closely approximates full fine-tuning. When LoRA is attached
to both VE and LLM, visual perception capabilities for multimodal LLMs are enhanced better compared to attaching LoRA
to either VE or LLM. Furthermore, results show that it is more effective to attach LoRA to LLM instead of VE. This might
be because the LLMs are more responsible for multimodal reasoning tasks and need to be adapted to the specific visual
grounding task. On the other hand, the VE is already capable in handling perception tasks. This empirical evidence has also
been highlighted before in [6].



Table 4. Reasoning Grounding Results on LISA [13]. We evaluated reasoning rounding results when DEVA is added to existing RL
algorithms and finetuned using LoRA [11].

Model mloUysy mloUyy — gloUgeg ‘ mloUyse mloUyy  gloUgeg
Qwen2-VL-2B | 7B [26] 26.9 30.1 25.3 ‘ 40.4 45.2 38.0
+ DEVA (Full Fine-tuning) 48.9 473 42.3 ‘ 49.5 53.5 48.9
+ DEVA (Rank = 16, Attach: LLM) 45.2 44.0 38.2 46.2 50.3 45.3
+ DEVA (Rank = 32, Attach: LLM) 45.7 44.5 38.8 46.9 50.9 46.0
+ DEVA (Rank = 64, Attach: LLM) 46.1 45.2 39.5 47.6 51.5 46.9
+ DEVA (Rank = 16, Attach: VE) 43.7 42.2 36.3 44.0 48.2 43.2
+ DEVA (Rank = 32, Attach: VE) 442 43.0 37.0 44.8 48.9 43.9
+ DEVA (Rank = 64, Attach: VE) 449 43.8 38.0 45.4 49.6 44.6
+ DEVA (Rank = 16, Attach: VE + LLM) 46.5 459 40.5 48.0 52.0 47.1
+ DEVA (Rank = 32, Attach: VE + LLM) 479 46.8 41.2 48.8 52.9 47.8
+ DEVA (Rank = 64, Attach: VE + LLM) 48.5 47.1 419 49.1 534 48.5

6. Effect on other models

In this subsection, we test whether our method is applicable to other models: GLM-Edge [8] and LLAVA [16] in Table [3}
We observe that our framework DEVA produces significant improvement in IoU over Visual-RFT and also surpasses the IoU
of GSPO. However, the gap between GSPO and our proposed DEVA framework is diminished for LLAVA1.5-7B. Overall,
we see DEVA is more effective for smaller models. This suggests that our framework can be very effective for small-scale
devices to be deployed on edge devices.

Table 5. Reasoning Grounding Results on LISA [13]]. using the GLM-Edge model [8]]. and LLAVA1.5 [16]

Model mloUyy mloUy,y  gloUgg ‘ mloUyy mloUy,  gloUgg
GLM-Edge-V-2B | LLAVA1.5-7B 24.4 27.5 22.5 ‘ 38.9 42.3 354
+ SFT 26.8 27.2 22.6 36.2 41.1 34.3
+ SFT-CoT 28.6 31.2 25.6 38.3 42.7 36.2
+ PPO [24] 31.1 344 30.4 39.2 434 37.3
+ PAPO [27] 354 38.7 329 42.0 453 41.0
+ DAPO [29] 36.9 40.0 344 42.2 45.3 41.0
+ Dr GRPO [18] 354 38.7 33.5 41.5 45.7 41.2
+ BNPO [28] 353 38.6 34.2 41.7 46.1 41.4
+ GRPO-CARE [2] 36.9 40.0 333 42.3 46.3 41.9
+ CPPO [15] 37.6 40.8 33.4 42.8 46.4 42.2
+ GMPO [30] 36.3 40.5 32.9 41.8 46.2 41.8
+ GSPO [31] 38.5 42.0 34.3 43.2 47.1 433
+ VIRFT [19] 34.8 31.8 31.6 42.0 44.3 41.0
+ DEVA (Div.) 41.1 42.2 36.6 432 47.3 44.2
+ DEVA (Div. + Explor.) 42.2 433 37.3 44.3 48.8 45.0
+ DEVA (Div. + Explor. + Align. Vol.) 44.2 44.4 38.5 45.2 50.0 454
+ DEVA (Div. + Explor. + Align. Vol. + Agg.) 46.4 44.8 39.5 46.6 50.7 46.1

We also apply DEVA to other models: Qwen2.5-VL-3B-Instruct model [1] and Qwen3-VL-8B-Instruct [16] in Table @
and observe similar increase in performance. This shows that our method is also generalizable to models with increasing



capacity as well.

Table 6. Reasoning Grounding Results on LISA [13]. using the Qwen2.5-VL-3B-Instruct model [1]] and Qwen3-VL-8B-Instruct [[16]

Model mloUyy mloUyy  gloUgey ‘ mloUyy mloU,,  gloUgg
Qwen2.5-VL-3B-Instruct | Qwen3-VL-8B-Instruct 27.8 30.6 26.0 ‘ 42.6 45.8 38.9
+ SFT 30.4 30.8 26.4 39.8 449 37.8
+ SFT-CoT 323 34.6 29.0 419 46.6 39.8
+ PPO [24] 34.8 37.9 33.8 42.9 473 40.9
+ PAPO [27] 38.9 423 36.6 45.8 49.0 44.6
-+ DAPO [29] 40.6 43.6 37.9 46.0 49.1 44.8
+ Dr GRPO [18] 38.9 42.4 36.9 45.1 494 44.9
-+ BNPO [28] 38.8 42.2 37.6 45.4 49.9 45.2
+ GRPO-CARE [2] 40.6 43.7 36.8 46.0 50.0 45.6
-+ CPPO [15] 41.3 44.4 36.9 46.6 50.3 46.0
-+ GMPO [30] 40.0 441 36.4 45.6 50.0 45.6
+ GSPO [31] 423 45.7 37.8 47.0 50.9 47.0
+ ViRFT [19] 38.5 354 351 45.7 48.0 447
+ DEVA (Div.) 44.8 45.9 40.1 46.9 51.0 47.8
-+ DEVA (Div. + Explor.) 45.9 47.0 40.8 48.0 52.5 48.6
+ DEVA (Div. + Explor. + Align. Vol.) 47.9 48.1 42.0 48.9 53.7 49.0
+ DEVA (Div. + Explor. + Align. Vol. + Agg.) 50.2 48.6 43.0 50.3 54.4 49.7

7. Mask Computation for Mapping Images for Alignment Volume

Our goal is to obtain the binary mask m in the image for computing alignment reward defined in Eq. 5. For computing the
binary mask m, we need to do a forward pass of the image and text query through the multi-modal large language model to
obtain attention scores and backtrack them to the image to obtain relevant patches. The details of obtaining relevant patches
are described below.

Attention-to-patch mask. We consider that i € R¥*W >3 ig resized by the image processor to i’ € R *W'*3_[f we have
patch size p = 14, the visual encoder yields a grid of patches of size H, = H'/p, W, = W'/p, and N,, = H, W, visual
tokens. In the multimodal sequence, visual tokens are arranged continuously as V = { tok | tok,s < tok < tok. } between
special tokens at positions tok,s and tokye, respectively.

Decoder attentions over visual tokens. At decoding step ¢ (when predicting text token o), layer ¢ € {1,...,L} and
head h € {1,..., H} produces self-attention matrix A" ¢ R7:*xTt whose row ¢ is distribution over source positions
i€ {l,...,Ti}. We define an aggregated score such that

L H
s = Y wewn Al (e, M

(=1 h=1

with nonnegative weights wy, uy such that Zle wy = 1 and Zthl up = 1.
We apply a min—max normalization over visual positions:
() (t)

~() Si — mlnjev 57
3 _ .
1

€ [0,1]. )

t . t
max;ey s§ ) min ey sg ) +e



Aggregating multiple answer tokens. We consider the case when the mask considers multiple output tokens. In that case,
we let 7 be the indices and v; > 0 with ZteT vy = 1. We define

5= wal, 3)

teT

Mapping visual tokens to the patch grid. Index visual tokens locally as & € {1,..., N,} (in order within V). Map k to
patch coordinates (r, ¢) via

7»:1+V_1J, ¢ = 1+ ((k—1) mod W,). 4)
WP

Let (k) denote the absolute sequence index corresponding to the k-th visual token. The patch-level score map S €
[0, 112> Ws js
Sr,c = §i(k)- (5)

Upsampling and binarization. Let 1/, be bilinear upsampling by factor p. The soft mask over I’ is

M = U,(S) € [0,1)1W", (6)
A binary mask at threshold 7 € (0, 1) is given by

m(z,y) = [M(z,y) > 7]. ©)
The threshold 7 is given as 0.5.

8. Justification for Alignment Volume

We can consider the case with three modalities: f; (input), f, (query), and f, (output). The Gram Matrix is equal to:

fiofi fi-fq fiJo
G= quz fq'fq fq'fo
fo'fi fo'fq fo'fo

We can compute the determinant of the matrix G:

det(G) = <fz7fz> : (<fq7fq> : <f07fo> - <fq7f0> ’ <f07fq>) ®)
- <fzafq> : (<fqafz> : <foafo> - <fq>fo> : <foafi>) &)
+ <fiaf0> ' (<fqvfz> : <f07fq> - <fq7fq> : <f07fi>) (10)

It is to be noted that the f;, f;, f, embeddings are normalized to unit norm and hence f; f; = f,fq = fofo = 1.
Using that, we obtain the determinant of the Gram matrix G such that

det(G):]-'(1_fof¢12)_fifq'(qui_quo'fofi)+fifo'(qui'fofq_fofi) (1T)
=1~ fqu2 *fzf(? Jrfzfq : quo : fofz Jrfifo : quv : fofq *fzfz (12)
:1_fof112_fif§_fif3+2'fifq'quo'fofi (13)

As can be seen from the equations above, there are cross product computations which produces an alignment of all the
modalities together. The other alternative is pair-wise cosine similarity that computes similarities between pairs of modalities
which might not be optimal as described in the introduction. This theoretical justification of using volume for alignment has
also been considered in [4].



9. Different Reward Aggregation Techniques

In this method, we consider different reward aggregation techniques like arithmetic mean, geometric mean, harmonic mean
and neural network, etc. Let us consider that we have three types of rewards: format reward 1 f,;p,, task reward 7y, and
volume reward r,,. In that case, we consider the following types of aggregation.

Arithmetic Sum: For the scaled arithmetic mean, we consider the aggregated reward © = (7 fopm + Ttask + To)-

Geometric Mean: For the scaled geometric mean, we consider the aggregated reward r = 3(r formrmskrv)l/ 3

Harmonic Mean: For the scaled harmonic mean, we consider the aggregated reward r = 9/((1/7form) + (1/7task) +
(1/r,))

Neural Network: For the neural network ®(-), we consider the following formulation for prediction. It takes in the three
reward scalars 7 4.1n, Tiask and r,, and produces an aggregated reward r such that r = O(r form> Ttask ry). When we use
this neural network, it is a multi-stage training procedure:

» Stage 1: We train the policy model with the harmonic reward using the GRPO training objective for the same epoch
numbers as standard fine-tuning.

e Stage 2: With the same GRPO training objective, we freeze the policy model and train the neural network based predictor
that takes in three reward scalars to produce the desired reward. This training is done for half the number of epochs as
standard fine-tuning.

» Stage 3: During the final stage, we freeze the neural network based predictor and fine-tune the policy model for the same
number of epochs as standard fine-tuning.

The neural network architecture is two-layered with input size of 3, hidden state size of 2 and output size as 1.

10. Additional Hyperparameter Studies

In Table [/} we observe how the mloU varies for different variations. With respect to the entropy divergence loss defined in
Eq. 4, we consider the following variations: (a) Partition 2: When mean squared error is computed separately for 2 partitions
of the tokens of the reference model and policy model. (b) Partition 3: When mean squared error is computed separately for
3 partitions of the tokens of the reference model and the policy model. (c) OT: We consider the optimal transport distance [7]]
between the two entropy vectors obtained from the reference model and the policy model. The cost matrix is computed such
that each element is the cosine distance between CLIP [23]] embedding of the two words.

Furthermore, we consider feature extractors defined in Eq. 5. This includes CLIP [23] and SigLip2 [25]. Overall,
we observe that a model with larger capacity produces better performance. However, all model variants produce poorer
performance compared to the default version of DEVA.

In our framework, we consider the GFlowNet training objective for improving diversity of rewards. As an alternative, we
could also consider the Pass@k metric as a reward for improved reward diversity and improved recognition performance.
This has been explored in [3], where they use the metric for improved diversity of generation in LLMs. However, as observed
in Table [§] using Pass@k as an additional reward instead of GFlowNet, produces a drop of about 2 pts.

In Table[7} we vary -y from the default value of 0.5. This  is used for the diversity loss defined in Eq. 3. As we can see in
the results of Table |/ alternative values of v produce drop in performance compared to the optimal value v = 0.5.

11. Additional Computational Overhead

The results of additional computational overhead is shown in Table[§] The Peak RAM memory is measured on a per GPU
basis.

12. Correlation of alignment volume with improved IoU

We also show results in Figure[I] that highlight how effective the alignment volume reward is in improving IoU. Specifically,
for a single test sample of the LISA reasoning dataset, we obtain IoU with two checkpoints: (a) where Diversity and Ex-
ploration loss is applied. (b) where Diversity loss, Exploration loss and the Alignment Reward is applied. We obtain the
difference between these two IoUs and plot it as the Y-axis. For the X-axis, we obtain the Alignment volume for the test
sample inputs with respect to the predictions. This is plotted for all the test samples. The method is repeated across multiple
RL algorithms: (a) ViRFT (b) PAPO (c) DAPO (d) GSPO. Across all these algorithms, we obtain a negative correlation be-
tween the improved IoU and the volume. This suggests that including the alignment volume based reward is infact effective
in improving grounding performance.



Table 7. Reasoning Grounding Results on LISA [13]. Selected metrics are shown for different model variations.

Model mIoUeq | mIoUpeq
Qwen2-VL-2B | 7B [26] 26.9 | 40.4
+ DEVA (Default) 48.9 | 49.5
+ DEVA (Explor. Loss: Partition=2) 48.0 48.7
+ DEVA (Explor. Loss: Partition=3) 46.5 47.6
+ DEVA (Explor. Loss: OT) 48.5 48.9
+ DEVA (Embed: CLIP B-16) 46.3 47.1
+ DEVA (Embed: CLIP L-14) 47.5 48.9
+ DEVA (Embed: SigLip2 B-16) 46.9 47.8
+ DEVA (Embed: SigLip2 L-16) 47.8 49.0
+ DEVA (Pass @k [3]) 468 | 474
+ DEVA (v = 0.25) 46.3 47.1
+ DEVA (v = 0.75) 46.5 47.0

Table 8. Computational Overhead on LISA [13]. Selected metrics are shown for different model variations.

Model Training Time (mins) ‘ Peak RAM Memory (GB)
Qwen2-VL-2B [26] + ViRFT [19] 212 ‘ 58.2
-+ DEVA (Div.) 255 63.2
-+ DEVA (Div. + Explor.) 262 65.6
+ DEVA (Div. + Explor. + Align. Vol.) 325 75.4
+ DEVA (Div. + Explor. + Align. Vol. + Agg.) 331 77.1

13. Additional Studies

We experimented on the MMLU [[10]] and GSMS8K [5]] benchmark using pure LLLM backbone of Qwen2.5-14B and show that
DEVA (without the multimodal volume reward) can still produce improved performance as shown in Table 0] below.

Table 9. Experiments on LLM backbone.

Dataset ‘ Baseline +Div. +Div. +Explor. +Div. +Explor. + Agg.

MMLU 79.70 81.30 82.20 83.30
GSMS8K 90.20 91.0 91.80 92.50

Global entropic divergence balances exploration and stability, constraining information without token-level overfitting for
vision tasks. We keep format rewards and monitor token-level KL. To fully address the reviewer’s concern on length sensitiv-
ity and localized degeneration, we add: (i) Test 1: mIoU on LISA reasoning for different decoding lengths 64/128/256/512
(ii) Test 2: Nonsense span rate (NSR): % of outputs with any window whose perplexity exceeds the reference’s 95-th per-
centile for different decoding lengths 64/128/256/512. The results in table [T0] suggest that both metrics are robust across
different lengths. We would also add effect on varying decoding temperature and entropy spike rates over different training
steps.

The variance results for Table 1 and 2 on 5 seeds as shown below in Table [TT|and[I2] remain stable. In figure[2] on LISA
dataset, diversity plots show higher avg. std. of rewards when adding GFlowNet loss. Also, per-token entropy increases
because of global entropy regularization and exploration.
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Figure 1. Plot of change in IoU for test sample of LISA dataset versus the alignment volume observed for the test sample. The change in
IoU is between X+DEVA and X+DEVA. Here X is one of the RL algorithms in (a) ViRFT (b) PAPO (c) DAPO (d) GSPO.

Table 10. Robustness Tests.

Setup | Baseline (64) 128 256 512
mloU 79.70 81.30 8220 83.30
NSR (%) 10.12 9.86 1022 10.01

Table 11. Variance results for table 1 in the main paper.

Model ‘ 1-shot 2-shot 4-shot 8-shot 16-shot ‘ 4-shot
+ DEVA (Div.) 0.01 (0.03) 0.01 (0.04) 0.02(0.03) 0.05(0.04) 0.02(0.03) | 0.02
+ DEVA (Div. + Explor.) | 0.02 (0.01) 0.03(0.02) 0.03 (0.01) 0.02(0.02) 0.01(0.04) | 0.02




Table 12. Variance results for table 2 in the main paper.

Model \ mloUgs mloUyy  gloUey mloUgy mloUy,  gloUeg
+ DEVA (Div.) 0.03 0.06 0.08 0.01 0.02 0.01
+ DEVA (Div. + Explor.) 0.01 0.02 0.02 0.01 0.04 0.05
Diversity during Training lllustrative Entropy of Current Policy Across Training
0.300 32 — VRFT
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Figure 2. Training metrics over epochs, showing the evolution of model performance during optimization.

14. Additional Visualization

In this section, we show additional visualization for some samples on the fine-grained classification and LISA reasoning
grounding datasets. We visualize the heatmaps as well as the bounding boxes for the LISA grounding datasets. From the
results, we see that DEVA produces better localization capabilities compared to other methods, where the heatmap focuses
more around the objects of interest. Furthermore, we observe that with DEVA, introducing additional components of the
framework progressively produces better heatmap localization and focus.
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species of the pet
based on the image.
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<think>The dog in the image is a
pinscher. It is a small dog and is
very energetic and playful. The
dog is in a relaxing
mood.</think><answer>
Miniature Pinscher

<answer>

DEVA

<think>The dog in the image has
long, floppy ears hanging beside
their cheek, with a gentle
expression. Infact they are quite
aggressive and have waterproof
coat to stay dry in rainy weather.
</think><answer> Chihuahua
<answer>

<think>The dog in the picture
has a compact, apple-shaped
head with large, round eyes and
upright ears. Their bodies are
small, slender and are very light.
This dog has smooth skin.
</think><answer> Chihuahua
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</think><answer> Chihuahua
<answer>

<answer>

Figure 3. Visualization of the Chihuahua as part of the Pets37 dataset.
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INPUT

Vi-RFT

<think>Clematis  has  star-
shaped flowers that bloom in a
variety of colors including purple,
blue, pink, and white. The petals
are typically broad and flat,
arranged symmetrically around a
central cluster of stamens.
</think> <answer> Clemantis
<answer>

DEVA

<think>With a symmetrical
corona of purple-white
filaments and central column,
the Passionflower is one of the
most visually appealing flowers.
</think><answer>passion
flower <answer>

This is an image
containing a flower.
Please identify the
species of the flower
based on the image.

<answer>Jamaican
Honeysuckle
<answer>

SFT

GSPO

<think>The flower in the image
has symmetrical arrangement of
colorful filaments. They have a
central column of stamens and
pistils. It has petals in different
shades of pink.
</think><answer> Clematis
<answer>

<think>The flower in the image
is unique. It has a layered
design—purple and white radial
filaments surround the
structure of stamens and pistils.
</think><answer>passion
flower <answer>

DEVA

DEVA DEVA

<think>The Passionflower has
intricate structure. It has a
column centrally located. It
consists of stamens and pistils
surrounded by a corona of
purple and white filaments.
</think><answer>passion
flower <answer>

<think>The flower in the image
has an appearance like an
ornate. It has a display of a ring
of colorful filament. This is
actually a striking central
arrangement of reproductive
parts.</think><answer>

passion flower <answer>

Figure 4. Visualization of the Passion Flower as part of the Flower102 dataset.
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SFT

<answer> Ferrari
This is an image <answer>
containing a car.
Please identify the
model of the car
based on the image.

Vi-RFT

<think>The Ferrari 458 Spider
boasts a low-slung, sculpted
body with flowing aerodynamic
lines and an aggressive front
fascia that exudes speed and
elegance.</think><answer>
Ferrari <answer>

DEVA

<think>The car flaunts a bold red
exterior with sweeping curves
that flow effortlessly from front to
rear. Its iconic prancing horse
emblem gleams proudly on the
fender.</think><answer> Ferrari
458 convertible

<answer>

DEVA

<think>With its low, wide
stance and fluid lines, the car
looks like it's in motion even
when parked. The unmistakable
Ferrari logo punctuates its sleek
design, reinforcing its racing
heritage.</think><answer>
Ferrari 458 convertible
<answer>

GSPO

<think>Its sleek silhouette is
complemented by  sharp
headlights, bold side air intakes,
and a retractable hardtop that
seamlessly integrates into the
car's striking design.
</think><answer> Ferrari 458
<answer>

DEVA

<think>The 458’s aerodynamic
silhouette is both elegant and
aggressive. The chrome Ferrari
badge adds a touch of prestige

to its sculpted
bodywork.</think><answer>
Ferrari 458 convertible
<answer>

DEVA

<think>Painted in a striking
shade of red, the car combines
sharp contours with smooth
curves for a dramatic presence.
The horse symbol serves as the
perfect finishing detail on this
masterpiece.</think><answer>
Ferrari 458 convertible
<answer>

Figure 5. Visualization of the Ferrari car as part of the Stanford Cars dataset.



containing an aircraft.
Please identify the
model of the aircraft
based on the image.

SFT

Vi-RFT

<think>The Boeing 727 became
one of the best-selling
commercial jets of its time. Its
unique three-engine  layout
allowed for better thrust and
redundancy. </think> <answer>
Boeing 727

<answer>

DEVA

<think>The Yak-42 was the first
to use high-bypass turbofan
engines. Its rugged airframe and
rear-mounted engine layout
made it ideal for rough-field
operations.</think><answer>
Yak-42 <answer>

DEVA

<think>With three rear-
mounted engines and a wide
cabin, the Yak-42 marked a leap
in jet design. Its central engine is
integrated into the tail cone,
flanked by two side-mounted
nacelles.</think><answer>
Yak-42 <answer>

<answer> Boeing 727
This is an image <answer>

GSPO

<think>The Boeing 727 is a
pioneering trijet airliner
designed for efficient operations
at smaller airports. Its rear-
mounted engines and T-tail
configuration gave it a sleek
profile.</think><answer>
Boeing 727<answer>

DEVA

<think>The Yak-42 combines a
trijet layout using three compact
D-36 engines mounted at the
rear. This configuration reduced
cabin noise and simplified wing
design.</think><answer> Yak-
42<answer>

DEVA

<think>The Yak-42 is built for
medium-range routes. It

features three rear-mounted ¢
Lotarev D-36 turbofan engines
housed in streamlined nacelles,
with two on pylons and one

embedded in the
tail.</think><answer> Yak-42
<answer>

Figure 6. Visualization of the Airplane as part of the FGVC dataset.



INPUT

‘Wikom,

Vi-RFT

<think>The cover of a camera
lens is a protective accessory
that prevents physical and
environmental damage. It is
mounted on the outermost part
of the lens, facing outward.

</think>

DEVA

<think>A lens cover helps
preserve image quality by
keeping the lens clean and
scratch-free. Itis circular and is
typically removed before taking
photos.

</think>

DEVA

<think>A camera lens cover is a
circular cap designed to shield
the lens from damage. It
attaches to the front end of the
lens, often with a snap-on or
screw-on mechanism.

</think>

What part of the
image is the cover
to protect

from damage?

lens

SFT

<think>Lens covers are
essential for maintaining the
longevity of a camera’s optics.
They are positioned at the front
of the lens and are usually
detached during operation.
</think>

DEVA

<think>The lens cover acts as a
barrier between the lens and
external elements like dirt or
fingerprints. It is circular and
located at the very front of the
camera, covering the glass
surface.

.</think>

DEVA

<think>The lens cover is circular
and protects the camera lens
from dust, scratches, and
moisture when not in use. It is
placed directly over the front of
the lens and can be removed
before shooting.

</think>

Figure 7. Visualization of the Camera as part of the LISA reasoning grounding dataset.



INPUT

Vi-RFT

<think>Chopsticks are a pair of
tapered tools used for picking up
food, especially in East Asian
cuisine. Their purpose is to allow
for delicate handling of small or
slippery items.</think>

DEVA

<think>Made from various
materials, chopsticks are
handheld tools used to eat
meals without piercing the food.
They help maintain the integrity
of dishes while offering a
cultural dining experience.
</think>

DEVA

<think>Chopsticks are slender
sticks used as eating utensils,
traditionally made of wood,
bamboo, or metal. They are
designed to grasp and lift food
with precision and control.
</think>

What tool is used
for grabbing food ?

SFT

GSPO

<think>Chopsticks are simple
yet effective utensils used to
transfer food from plate to
mouth. They are commonly
used in countries like China,
Japan, Korea, and Vietnam.
</think>

DEVA

<think>Chopsticks are traditional
eating tools that require
coordination and skill to use
properly. Their purpose is to offer a
clean and efficient way to enjoy a
variety of dishes.</think>

<think>These two sticks
function as a pair to grip and
maneuver food during meals.
Chopsticks promote mindful
eating and are often used with
rice, noodles, and vegetables.
</think>

DEVA

Figure 8. Visualization of the Chopstick as part of the LISA reasoning grounding dataset.



INPUT SFT

What part of the hat
shown in the picture
can shade the face
from the sun?

Vi-RFT GSPO

<think>The front part of the hat
is designed to keep your ears
warm in  cold  weather.
It’s usually made of wool or
fleece for insulation.

</think>

<think>This section of the hat
stores small items like coins or
keys. It often includes a zipper or
hidden compartment.

</think>

DEVA DEVA

<think>The brim is the extended
front part of a hat that shields your
eyes and face from sunlight.
It’s especially useful during

<think>The front brim can be
curved or flat, depending on the
hat’s style. Some people even
shape it to match their personal

preference. outdoor activities like hiking or
</think> sports.
</think>
DEVA DEVA

<think>Made from stiff fabric or
plastic, the visor helps reduce
glare and improve visibility.
It’s a key feature in baseball
caps and sun hats.

</think>

<think>This part of the hat casts
a shadow over your face,

offering uv protection.
It’s both functional and stylish in
many hat designs.

</think>

Figure 9. Visualization of the Hat as part of the LISA reasoning grounding dataset.



INPUT

Vi-RFT

<think>The crown of the watch
displays the time directly. It
rotates to show different hours
like a clock.</think>

DEVA

<think>The hands move around
the dial to point at the current
hour and minute. This
movement is what allows you to
read the time.</think>

DEVA

<think>The dial contains the
numbers and hands that
indicate the time. It’s the central
part of the watch designed for
time-telling.</think>

When you want to know
the current time, what
part of the watch in the
picture do you typically
look at?

SFT

GSPO

<think>You look at the watch
strap to check the time. The
strap often has markings that
show the current hour.</think>

DEVA

<think>The watch face is designed
to be easily readable at a glance. It
shows the time using analog or
digital indicators.</think>

DEVA

<think>You typically look at the
watch face where the hour and
minute hands are located. This
part displays the current time
clearly and directly.</think>

Figure 10. Visualization of the Watch as part of the LISA reasoning grounding dataset.
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